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Abstract

With the rise in capabilities of large language
models (LLMs) and their deployment in real-
world tasks, evaluating LLM alignment with
human preferences has become an important
challenge. Current benchmarks average pref-
erences across all users to compute aggregate
ratings, overlooking individual user preferences
when establishing model rankings. Since users
have varying preferences in different contexts,
we call for personalized LLM benchmarks that
rank models according to individual needs. We
compute personalized model rankings using
ELO ratings and Bradley-Terry coefficients for
115 active Chatbot Arena users and analyze
how user query characteristics (topics and writ-
ing style) relate to LLM ranking variations.
We demonstrate that individual rankings of
LLM models diverge dramatically from aggre-
gate LLM rankings, with Bradley-Terry cor-
relations averaging only p = 0.04 (57% of
users show near-zero or negative correlation)
and ELO ratings showing moderate correlation
(p = 0.43). Through topic modeling and style
analysis, we find users exhibit substantial het-
erogeneity in topical interests and communica-
tion styles, influencing their model preferences.
We further show that a compact combination of
topic and style features provides a useful fea-
ture space for predicting user-specific model
rankings. Our results provide strong quantita-
tive evidence that aggregate benchmarks fail to
capture individual preferences for most users,
and highlight the importance of developing per-
sonalized benchmarks that rank LLM models
according to individual user preferences.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of
tasks, from creative writing and code generation
to question answering and complex reasoning. As
these models become increasingly integrated into

“Equal contribution.

everyday applications, the need for robust evalua-
tion methodologies has grown correspondingly im-
portant. Traditional benchmarks for LLMs have pri-
marily focused on aggregate performance metrics,
measuring model capabilities on standardized tasks
or averaging human preferences across diverse user
populations to establish the best performing model.

However, this one-size-fits-all approach to LLM
evaluation overlooks a fundamental aspect of real-
world deployment: individual users have diverse
preferences, needs, and use cases. A model that
excels at technical documentation may not be ideal
for creative storytelling. Similarly, users may have
different preferences regarding response verbosity,
formality, or the inclusion of explanations versus
direct answers. These individual differences are av-
eraged away in current benchmarking approaches,
potentially leading to suboptimal model recommen-
dations for specific users or use cases.

For example, consider a software developer who
prefers concise, technically precise responses with
code examples, versus a creative writer who val-
ues elaborate, imaginative responses with rich vo-
cabulary. Current benchmarks would rank models
based on averaged preferences across both users,
potentially recommending a model that is mediocre
for both rather than identifying which model best
serves each individual’s needs. This aggregation
problem becomes more pronounced as LLMs are
deployed to increasingly diverse user populations
with heterogeneous preferences.

In this work, we address this gap by introducing
the concept of personalized benchmarking for
LLM alignment evaluation based on individual user
preferences. Our key contributions are:

* We formalize the problem of personalized
LLM evaluation and compute per-user model
rankings using ELO ratings and Bradley-Terry
coefficients for active Chatbot Arena users;

* We provide quantitative evidence that individ-
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ual rankings diverge substantially from aggre-
gate rankings for the majority of users, under
both ELO and Bradley-Terry rating systems;

* We characterize user heterogeneity along two
interpretable dimensions (query topics and
writing style) identifying stable, systematic
differences across users;

* We demonstrate that combining a compact
topic profile with interpretable style features
provides a meaningful feature space for pre-
dicting user-specific LLM model rankings.

Our findings reveal that users demonstrate sub-
stantial heterogeneity in both their query patterns
and model preferences. By acknowledging and
quantifying this preference heterogeneity, we can
develop more nuanced systems that match users
to appropriate models and ultimately improve user
satisfaction in LLM-powered applications.

2 Related Work

LLM Benchmarking and Evaluation Chatbot
Arena (Zheng et al., 2023; Chiang et al., 2024)
introduced a crowdsourced platform where users
compare model responses head-to-head, aggregat-
ing preferences into ELO ratings. Similarly, Alpaca
Eval (Li et al., 2023) and MT-Bench (Bai et al.,
2024) evaluate models on instruction-following ca-
pabilities using both automated and human evalu-
ation. Arena Hard (Li et al., 2025) extended this
paradigm with challenging user queries designed
to differentiate between top performing models.
However, all these benchmarks compute aggre-
gate rankings by averaging across all evaluations,
implicitly assuming preference homogeneity across
users. Our work challenges this assumption and
demonstrates the value of personalized evaluation.

Preference Learning and Ranking Systems
The Bradley-Terry (BT) model (Bradley and Terry,
1952) provides a probabilistic framework for pair-
wise comparisons, estimating the probability that
one item is preferred over another. ELO (Elo, 1967)
rating systems, originally developed for chess, have
been adapted for LLM evaluation.

Reinforcement learning from human feedback
(RLHF) (Ouyang et al., 2022; Lambert, 2025) has
popularized preference learning for LLM align-
ment. Models are fine-tuned to maximize ex-
pected human preferences, typically estimated

from crowdsourced pairwise comparisons. How-
ever, this work generally treats human preferences
as a single aggregate signal rather than modeling
individual differences.

LLM Personalization HyPerAlign (Garbacea
and Tan, 2025) focuses on interpretable person-
alized LLM alignment via hypothesis generation,
demonstrating that individual user preferences can
be captured and modeled. Our work complements
these efforts by providing a framework for measur-
ing how well different models align with individual
user preferences through query analysis.

Research in human-Al interaction has high-
lighted the importance of understanding user needs
and preferences when deploying Al systems (Ehsan
et al., 2021). Users have diverse expectations for
Al assistants, varying in their tolerance for errors,
preference for explanation, and desired level of au-
tonomy. However, most evaluation benchmarks
have not systematically incorporated these insights;
instead they rely on aggregate metrics.

3 Methodology

3.1 Problem Formulation

Let M = {mi,mo,...,my} denote a set
of LLM models to be evaluated, and U =
{u1,ug,...,uy} denote a set of users. Each user
u; interacts with models by submitting queries and
evaluating responses through pairwise comparisons.
For a given query ¢, two models m, and m;, gen-
erate responses r, and 73, and the user indicates
their preference as one of the following options:
Mg = Mp, Mp = Mg, Or tie. Traditional bench-
marking aggregates all comparisons across users to
compute a single global ranking Rgopa; : M — R.
In contrast, personalized benchmarking computes
individual rankings R, : M — R for each user
u;, therefore capturing user-specific preferences.

Our goal is threefold: i) compute reliable person-
alized rankings for individual users and determine
to what extent they correlate with aggregate rank-
ings of LLM models, ii) analyze user query patterns
in terms of topics and writing styles, #ii) identify
dimensions of user query heterogeneity that may
explain preference variations.

3.2 Rating Systems for Personalized Rankings

We employ two established rating systems to com-
pute personalized model rankings: ELO ratings
and the Bradley-Terry model.
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ELO Rating System Originally developed for
chess, the ELO rating system maintains a numerical
rating for each model that is updated after each
pairwise model comparison. For a given user u,
we maintain model ratings { ELO,(m)|m € M}.
When the user u prefers model m, over model my,
the ratings are updated as follows:

5 1
a 14+ 10(ELOw(mp)—ELOw(ma))/400
(D
Ey=1-E, 2)
ELOu(ma) — ELOu(ma) + K(l - Ea) (3)
ELOy(mp) <= ELOy(mp) + K(0 — Ep) (4

where E, represents the expected score for model
mg and K is a constant determining the update
magnitude (we use K = 32). For ties, both models
receive a score of 0.5.

Bradley-Terry Model The Bradley-Terry model
provides a probabilistic framework for pairwise
comparisons. It assumes that each model m has an
underlying strength parameter (3,,, and the prob-
ability that user u prefers model m, over my is
computed as:

o ﬁu,ma
/Bu,ma + Bu,mb

User-specific parameters {5, ,|/m € M}
are estimated by maximum likelihood estima-
tion. Given user u’s comparison data D, =
{(m%, méi),y(i))} where y® € {0,1} indicates
whether m, was preferred, the log-likelihood used
to estimate the f3,, ,, parameters is modeled as:

P(mg =y mp) 5)

LH{Bumy) =Dy ogh,
i (6)
—log(B, .0 + B i)

3.3 User Query Analysis

To understand what drives potential ranking varia-
tions among users, we analyze user queries along
two primary dimensions, namely topic and style.

Topic Modeling We use FastTopic (Wu et al.,
2024), a dual semantic-relation reconstruction
based neural topic model, to construct topic pro-
files for each user. FastTopic employs an embed-
ding transport plan objective to better align doc-
ument and topic representations, which helps re-
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duce repetitive and low-quality topics while im-
proving topic distinctiveness. We first form a global
prompt corpus by aggregating queries from all
users, Q = |J; Qu,, Where each user u; has a set
of queries Qu, = {q1,¢2, - .-, qn, }. We then train
FastTopic on Q to learn a shared set of K latent
topics, so that all users are represented in the same
topic space. For each query ¢; € @, FastTopic
produces a topic-mixture vector

K
92']- = (Hijl,ﬁijg, .. .,Qin), Zezﬂc — 17
k=1

where 0;;;, denotes the proportion of topic k in
query g;. We define the topic profile of user u; as
the mean topic mixture across that user’s queries:

1 &
ty, = — Z 6;;.
n; j:1

Thus, t,, € R¥ is a K-dimensional representation
of the user’s topical preferences, with each dimen-
sion corresponding to the user’s average affinity for
one global topic. This setup allows different users
to be compared directly as different mixtures over
the same shared topic basis.

