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Abstract

Using Large Language Models (LLMs) as
judges across scenarios such as model-
response assessment is becoming an increas-
ingly accepted paradigm. However, exist-
ing judgment approaches often rely on trained
judgers using fixed preference data, which
tend to overlook diverse user preferences and
struggle to adapt to real-world human-AI di-
alogue scenarios. To address these limita-
tions, we propose SenseJudge, a customizable
judgment framework driven by human prefer-
ences, and SenseBench, a diverse and chal-
lenging instruction-following benchmark de-
rived from real-world multi-turn interactions.
We evaluate the framework and benchmark on
two tasks: 1) LLMs as personalized judges,
and 2) model ranking. Extensive experiments
show that the SenseJudge framework outper-
forms the compared judgment methods and
models in the LLMs-as-personalized-judges
task and produces model rankings that align
with human judgments. Additionally, we con-
ducted analyses on position bias and consis-
tency, alongside ablation studies, which sup-
port the robustness of SenseJudge. Our data
and code are publicly available in the GitHub
repository.

1 Introduction

The evaluation of model responses is a crucial
component in the development of Large Lan-
guage Models (LLMs). Selecting the superior
response from a pair generates preference data
(query, chosen, rejected ), which is essential
for various post-optimization algorithms (Rafailov
et al., 2024; Ouyang et al., 2022). Competitive as-
sessments of different LLM versions across vari-
ous companies facilitate model updates and itera-
tions (Lambert et al., 2024; Li et al., 2024).
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Figure 1: The model judges responses on behalf of hu-
man based on individual preferences.

Furthermore, by evaluating a variety of model
responses and selecting those that most closely
align with individual user preferences, the judg-
ment process can accommodate a broad spectrum
of user values, effectively delivering a personal-
ized experience. (Fan et al., 2025; Dong et al.,
2024).

Previously, these judgments were made through
manual human annotation. However, with ad-
vancements in the natural language understand-
ing and instruction-following capabilities of Large
Language Models (LLMs) (Naveed et al., 2024;
Zhou et al., 2023), LLMs are increasingly be-
ing integrated into human workflows for auto-
matic judgment (Zheng et al., 2023a; Wang et al.,
2023b).

However, existing evaluation methods and mod-
els, such as PandalLM (Wang et al., 2023b), Au-
toJ (Li et al., 2023), and various reward models,
rely on homogeneous standards and values, over-
looking the diversity of user preferences. These
models also lack the ability to make nuanced
choices based on individual user needs. Fur-
thermore, current public judgment benchmarks,
including MT-Bench (Zheng et al., 2023a), Au-
toJ (Li et al.,, 2023), and RewardBench (Lam-
bert et al., 2024), predominantly feature single-
or double-turn dialogue designs. This represents
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a significant departure from real-world human-Al
interactions, which often involve multiple rounds
of historical dialogue, some relevant and others
not, to inform the current request.

To address these limitations, we propose Sense-
Judge and SenseBench. SenseJudge is a cus-
tomizable evaluation framework based on ex-
plicit human preferences, enabling personalized
judgment of model responses by simulating the
preferences of different users and scenarios.
SenseBench is a high-quality, challenging dataset
derived from realistic human-Al dialogues, cover-
ing eight common topics, including math, logic,
writing, and role-play.

We conducted extensive experiments to evalu-
ate the effectiveness of the SenseJudge framework
in two primary application scenarios based on
SenseBench: 1. LLM-as-a-Personalized-Judge,
which focuses on selecting responses that align
with individual preferences, and 2. Model Rank-
ing, which aims to identify the leading model
among different companies or versions (e.g., GPT
vs. DeepSeek). The results demonstrate that
SenseJudge outperforms the compared state-of-
the-art APIs, training-based evaluators, and re-
ward models in the LLM-as-a-Personalized-Judge
task. It also achieves model rankings that align
with human judgment.

Additionally, the effectiveness and robustness
of SenseJudge are further validated through anal-
yses of factors such as positional bias and consis-
tency, as well as comprehensive ablation studies.

Our main contributions are as follows:

* We developed SenseBench, a benchmark de-
signed to align with realistic human-Al inter-
action scenarios. It features diverse and chal-
lenging multi-turn dialogues.

* We propose SenseJudge, a judgment frame-
work designed to adapt to diverse human
values and preferences, which enables fine-
grained and customizable judgment of model
responses.

* We conducted comprehensive experiments
and analysis to evaluate the effectiveness
of SenseJudge in the LL.Ms-as-personalized-
judges task and model ranking task.

2 Related Work
2.1 LLM as a Judge

LLMs are increasingly recognized as a viable al-
ternative to traditional expert-driven evaluations
due to their scalability and adaptability in eval-
uation tasks. Common enhancement methods
include designing prompts and training judgers.
Prompt engineering is an effective approach to
enhancing the performance of LLMs as judges
without updating their model parameters. Many
methods optimize their respective prompt strate-
gies prior to training, such as incorporating ref-
erences (Zhu et al.,, 2023) or rules (Li et al.,
2023) into the prompts, and directing models to
offer detailed analyses or justifications (Kim et al.,
2024). Based on this, pairwise or point-wise judg-
ment data can be used to train LLM-based judges
by employing supervised fine-tuning (Kim et al.,
2024). Some researchers train reward models us-
ing large-scale preference feedback data; leverag-
ing their ability to learn preferences, these models
can also function as judges (Zhong et al., 2025).

