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Abstract

Large language models (LLMs) have tradition-
ally been aligned through one-size-fits-all ap-
proaches that assume uniform human prefer-
ences, fundamentally overlooking the diversity
in user values and needs. This paper intro-
duces a comprehensive framework for scalable
personalized alignment of LLMs. We estab-
lish a systematic preference space characteriz-
ing psychological and behavioral dimensions,
alongside diverse persona representations for
robust preference inference in real-world sce-
narios. Building upon this foundation, we
introduce ALIGNX, a large-scale dataset of
over 1.3 million personalized preference ex-
amples, and develop two complementary align-
ment approaches: in-context alignment directly
conditioning on persona representations and
preference-bridged alignment modeling inter-
mediate preference distributions. Extensive
experiments demonstrate substantial improve-
ments over existing methods, with an average
17.06% accuracy gain across four benchmarks
while exhibiting a strong adaptation capabil-
ity to novel preferences, robustness to limited
user data, and precise preference controllabil-
ity. These results validate our approach toward
user-adaptive Al systems.

1 Introduction

Alignment with human preference is an essential
step in the development of large language mod-
els (LLMs) (Ouyang et al., 2022; Bai et al., 2022;
Touvron et al., 2023; Dubey et al., 2024; Chen
et al., 2024b). Current alignment techniques are
predominantly approached as a one-size-fits-all pro-
cess, by assuming that all humans share the same
set of values prescribed by LLM developers (Kirk
et al., 2023), typically characterized by abstract
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principles such as helpfulness, honesty, and harm-
lessness (Askell et al., 2021). The monolithic ap-
proach fundamentally fails to account for the signif-
icant diversity inherent in human populations (Kirk
et al., 2024b), encompassing various and often
irreconcilable cultural backgrounds, educational
levels, moral views, and political stands, among
others (Kasirzadeh and Gabriel, 2023). At a time
when LLMs serve hundreds of millions of users
worldwide (Tong, 2023), several critical issues
have emerged: the systematic exclusion or under-
representation of minority groups (Siththaranjan
et al., 2024), reduced user satisfaction and engage-
ment due to the lack of personalization (Sorensen
et al., 2024), etc., as exemplified in Figure 1.

To address the limitations of existing alignment
approaches that rely on oversimplified preference
dimensions and singular preference direction (e.g.,
higher helpfulness), we develop a comprehensive
preference space that captures a wide range of indi-
vidual variations. Grounded in psychological theo-
ries of human preferences, we construct this space
by synthesizing three complementary sources: (1)
established psychological models of fundamental
needs (Roccas et al., 2002; Maslow, 1943; Mur-
ray and McAdams, 2007), (2) preference dimen-
sions from contemporary alignment research re-
flecting evolved social-cognitive needs (Cui et al.,
2024; Wang et al., 2024b; Ji et al., 2024), and (3)
prevalent interest tags from content-sharing plat-
forms representing actualized topical preferences
(e.g., Zhihu, REDnote, X, Facebook.l) This inte-
gration yields a 90-dimensional preference space
with flexible directions (i.e., positive, negative, or
neutral), enabling the representation of an expo-
nential space of distinct preference patterns (3%
possible combinations). Having established this
space, a key challenge emerges: while these prefer-

1www.zhihu.com, www.Xxiaohongshu.com, x.com, www.
facebook. com
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ences could empirically guide response generation
directly, they typically remain implicit due to pri-
vacy concerns and cognitive constraints. Drawing
from psychological research (Nosek, 2007; Jawa-
heer et al., 2014), we formalize the observable man-
ifestations of preferences as personas, capturing
both behavioral patterns (e.g., interaction histories)
and descriptive features (e.g., self-reported pro-
files). These persona representations enable robust
preference inference while maintaining practical
scalability. We thus formulate personalized align-
ment as generating preference-aligned responses
for target prompts given various combinations of
persona representations.

Despite establishing observable persona repre-
sentations and underlying preference dimensions,
a key challenge remains: the scarcity of personal-
ized preference data at scale. While existing align-
ment datasets contain feedback from millions of
users (Bai et al., 2022), these responses are aggre-
gated and anonymous, erasing individual character-
istics. Collecting personalized data is challenging
due to time requirements, privacy concerns, and the
need for sufficient samples per user. Previous at-
tempts at personalized alignment have been limited
to either small-scale studies (Zollo et al., 2024) or
synthetic data (Jang et al., 2023), neither adequately
capturing real-world preference distributions. To
overcome this, we leverage large-scale forum data,
where multiple responses to the same post naturally
reflect diverse preferences. We develop a system-
atic pipeline that transforms forum interactions into
structured training data by capturing three compo-
nents: (1) behavioral and descriptive persona repre-
sentations, (2) preference directions, and (3) high-
quality posts and preference pairs. This framework
yields ALIGNX, a large-scale dataset containing
over 1.3 million examples of distinct preference
patterns.