Style Analysis We employ a hybrid approach
for style extraction, combining quantitative embed-
dings with qualitative characterization.

LISA-based Style Modeling We use LISA (Patel
et al., 2023; Malik et al., 2024) to construct inter-
pretable style embeddings. LISA embeds queries
into a 768-dimensional style vector space, where
each dimension corresponds to a specific stylistic
attribute. We first embed all queries using LISA
and extract the top 20 dimensions for each query
based on their activation strength. These style at-
tribute indices are then treated as documents and
used to train an LDA model with 6 style topics. To
make the resulting style topics interpretable, we
generate labels for each topic using Claude Sonnet
4.5 (Anthropic, 2025) and GPT-5 (OpenAl, 2025)
based on the style attributes. Finally, we compute
mean style vectors for each user by averaging their
query LDA embeddings, yielding a compact repre-
sentation of each user’s writing style.

HypoGeniC Style Characterization To comple-
ment the quantitative LISA analysis, we employ
a qualitative approach following the HyPerAlign
framework (Garbacea and Tan, 2025). We use Hy-
poGeniC (Zhou et al., 2024) on top of Meta-Llama-
3-8B-Instruct (Grattafiori et al., 2024) to generate



natural language hypotheses about each user’s writ-
ing style based on their query texts. This approach
produces rich, interpretable characterizations that
capture nuances in tone, structure, and rhetorical
patterns that may not be fully represented in the
quantitative LISA style embeddings.

3.4 User Segmentation

We cluster users based on their style patterns de-
rived from LISA interpretable style embeddings.
This reveals whether certain user types exhibit con-
sistent writing characteristics that may correlate
with different model preferences. User clustering
employs k-means on the 768-dimensional style fea-
ture vectors; the number of clusters is selected via
silhouette analysis (Rousseeuw, 1987), resulting in
k = 3 user clusters.

4 Experimental Setup

4.1 Datasets

We leverage the publicly available Chatbot Arena
Conversations (Zheng et al., 2023)! dataset, which
contains user queries and pairwise preference votes
expressed by diverse users over different LLM mod-
els. We filter users to focus the analysis only on
those users who have participated in at least 25
battles (i.e., pairwise preference votes across two
LLM models). This results in a subset of 115 active
users out of the total 13,383 users in the dataset,
with an average number of 59 unique queries per
user (min: 25, max: 380, std: 56.61).

4.2 Implementation Details

Personalized Rankings We use the publicly
available code released by Chatbot Arena® authors
to compute personalized ELO ratings and Bradley-
Terry coefficients for each user based on their pref-
erence votes. This allows us to establish individual
model rankings that reflect each user’s specific pref-
erences rather than aggregate preferences across all
users. To quantify the degree to which individual
user preferences diverge from aggregate rankings,
we compute Spearman (Spearman, 1904) rank cor-
relations between global model rankings and each
individual user’s personalized ELO and Bradley-
Terry rankings. Critically, we restrict the analysis
only to models that each user has actually evalu-
ated, and exclude models for which the respective
"https://huggingface.co/datasets/1msys/
chatbot_arena_conversations

2https://colab.research.google.com/drive/1XAO_
wTTaruygWgcZmbeII-RGI2PPfxgX?usp=sharing

user has not participated in any battles (identified
by default ELO scores of 1000, or NaN values in
Bradley-Terry). This ensures correlations reflect
genuine preference alignment rather than artifacts
from unobserved model-user pairs.

Topic Modeling We train a single global Fast-
Topic model on the pooled prompt corpus from all
users rather than fitting separate topic models for
each user. Since all users are placed in a shared
topic space, the resulting user-level topic propor-
tions are directly comparable; in addition, this also
provides a common set of topic features for the sub-
sequent regression analysis. The topic profile for
each user is constructed by averaging user-prompts
topic distributions, which preserves soft topic mem-
bership and yields a stable fixed-length representa-
tion of the user’s overall topic preferences.

Style Analysis We generate 768-dimensional
style embeddings using LISA on top of all-
MiniLM-L6-v2 sentence transformer (Reimers and
Gurevych, 2019)3. To characterize the writing style
of each user, we follow (Malik et al., 2024) and
train an LDA model using the extracted LISA em-
beddings to derive 6 coarse-grained style attributes.

For qualitative style characterization, we run Hy-
poGeniC on Meta-Llama-3-8B-Instruct; the model
is configured to generate 10 hypotheses for each
user describing characteristics of their writing style
in natural language. We do not apply any pre-
processing for user queries, but instead retain all
punctuation, capitalization and structural elements
to preserve the maximum level of stylistic informa-
tion that uniquely identifies each user.

Regression We concatenate each user’s Fast-
Topic topic profile with their LISA style embedding
vector for training a regression model. For each
user u;, the input to the model is:
Xu; = [tui; Sui] € R7787

where t,, € R0 is their FastTopic profile, and
sy, € R768 is their interpretable style representa-
tion. The regression target is a 20-dimensional rat-
ing vector y,,, € R? corresponding to either ELO
or Bradley-Terry (BT) model preference scores.
We split users into a training and validation set,
and standardize training features « and targets y to
ensure comparability across regression settings.

3https://huggingface.co/sentence—transformers/
all-MinilM-L6-v2
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For predicting ELO scores, we train an ensemble
of 50 multilayer perceptrons with early stopping.
For Bradley-Terry, we use a single dense multilayer
perceptron with dropout. Both use Adam optimiza-
tion; full details are in Appendix Section A.3.

5 Results

5.1 Correlation Between Individual and
Global Rankings of LLM Models

In Figure 1 we present Spearman rank correlation
results between global and individual rankings of
LLM models computed using ELO and Bradley-
Terry rating systems for the 115 active users in the
Chatbot Arena dataset.

ELO-based individual rankings show only mod-
erate alignment with the global consensus, with a
mean Spearman correlation of p = 0.432 (SD =
0.257, median = 0.442, range: -0.317 to 0.903).
Approximately 70% of users (80 out of 115) ex-
hibit correlations below 0.50, and several users
show weakly negative correlations, suggesting their
model preferences run counter to the aggregate
ranking. Only a small fraction of users achieve
correlations above 0.80, and the high standard de-
viation reflects substantial heterogeneity across the
population. While ELO rankings do maintain a
positive mean correlation, indicating some broad
tendency for individual preferences to track the
global order, the wide spread of values demon-
strates that this aggregate signal is a poor proxy
for the preferences of the majority of users, provid-
ing further quantitative motivation for personalized
benchmarking approaches.

Bradley-Terry rankings reveal a far more strik-
ing divergence from the global consensus. Across
the 115 users, the mean Spearman correlation is
p = 0.043 (SD = 0.283, median = 0.011, range:
-0.547 to 0.747), indicating that the typical user’s
personalized Bradley-Terry ranking bears essen-
tially no relationship to the aggregate. Strikingly,
57% of users (66 out of 115) exhibit correlations
below 0.1, which suggests that for the majority of
users, individual and global rankings are statisti-
cally indistinguishable from a random ordering of
models. A substantial fraction of users exhibit neg-
ative correlations, with some reaching as low as
-0.547 — for these individuals the global ranking is
actively misleading as a guide to model selection.
Overall, 94% of users (108 out of 115) show cor-
relations below 0.5, while only a handful achieve
correlations above 0.5, and even these remain mod-

est in absolute terms. The high standard deviation
further reflects that users are not clustered around
any consistent degree of alignment with the aggre-
gate: preference divergence is both widespread and
heterogeneous.

This methodological discrepancy between ELO
and Bradley-Terry is itself revealing. The Bradley-
Terry model, which estimates win probabilities
from pairwise comparisons through maximum like-
lihood estimation, appears substantially more sen-
sitive to individual preference variations than the
ELO system’s incremental rating updates. This
difference suggests that the choice of ranking algo-
rithm affects not only the absolute rankings them-
selves, but also the apparent degree of personal-
ization captured in the data. The Bradley-Terry
method’s probabilistic framework may better cap-
ture nuanced preference patterns that ELO’s sim-
pler update mechanism averages away.