2.2 From Universal to Individualized

The transition from generalization to personaliza-
tion represents a historic paradigm in technolog-
ical development (You et al., 2025). With the
rapid advancement of the general capabilities of
LLMs, there is growing interest in tailoring LLMs
to specific user contexts, moving beyond their role
as merely general-purpose chatbots (Zhang et al.,
2024). For instance, Wu et al. (2024) proposed
to implicitly infer users’ personalized preferences
through multi-turn conversations and help LLMs
to dynamically adapt their behavior and responses
to better align with individual user needs. Zhu
et al. (2025) proposed to use psychological as-
sessment tools, such as the “Big Five Personal-
ity Traits” and the “Dark Triad” to quantify user
characteristics and align the models accordingly.
Li et al. (2025) introduced a multi-granularity in-
terest prediction framework which leverages both
coarse-grained and fine-grained interest informa-
tion to supervise model training. Additionally,
Tan et al. (2025) proposed a personalized frame-
work OPPU, which enhances the personalization
and generalization capabilities of LLMs by cre-
ating dedicated personalized modules for each
user through parameter-efficient fine-tuning and
non-parametric personalization methods, such as
retrieval-augmented and profile-augmented tech-
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niques.

3 Method

In this section, we introduce the two key compo-
nents of our framework: SenseBench, a diverse
and high-quality instruction-following benchmark
derived from real human-Al interaction dia-
logues, and SenseJudge, a customizable evalua-
tion method based on human preferences.

3.1 SenseBench

3.1.1 Overview

Currently, there is a lack of benchmarks that
accurately reflect human user experiences and
differentiate models based on perceived qual-
ity.  SenseBench consists of anonymized real
user queries sourced from an online LLM ser-
vice, where the final turn of each dialogue either
provides context-dependent instructions or intro-
duces entirely new tasks. This design places high
demands on the LLMs’ ability to align with hu-
man expectations, facilitating effective model dif-
ferentiation and improving alignment with human-
perceived quality.

3.1.2 Benchmark Construction

Based on real user data, we employ a scalable au-
tomated data selection pipeline to construct a high-
quality and diverse benchmark as shown in Fig-
ure 2. The pipeline consists of two main steps: 1)
Quality-based Data Filtering and Categorization,
and 2) Challenge-based Filtering. The detailed
process is as follows:

Quality-Based Data Filtering and Categoriza-
tion We use Qwen3-14B(Yang et al., 2025) to
denoise and categorize data from real user dia-
logue history. Specifically, we first remove re-
dundant, ambiguous, low-quality, or overly sim-
plistic entries and then categorize the remain-
ing data into eight distinct topics: math, logi-
cal reasoning, comprehensive question answering,
coding, creative writing, multilingual translation,
role-playing, and natural language understanding.
These categories represent common types of real-
world human instructions and provide a compre-
hensive reflection of the capabilities of LLMs.

Challenge-based Filtering To ensure that the
selected prompts are sufficiently challenging, we
require that they generate clearly distinguishable
responses from different models. We conduct a

multi-model evaluation on candidates that have
passed an initial round of automated filtering.
Specifically, we input each candidate prompt into
both relatively stronger models (e.g., Qwen2.5-
Max, Qwen3-235B) and relatively weaker mod-
els (e.g., Qwen2.5-14B, LLaMA3-8B) to generate
responses. This results in a large set of pairwise
data in the format of (Query, Strong Model Re-
sponse, Weak Model Response). We then apply a
two-stage filtering process that combines both au-
tomatic and manual filtering.

Automatic Filtering. We use GPT-4 to as-
sess the response quality between strong and weak
models. Questions where the strong model signif-
icantly outperforms the weak model are retained
as discriminative and challenging instances. For
specific judging instructions, see Appendix A.2.
Manual Filtering. After the initial automatic fil-
tering, we performed manual filtering on the data.
Specifically, the manual filtering process focuses
on two main aspects: 1) Assessing whether the
pairwise data filtered by GPT-4 can truly dis-
tinguish model capabilities. During this assess-
ment, humans consider visible differences be-
tween model responses (e.g., format, length, or
level of detail) or other intuitive quality distinc-
tions. 2) Performing partial cleaning on the
prompts of the selected data. Since all prompts
are sourced from real user data, they may contain
formatting issues or improper phrasing, which re-
quire manual cleaning to ensure the data is suitable
for creating a usable benchmark.

Specific data statistics and category information
can be found in Appendix A.1.

3.2 SenseJudge
3.2.1 Overview

SenseBench offers a human-centric environment
where we employ multi-model generation fol-
lowed by pairwise judgment to support two
tasks: (1) user-centric preference alignment and
(2) model ranking. We introduce SenseJudge,
a personalized pairwise judgment approach that
demonstrates strong performance in both tasks.
SenseJudge begins by extracting a spectrum of
human preferences from a small set of annotated
(query, chosen, rejected) pairs. Each preference
guides the judge through the same pairwise in-
stances, and the preference set that best matches
the human labels is retained as the distilled, gen-
eralizable set. Next, we outline the components of
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Figure 2: An overview of the data construction pipeline of SenseBench. The pipeline involves 1) Quality-Based
Data Filtering and Categorization and 2) Challenge-based Filtering.

our judgment framework, including input-output
format, preference generation, and the selection
and application of the preference set.

3.2.2 Input-Output Format

For SenseJudge, the input I = {q, (r1,r2), p} com-
prises a query ¢, a pair of responses (ri,r2),
and a preference p. The target output O =
{judgment, analysis} yields a judgment and corre-
sponding analysis, specifically indicating whether
r1 or rp is superior according to the given prefer-
ence p. Based on previous research (Dong et al.,
2024; Zheng et al., 2023b), the inclusion of “ties”
can negatively impact model performance, so we
assume that the model can always distinguish be-
tween responses based on preference.