Building upon ALIGNX, we propose ALIGNX-
PERT, one of the first LLMs with large-scale com-
prehensive PERsonalization Training, to the best of
our knowledge. ALIGNXPERT employs two com-
plementary learning approaches: (1) In-Context
Alignment, which incorporates persona represen-
tations into the context window (Laskin et al.,
2023) for implicit preference learning, and (2)
Preference-Bridged Alignment, which maps per-
sonas to structured preference distributions before
conditioning response generation, enhancing inter-
pretability and control while maintaining robust
generalization to diverse user groups.

Extensive experiments across four personal-
ized alignment benchmarks demonstrate that both
ALIGNXPERT variants outperform state-of-the-
art aligned LLMs (AI@Meta, 2024; Team, 2024;
Jiang et al., 2023) and strong personalization base-
lines (Poddar et al., 2024) by 17.06% and 22.40%,
respectively, in preference alignment accuracy. Our
analysis reveals three key strengths: (1) strong
adaptation capability to unseen preferences, with
1.91% higher accuracy on novel dimensions; (2)
robustness to limited user data, maintaining 54%
performance with only two interactions compared
to baselines’ 51% with 16 interactions; and (3)
precise preference controllability, showing 10.38%
better response adaptation to opposing preferences.
These results validate the effectiveness of our scal-
able personalization approach. In summary, this
work makes the following contributions:

I. We reformulate personalized alignment by in-
troducing a comprehensive persona representation
framework and a compact preference space, bridg-
ing the gap between observable user characteristics
and their underlying preferences.

II. We present ALIGNX, a large-scale dataset that
captures diverse persona-preference relationships
through forum interactions and human-LLM inter-
actions, providing a useful testbed for effectively
modeling personalized language model alignment.
III. We propose ALIGNXPERT with two align-
ment methods: in-context alignment for persona-
response learning and preference-bridged align-
ment for interpretable preference-based generation.
IV. Experiments show ALIGNXPERT achieves su-
perior accuracy, strong adaptation to unseen pref-
erences, precise preference control, and robust per-
formance across varying interaction histories.”

2 Related work

LLM alignment. LLM alignment has tradition-
ally been achieved through Reinforcement Learn-
ing from Human Feedback (RLHF) (Ouyang et al.,
2022; Bai et al., 2022), where a unified reward
model trained on human preferences guides the
LLM’s policy via algorithms like PPO (Schul-
man et al., 2017). Direct Preference Optimization
(DPO) (Rafailov et al., 2024) simplified this by
forgoing an explicit reward model to optimize the
policy directly on offline preference data. Follow-
ing DPO’s success, researchers have proposed vari-

2Code and data are available at https://github.com/
AntResearchNLP/AlignX-Family.
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My 10-year-old daughter has ADHD, Dyslexia, Dysgraphia, and Dyscalculia, with an IQ of 79. She struggles academically and socially but loves theatre. Looking for advice or similar experiences. Thank you.

Response 1

Well, your daughter’s issues aren’t going to be solved with a quick online search. Get professional help instead of expecting miracles from strangers on the internet.

Response 2

It's wonderful that she loves theatre—it can boost her confidence and social skills. Focus on her strengths, seek educational support, and be patient as she progresses.

Persona P for User A

Behavioral Persona

User-Generated Content Py Pair-wise Comparative Feedback Pp4;z

[ Post (from other users) ]
I've been trying to potty train my
daughter, but today | let her go without
a diaper, and she stayed dry all day.
She’s trained, just not potty trained!

l Post (from other users) ]

Response a (from other users)

Response (generated by User A)

Oh, so she’s "trained"—just not in
the way that actually matters. Maybe
try using the potty next time instead
of just hoping for magic!

Response b (from other users)

Descriptive Persona
@ Demographic Information Pp g0

I'm potty training a stubborn boy and want to use cheap, uncomfortable diapers or training
pants to make him prefer big boy pants. Any recommendations for the worst ones?

Put him in a swim diaper—it will leak as soon as he urinates, making him uncomfortable.
Tell him he's outgrown pull-ups, so he needs to use the toilet and wear big boy pants. Ib

I once read about a dad who put his kid in a smaller diaper, acted surprised, and said,
"Oh no! You've outgrown diapers! Time for big boy underwear." It worked for him.

Feedback from User A

Which response aligns human
preference better?