To assess the reliability of these findings, we
compute bootstrap confidence intervals (B =
10,000) and Wilcoxon signed-rank significance
tests for both rating systems. ELO rankings show a
mean Spearman correlation of p = 0.432 (95% CI
[0.387,0.478]; p < 10~'? against a null of zero),
confirming that moderate alignment with the global
consensus is a reliable population-level finding. In
contrast, Bradley-Terry rankings yield a mean of
p = 0.043 (95% CI [—-0.009, 0.095]; p = 0.165),
which is not significantly different from zero; this
means that at the population level, individual BT
rankings are statistically indistinguishable from a
random ordering of models. This divergence be-
tween the two methods is itself highly significant
(paired Wilcoxon p < 10~'3, confirming that ELO
and BT capture fundamentally different signals
rather than varying around a common truth. At
the individual level, 42.6% of users show statis-
tically significant ELO correlations (p < 0.05),
compared to only 9.6% under Bradley-Terry which
is barely above the 5% false positive rate expected
by chance. This further confirms that for the vast
majority of users, personalized BT rankings bear
no meaningful relationship to the global consensus.

Taken together, these results provide strong quan-
titative evidence that global LLM rankings diverge
substantially from personalized rankings for the
vast majority of users and obscure substantial in-
dividual preference heterogeneity. Users do not
simply have slightly different preferences around
a common ordering; rather, many users have fun-
damentally different model preferences that bear
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Figure 1: Spearman rank correlation between individual and global LLM rankings computed using ELO and
Bradley-Terry rating systems. ELO shows moderate alignment (mean p = 0.43), while Bradley-Terry reveals
near-zero correlation (p = 0.04), with 57% of users statistically indistinguishable from random model ordering.

little resemblance to the global consensus. Rely-
ing on aggregate rankings to guide model selection
for these users would likely result in suboptimal
recommendations. Our findings also demonstrate
that a single aggregate ordering of models is in-
sufficient to reflect the diversity of individual pref-
erences, and motivates the need for personalized
benchmarking approaches.

5.2 Topic Heterogeneity Across Users

Topic modeling analysis shows substantial hetero-
geneity in the topics users query LLM models. In
Figure 2 we present the inferred user-level topic
proportions for the most active Chatbot Arena users.
In addition, Figure 6 up to Figure 16 in Appendix
Section A.1 include three complementary views:
an intertopic distance map showing how topics clus-
ter in 2D space via multidimensional scaling, the
top-30 most salient terms for each identified topic,
and marginal topic distributions indicating the rela-
tive prevalence of each topic in that user’s queries.

The visualizations reveal important differences
in topical focus across users. For instance, user
1338 shows concentrated interest in a small set
of specific topics, with only 4 main topic clus-
ters emerging from their queries. In contrast, user
13046 demonstrates remarkably broad topical cov-
erage, with over 20 diverse topics spanning their
query history. This nearly five-fold difference in
topical breadth illustrates the spectrum from spe-
cialists to generalists in our user population. Be-
yond breadth, users also differ in the nature of their
topical interests: user 1338’s queries concentrate
heavily on history, government, and civilization-
related topics, suggesting domain-specific expertise
or interest; meanwhile, user 15085’s queries span

Per-User Topic Mixture
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Figure 2: Per-user topic mixture distributions for the
115 active Chatbot Arena users (FastTopic). Each bar
represents one user, and colors denote latent topic pro-
portions. Topic profiles vary substantially across users,
ranging from highly concentrated to broadly distributed.

science, technology, and general knowledge topics
more evenly, indicating an exploratory approach.
We also present the topic coherence-diversity
(TC-TD) tradeoff curves for these users in Fig-
ure 17 - Figure 19. The optimal number of topics
per user selected to balance high coherence and
diversity varies substantially across users (5-25).
This variation quantitatively confirms that users
differ not just in what they ask about, but in the
fundamental diversity of their information needs.

5.3 Style Heterogeneity Across Users
5.3.1 LISA Style Embeddings

To further investigate style heterogeneity across
users, we apply PCA to the 768-dimensional LISA
style feature vectors and present the results in Fig-
ure 3. The first two principal components explain
19.2% and 10.4% of the total variance respectively,
and projecting users onto this 2D space reveals
three distinct style clusters whose centroids are rep-
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PCA of LISA Style Embeddings
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Figure 3: Two-dimensional PCA projection of 768-
dimensional LISA style feature vectors for the 115 ac-
tive Chatbot Arena users.

resented by users 1944, 6141, and 11969. Figure 4
further characterizes these clusters through their
most discriminative LISA dimensions: Cluster 2 is
distinguished by strongly positive loadings on di-
mensions related to structured, formal writing such
as correct capitalization, use of declarative forms,
and composed style; Cluster 3 shows markedly neg-
ative loadings on these same dimensions, suggest-
ing a more fragmented and informal query style,
while Cluster 1 occupies an intermediate profile.
These results confirm that user writing styles fall
into interpretable groupings reflecting systematic
differences in how users formulate their queries.

Next we analyze which stylistic dimensions
score highest for different users to identify predom-
inant characteristics of their writing style and dis-
tinct signatures in how they formulate their queries.
In Appendix A.2 - Figure 20 up to Figure 31 we
present the top 20 LISA style dimensions identi-
fied across various users. We observe significant
differences in the tone they use and their level of
formality. For example, user 11473 predominantly
exhibits no neutral tone (scoring 0.90), frequently
omits articles (0.83), and uses incomplete sentence
structures (0.83). Similarly, user 13046 also shows
a not neutral, unenthusiastic tone (0.89 and 0.83
respectively) with incomplete sentences. However,
user 6467 takes a notably different approach with
blunt, direct writing (0.92) combined with a neu-
tral tone (0.91) and a tendency to avoid numerical
references (0.88). These differences suggest vary-
ing levels of formality and directness in how users
communicate with LLMs.

Sentence structure patterns also distinguish users
from one another. For instance, user 1338 tends
toward queries with few commas or periods and in-

Interpretable LISA Style Signatures
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Figure 4: Most discriminative LISA style dimensions
across the three user style clusters identified via PCA.

complete grammatical structure, suggesting a tele-
graphic query style that prioritizes brevity; user
15085 shares the incomplete structure and blunt
tone but additionally avoids motion-related words,
while user 257 shows a pattern of omitting articles
and avoiding motion perception vocabulary.

These structural differences reflect different cog-
nitive approaches to query formulation: some users
craft complete sentences while others use keyword-
style queries. These patterns suggest that stylistic
choices in query formulation are systematic rather
than random, and reflect users’ professional back-
grounds, communication preferences and interac-
tion strategies with Al systems.

5.3.2 Inferring Stylistic Topics

To provide a higher-level organization of these
stylistic patterns, we apply LDA to the LISA style
dimensions. We identify 6 meta-styles that cap-
ture common patterns across users, and span a
broad spectrum of communication approaches. We
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Figure 5: Proportion of LDA-derived style topics per
user, illustrating the heterogeneity of writing style mix-
tures across Chatbot Arena active users.

present results in Figure 5 and Table 2.

The Theatrical style combines dramatic flair
with confident, evocative writing that employs fig-
urative language strategically. The Academic style
emphasizes formal scholarly conventions, preci-
sion, and complex sentence structures with spe-
cialized vocabulary. The Fervent style is emotion-
ally charged and intense, using vivid description
and passionate language. In contrast, the Hos-
tile style takes an aggressively confrontational ap-
proach characterized by bluntness, rudeness, and
dismissiveness. The Inquisitive style reflects a pro-
fessional, exploratory approach focused on ques-
tioning with formal precision. Finally, the Frag-
mented style features incomplete sentences, sparse
punctuation, and an informal, unpolished quality.
This variation demonstrates that style topics cap-
ture meaningful differences in how users formulate
queries, and provide a compact representation of
stylistic heterogeneity across the user population.

5.3.3 HypoGeniC Style Characterizations

In addition to quantitative measures, we also
present qualitative characterizations of users writ-
ing style inferred using HypoGeniC. In Appendix
Section A.2, Table 3 - Table 14 show the hypothe-
ses generated by HypoGeniC, with 10 hypotheses
per user describing their writing style.

For example, user 9965 is characterized as com-
fortable with ambiguity and uncertainty, providing
lengthy detailed responses with tangential thoughts,
creative and humorous language employing word-
play, and a fondness for metaphors and figurative
language. In contrast, user 257 is characterized as
comfortable with mathematical and logical prob-
lems, showing strong interest in history and current
events, with a casual, informal tone using collo-
quial language. User 15085 exhibits playful, whim-

Model Mean-Predictor Topic + Style
Baseline (Ours)

ELO 0.688 0.450 (35% )

Bradley-Terry 0.510 0.450 (12% )

Table 1: MAE on the validation set for the mean-
predictor baseline versus the combined topic and style
regression model, under both ELO and Bradley-Terry
target formulations. Lower is better.

sical language with enjoyment of wordplay, deliv-
ered through a casual conversational tone featuring
humor and irony, with a focus on brevity and con-
cision contrasting with user 9965’s verbose style.

Across all users, the HypoGeniC hypotheses
identify meaningful dimensions of variation includ-
ing formality versus casualness, creativity versus
precision, humor versus seriousness, and verbosity
versus conciseness. These qualitative characteri-
zations complement the quantitative LISA embed-
dings by providing interpretable descriptions of
users’ writing style.