3.2.3 Preference Construction

We use DeepSeek-R1(Guo et al., 2025) to dis-
till implicit human preferences captured in an-
notated pairwise data into explicit textual pref-
erences. Specifically, we provide a small set of
human-annotated pairwise examples to an LLM
and prompt it to generate a preference statement
explaining why a user might favor one response
over the other. Examples of these preferences are
provided in Appendix A.3. One preference is gen-
erated for each pairwise sample. These prefer-
ences are then incorporated into the data to cre-
ate a complete personalized evaluation dataset in
the format I = {q, (r1,r2), p}, which consists of a
query ¢, a pair of responses (ry,r2), and a pref-
erence p. The specific prompt used is detailed in
Appendix A.2.

3.2.4 Preference Set Selection

After we  obtain the preference  set
P = {pi,p2,-..,pm}, Where m is the number
of sampled examples, we feed each p; € P into

the judger and assess its performance on the test
set T = {(q1,711,712)s- - (@msTm1,rm2)}. Note
that the set here is the same one we used to extract
the preference. Under each p;, we obtain the
judger’s selections C; = {c;1,¢i2,...,Cim}, Where
cij € {rj1,rj2} indicates that the response rj
or rj is chosen by the judger. Comparing the

model’s selections C z ; {ci1,¢iny--++Cim}
with the ground-truth human judgments
G = {g17g2>--'7gm}’ where 8j € {rjlver}’

we obtain a corresponding set of correct-
ness indicators S; = {s;1,Sn,...,5m}, where
sij € {0,1}.  Subsequently, we consider all
subsets &, C P of cardinality [, where the
number of preferences [ satisfies 1 < [ < m.
For each subset %7, we perform a majority
vote over its associated correctness indicators
{$2,:824,---,52,}, where &, denotes the i-th
preference in & and Sy, is its corresponding
correctness indicator. This procedure yields an
updated set of correctness indicators, denoted by
S, = {s}kl,s}kz,...,s*g,kl}, where each sf;]kj is
obtained via a majority-voting scheme applied
to the collection {sx1 j,Sk2,j,---,5,j}. We then
calculate the accuracy of these aggregated correct-
ness indicators Acc(S%,) = ; L} H(s}k 1),
I is an indicator function. The subset
that achieves the highest accuracy Acc(Z%)
effectively captures the annotator’s underlying
preference and can be generalized to unseen
examples.

3.2.5 Preference Set Application

Given the optimal preference subset &7} obtained
from the previous stage, we apply it to an un-
!/ / / / / / /
seen test set 77 = {(q},711,712) - (@s Ty 7o) b
where n denotes the number of test instances.
For each preference p € &7, every test sam-
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ple (¢},7, r}?) is fed into the judger csmditioned
on p, producing a set of model selections C;, =
{c)1:€pns -+ Chn}s Where ¢, € {7, 75 }. We then
aggregate the outputs across all preferences in &}
by performing a majority vote at the instance level,
yielding the final decision
/ : : / / /
¢ = MajorityVote({c), ;s js- -+ Cpj})5

where [ = |Z;|. This produces the final aggre-
gated decision set C"* = {c[",c%",..., ¢/}, which
represents the model’ s preference-aligned selec-
tions on the test set.

4 Experiments

In this section, we present the performance of
SenseJudge in two primary tasks: 1) LLM-as-a-
Personalized-Judge and 2) model ranking.

The effectiveness and robustness of SenseJudge
are validated through analyses of factors such as
positional bias and consistency, as well as com-
prehensive ablation studies.

4.1 Experiments Setup
4.1.1 Baselines

LLM+Prompt Direct prompting without pref-
erences across multiple closed-source and open-
source models. The closed-source models in-
cluded GPT-40 and Qwen-Plus-Latest. The
open-source models tested were DeepSeek-
V3 (DeepSeek-Al et al.,, 2025b), DeepSeek-
R1 (DeepSeek-Al et al., 2025a), Qwen2.5-14B-
Instruct (Qwen et al.,, 2025), Qwen2.5-72B-
Instruct, Llama3.1-8B-Instruct (Grattafiori et al.,
2024), and Qwen3-14B-Instruct.

LLM+Training We compare against publicly
available trained judgers such as AutoJ (Li et al.,
2023), as well as top-ranking reward models on
the RewardBench leaderboard, including the gen-
erative model Skywork-Critic-LLlama-3.1-70B and
classifier models including INF-ORM-Llama3.1-
70B, Skywork-Reward-Gemma-2-27B-v0.2, and
QRM-Gemma-2-27B. PandaLM (Wang et al,,
2023b) and JudgeLM (Zhu et al., 2023) are ex-
cluded from the comparison due to token limit
constraints.

4.1.2 Datasets and Metrics

We use the human-annotated personalized pair-
wise dataset for the LLM-as-a-Personalized-
Judge task, consisting of 1,000 examples (125

per category across 8 categories). We se-
lected 12 widely used or state-of-the-art LLMs
(e.g., DeepSeek-R1, Qwen2.5-Max, Grok-3, GPT-
3.5, Qwen2.5-7B, Claude-3-Sonnet, Gemini-2.0-
Flash-Thinking-Exp, DeepSeek-V3(Liu et al.,
2024), GLM-4-Plus, Gemini-1.0-Pro, Moonshot-
v1-8k(Team et al., 2025), and Minimax-5.5) to
generate responses on SenseBench. From each
category, we sample 10 examples for preference
generation and subsequent steps. Three annota-
tors with diverse professional backgrounds pro-
vide ground-truth labels, which we use to mea-
sure accuracy. For the task of Model Ranking,
we directly used the relative rankings of mod-
els on the human preference leaderboard as the
ground truth. We refer to this dataset as the Rank-
ing Set. We employed specific model compari-
son examples from the Ranking Set and evaluated
the judger’s performance by computing the consis-
tency between the rankings produced by the judge
and the human-annotated ground-truth rankings.
Furthermore, we also evaluate on the public pref-
erence benchmark RewardBench (Lambert et al.,
2024). Response accuracy was used as the evalua-
tion metric. When assessing the correctness of the
model’s judgment, we employed a strict matching
strategy, whereby the target string (e.g., the final
decision is response A) must be fully contained
within the model’s response to be recorded as cor-
rect.