OpenAI's GPT-40
|

Response 2 aligns better with human preference. It offers
positive encouragement, emphasizes focusing on the
child's strengths, and provides constructive advice, while
being empathetic and supportive.

Approach to handling conflict Positive

Communication style in social settings | Positive

q
A Degree of Agreeableness Negative

A young executive with low agreeableness prefers direct communication in social settings and values independence and efficiency. +
This person likes p: ing, dislikes Response 1 > Response 2

Figure 1: Illustration of the ALIGNX data for personalized alignment, comprising a post with two responses, three
types of personas that capture both behavioral patterns (Pyge and Pparr) and descriptive features (Ppeyo), enabling
precise preference inference and facilitating preference learning (bottom right). Notably, LLMs aligned to universal
values (e.g., GPT-40) favor Response 2, opposite to the user’s personalized preference for Response 1.

ous preference optimization objectives, including
KTO (Ethayarajh et al., 2024), DRO (Richemond
et al., 2024), SimPO (Meng et al., 2024), and
GPO (Tang et al., 2024). However, these methods
primarily align to collective preferences, largely
ignoring that individual users hold diverse, dis-
tinct, and often conflicting preferences (Kirk et al.,
2024a). This limitation becomes critical as LLMs
transition from research prototypes to widely de-
ployed systems serving diverse populations.

Personalized alignment. Recent work on per-
sonalized alignment has emerged along several
trajectories (Guan et al., 2025). The fundamen-
tal difference among them lies in how they encode
user-specific context, i.e., any information that char-
acterizes the unique preferences, values, and behav-
ioral patterns of a user, into the alignment process.
One line of research uses user-aware prompting
to personalize existing LLMs without additional
training (Salemi et al., 2024; Salemi and Zamani,
2024; Wu et al., 2024; Yang et al., 2024). How-
ever, these prompting methods have inherent limi-
tations when preferences are complex or implicit,
and are sensitive to prompt variations. Training-
based approaches explore various architectural in-
novations. Some methods decompose user-specific
context into several predefined, coarse-grained di-
mensions (Kumar et al., 2024; Chen et al., 2024a),
use distinct models (Jang et al., 2023), or adopt
specialized parameter groups and task-level con-
trol objectives (Tan et al., 2024; Park et al., 2024;

Li et al., 2024; Wang et al., 2024a; Yang et al.,
2024). The main drawback is that these methods
typically rely on either group identifiers, a small
set of task-level objectives, or only a few coarse
preference dimensions, which may not capture the
full spectrum of individual user preferences. Other
methods use latent variables to directly learn pref-
erence distributions from user context, but this can
reduce sensitivity to subtle differences, thus hinder-
ing generalization (Poddar et al., 2024). In contrast,
our setting targets user-level personalization with
a continuous, high-dimensional preference space
inferred from persona evidence rather than fixed
group IDs or a small set of steerable task objectives.

3 Preference representations

A key challenge in scalable personalized alignment
is creating a comprehensive yet tractable repre-
sentation that captures both direct preferences and
those inferred from personas. Drawing on psycho-
logical insights that human preferences are need-
driven, interconnected, and manifest in both be-
havior and explicit statements (Maslow, 1943), our
framework features two components: (1) direct
preference directions over a preference space syn-
thesized from diverse need-based sources (§3.1)
and (2) two complementary categories of personas
— behavioral personas derived from interaction pat-
terns and descriptive personas from explicit pro-
files (§3.2). This architecture provides rich signals
for preference learning while maintaining practical
traceability, as illustrated in Figure 1.
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3.1 Preference directions over the preference
space

As a cornerstone of direct preference representa-
tions, we formalize preference directions to explic-
itly capture user inclinations along specific dimen-
sions. Each dimension’s direction is categorized as:
“Positive” (higher levels are preferred), “Negative”
(lower levels are preferred), or “Neutral” (no clear
preference). To effectively organize preference di-
rections while ensuring practical applicability, we
construct a compact preference space that bridges
psychological theories with practical applications
by systematically synthesizing three complemen-
tary sources: (1) psychological models that capture
fundamental human needs, including the Big Five
Personality Traits (Roccas et al., 2002); Maslow’s
Hierarchy of Needs (Maslow, 1943); and Murray’s
System of Needs (Murray and McAdams, 2007);
(2) contemporary research in recommender sys-
tems (Chen et al., 2007; Hong et al., 2013) and
Al alignment (Cui et al., 2024; Ji et al., 2023) that
reflect social-cognitive needs in digital interactions;
and (3) content platform (e.g., Zhihu, REDnote, X,
Facebook) indicators that represent everyday user
needs (Myers, 1985; Belém et al., 2017).