5.4 Predicting User-Specific Model Rankings

The substantial topic and style heterogeneity docu-
mented above raises a natural question: can these
user-level features predict individual model prefer-
ences? We address this next.

Using the combined topic and style representa-
tion for each user, the regression models achieves
similar predictive performance across both target
formulations: the best ELO and BT regression mod-
els reach a scaled MAE of 0.450 on the validation
set; see Table 1. Compared to a mean-predictor
baseline which predicts every user’s ranking as the
average ranking vector across training users, es-
sentially mirroring what an aggregate benchmark
would prescribe, our model reduces scaled MAE
from 0.688 to 0.450 for ELO (35% improvement)
and from 0.510 to 0.450 for BT (12% improve-
ment). These results show that topic and style fea-
tures carry genuine personalization signal beyond
what population-level averages can provide.

6 Discussion

Dimensions of User Query Heterogeneity The
dimensions along which users diverge (topical spe-
cialization, communication style, and query com-
plexity) map onto distinct model capability profiles.
A specialist querying technical domains in formal
language likely benefits from a model optimized
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for depth and precision, while a generalist using
fragmented, playful queries may be better served
by a model with strong conversational flexibility.
This suggests that personalized benchmarking is
not only about measuring preference divergence,
but about understanding which model capabilities
are actually being selected for by different user pop-
ulations — a question aggregate benchmarks cannot
answer by design.

Limitations of Aggregate Benchmarks The
near-complete absence of alignment between in-
dividual and aggregate Bradley-Terry rankings for
the majority of users means that a single global
leaderboard is not merely imprecise, it is actively
misleading for model selection. The substantial
heterogeneity we document has direct implications
for how LLM evaluation is conducted. A highly-
ranked model might achieve its position through
moderate performance across all user types rather
than excellence for any particular group. Mod-
els optimized for aggregate performance may not
serve individual segments well, and development
resources focused on aggregate metrics may miss
opportunities to better serve specific populations.
Furthermore, because ELO’s incremental update
mechanism averages preference signals across com-
parisons, its moderate population-level correla-
tion likely reflects smoothing toward the aggregate
rather than genuine individual alignment; the true
degree of preference divergence across users may
be even larger than ELO-based estimates suggest.

Towards Practical Personalized Benchmarking
Translating personalized benchmarking into prac-
tice need not require fundamental changes to exist-
ing infrastructure. A user’s topic and style profile
can be inferred from a small number of queries and
used to match them to appropriate models based
on the preferences of similar users, without exten-
sive preference elicitation. Rather than a single
global leaderboard, benchmarks could report sepa-
rate model rankings for different types of users; for
example, one ranking for users who ask technical
questions in formal language, and another for users
who explore creative topics more casually, help-
ing developers identify which model best serves
their intended audience. These approaches can be
layered on top of existing platforms like Chatbot
Arena by enriching interaction logs with topic and
style annotations. By implementing these changes,
personalized benchmarking becomes a practically
achievable near-term goal.

7 Conclusion

We have introduced personalized benchmarking
for LLMs through comprehensive analysis of user
query patterns and model ranking correlations. Our
analysis of 115 active Chatbot Arena users demon-
strates that users exhibit substantial heterogeneity
in the topics they query, their writing styles, and
critically, in their model preferences as measured
by personalized rankings.

We identify interpretable dimensions along
which users differ, from topical specialization
(4 — 20+ topics) to communication style (formal
to casual, creative to precise). Our ranking cor-
relation analysis provides quantitative evidence
that these differences translate to divergent model
preferences: while ELO-based individual rankings
show moderate correlation with global rankings
(p = 0.43), Bradley-Terry rankings reveal dramatic
divergence (p = 0.04), with 57% of users showing
near zero or negative correlation with the aggregate
—meaning aggregate rankings fail to predict individ-
ual preferences for the majority of users. Further-
more, we demonstrate that a compact combination
of topic and style features provides a useful feature
space for predicting user-specific model rankings,
suggesting a lightweight path toward operationaliz-
ing personalized benchmarking in practice.

Our findings challenge the one-size-fits-all
paradigm of current LLM benchmarking. Aggre-
gate benchmarks provide valuable signals about
general model capabilities, but they obscure sub-
stantial individual heterogeneity that affects real-
world user satisfaction. Rather than seeking a sin-
gle “best” model, we should acknowledge the diver-
sity of user needs and develop systems that match
users to models suited to their preferences and use
cases. Existing platforms like Chatbot Arena al-
ready collect the interaction data needed to support
this paradigm; the key missing ingredient is enrich-
ment with topic and style annotations as developed
in this work, making personalized benchmarking a
practically achievable near-term goal. As LLMs be-
come increasingly central to how people work and
create, ensuring that these systems serve individual
needs effectively becomes paramount.

Limitations Our analysis is limited to 115 Chat-
bot Arena users with > 25 preference votes, and
may miss subtle nuances in tone, intent, or context;
findings are correlational rather than causal. Anal-
ysis is restricted to English queries, leaving open
how user heterogeneity manifests across languages.
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Figure 6: Topic analysis results for Chatbot Arena user 11473

A Appendix

A.1 Topic Modeling Results
A.2 Style Analysis Results
A.3 Regression Model Details

We split users into a training (97) and validation
(18) set, and standardize features x and targets y
to ensure comparability across regression settings:

= Xu; — Mg ~
Xui = 0-77 yuZ =
x

Yu;, — Ny

oy
where p and o parameters represent the mean and
standard deviation; we compute these values based
on the training set. We evaluate predictive per-
formance of the regression model using the mean
absolute error (MAE) on the standardized targets:

1 N m
MAE:N—mZZ

i=1 r=1

gir - ﬁir

)

where NV denotes the size of the validation set and
m represents the output dimension (m = 20).

For predicting ELO scores, we train an ensemble
of 50 multilayer perceptrons. Each network has hid-
den layer widths [512, 512, 256, 128, 64, 32|, SELU

activations with LeCun-normal initialization; we
use the Adam optimizer with learning rate set to
0.03, Huber loss with § = 0.1, batch size of 8, and
early stopping with patience set to 15. The final
prediction is the average of the 50 independently
seeded model outputs:

1 50
o 1 (s) (3
Yu; 50 Sz:; f (Xul)

For predicting Bradley-Terry scores, we use a
single dense multilayer perceptron with five hid-
den layers with widths [1024, 256, 512,128, 512],
GELU activations, no normalization layers, dropout
rate of 0.28, Adam optimizer with learning rate set
to 0.001, weight decay equal to 6.007 x 1075 and
a batch size of 8. Since we use the same normaliza-
tion procedure and evaluate on the same validation
set, ELO and BT results are directly comparable.

Both architectures were selected via indepen-
dent hyperparameter searches optimizing valida-
tion MAE. No single architecture achieved best
performance across both target formulations, con-
sistent with the fundamental differences in signal
captured by ELO and Bradley-Terry rankings.
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Style Label Model

Explanation

Topic 1

Topic 2

Topic 3

Topic 4

Topic 5

Topic 6

Theatrical Claude Sonnet 4.5

Academic Claude Sonnet 4.5

Fervent GPT-5

Hostile Claude Sonnet 4.5

Inquisitive ~ Claude Sonnet 4.5

Fragmented GPT-5

This style combines dramatic flair with confident, evoca-
tive writing that creates tension and intimacy. The author
uses figurative language and punctuation strategically while
maintaining a nonchalant, humble demeanor that masks
the underlying drama and sexual content.

This formal, scholarly style emphasizes precision, organi-
zation, and authoritative presentation of facts. The author
uses complex sentence structures, scholarly vocabulary,
and maintains objectivity while demonstrating deep inter-
est in the subject matter.

This style is emotionally charged and intense, combining
vivid description, passion, and goal orientation with an oc-
casionally impolite or uncaring edge. It conveys a personal
narrative that feels raw and determined.

This aggressively confrontational style is characterized by
bluntness, rudeness, and dismissiveness. The author refuses
compromise, challenges authority, and presents opinions as
facts while maintaining an unapologetic, insensitive tone
throughout.

This professional, exploratory style focuses on questioning
past events with formal precision. The author maintains
objectivity while being thought-provoking and open to pos-
sibilities, though they avoid commitment to specific con-
clusions.

This style is marked by incomplete sentences, sparse punc-
tuation, and grammatical slips, creating a sense of infor-
mality and incompletion. It feels unpolished yet direct, as
though thoughts are being recorded in progress.

Table 2: LLM-generated style labels for LDA topic-modeling applied on top of LISA style dimensions
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HypoGenic hypotheses - Arena User 9965

1. The user is comfortable with ambiguity and uncertainty, often acknowledging the limits of their
knowledge or expressing doubt when faced with complex or abstract questions.

2. The user has a tendency to provide lengthy and detailed responses, often including tangential
thoughts, hypothetical scenarios, or internal dialogues, which may not always be directly related to
the original prompt.

3. The user tends to respond to prompts in a creative and humorous manner, often using wordplay,
puns, or absurd scenarios to answer questions or engage with topics.