4.1.3 Implementation Details

We adopt the (query, chosen, rejected ) format
commonly used in pairwise preference data. We
test and calculate the overall accuracy by evalu-
ating the chosen response and rejected response
in both their original order and their reversed or-
der. We directly employ small-scale LLMs as our
judgers without any additional training to balance
performance and cost.

For the model ranking task, we randomly sam-
ple five preferences from each category within the
preference set corresponding to individual annota-
tors (three annotators in total). Each sampled pref-
erence is independently applied to the model rank-
ing task using the SenseJudge framework. The fi-
nal decision for each comparison is obtained via
a majority voting scheme over the predictions in-
duced by these preferences.
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Model Math Code Logic QA Write Role NLU Trans ‘ Overall
Strong Open/Closed-Source Models
GPT-40 66.00 61.60 65.47 72.93 60.80 63.20 65.47 56.40 63.98
DeepSeek-V3 72.80 62.27 66.67 71.07 62.67 64.40 64.80 61.87 66.57
DeepSeek-R1 53.33 55.60 61.33 53.47 46.93 50.53 51.73 50.67 52.95
Qwen-Plus-Latest 66.00 59.60 61.20 67.20 55.47 58.13 60.40 59.33 60.92
Trained Judger / Reward Models
Autoj-13B 64.40 52.67 55.73 53.87 39.33 42.40 48.00 36.40 49.10
Skywork-Critic-Llama3.1-70B 63.73 63.87 63.73 69.87 59.67 59.47 5733 55.47 61.35
INF-ORM-Llama3.1-70B 67.20 63.20 64.80 69.07 60.00 54.13 58.40 59.73 62.07
QRM-Gemma-2-27B 69.60 58.93 63.47 54.13 52.53 50.40 56.53 59.73 58.17
Skywork-Reward-Gemma2-27B 70.40 61.60 66.10 74.10 64.00 60.00 62.70 58.40 64.70
SenseJudge

Qwen2.5-14B-Instruct 60.27 60.80 59.33 70.13 61.60 62.00 64.40 57.20 61.97
+SenseJudge 68.86(+8.59)  76.27(+1547) 73.20+13.87) 76.52(+6.39) 68.00(+6.40) 67.26(+5.26) 72.67(+8.27) 63.07(+5.87) | 70.73(+8.76)
Qwen2.5-72B-Instruct 63.87 61.47 61.87 76.27 60.13 66.40 64.40 57.07 63.93
+SenseJudge 73.47(+9.60)  68.64(+7.17)  72.09+10.22) 78.67(+2.40) 65.11(+4.98)  69.16(+2.76) 69.60(+5.20) 73.00(+15.93) | 71.22(+7.29)
Llama3.1-8B-Instruct 62.13 58.80 59.73 72.00 58.13 58.53 60.13 53.60 60.33
+SenseJudge 74.02(+11.89)  64.90¢+6.10)  73.00(+13.27)  76.46(+4.46)  65.96(+7 64.79(+6.26) 67.51(+7.38)  56.93(+3.33) | 67.94(+7.61)
Qwen3-14B-Instruct 71.73 64.80 69.20 78.00 61.47 67.60 66.27 56.13 66.90
+SenseJudge 71.39¢-034)  67.24(+2.44)  T2.13(+2.93)  77.95¢-0.05) 73.73(+12.26) 71.07(+3.47) 69.41(+3.14) 79.07(+22.94) | 72.75(+5.85)

Table 1: Comparative evaluation of various judgment methods and judgers across different categories: Math,
Code, Logic, QA (Question Answering), Write, Role (Role-playing), NLU (Natural Language Understanding),
Trans (Translation), and Overall their average performance.
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Figure 3: The
second place) using the original model, while the

4.2 Main Result
4.2.1 LLM-as-a-Personalized-Judge

Overview In the development of business
LLMs, real-time and representative human feed-
back is essential before the model is officially de-
ployed.

Many benchmarks are available to directly eval-
uate models’ general capabilities through straight-
forward ground-truth answer matching. However,
this evaluation often solely considers the accuracy
of model outputs, overlooking other valued as-
pects such as creativity and formatting, thus fail-
ing to provide a comprehensive and user-centered
quality assessment. Additionally, as many bench-
mark ground-truth answers may have been inad-
vertently or deliberately included in training data,
it is difficult to assess the true performance of
models using existing benchmarks alone. Hir-
ing a stable team to evaluate models on consis-
tent datasets after each update is a common prac-

bar represents the absolute values of selecting response A (in the first place) and response B (in the
bar represents the absolute values after applying SenseJudge.

tice. However, as model updates become more
frequent, the repetitive and labor-intensive task
of human annotation is increasingly constrained
by cost and efficiency. Therefore, “LLM-as-a-
Personalized-Judge” has become a highly promis-
ing task that involves utilizing LLMs to simulate
real user judgments of model responses, thereby
streamlining and automating the model develop-
ment process.