The synthesis yields a preference space of D =
90 distinct dimensions (detailed in Appendix A.1),
ensuring both theoretical rigor and operational prac-
ticality. While the current design employs rela-
tively coarse-grained dimensions and simplified
preference directions, its extensibility allows for
future refinements and granular elaborations.

3.2 Personas enabling preference inference

While direct preference directions provide explicit
signals, they are often impractical to obtain in real-
world scenarios due to privacy concerns and cog-
nitive burdens on users. Hence, we introduce be-
havioral and descriptive personas as indirect yet
rich sources of preference information that can be
readily observed and collected at scale. These per-
sonas should be understood as inferred proxies dis-
tilled from a user’s historical interactions rather
than verified self-reports. Our goal is not to recover
immutable personal facts, but to extract coherent
preference patterns from real interaction trajecto-
ries that can support scalable personalization.
Firstly, behavioral personas involve two types of
data that naturally reflect underlying preferences:
(1) user-generated content, revealing expertise
level, topical interests, etc. (Dinan et al., 2020;

Ni et al., 2019), and (2) pair-wise comparative
feedback, exhibiting judgment patterns (Wu et al.,
2023). Despite the historical prevalence of rating
data in preference modeling (Wang et al., 2024b;
Kirk et al., 2024c¢), we deliberately exclude it due
to the sparsity and inconsistency of its preference
signals compared to comparative feedback in real-
world applications (Margaris et al., 2022; Ahma-
dian et al., 2022)

Secondly, we introduce descriptive personas that
provide a comprehensive narrative capturing self-
reported demographic attributes, such as age, oc-
cupation, professional background, and interest/dis-
interest tags spanning various domains of daily life.
Such attributes offer an easily obtainable yet infor-
mative representation of user preferences that can
be effectively combined with behavioral signals for
robust preference inference.

4 Data construction

Developing personalized systems requires exten-
sive data that captures both individual preferences
and their variations across different contexts. We
address this challenge by leveraging large-scale
forum data, which naturally encodes diverse pref-
erence patterns through authentic user interactions.
Reddit,? for instance, maintains a diverse ecosys-
tem with 1.21 billion monthly active users and col-
lectively hosts 16 billion posts and comments,*
providing a rich tapestry of preference variations
expressed through natural discussions.’

Formally, we denote the original data as M and
each example as (z,Y = {y,}_,), where each
post x corresponds to IV responses from different
users. While user identities remain anonymous
for privacy considerations, the multiple responses
within Y naturally enable preference analysis by
designating any response as preferred over another.
The construction process aims to create a compre-
hensive dataset where each example is represented
as a quintuple (P, x, yw, y1, P):

e P = (Pucc, Prair, Poemo): the user persona
triple comprising user-generated content (Pygc, a
set of user responses), pair-wise comparative feed-
back (Prpar, a set of user preference pairs), and

*https://www.reddit.com/

4https: //www.demandsage . com/
reddit-statistics/

3 Although user behaviors may differ when interacting with
LLMs and on Reddit, we focus on learning how preferences
fundamentally manifest through interactions that remains
consistent across platforms, rather than replicating platform-
specific behaviors.
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demographic attributes (Ppgyo, a piece of text),
where at least one component is not null.

e x: the post eliciting responses;

e ,,: the user-preferred response from Y';

e y;: the less preferred response from Y relative
0 Y3

o P = (Pyge, Prars Pormos Py, sy, ): the tuple
of underlying preference directions that the user
persona Pygc, Prar and Ppemo, and the preference
relationship y,, > y; exhibit, respectively. Each
preference direction is a D-dimensional vector over
the preference space, and each element in the vector
is either “Positive,” “Negative” or “Neutral.” Cru-
cially, a qualified personalization example should
satisfy the preference consistency criterion: There
exists at least one dimension where P, ., indi-
cates a non-neutral preference, all personas exhibit
the same preference direction, ensuring coherent
training signals for preference alignment.

We employ a bottom-up construction process.
First, we select high-quality preference pairs
(yw,y1) with clear contrasts via intensity-based
analysis and clustering (§4.1). The derived pref-
erence directions P, ., then guide user persona
construction (§4.2). Table 1 summarizes the data
sources and statistics for ALIGNX, involving both
Reddit data and existing alignment datasets to main-
tain universal value alignment capabilities. Imple-
mentation details are in Appendix A.2.°