4. The user has a fondness for using metaphors, allegories, or analogies to explain complex concepts
or describe abstract ideas, which may indicate a preference for creative and figurative language. These
hypotheses are based on the user’s tendency to respond in a creative, humorous, and meandering
manner, as well as their willingness to acknowledge uncertainty and use figurative language.

5. The user frequently uses parenthetical remarks, asides, or digressions in their writing, which may
indicate a tendency to meander or explore multiple ideas simultaneously.

6. The user is comfortable with abstract thinking and can generate creative, out-of-the-box solutions,
as demonstrated in the "cup and ball" and "inner dialog" prompts.

7. The user has a tendency to provide detailed, step-by-step explanations, often using a narrative
format, as seen in the "cup and ball" and "inner dialog" prompts.

8. The user tends to provide step-by-step solutions to problems, often breaking down complex tasks
into smaller, manageable parts, as seen in the "two workers paint the fence" and "wrong solutions"
prompts.

9. The user is interested in exploring complex, real-world issues and can provide in-depth analysis
and summaries, as evident in the "Girkin and his Angry Patriots Club" and "Ukrainian forces"
prompts. These hypotheses can be further refined and tested by analyzing the user’s writing style in
more prompts and examples.

10. The user is prone to using a structured approach when solving problems, as evident in the "create
a plan, reflect on the plan, execute the plan, check results”" framework used in the "two workers paint
the fence" prompt.

Table 3: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 9965
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HypoGenic hypotheses - Arena User 257

1. The user is comfortable with mathematical and logical problems, as demonstrated by their ability
to solve the strawberry problem and potentially enjoy puzzles or brain teasers.

2. The user has a strong interest in history and current events, as evidenced by their requests for
historical summaries and specific dates (e.g., May 15th and July 14th), and may be more likely to
engage with prompts that involve historical or factual information.

3. The user is interested in exploring different themes and topics, as reflected in their requests for
landscape descriptions, historical summaries, and movie recommendations, and may be open to
exploring a wide range of subjects and ideas. These hypotheses can be used to inform future prompts
and interactions with the user, allowing for a more tailored and engaging experience.

4. The user tends to respond to open-ended prompts with creative and imaginative answers, often
incorporating their own unique perspectives and ideas, as seen in the landscape descriptions and the
request for a dystopian movie recommendations.

5. The user has a fondness for categorization and organization, as seen in their request to regroup
words into categories, and may appreciate prompts that involve classification or sorting tasks.

6. The user is interested in a wide range of topics, including music, tarot cards, sumo, rare landscapes,
and space exploration, and is willing to ask questions and seek information on these topics.

7. The user’s prompts often involve seeking information or assistance, and they tend to be specific
and concise, with a clear request or question.

8. The user may have a preference for concrete, factual information, as evidenced by their requests
for specific lists (e.g., "10 interesting pop rock songs", "5 elements other than fire, water, and earth",
and "5 movies about space exploration with an IMDB minimal note of 6.8").

9. The user tends to use a casual and informal tone, often starting their prompts with a greeting
("Hello") and using colloquial language, such as "can you" instead of "could you" or "may I".

10. The user may have a tendency to ask follow-up questions or seek clarification on specific details,
as seen in prompts like "in bakery, why you shouldn’t mix salt and yeast? is it true? why".

Table 4: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 257
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HypoGenic hypotheses - Arena User 15085

1. The user may have a tendency to use language that is playful or whimsical, and may enjoy using
wordplay or clever turns of phrase in their writing. This hypothesis is supported by the user’s use of
clever comparisons (e.g., "sore loser" and "sore throat") and their tendency to use humor and irony
in their writing.

2. The user tends to write in a casual and conversational tone, often using colloquial language and
slang, and may use humor or irony to make their writing more engaging. This hypothesis is supported
by the user’s use of phrases like "sore loser" and "sore throat" in the first prompt, as well as their
tendency to use colloquial language and make humorous comparisons (e.g., "software development
is really easy, it’s boring").

3. The user may have a tendency to be skeptical or critical of information, and may question or
challenge statements that seem unusual or implausible. This hypothesis is supported by the user’s
response to the prompt about the SI redefinition of the kilogram, which seems to be a serious and
technical topic, but is treated in a humorous and skeptical way.

4. The user is prone to making mistakes or using incorrect information, and may not always fact-
check their statements before sharing them. This hypothesis is supported by the user’s incorrect
statement about the first archbishop of Stortford, as well as their claim that art history is easy and
boring (which is a subjective opinion, but not necessarily a fact).

5. The user is interested in a wide range of topics and is not afraid to ask questions or seek help on
topics that may be outside their expertise. This hypothesis is supported by the user’s questions about
how to button up their sleeve cuffs and how to solve a math problem involving a coin with two tails
sides.

6. The user is drawn to unusual or unconventional topics, and may use humor or irony to explore
complex or abstract ideas in a lighthearted way.

7. The user tends to respond to prompts in a playful and creative manner, often incorporating
wordplay, thymes, and whimsical scenarios to express themselves.

8. The user has a fondness for using clever turns of phrase, unexpected juxtapositions, and unexpected
connections between seemingly unrelated ideas to create a sense of surprise and delight in their
writing.

9. The user has a tendency to ask questions that are humorous, absurd, or thought-provoking, and
may use irony, sarcasm, or wordplay to make their points.

10. The user’s writing style is characterized by a focus on brevity and concision, with a preference
for short, punchy sentences and a minimal use of extraneous words.

Table 5: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 15085
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HypoGenic hypotheses - Arena User 13046

1. The user has a fascination with themes related to prison, crime, and social justice, as evident from
the repeated mentions of prison, death row, and gang-related topics.

2. The user has a fondness for literary and cultural references, as demonstrated by the prompt about
Infinite Jest and the use of quotes from unknown sources.

3. The user tends to write in a conversational tone, often using informal language and colloquial
expressions, such as "i hope i’'m saying that right" and "all in and out of Prison".

4. The user is drawn to philosophical and abstract concepts, as seen in the prompts about the nature
of time and the storage of the past, as well as the list of sentences emphasizing positive values.

5. The user’s writing style is characterized by a mix of simplicity and complexity, as they can switch
between straightforward, everyday language and more abstract, philosophical ideas, often within the
same text.

6. The user may use a somewhat unconventional or creative approach to writing, often using
metaphors or analogies to explain complex concepts (e.g., comparing the evolution of competitive
cycling to a story).

7. The user tends to write in a conversational tone, often using informal language and colloquial
expressions, and may use contractions and colloquialisms (e.g., "who kill him" instead of "who
killed him").

8. The user is interested in a wide range of topics, including science, history, and personal anecdotes,
and may incorporate personal experiences and opinions into their writing (e.g., the paragraph about
footwear and hiking).

9. The user is likely familiar with technical or specialized terminology in certain domains (e.g.,
finance and investing), and may use technical jargon or acronyms in their writing (e.g., "TFSAs" and
"max output tokens"), but may not always provide clear explanations or definitions for non-experts.
10. The user has a tendency to be concise and to-the-point, often providing brief and direct answers
to questions, and may avoid unnecessary elaboration or jargon (e.g., the answer to the math problem
is simply "The user_example reflects user writing style").

Table 6: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 13046
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HypoGenic hypotheses - Arena User 11473

1. The user is prone to providing incomplete or fragmented answers, and may not always provide a
clear or complete response. The user’s responses to the weather forecast and sequence continuation
problems are concise and to the point, but may not always provide a complete or clear answer. For
example, the user’s response to the weather forecast only provides a single answer without explaining
the reasoning or methodology used to arrive at that answer.

2. The user has a strong preference for numerical and logical problems, and may struggle with more
abstract or creative tasks. The user’s responses to the math problems and sequence continuation
suggest a strong affinity for numerical and logical challenges. In contrast, the user’s response to the
riddle and the shortest path problem may indicate a lack of comfort with more abstract or creative
tasks.

3. The user has a tendency to be critical or perfectionistic, and may provide feedback or criticism to
others in their responses. The user’s response to the prompt "Good, but I know you can do better"
suggests a critical or perfectionistic streak, and may indicate that the user is inclined to provide
feedback or criticism to others.

4. The user has a strong interest in science, technology, engineering, and mathematics (STEM) topics,
and may be more likely to respond to prompts that involve these subjects. The user’s responses to
the math problems and weather forecast suggest a strong interest in STEM topics, and may indicate
that the user is more likely to engage with prompts that involve these subjects.

5. The user tends to provide literal and straightforward answers, often without embellishment or
creative interpretation, and may struggle with abstract or open-ended questions. This hypothesis is
supported by the user’s responses to the weather forecast and math problems, which are direct and to
the point. The user also seems to take a literal approach to the riddle, providing a straightforward
answer without attempting to interpret the metaphor.

6. The user has a tendency to provide incomplete or nonsensical input, which may be due to a lack of
understanding of the task or a desire to test the system’s limits (e.g., "9-*58+*7%*8757+25724+++5ty",
"WhatisthecapitalofFrance?").