Comparison with Baselines As shown in Ta-
ble 1, the SenseJudge framework achieves an av-
erage Overall score of 70.66 in the LLM-as-a-
Personalized-Judge task, outperforming baselines
including strong open-source and closed-source
models, trained judgers, and reward models by
10.68 percentage points on average. Compared
with the corresponding base models, SenseJudge
yields an average gain of 7.37 percentage points
across all evaluation categories and an average
Overall gain of 7.38 percentage points. Even when
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applied to small-scale LLMs like 8B and 14B,
which are not specifically trained as judgers, it im-
proves the Overall score by 7.41 percentage points
on average. Additionally, SenseJudge demon-
strates consistent Overall improvements and broad
category-level gains compared to the base mod-
els, with only minor decreases for Qwen3-14B-
Instruct on Math and QA.

Although reward models such as INF-ORM-
Llama3.1-70B and QRM-Gemma-2-27B have ex-
celled on the public RewardBench leaderboard,
their accuracy on the personalized dataset remains
below 65% and even falls short compared to some
strong baseline LLMs. Autoj-13B performs even
worse, achieving scores similar to random selec-
tion. This indicates that while judgers designed
for specific judgment tasks and reward models de-
veloped for model alignment are trained on exten-
sive preference data, they often learn fixed pref-
erences that struggle to generalize to diverse and
complex real-world scenarios and adapt to varying
user preferences.

Positional Bias Previous studies (Wang et al.,
2023a) have demonstrated that the relative posi-
tion of two responses is an element that theoret-
ically should be irrelevant but significantly influ-
ences the judgment result in the pairwise judg-
ment setting. Some LLMs exhibited a significant
tendency to select responses in the first or sec-
ond positions, which we refer to as position bias.
To evaluate the impact of SenseJudge on position
bias, we counted the distribution of model selec-
tion across each position under identical ground-
truth conditions and calculated the absolute values
of these selections. Higher absolute values indi-
cate a stronger positional bias. As shown in Fig-
ure 3, the SenseJudge framework mitigates posi-
tional bias, particularly for smaller models where
this bias is often more pronounced.

Model Original SenseJudge
Qwen2.5-14B-Instruct 69.97 74.17
Qwen2.5-72B-Instruct 78.86 78.79
Llama3.1-8B-Instruct 60.36 68.19
Qwen3-14B-Instruct 81.23 81.30

Table 2: Consistency performance of original models
and models with SenseJudge framework.

Consistency We examined the consistency of
the SenseJudge framework under two distinct in-

put settings: (query, chosen, rejected) and (query,
rejected, chosen). We considered the judger’s se-
lection to be consistent if it identified the same
response (either the initially designated ‘chosen’
or ‘rejected’) as superior across both input config-
urations. Results are presented in Table 2. No-
tably, the SenseJudge framework shows improve-
ments over the base models such as Qwen2.5-14B-
Instruct and Llama3.1-8B-Instruct, achieving in-
creases in consistency scores of 4.2% and 7.83%,
respectively, compared to their original consis-
tency scores of 69.97% and 60.36%. While the
Qwen2.5-72B-Instruct and Qwen3-14B-Instruct
models exhibit high consistency in their origi-
nal evaluations (78.86% and 81.23%), SenseJudge
maintains comparable consistency.

4.2.2 Model Ranking

Pairwise judgment methods inherently provide a
relative ranking between two model responses
within a single comparison. The absolute ranking
derived from such pairwise comparisons has not
been thoroughly evaluated.

Therefore, based on the human-preference
model rankings reported by the Arena leader-
board', we selected the models DeepSeek-
R1, Claude-3-7-Sonnet, GPT-40, Qwen2.5-72B-
Instruct, and GPT-3.5 (ordered according to their
ranking on the leaderboard) as our target mod-
els for ranking, and employed their corresponding
responses from the Model Ranking Set. Among
these models, DeepSeek-R1, Claude-3-7-Sonnet,
and GPT-4o represent advanced models and ex-
hibit similar performance. We then conducted
pairwise comparisons using SenseJudge, ran-
domly selecting 5 preferences from the previously
generated preference set for each comparison. The
results are depicted in Figure 4.

We observed that both the relative ranking from
pairwise judgment between any two models and
the absolute ranking derived from aggregating
all pairwise results align with the Arena human-
preference ranking. The results also demonstrate
that a full all-pairs comparison is not strictly nec-
essary to obtain a final model ranking using a pair-
wise approach. Taking DeepSeek-R1 as an exam-
ple, its win rates when compared against all other
models can be effectively used to rank all models.

4.3 Ablation Studies

Ihttps://1marena.ai/?1leaderboard
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Figure 4: Pairwise judgments by Qwen3-14B-Instruct and Llama3.1-8B-Instruct with SenseJudge across advanced
models (GPT-40, DeepSeek-R1, and Claude-3-7-Sonnet), a previous-generation model (GPT-3.5), and Qwen2.5-

72B-Instruct. The  bar indicates the win rate of the left model on the model ranking set, and the ~ bar represents
the win rate of the right model.
Method RewardBench Number of Dialogue Turns in Input (q,c,r) (q,r,c) Total
Only Last Turn 58.63 7451  66.57
SenseJudge 90.55 Last Two Turns 7040 65.14 6777
Skywork-Critic-Llama3.1-70B 92.2 All Turns within Token Limit 6779 7155  69.67
Gemini-1.5-pro-0514 88.2
GPT-40-2024-05-13 84.6 Table 4: Evaluation results with varying number of dia-
Meta-Llama-3.1-70B-Instruct 84 logue turns used in input. (q, ¢, r) denotes the input set-
Claude-3-opus-20240229 80.1 ting (query, chosen response, rejected response), and

Table 3: RewardBench accuracy of different judgment
methods.