4.1 Constructing preference pairs (v, y;)

We identify preference pairs with significant con-
trast in the preference space from each example
(z,Y) in M as follows: (1) Intensity Annota-
tion: employing off-the-shelf LLMs to assess each
response y, € Y along all dimensions, assign-
ing intensity levels I} € {1,---,L} that indi-
cate the strength of manifestation in each dimen-
sion d; (2) Intensity-based Clustering: group-
ing responses based on their intensity embeddings
" = [one_hot(I}); - - ;one_hot(I%)] € RPE us-
ing K-means clustering (Hartigan and Wong, 1979);
and (3) Pair Selection: sampling responses ¥, and
y; from distinct clusters and determining preference
direction P, ., based on intensity comparisons:
if g, shows stronger intensity than y; in dimen-
sion d, we label it as “Positive”, equal as ‘“Neutral”,
and weaker as “Negative”. This approach enables

Appendix E further validates our dataset by analyzing
the preference diversity and deployment complexity of the 90
dimensions, assessing LLLM annotation biases, and exploring
societal biases through a case study.

the construction of diverse preference pairs with
various dimension-direction combinations. Impor-
tantly, we do not force every example to express an
active preference on every dimension. If a response
pair provides no clear contrast on dimension d, that
dimension is labeled as “Neutral”. Consequently,
supervision is intentionally sparse in its non-neutral
dimensions, which reduces noise from irrelevant
axes.

4.2 Constructing user persona P

We construct three types of user personas includ-
ing Puge, Prar and Ppemo, Which should exhibit
aligned preference directions with P, . ,,.

User-generated content. Pygc is defined as a
set of 16 post-response pairs. For each tuple
(2, Yw, Y1), we search through M to collect post-
response pairs (2, y’) satisfying two criteria: (1)
contextual independence, i.e., ¥’ # x, and (2)
intensity similarity between 3’ and y,, exceeding
threshold ¢, measured by cosine similarity between
intensity embeddings. We then sample a subset
of 16 examples that satisfy the preference consis-
tency criterion. An essential consideration is the
definition of preference direction vectors for this
subset. Since deriving the exact preference direc-
tion from a standalone response 3/, denoted as P,
is intractable without comparative references, we
heuristically determine P’|; as “Positive,” “Neu-
tral,” or “Negative” based on whether the intensity
level l& is above, equal to, or below the median
level (L 4 1)/2 (Hafiane et al., 2007). Finally,
we determine the overall preference direction Pyge
through majority voting across all examples.

Pair-wise comparative feedback. Py, follows
a similar construction process, containing 16 pref-
erence pairs. For each tuple (x, yy, y;), we search
through preference pairs constructed in §4.1 to col-
lect those (2/, 4, y)) satisfying: (1) contextual in-
dependence, and (2) intensity similarity exceeding
threshold ¢ between ., and y,,, as well as between
y; and y;. We then sample a subset of 16 examples
meeting the preference consistency requirement,
where we determine the overall preference direc-
tion via majority voting.

Demographic information. We employ an off-
the-shelf LLM to perform a comparative analy-
sis between ¥, and y; conditioned on x, generat-
ing a comprehensive natural language description
as Ppemo that articulates the preference direction
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Source Reddit (Kumar et al., 2024)

PKU-SafeRLHF (Ji et al., 2024)

UltraFeedback(Cui et al., 2024) HelpSteer2 (Wang et al., 2024b)

Dimension §3.1 Safety

Helpfulness / Honesty /
Instruction-Following / Truthfulness

Helpfulness / Correctness /
Coherence / Complexity / Verbosity

# Examples 1,225,988 10,714

11,629 /16,809 /36,169 /7,219 2,255/144/26/33 /636

Table 1: Number of examples from different sources for constructing ALIGNX.

. DEM e ]
o i
> I Preference Direction Vector P
x P DPO AllanpertICA

AlignXpert
P AlignXpertpga

Figure 2: Overview of the alignment methods.

Pyemo in the preference space, where Ppgyo should
be the same as P, . ,.

5 Alignment methods

We formulate personalized alignment as learning a
policy 7(y|x, P) that generates responses aligned
with preferences expressed through user personas
‘P. The policy should assign a higher probabil-
ity to preferred responses y,, over less preferred
alternatives ;. To address the key challenges of
preference inference from personas and integration
into generations, we propose two complementary
approaches based on direct preference optimiza-
tion (Rafailov et al., 2024): in-context alignment
(ICA) and preference-bridged alignment (PBA),
which model preference directions implicitly and
explicitly, respectively, as illustrated in Figure 2.

In-context alignment. As the most straightfor-
ward approach, ICA directly learns the mapping
from persona-augmented prompts to preference-
aligned responses. Specifically, for each training
instance (P, x, Y, y; ), We optimize:

7o (Yw |z, P o (y|z,P
Lica = ~logo (5 (log 2Dy — 10 e ) ) (1)

where 3 controls the deviation between the policy
model 7y and reference model m..s. Both policy
and reference models take the concatenation of
persona representations P and prompt x as input,
treating different forms of persona information as
part of the context window.