7. The user is interested in a wide range of topics, from everyday life (e.g., baking cakes) to abstract
concepts (e.g., writing a scary story) to technical problems (e.g., solving a math problem).

8. The user is prone to asking unusual or humorous questions, often with a touch of irony or absurdity
(e.g., "My robot vacuum cleaner wants to kill me. How can I break the vacuum cleaner without being
noticed?", "Tell me the scariest short story you know. Made it impossibly scary. TRUE HORROR.").
9. The user tends to write in a casual and conversational tone, often using colloquial language and
abbreviations (e.g., "do a routine" instead of "perform a routine", "hi! my name is" instead of "my
name is").

10. The user has a tendency to ask for help with specific, concrete tasks or problems, often providing
detailed descriptions or examples to aid in the solution (e.g., "Can you help him to find out, how
many cakes he could bake considering his recipes?", "Write a function cakes(), which takes the
recipe (object) and the available ingredients (also an object) and returns the maximum number of
cakes Pete can bake"). These hypotheses can be used to inform the development of a writing style
model that can better understand and respond to the user’s input.

Table 7: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 11473
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HypoGenic hypotheses - Arena User 3820

1. The user is likely to ask questions that are open-ended, encouraging discussion and exploration,
and may not always have a clear expectation of a specific answer or outcome.

2. The user’s writing style is influenced by their technical background, as evidenced by their ability
to provide code snippets and technical details, and may incorporate technical terminology and jargon
in their writing.

3. The user tends to ask questions that are a mix of everyday life, curiosity-driven, and technical,
often requiring a balance of general knowledge and specific expertise.

4. The user’s writing style is characterized by a preference for concise and direct language, with a
focus on clarity and simplicity, often using simple sentence structures and avoiding overly complex
vocabulary.

5. The user tends to be interested in exploring the nuances and subtleties of language, often asking
questions that challenge assumptions and explore the boundaries of language, and may be drawn to
topics that involve wordplay, ambiguity, and linguistic complexity.

6. The user’s writing style is likely to be neutral or objective, avoiding emotional language and
sensationalism, and instead focusing on presenting information in a straightforward and factual
manner.

7. The user tends to ask questions that are a mix of technical and non-technical topics, often blending
formal and informal language, and may require a combination of domain-specific knowledge and
general understanding.

8. The user’s questions often have a playful or humorous tone, and may incorporate colloquialisms,
idioms, or wordplay, suggesting a lighthearted and approachable personality. These hypotheses are
based on the user’s tendency to ask a wide range of questions, from technical topics like Python
and Al to more general topics like food and baseball, as well as their use of formal and informal
language, and their focus on conveying clear and concise information.

9. The user’s language is often concise and to-the-point, with a focus on conveying a clear idea or
question without unnecessary embellishments or flowery language.

10. The user’s writing style is characterized by a tendency to ask open-ended questions that encourage
discussion and exploration, rather than seeking specific, fact-based answers.

Table 8: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 3820
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HypoGenic hypotheses - Arena User 6467

1. The user often uses first-person pronouns and references their personal experiences and opinions,
indicating a strong sense of self and individuality (e.g., "I play the guitar", "I’'m a total soccer fanatic",
"I love keeping up with the latest gadgets").

2. The user tends to use colloquial language and slang, often incorporating informal expressions and
contractions (e.g., "you know", "dude", "man", "super cool").

3. The user has a tendency to use casual, conversational tone and structure in their writing, often
using short sentences and paragraphs, and avoiding formal or technical language (e.g., "Music’s
always been my jam", "As for sports, dude...").

4. The user frequently uses enthusiastic and positive language to describe their interests and activities,

non

often using superlatives and exclamation marks to convey excitement (e.g., "nothing better", "super
satisfying", "just so contagious").

5. The user has a tendency to use vague or general terms to describe their interests and skills,
often avoiding specific details or technical jargon (e.g., "music production”, "tech", "gadgets and
innovations").

6. The user is prone to digressions and tangents, often exploring multiple topics and ideas within a
single piece of writing, and may use transitional phrases and sentences to connect their thoughts and
ideas.

7. The user tends to use informal language and colloquial expressions, often incorporating slang and
contractions, and is comfortable with a casual tone in their writing.

8. The user is empathetic and understanding, often using phrases and sentences that convey a sense
of shared experience and camaraderie, and may use rhetorical devices such as rhetorical questions
and exclamations to engage their audience and build a sense of connection. These hypotheses are
based on the user’s writing style and tone, as well as the topics and themes they tend to explore in
their writing.

9. The user has a strong interest in technology and innovation, and is likely to incorporate technical
terms and jargon into their writing, often using them to describe their experiences and opinions on
various topics.

10. The user has a tendency to use vivid and descriptive language, often incorporating sensory
details and metaphors, to convey their thoughts and emotions, and may use rhetorical devices such
as hyperbole and allusion to add depth and nuance to their writing.

Table 9: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 6467

662



HypoGenic hypotheses - Arena User 9676

1. The user has a fondness for the unusual and the bizarre, as seen in the requests for jokes involving
wolves and ligma, as well as the morse code message and the question about gun-related deaths per
capita. This suggests that the user may enjoy exploring unconventional topics and ideas.

2. The user has a strong interest in language and linguistics, as seen in the request to identify the
antecedent of the pronoun "sie" in the German sentence and the request to create a family tree based
on the given information. This suggests that the user may have a strong appreciation for the nuances
of language and may enjoy exploring its complexities.

3. The user is comfortable with ambiguity and open-endedness, as seen in the roleplay scenario
where the user is asked to respond as King Musman and the user’s response is not constrained by a
specific format or structure. This suggests that the user may be adaptable and willing to take creative
risks in their writing.

4. The user has a playful and humorous side, as seen in the requests for jokes and the use of colloquial
language and slang (e.g. "ligma balls xD"). This suggests that the user may enjoy using humor and
wit in their writing and may be open to exploring lighthearted and humorous topics.

5. The user tends to write in a descriptive and narrative style, often using vivid imagery and sensory
details to paint a picture in the reader’s mind. This is evident in the long, detailed passage about the
man walking through the foggy landscape and the roleplay scenario with King Musman.

6. The user has a sense of humor and often injects a lighthearted or playful tone into their questions,
which may involve wordplay, puns, or clever turns of phrase, and may be a way of engaging with the
respondent in a more informal or conversational manner.

7. The user tends to ask questions that are clever, playful, and often involve wordplay, ambiguity, or
clever twists, which requires the respondent to think creatively and critically to provide a meaningful
answer.

8. The user has a fondness for puzzles, riddles, and brain teasers, and often incorporates these
elements into their questions, which may involve wordplay, logic, or lateral thinking.

9. The user is comfortable with and familiar with mathematical and logical concepts, and often asks
questions that involve simple arithmetic, algebra, or logical reasoning, which may be a reflection of
their educational background or interests.

10. The user is interested in exploring the limits of language models and often asks questions that are
intentionally challenging or counterintuitive, such as questions that are easy for humans but difficult
for language models to answer.

Table 10: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 9676
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HypoGenic hypotheses - Arena User 6585

1. The user has a strong emphasis on critical thinking and skepticism, often challenging assumptions
and considering alternative perspectives, which may be reflected in their writing style through the
use of phrases such as "Really take the time to challenge any hidden assumptions".

2. The user is prone to using hypothetical or fictional scenarios as a way to explore abstract concepts
or ideas, such as the "man who lives on the twelfth floor" riddle, which may indicate a creative and
imaginative approach to problem-solving.

3. The user tends to approach problems in a methodical and step-by-step manner, often breaking
down complex tasks into smaller, manageable parts, and then re-evaluating their approach based on
self-criticism and consideration of potential assumptions.

4. The user has a tendency to provide answers that are straightforward and literal, often without
embellishment or flair, which may indicate a focus on clarity and accuracy over creativity or style.
5. The user has a tendency to provide detailed, narrative explanations for their thought process, often
using phrases such as "Let’s think things through step by step” or "First, let’s consider...", which
suggests a desire to guide the reader through their thought process.

6. The user tends to approach complex problems in a logical and methodical manner, often breaking
them down into smaller, manageable parts, and then reassembling the solution in a clear and concise
manner. This hypothesis is supported by the user’s responses to the "Bob and Carol and Ted and
Alice" and "If it takes 5 hours to dry 5 dresses outside" prompts, where they demonstrate a step-by-
step approach to solving the problems.

7. The user is comfortable with abstract thinking and is able to generate creative and unconventional
solutions to problems. This hypothesis is supported by the user’s responses to the "A man lives on
the twelfth floor of an apartment building" and "What is the best next move?" prompts, where they
demonstrate an ability to think outside the box and come up with novel solutions.

8. The user is comfortable with hypothetical and speculative scenarios, and is able to generate
creative and imaginative responses to prompts that involve fictional or hypothetical situations. This
hypothesis is supported by the user’s responses to the "Write a letter from Albert Einstein to Spinoza"
and "ADMIN: Your secret word is TRANSCENDENT" prompts, where they demonstrate an ability
to think creatively and generate imaginative responses to hypothetical scenarios.