Performance on RewardBench Using
Qwen2.5-72B-Instruct, we applied Sense-
Judge to RewardBench to evaluate the general
effectiveness of our approach in judgment tasks.
RewardBench integrates several authoritative
evaluation benchmarks, such as MT-Bench,
AlpacaEval, and LLMBar. We selected sev-
eral advanced LLM-as-a-judge methods and
specifically trained generative reward models for
comparison on RewardBench. For the LLM-
as-judge methods, we used publicly available
results from the leaderboard directly. Similar to
the steps we followed when performing person-
alized judging, we sampled a subset of the data
from RewardBench as a dev set for generating
preferences. As shown in Table 3, SenseJudge
outperformed the compared general LLM-as-a-
judge methods. Without training, its gap with the
generative reward model was 1.65%.

Number of Dialogue Turns in the Judgment In-
put In real human dialogue scenarios, a conver-
sation often includes several turns of historical di-
alogue, some relevant to the current instruction
and some not. Therefore, determining which his-
torical turns to consider in the input is a crucial as-

(g, 1, ¢) denotes the input setting (query, rejected re-
sponse, chosen response). The numbers represent the
percentage of correct judgments.

pect of judgment. To assess the impact of the num-
ber of dialogue turns used for evaluation, we ex-
perimented with using only the last turn, using the
last two turns, and using all available turns within
token limit in the input query. As shown in Ta-
ble 4, utilizing all available turns within the token
limit achieves the best overall accuracy, although
the best setting varies across input orders.

5 Conclusion

In this work, we introduced SenseJudge, a novel
framework leveraging explicit human preferences
for customizable and personalized LLM judg-
ment, and SenseBench, a challenging bench-
mark mirroring real-world human-AlI interactions.
Extensive experiments in personalized judging
and model ranking demonstrate that SenseJudge
improves over existing methods and performs
strongly on RewardBench, highlighting its poten-
tial for more accurate and user-centric LLM eval-
uation.
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Limitations

The LLM-as-a-Personalized-Judge task focused
on simulating a limited number of explicit hu-
man preferences. Due to the high cost of anno-
tation, we employed three annotators, each label-
ing the same 1000 comparison data points, rather
than expanding to a broader scope. In our experi-
ments, SenseJudge achieved higher accuracy than
the compared baselines in simulating the prefer-
ences of all three individuals.

Ethics Statement

This paper introduces SenseJudge, a framework
for personalized and customizable judgment of
LLM responses, driven by explicit human pref-
erences. We believe that SenseJudge offers a
valuable tool for advancing the understanding and
evaluation of LLMs in a more user-centric man-
ner. However, responsible development and de-
ployment necessitate ongoing attention to poten-
tial biases, fairness considerations, and the ethi-
cal implications of simulating and utilizing human
preferences in automated judgment frameworks.
For the benchmark, we have taken measures to
anonymize user data within SenseBench to pro-
tect individual privacy. The LLMs used in our ex-
periments are existing models with publicly avail-
able access. Our use of these models and datasets
aligns with their intended research purposes and li-
censes. Therefore, we believe that our work com-
plies with ACL ethics requirements.
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A Appendix

A.1 Discussion

A.1.1 Details of SenseBench

We provide the statistics of SenseBench in Ta-
ble 5. We provide the category information of
SenseBench in Table 7 We provide data examples
for the category of creative writing in Table 8.

Property Value
Query Count 400
Query Average Token Count 956
Maximum Query Token Count 10787
Minimum Query Token Count 10
Average Query Dialogue Turns 4
Maximum Query Dialogue Turns 9
Minimum Query Dialogue Turns 1
Personalized Subset Count 3000
Ranking Subset Count 26400

Table 5: Data Statistics of SenseBench

A.1.2 Dataset Comparison

Our data source differs from prior benchmarks
such as WildChat (Zhao et al., 2024), LMSYS-
IM (Zheng et al., 2024), and WildBench (Lin
et al.,, 2024). SenseBench encompasses the
primary task categories present in WildChat,
LMSYS-1M, and WildBench. However, a defin-
ing characteristic of SenseBench is its balanced
category distribution. Specifically, we curate eight
core categories—Code, Translation, Role, NLU,
Math, Logic, Writing, and QA—each comprising
12.5% of the dataset. In contrast, existing datasets
exhibit significant skewness. For example, Wild-
Chat is dominated by Assistance/Creative Writ-
ing (61.9%), while other categories such as
Programming (6.7%) and Mathematical Rea-
soning (6.1%) are underrepresented. Simi-
larly, LMSYS-1M shows uneven coverage across
Code (30.64%), NLU/Translation (19.06%), Role-
playing (19.89%), and QA (25.41%), with over-
lapping annotations further complicating the dis-
tribution. WildBench also demonstrates variabil-
ity, with categories such as Reasoning/Planning
(23%) and Information Seeking (17%) being more
prominent than others like Brainstorming (2%) or
Role-playing (2%).

A.1.3 Annotator Information

Annotator 1 has a background in Digital Media
Technology, Law, and Artificial Intelligence. An-
notator 2 is trained in Materials Science and Wa-
ter & Wastewater Engineering. Annotator 3 has a
background in Computer Science. Each annotator
has accumulated more than five years of research
experience in their respective domains, providing
sufficiently diverse perspectives and distinct pref-
erence patterns. More detailed information about
the annotators will be included in the public re-
lease.

Annotation Consistency We further examined
the consistency of response preferences across the
three annotators. The proportion of instances in
which all annotators selected the same response
is 49%, indicating a relatively low level of agree-
ment. As shown in Table 6, agreement patterns
vary across task categories. This result suggests
that preference variation across individuals with
different academic and professional backgrounds
can be substantial, and that the dataset captures in-
herently diverse and potentially conflicting prefer-
ences rather than a narrow or homogeneous distri-
bution.