Preference-bridged alignment. PBA introduces
a latent variable P as an explicit proxy of P to
model preference directions, thus reformulating

the alignment process into preference-guided gen-
eration: m(yw > Y|z, P) = me(yw = uilz, P).
Here, P represents the explicit preference direc-
tion vector derived through element-wise averag-
ing across persona components P, with each di-
mension categorized as “Positive,” “Negative,” or
“Neutral” based on predefined thresholds. This for-
mulation assumes P is independent of z, as user
preferences are inherent characteristics that exist
independently of specific conversation contexts;
and P fully captures persona preferences, making
Yw — 1y conditionally independent of P given P.
At inference time, we employ an off-the-shelf LLM
to independently annotate preference directions for
each example in P (see the prompt in Appendix
A.3). The final optimization objective becomes:

e o (yule.P)
EPBA - loga(ﬁ(log Tref (Yuw |2, P)

~log o (yi|2,P) ). (2)

et (y1]2,P)

To incorporate the preference direction vector P
into response generation, we convert P into a natu-
ral language description by articulating only non-
neutral preferences based on specific rules. The de-
scription is then prepended to the original prompt
x to guide response generation. For example, if
P indicates a positive preference for “Neuroticism
in the Big Five personality traits” and a negative
preference for “Communication style in social set-
tings,” the converted description might read “High
Neuroticism, Detailed communication style.” Ap-
pendix B.1 shows more details.

6 Experiments

6.1 Experimental setup

Benchmarks and metrics. We evaluate across
four distinct benchmarks: UF-P-4 (Poddar et al.,
2024), PRISM (Kirk et al., 2024c), P-SOUPS (Jang
et al.,, 2023) and ALIGNXycst. Appendix C.1
shows details of the benchmarks. We evaluate
preference-aligned response generation given a
triple of inputs: persona representations P =
(Puce, Prairs Poemo ), a target post x, and a prefer-
ence pair (Y, y;). We assess performance through
two complementary metrics: (1) Alignment Ac-
curacy, which measures if a policy model’s log-
probability margin between y,, and y; surpasses
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that of a reference model (Rafailov et al., 2024),’
and (2) GPT-4 Win Rate, where GPT-4 (condi-
tioned on P) judges which model’s responses better
align with user preferences.® For GPT-4 evaluation,
we randomize response order to mitigate position
bias, allow the judge to output Tie, and report abso-
lute pairwise win rate as Win/(Win + Lose) (Ku-
mar et al., 2024; Jang et al., 2023). We additionally
report human evaluation results in Appendix D.4.

Baselines. Our baselines include state-of-the-
art universally-aligned LLMs (Llama-3/3.1-8B-
Instruct (Al@Meta, 2024), Mistral-7B-Instruct-
v0.2 (Jiang et al.,, 2023), and Qwen2.5-7B-
Instruct (Team, 2024)) and VPL (Poddar et al.,
2024), a score-only personalized reward model.
The instruction-tuned LLMs are used as strong
prompting-based personalization baselines: we
place the available persona representation P di-
rectly into the prompt and evaluate them without
any additional fine-tuning. See Appendices D.3
and C.2 for closed-source model comparisons and
implementation details, respectively.

6.2 Main results

Table 2 shows four key findings: (1) ALIGNX-
PERT excels at universal and personal align-
ment, and generalizes to new dimensions. While
baselines handle universal values well (UF-P-4,
PRISM), they struggle with personal ones (~50%
on ALIGNXjest). ALIGNXPERT excels in both
cases and shows strong out-of-distribution gener-
alization, outperforming baselines by 9.83/32.25%
on PRISM/P-SouUPs (Detailed results for each di-
mension of P-SOUPS are in Appendix D.1.). (2)
VPL struggles with complex preference pat-
terns. VPL’s accuracy is below 50% across
all datasets, as its latent variable approach, de-
signed for simple universal values, fails to cap-
ture the diverse patterns in ALIGNX. (3) Behav-
ioral personas present greater challenges than
descriptive ones. Performance on behavioral
personas (Pyge and Pparr) is significantly lower
than on descriptive ones (Ppgyo) in ALIGN Xegt
(~60% vs. 91.44%). (4) ICA and PBA exhibit
complementary strengths. ALIGNXPERTc, €X-
cels in universal value alignment (UF-P-4 and
PRISM) and descriptive personas (Ppgyo) due to
well-defined preference signals, while ALIGNX-

"Our reference is Llama-3.1-8B-Instruct; see Appendix
D.2 for results with Llama-3-70B-Instruct.
8We use gpt-4-turbo-2024-04-09.