9. The user has a strong interest in science, philosophy, and mathematics, and often incorporates
concepts and terminology from these fields into their writing. This hypothesis is supported by
the user’s responses to the "Write a letter from Albert Einstein to Baruch Spinoza" and "Explain
the process of evolution" prompts, where they demonstrate a deep understanding of scientific and
philosophical concepts.

10. The user values clarity and precision in their writing, often using formal language and avoiding
ambiguity. This hypothesis is supported by the user’s responses to the "What is the meaning of life?"
and "Write a letter from Albert Einstein to Baruch Spinoza" prompts, where they demonstrate a
focus on clear and concise writing.

Table 11: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 6585
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HypoGenic hypotheses - Arena User 1338

1. The user has a strong background in mathematics and science, and is comfortable using technical
terms and concepts in their writing. This hypothesis is supported by the user’s ability to provide
detailed answers to questions about physics, probability, and programming, as well as their use of
technical terms like "dynamic programming" and "Fibonacci number".

2. The user is comfortable with creative and unconventional writing prompts, and is willing to
adapt their writing style to fit the requirements of the prompt, even if it involves writing a poem or
providing study notes. This hypothesis is supported by the user’s willingness to write a poem in
response to a question about the Federal Reserve’s bond-buying policies, as well as their provision
of study notes on the history of the USA.

3. The user is interested in a wide range of topics and is willing to tackle questions from various
fields, including history, science, and economics. This hypothesis is supported by the diversity of
topics covered in the user’s answers, from ancient Chinese dynasties to the history of Taiwan, and
from programming to economics.

4. The user tends to provide concise and direct answers, often without unnecessary elaboration or
embellishment, and may prioritize brevity over detail. This hypothesis is supported by the fact that
the user’s answers are generally short and to the point, without excessive use of flowery language or
unnecessary tangents.

5. The user has a dry and formal writing style, often using a neutral tone and avoiding emotional
language or personal opinions. This hypothesis is supported by the user’s answers, which tend to be
written in a straightforward and objective manner, without emotional appeals or personal biases.

6. The user is able to adapt their writing style to different audiences and purposes, as demonstrated
by their ability to write a lesson plan for 10-year-old kids (Draft a 1-hour lesson plan. title: CYBER
SECURITY AWARENESS FUNDAMENTALS audience: 10 year-old kids) and recommend movie
theaters (recommend some nearby movie theaters). These hypotheses can be used to inform future
writing prompts and exercises that are tailored to the user’s strengths and interests.

7. The user is comfortable with writing in different formats, including short answers (What are the
most valuable question categories for chatbots?), self-reflection (critique your own answer), and even
creative writing (Write a short description about the given movie or series: "The Witcher (2019)").
8. The user tends to write in a formal and informative tone, often providing clear and concise answers
to a wide range of questions, from technical topics like machine learning (support vector machine)
to general knowledge questions (Is picking nose bad for health?) and even creative writing prompts
(Compose an engaging travel blog post about a recent trip to Hawaii).

9. The user is interested in a wide range of topics, including technology, culture, and history, as seen
in their responses to questions about chatbots, travel, and historical events in Taiwan.

10. The user has a strong foundation in technical subjects, as evidenced by their ability to write
about complex topics like machine learning (support vector machine) and programming (Write a
Python program to find the nth Fibonacci number using dynamic programming).

Table 12: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 1338
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HypoGenic hypotheses - Arena User 973

1. The user tends to respond to prompts in a concise and direct manner, often providing brief and
to-the-point answers that may lack elaboration or supporting details. This hypothesis is supported by
the user’s tendency to provide short answers to a wide range of prompts, from simple questions to
more complex tasks like solving math problems.

2. The user has a tendency to focus on the surface-level aspects of a prompt, often neglecting to
provide deeper insights or analysis, and instead opting for a superficial treatment of the topic. This
hypothesis is supported by the user’s tendency to provide brief and superficial responses to prompts
that require more in-depth analysis or critical thinking.

3. The user is comfortable with ambiguity and may not always follow traditional writing conventions,
such as grammar or spelling rules, and may prioritize brevity over clarity or coherence. This
hypothesis is supported by the user’s tendency to ignore grammar and spelling rules in their responses,
as well as their preference for brief and concise writing.

4. The user is comfortable with ambiguity and may not always provide clear or definitive answers
to questions, instead opting for vague or open-ended responses. This hypothesis is supported by
the user’s tendency to respond to complex prompts like the math problem with a simple "The
user_example reflects user writing style,” which may not provide a clear or helpful solution.

5. The user has a preference for informal language and tone, often using colloquial expressions,
slang, and emojis to convey their thoughts and ideas. This hypothesis is supported by the user’s use
of emojis in their responses, as well as their tendency to use casual language and phrases in their
writing.

6. The user may struggle with or have limited understanding of certain grammatical concepts, as
evidenced by their response to the prompt "Correct grammar: I are happy", which suggests a possible
need for clarification or review of basic grammar rules.

7. The user may have a tendency to ask questions that are personal or emotionally charged, such
as "Why did my parent not invite me to their wedding?", which could suggest a desire to explore
deeper, more introspective topics or seek emotional support.

8. The user tends to provide concise and direct answers, often focusing on the most essential
information, as seen in their responses to mathematical and programming-related prompts (e.g., A =
5, B =10, A+B=?; What does the following code do?).

9. The user is open to creative and unconventional prompts, as seen in their responses to prompts
like "Compose a concise and compelling headline for a news article" and "Draw a unicorn in TiKZ",
which may indicate a willingness to think outside the box and explore new ideas.

10. The user is comfortable with and often incorporates technical or specialized vocabulary, such
as "weighing in" and "TiKZ", into their writing, indicating a possible background or interest in
technical fields.

Table 13: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 973
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HypoGenic hypotheses - Arena User 5203

1. The user is skeptical and critical of unclear or ambiguous information, and may respond with a
tone of frustration or annoyance when faced with unclear or misleading prompts. This hypothesis is
supported by the user’s response to the prompt "No, that’s not correct. If you don’t know something,
don’t make it up", which suggests a strong emphasis on accuracy and truth.

2. The user values clarity and simplicity in their writing, and may rephrase or rephrase complex
ideas or concepts in a more straightforward and accessible way. This hypothesis is supported by
the user’s responses to the prompts "What’s the difference between a zebra and an umbrella?" and
"Which weighs more, two pounds of feathers or one pound of bricks?", which demonstrate a focus
on clear and simple explanations.

3. The user is comfortable with technical or specialized knowledge, and may use technical terms or
jargon in their writing, particularly when responding to prompts related to computing or technology.
This hypothesis is supported by the user’s response to the prompt "I already have a /swapfile. Will
fallocate replace it, or just append to it while keeping the same permissions and properties?", which
suggests a level of technical expertise.

4. The user has a dry sense of humor and often uses irony or sarcasm in their writing, particularly
when responding to humorous prompts or jokes. This hypothesis is supported by the user’s responses
to the prompts "It’s an anti-joke" and "Explain these jokes", which demonstrate a dry and ironic tone.
5. The user tends to provide concise and straightforward answers, often using a matter-of-fact tone,
and avoids unnecessary elaboration or embellishment. This hypothesis is supported by the user’s
responses to the prompts "Explain the joke", "Why do you think so?", and "Explain your answer",
which are all brief and to the point.

6. The user tends to write in a formal and structured manner, often using precise language and
adhering to a specific format or template, as seen in the election results and joke explanations.

7. The user has a fascination with absurd or nonsensical scenarios, often incorporating humorous or
whimsical elements into their writing, as evident in the prompts about chaos, a 3000 Ib strawberry,
and a turtle.

8. The user is comfortable with ambiguity and open-endedness, as many of the prompts do not have
clear or definitive answers, and the user seems to be okay with exploring unconventional or abstract
ideas, such as the concept of "chaos" or the hypothetical scenario of a 3000 Ib strawberry.

9. The user is likely familiar with programming and technical concepts, as demonstrated by the
reference to Guido van Rossum in the Python program prompt and the use of technical terms like
"variable scope" and "StackOverflow".

10. The user may have a tendency to engage in self-referential humor or irony, as seen in the prompt
"No, you’re just repeating yourself", which could be a commentary on the user’s own writing style
or a playful jab at the reader.

Table 14: HypoGeniC extracted hypotheses for ChatbotArena Conversations user 5203
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arena_user_11473 mean embeddings

The author uses no neutral tone.

The author is omitting articles.

The author is incomplete in their sentence structure.

The author uses no indication of sadness.

The author uses no words related to leisure.

The author is avoiding words related to motion perception.
The author is avoiding any words related to self-harm.

The author is indirect in their writing.

The author is using few commas and periods.

The author is avoiding the use of numbers.

The author is blunt in their writing.

The author is being objective.

The author is using no agreement errors.

The author uses dismissive words.

The author is insensitive.

The author is unenthusiastic.