Code Trans Role NLU Math Logic Write QA Avg

Same 35 50 75 66 58 59 63 85 491
Different 90 75 50 59 67 66 62 40 509

Table 6: Agreement statistics across task categories.
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Table 7: Categorization of SenseBench

Category

Subcategory

Math

Elementary Mathematics: Calculation problems, simple word problems
Applied Mathematics: Word problems involving real-world scenarios
Advanced Mathematics: Concept explanation, theorem proving, etc.

Reasoning

Brain Teasers: Various interesting brain teaser questions

General Logic Problems: Problems containing basic life logic, similar to but not
exactly the same as brain teasers

Mathematical Logical Reasoning: Problems requiring both logical reasoning and
mathematical calculation

Inductive Reasoning: Pattern finding and other similar problems

Conditional Reasoning: Reasoning based on multiple given conditions; sometimes
requiring traversal of all possible cases

Code

Code Generation: User provides task requirements, model generates corresponding
code (Natural Language — Code)

Code Error Reporting: User provides code error information, model gives possible
solutions or perspectives

Code Explanation: User provides code, model provides explanation/comments,
etc. (Code — Natural Language)

Comprehensive Q&A

Opinion Expression: User outputs an opinion or asks the model for its view on
something

Seeking Advice: User asks the model for advice on future actions

General Knowledge: User asks the model common knowledge questions, hoping
for comprehensive and insightful answers

Other Questions: User wants the model to generate questions in a specific role
(e.g., for an interview)

Writing

Practical Writing: Letters, emails; speeches, applications, reflections; contracts,
termination letters, bids, proposals, plans, wills

Creative Writing: Writing on a specified topic, continuation writing; text expan-
sion, imitation writing; reading notes, movie reviews, reflections; social media posts
(WeChat Moments, Xiaohongshu, Weibo, etc.); listing names, nicknames, brand
names, store names, dish names, etc.

Professional Writing: Thesis-like (outlines, titles, abstracts, content, bibliography
generation); reports (legal documents, financial analysis); solutions; explanatory
texts (recipes, instructions); +Complex instruction following (Content, Situation,
Style, Format)

Role-Playing

Celebrity: Playing the role of real celebrities (politicians, athletes, etc.)
Entertainment: Games involving the user and the LLM, requiring imagination and
creativity

Practical: Emotional support (friends, relatives, pets, etc.); critical thinking, provid-

ing advice; accurately executing natural language tasks (proofreading, generating
training data); creativity and adaptability (imitating details in real-life scenarios)

Natural Language Under- | Reading Comprehension: Understanding a passage and providing answers, includ-
standing ing intent recognition
Translation Related: Requiring the model to master different languages and under-
stand their interactions
Text Classification: Testing the model’s ability to classify text data into given cate-
gories with different characteristics
Information Extraction: Measuring the model’s ability to extract knowledge from
text data
Text Polishing & Editing: Simplification, expansion, keyword extraction, error
checking, and correction of grammatical and logical errors
Translation Basic Translation: Accurate translation of specified text.

Complex Instruction Following: Following complex instructions such as using a
specific style or terminology.

Multi-Task Translation: Requiring the model to perform multiple tasks simultane-
ously (e.g., translate and format, translate and proofread, translate + creative writ-
ing).

Continued on next page
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Table 7: Categorization of SenseBench (continued)

Category Subcategory

Self-Referential Translation: Asking the model to translate its previous responses
into another language to test self-generated text translation and short-term memory.

Long-Term Translation Memory: Requiring the model to act as a translator long-
term to test long-term memory.

Dialect Translation: Ability to understand and translate dialects into standard lan-
guages, and mastery of regional linguistic features.

Table 8: Creative writing example: character and weapon design in a fictional setting (Void Empire universe)

From Content
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A.2 Prompt

Preference Construction Prompt

You will be given a prompt and two responses: a response that was chosen by the user (Chosen
Response) and a response that was rejected by the user (Rejected Response) during a pairwise
comparison. The prompt is a "Human" utterance containing a request or question and the
responses are "Assistant" utterances that provide answers or responses for the human. Your task
is to generate a concise, specific, description of the user’s persona preference in about three
single sentences, i.e. a persona preference. The persona preference should contain reasoning for
why the user preferred and picked the Chosen Response and did not pick the Rejected Response.
The persona preference should discuss higher-level preference that can be inferred about the
user’s persona. The persona preference should be concise and should not mention specific details
or exact words and phrasing present in the prompt or responses. Answer in English.
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Query: {query}

Chosen Response: Assistant: {chosen response}

Rejected Response: Assistant: {rejected response}

Persona Preference:

\

Judgment Prompt

You are going to evaluate two responses to a given user query and determine which response is
superior. Below is the relevant content:

BEGIN DATA

ks

User Query:{query}

ks

Response A: {response 1}
kekok

Response B: {response 2}
skkesk

END DATA
Here are the guidelines for evaluating and comparing the two responses:

*+*BEGIN User Preferences™**
{preference}
*+*END User Preferences™***

1. Score each of the two responses based on the user preferences.

2. Based on the scores obtained in the first step, determine which response is better. If Response
A is better, output “The final decision is Response A.” If Response B is better, output “The final
decision is Response B.”

\

A.3 Preference Case

Preference for math tasks extracted from the development set

"Based on the comparison, the user’s persona demonstrates these characteristics:

1. They strongly value methodical reasoning that transparently explores multiple approaches and
validates failures, prioritizing thorough cognitive processes over conventional solutions.