PERTpp, s structured modeling approach proves
more effective at interpreting behavioral signals
(Puce and Prarr), suggesting benefits in combining
both for future personalization systems. Notably,
using ground-truth preference directions boosts
ALIGNXPERTpg, s performance from 71.10% to
91.36% on ALIGN Xst, identifying preference in-
ference, not generation, as the primary bottleneck.
Appendix D.5 further shows that this bottleneck
stems from preference inference quality and cali-
bration. (5) ICA overfits with more data, while
PBA generalizes robustly. As training data grows
from 7% to 100%, ALIGNXPERT|c, improves on
in-distribution tasks (UF-P-4, ALIGNX ) but de-
creases on out-of-distribution benchmarks (PRISM,
P-Soups). In contrast, ALIGNXPERTp, Shows
stable performance across both in- and out-of-
distribution tasks. This reveals a key trade-off: ICA
fits specific patterns but struggles with new scenar-
ios, while PBA’s decomposed approach ensures
better knowledge transfer. To focus our analysis
on the inherent effectiveness of these approaches
rather than data-scaling advantages, all subsequent
experiments use the 7% subset (91,918 samples).

Due to API costs, we evaluate a random sample
of 400 examples from each test set. The judg-
ment prompt is detailed in Appendix A.3. As
shown in Table 3, GPT-4 evaluations confirm that
ALIGNXPERT (both ICA and PBA variants) consis-
tently outperforms Llama-3.1-8B-Instruct across
all datasets, indicating superior preference align-
ment without compromising response quality. This
conclusion is further validated by human evaluation
on ALIGNXest (Appendix D.4).

6.3 Adaptation to novel dimensions

We investigate whether ALIGNXPERT’s preference
alignment pre-training creates a better initializa-
tion for adapting to new preference dimensions.
Using two novel dimensions, including “Humor”
(witty vs. serious) and “Pragmatism” (practical
vs. theoretical), we construct a dataset of 6,355
training and 1,000 test samples. We compare three
adaptation approaches: (1) fine-tuning Llama-3.1-
8B-Instruct with ICA, (2) fine-tuning ALIGNX-
PERT;c, With ICA, and (3) fine-tuning ALIGNX-
PERTpp, With PBA. We calculate the Pearson cor-
relation between the two new dimensions (“Humor”
and “Pragmatism”) and our original 90 dimensions.
The maximum correlation is only 9.85%, confirm-
ing these new dimensions capture fundamentally
different preference aspects. Table 4 shows both
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Model UF-P-4 PRISM P-Souprs ALIGN X (st

7)PAIR 7DPAIR 7)PAIR 7)UGC 7)F'AIR 7)DEMO P
Llama-3-8B-Instruct 46.91% 44.38* 49.44* 50.32%  50.11*  48.12*  48.84*
Qwen2.5-7B-Instruct 55.39* 58.22* 34.56* 50.75*  50.00*  51.80*  51.04*
Mistral-7B-Instruct-v0.2 59.38* 66.86* 40.12* 47.66*  48.14*  48.84*  47.41*
Training with a Subset of randomly sampled 91,918 Samples (7%)
VPL 46.78 45.33 45.45 N/A N/A 50.30 N/A
ALIGNXPERT ¢, 61.22 76.69 76.54 54.28 53.07 86.92 70.88
ALIGNXPERT, 54.90 52.43 76.59 55.68 57.16 72.63 64.75
Training with Full Dataset of 1,311,622 Samples (100%)
ALIGNXPERT 5 63.01 68.17 63.33 59.63 58.48 91.44 75.19
ALIGNXPERT, 53.09 55.86 81.69 57.83 59.66 88.46 71.10
ALIGNXPERTz, w. Golden P 64.00 N/A N/A 91.36 91.36 91.36 91.36

Table 2: Alignment accuracy (%) on preference alignment tasks across various persona types. We compare training
with partial and full datasets to show the impact of data scaling. Bold and underlined numbers indicate the best and
second-best results, respectively. ALIGNXPERT,5, w. Golden P refers to using ground-truth preference directions
(e.g., Py, »y, for ALIGNX g ) rather than model predictions at inference time. * indicates that ALIGNXPERT’s best
result significantly outperforms the baselines (p < 0.05 with pairwise ¢-test).