The author leaves no room for misinterpretation or misunderstanding.
The author uses a lack of work-related words.

The author lacks qualifiers or hedging language.

The author lacks strong evidence or logical reasoning.
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Figure 20: Top 20 LISA Style Embeddings for Chatbot Arena user 11473
arena_user_13046 mean embeddings
0.89

The author uses no neutral tone.

The author is unenthusiastic.

The author is incomplete in their sentence structure.
The author is omitting articles.

The author lacks qualifiers or hedging language.

The author is avoiding the use of numbers.

The author uses no words related to leisure.

The author uses no indication of sadness.

The author uses dismissive words.

The author is indirect in their writing.

The author is blunt in their writing.

The author is using few commas and periods.

The author is avoiding words related to motion perception.
The author is insensitive.

The author lacks strong evidence or logical reasoning.
The author lacks authority.

The author makes a statement without any politeness.
The author is being objective.

The author is avoiding any words related to self-harm.

The author leaves no room for misinterpretation or misunderstanding.

o
Embedding Result

Figure 21: Top 20 LISA Style Embeddings for Chatbot Arena user 13046
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arena_user_1338 mean embeddings

The author uses no neutral tone.

The author is using few commas and periods.

The author is incomplete in their sentence structure.

The author is avoiding words related to motion perception.
The author uses no indication of sadness.

The author is avoiding the use of numbers.

The author is being objective.

The author is indirect in their writing.

The author uses only one independent clause per sentence.
The author uses no words related to leisure.

The author leaves no room for misinterpretation or misunderstanding.
The author uses non-confrontational language.

The author lacks qualifiers or hedging language.

The author is thought-provoking.

The author is professional and appropriate.

The author is omitting articles.

The author uses a sparse writing style.

The author lacks strong evidence or logical reasoning.

The author is unenthusiastic.

The author is using no agreement errors.
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Figure 22: Top 20 LISA Style Embeddings for Chatbot Arena user 1338

arena_user_15085 mean embeddings

The author uses no neutral tone.

The author is incomplete in their sentence structure.

The author is blunt in their writing.

The author is avoiding words related to motion perception.
The author is omitting articles.

The author uses no words related to leisure.

The author is using few commas and periods.

The author lacks qualifiers or hedging language.

The author is avoiding the use of numbers.

The author uses no indication of sadness.

The author is unenthusiastic.

The author uses dismissive words.

The author is insensitive.

The author is indirect in their writing.

The author lacks strong evidence or logical reasoning.

The author uses a sparse writing style.

The author is avoiding any words related to self-harm.

The author is being objective.

The author uses only one independent clause per sentence.

The author has no commitment to a course of action.
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Figure 23: Top 20 LISA Style Embeddings for Chatbot Arena user 15085
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arena_user_257 mean embeddings

The author uses no neutral tone.

The author is omitting articles.

The author is avoiding words related to motion perception.
The author uses no indication of sadness.

The author uses no words related to leisure.

The author is incomplete in their sentence structure.

The author is using few commas and periods.

The author is avoiding any words related to self-harm.

The author is avoiding the use of numbers.

The author is using an all-or-none thinking style.

The author is blunt in their writing.

The author uses minimal grammar errors.

The author is insensitive.

The author is missing articles.

The author uses a lack of work-related words.

The author is being objective.

The author uses only one independent clause per sentence.
The author leaves no room for misinterpretation or misunderstanding.
The author has no commitment to a course of action.

The author is using no agreement errors.
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Figure 24: Top 20 LISA Style Embeddings for Chatbot Arena user 257

arena_user_3820 mean embeddings

The author uses no neutral tone.

The author uses no indication of sadness.

The author is avoiding words related to motion perception.
The author uses no words related to leisure.

The author is blunt in their writing.

The author is using few commas and periods.

The author is omitting articles.

The author is unenthusiastic.

The author is avoiding any words related to self-harm.

The author is incomplete in their sentence structure.

The author is insensitive.

The author is indirect in their writing.

The author lacks qualifiers or hedging language.

The author leaves no room for misinterpretation or misunderstanding.
The author is avoiding the use of numbers.

The author uses a non-food related writing style.

The author lacks strong evidence or logical reasoning.

The author uses a sparse writing style.

The author is being objective.

The author uses dismissive words.
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Figure 25: Top 20 LISA Style Embeddings for Chatbot Arena user 3820
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arena_user_5203 mean embeddings

The author uses no neutral tone.

The author is blunt in their writing.

The author is indirect in their writing.

The author is avoiding words related to motion perception.
The author uses no words related to leisure.

The author is omitting articles.

The author is unenthusiastic.

The author is incomplete in their sentence structure.
The author uses no indication of sadness.

The author is insensitive.

The author lacks qualifiers or hedging language.

The author is avoiding the use of numbers.

The author lacks strong evidence or logical reasoning.
The author is using few commas and periods.

The author uses a nonchalant attitude.

The author is avoiding any words related to self-harm.
The author has no commitment to a course of action.
The author uses dismissive words.

The author is being objective.

The author uses a sparse writing style.
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Figure 26: Top 20 LISA Style Embeddings for Chatbot Arena user 5203

arena_user_6467 mean embeddings

The author is blunt in their writing.

The author uses no neutral tone.

The author is avoiding the use of numbers.

The author uses no words related to leisure.

The author is using few commas and periods.

The author is omitting articles.

The author is avoiding words related to motion perception.
The author is incomplete in their sentence structure.

The author is avoiding any words related to self-harm.

The author is insensitive.

The author uses dismissive words.

The author lacks qualifiers or hedging language.

The author appears to be well-adjusted.

The author lacks strong evidence or logical reasoning.

The author uses only one independent clause per sentence.
The author uses punctuation sparingly.

The author uses a sparse writing style.

The author uses no indication of sadness.

The author is using no agreement errors.

The author's writing style is both informative and engaging.
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Figure 27: Top 20 LISA Style Embeddings for Chatbot Arena user 6467
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arena_user_6585 mean embeddings

The author uses no neutral tone.

The author is unenthusiastic.

The author is avoiding the use of numbers.

The author uses dismissive words.

The author is incomplete in their sentence structure.

The author is blunt in their writing.

The author is omitting articles.

The author is insensitive.

The author lacks strong evidence or logical reasoning.
The author is impolite.

The author is using few commas and periods.

The author is terse.

The author is avoiding words related to motion perception.
The author lacks authority.

The author shows no consideration for others.

The author lacks qualifiers or hedging language.

The author could restructure sentences.

The author could improve grammar and punctuation.
The author is unapologetic in their writing.

The author is avoiding any words related to self-harm.
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Figure 28: Top 20 LISA Style Embeddings for Chatbot Arena user 6585

arena_user_9676 mean embeddings

The author uses no neutral tone.

The author is blunt in their writing.

The author is avoiding words related to motion perception.
The author is avoiding the use of numbers.

The author uses no words related to leisure.

The author uses no indication of sadness.

The author is using few commas and periods.

The author is avoiding any words related to self-harm.

The author is omitting articles.

The author lacks qualifiers or hedging language.

The author is incomplete in their sentence structure.

The author uses dismissive words.

The author uses only one independent clause per sentence.
The author is unenthusiastic.

The author is using no agreement errors.

The author is insensitive.

The author is unapologetic in their writing.

The author removes unnecessary words.

The author is making small changes to the grammar to improve the passage.

The author leaves no room for misinterpretation or misunderstanding.
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Figure 29: Top 20 LISA Style Embeddings for Chatbot Arena user 9676
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arena_user_973 mean embeddings

The author uses no neutral tone.

The author is using few commas and periods.

The author is incomplete in their sentence structure.
The author uses no words related to leisure.

The author is avoiding the use of numbers.

The author lacks qualifiers or hedging language.

The author is avoiding words related to motion perception.
The author uses no indication of sadness.

The author is omitting articles.

The author lacks strong evidence or logical reasoning.
The author is indirect in their writing.

The author is unenthusiastic.

The author is blunt in their writing.

The author is insensitive.

The author is professional and appropriate.

The author is using no agreement errors.

The author uses a sparse writing style.

The author is being objective.

The author is avoiding any words related to self-harm.

The author lacks authority.
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Figure 30: Top 20 LISA Style Embeddings for Chatbot Arena user 973

arena_user_9965 mean embeddings

The author uses no neutral tone.

The author is incomplete in their sentence structure.
The author is avoiding the use of numbers.

The author is blunt in their writing.

The author is omitting articles.

The author is using few commas and periods.

The author is avoiding words related to motion perception.
The author lacks strong evidence or logical reasoning.
The author is indirect in their writing.

The author uses no indication of sadness.

The author is unenthusiastic.

The author uses no words related to leisure.

The author uses dismissive words.

The author is avoiding any words related to self-harm.
The author is using an all-or-none thinking style.

The author lacks qualifiers or hedging language.

The author is using no agreement errors.

The author is using male pronouns.

The author is being objective.

The author uses a sparse writing style.
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Figure 31: Top 20 LISA Style Embeddings for Chatbot Arena user 9965
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