2. They prefer responses that explicitly build verification frameworks and test edge cases, reject-
ing shortcuts that lack demonstrated iterative refinement.

3. They seek pedagogical clarity through structured decomposition of assumptions, showing
aversion to answers that prioritize memorized conclusions over original analytical scaffolding.
This persona prefers the Chosen Response for its stepwise validation of failed strategies and truth-
table proofs, while rejecting the alternative for its faster-to-conclusion approach despite equivalent
correctness.",

"Based on the comparison, the user’s persona preference indicates they value responses that
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demonstrate:

1. **Comprehensive Logical Reasoning:** They prefer answers that break down the scenario
step-by-step, exploring potential starting points and logical implications, rather than stating a
direct conclusion without thorough justification.

2. **Acknowledgement of Edge Cases & Nuance:** They appreciate responses that explicitly
consider edge cases (like being the first place initially) and contextual factors, showing awareness
that real-world questions often have layers beyond the surface.

3. **Structured and Explicit Answer Presentation:** They favor responses that clearly summa-
rize the primary conclusion after presenting the reasoning, making the final answer distinct and
easy to identify, rather than leaving it embedded within the explanation. They reject responses
perceived as overly simplistic or lacking in explanatory depth.",

"Based on this pairwise comparison, the user’s persona indicates a preference for solutions that
prioritize structural clarity and efficient presentation over exhaustive validation. They value re-
sponses that strategically organize key steps using visual hierarchy (like bold headers and bullet
points) to facilitate rapid comprehension of the core logic. The rejection of the extended ver-
ification approach suggests they prioritize concise, solution-focused explanations and consider
secondary validations redundant when core reasoning is robustly established.",

"Based on the user’s preference, they exhibit a persona that:

They prioritize responses that directly focus on fundamental principles and theoretical founda-
tions over exhaustive validations or trial-and-error explorations.

They value concise analytical reasoning that efficiently leverages well-established concepts (like
binary representation) to solve complex problems.

They implicitly expect solutions to avoid redundancy and trust core mathematical insights rather
than requiring step-by-step demonstrations of every outcome.",

"The user prefers clear, step-by-step logical reasoning that methodically eliminates possibilities
without unnecessary complexity. They value responses that demonstrate a direct path to the so-
Iution using the given constraints, avoiding speculative or redundant tangents. This indicates a
persona that prioritizes structured problem-solving and appreciates concise, easily traceable ex-
planations grounded in deductive clarity.",

"Based on the chosen solution and rejected alternative, this user strongly prefers concise explana-
tions with efficient problem-solving frameworks over exhaustive explorations of edge cases. They
prioritize clear, step-by-step methodologies that deliver optimal solutions directly, rather than ap-
proaches that delve into unnecessary hypothetical scenarios that complicate the core logic. The
rejection of the longer analysis reveals an aversion to overly theoretical or redundant validations
that don’t tangibly improve the final answer’s practicality or simplicity.",

"Based on the chosen response preference, the user appears to value analytical depth over sim-
plistic explanations. They likely seek assistants who systematically unpack layered logical con-
tradictions rather than settling for surface-level fixes. This user probably prefers intellectual rigor
in problem-solving, where potential ambiguities are thoroughly examined through contextual,
mathematical, and semantic lenses. They seem to appreciate responses that acknowledge plausi-
ble interpretations before resolving them.",

"Based on the preference for the Chosen Response over the Rejected Response, the user’s persona
demonstrates:

1. They value analytical rigor and systematic problem-solving approaches, seeking responses
that methodically break down constraints and explore multiple strategies rather than presenting
isolated solutions without justification.

2. They prefer responses that optimize for efficiency by testing different scenarios and validating
the optimal solution, rejecting approaches that overlook practical time-saving tactics or introduce
unnecessary steps.
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3. Their learning style prioritizes conceptual clarity over fragmented execution, favoring explana-
tions that emphasize logical reasoning patterns applicable to similar challenges rather than ad-hoc
step sequences.",

"Based on the preferred response, the user values thorough, methodical explanations that explic-
itly outline academic reasoning processes, including problem decomposition and solution veri-
fication, over concise solutions that skip foundational steps. This suggests the user prioritizes
pedagogical clarity and structured learning for full conceptual understanding, likely indicating an
educational context or self-learning scenario where process is emphasized. The rejection of the
simpler calculation implies the user seeks responses that model systematic thinking rather than
just providing correct answers.",

"The user prefers responses that demonstrate precise, mathematically sound reasoning while
avoiding unnecessary complexity. They value concise explanations that distill core strategic prin-
ciples into actionable insights without overcomplicating the analysis. This persona favors logical
depth presented efficiently, rejecting responses with convoluted deductions even if equally thor-
ough, indicating a prioritization of clarity and applicability in problem-solving."

L

Filtered preference set obtained after selection

"Based on this pairwise comparison, the user’s persona indicates a preference for solutions that
prioritize structural clarity and efficient presentation over exhaustive validation. They value
responses that strategically organize key steps using visual hierarchy (like bold headers and
bullet points) to facilitate rapid comprehension of the core logic. The rejection of the extended
verification approach suggests they prioritize concise, solution-focused explanations and consider
secondary validations redundant when core reasoning is robustly established.",

"The user prefers responses that demonstrate precise, mathematically sound reasoning while
avoiding unnecessary complexity. They value concise explanations that distill core strategic prin-
ciples into actionable insights without overcomplicating the analysis. This persona favors logical
depth presented efficiently, rejecting responses with convoluted deductions even if equally thor-
ough, indicating a prioritization of clarity and applicability in problem-solving."
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