UF-P-4 | M1 | M2 | M3 PRISM M1 | M2 | M3
M1 | - |2345|4758 M1 - 3529 | 3111
M2 7655| - | 60.87 M2 6471 | - | 2838
M3 524213913 | - M3 68.89 | 7162 | -
P-Souprs \ M1 M2 M3 ALIGNXest | M1 M2 M3
M1 | - [3161]4358 M1 - 3986 | 48.18
M2 6839 | - [56.80 M2 60.14 | - [5849
M3 5642 | 4320 | - M3 51.82 | 4151 | -

Table 3: GPT-4 win rate (%, row model against column
model). M1: Llama-3.1-8B-Instruct; M2: ALIGNX-
PERT;ca; M3: ALIGNXPERTpg,4.

Base Model Adaptation Accuracy
Llama-3.1-8B-Instruct ICA 51.82
ALIGNXPERT ca ICA 53.55
ALIGNXPERTpgs PBA 53.73

Table 4: Alignment accuracy (%) of models and adapta-
tion fine-tuning techniques on new dimensions.

ALIGNXPERT variants significantly outperform the
Llama baseline (p < 0.05), indicating that our pre-
training on diverse preference dimensions helps
develop a more general capability for preference
alignment, and our model learns generalizable pref-
erence alignment mechanisms, even when encoun-
tering substantially different preference types.

6.4 Robustness analysis

In real-world applications, users often have lim-
ited interaction history, making it crucial for pref-
erence alignment systems to perform reliably with
varying amounts of historical data. We evaluate
ALIGNXPERT’s robustness to varying user history
sizes using 2 to 16 interaction examples (Pygc and
Prar). As shown in Figure 3, ALIGNXPERT is

Model P-Sours ALIGNX (st
Acc  Flip Acc  Flip
Llama-3-8B-Instruct 4751 14.71 4941 3.23
Qwen2.5-7B-Instruct 64.33 5.33 49.57 4.25
Mistral-7B-Instruct-v0.2 55.61 8.05 51.64 8.02
ALIGNXPERT|c, 79.54 59.97 52.29 37.16
ALIGNXPERTpg, 73.03 60.73 57.19 51.10

Table 5: Performance on preference reversal scenarios.
Acc: alignment accuracy (%); Flip: indicates the suc-
cess rate of reversing preference orders (%).

robust with minimal data (as few as two exam-
ples) and improves as history grows, with ALIGNX-
PERTpp, reaching 59.31% on 16 examples. In con-
trast, Mistral-7B-Instruct-v0.2 remains near ran-
dom (49.06~50.08%) regardless of history size.

Llama-3-8B-Instruct
Qwen2.5-7B-Instruct
=== Mistral-7B-Instruct-v0.2

55 —
58
53 56

S S
s Sl ——
O O
okl &
< <

52
¥ ﬁ 50 —

47

= AlignXpertica
AlignXpertpga

2 4 8 16 2 4 8 16
Number of Examples in Pygc Number of Examples in Ppajr

Figure 3: Impact of persona size on accuracy.

6.5 Preference controllability

To test whether models adapt to diverse prefer-
ences rather than memorize fixed biases, we con-
duct a controllability experiment on P-SOUPS and
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ALIGNX st by reversing preferences (“y,, > v;”
to “y, < y;”) in both persona and target pairs dur-
ing inference. We exclude UF-P-4 and PRISM, as
they are based on universal values and unsuitable
for reversal. We evaluate controllability using two
metrics: alignment accuracy (Acc) measures the
model’s ability to maintain good performance un-
der reversed preferences, while flip success rate
(Flip) measures how often the model inverts its
preference ordering (i.e., changing from “y,, > y;”
to “y, < ¥, or vice versa) to match the reversed
persona. As shown in Table 5, ALIGNXPERT ex-
cels on both metrics, while baselines exhibit low
flip rates (3-15%), confirming that ALIGNXPERT
dynamically adapts rather than learning fixed bi-
ases.

7 Conclusion

We present the first study on scaling personal-
ized alignment for diverse user preferences, con-
tributing (1) a comprehensive preference repre-
sentation framework bridging observable personas
with underlying preferences; (2) ALIGNX, a large-
scale dataset with over 1.3M persona-preference
examples; and (3) ALIGNXPERT models achiev-
ing substantial improvements over existing LLMs
through either in-context or preference-bridged
alignment. Experiments demonstrate strong adap-
tation to novel preferences, robustness with lim-
ited interaction, and precise preference controllabil-
ity. Looking forward, promising directions include
modeling nuanced and dynamic preferences, devel-
oping efficient preference data collection methods,
and investigating the balance between preference
alignment and other capabilities.

Limitations

Due to the difficulty in obtaining large-scale
real user-LLM data, even though we incorporate
datasets such as PKU-SafeRLHF, UltraFeedback,
and HelpSteer2 to cover LLM-specific scenarios,
interactions from Reddit still represent a significant
portion of ALIGNX. As a result, ALIGNX does
not contain a substantial amount of real user—-LLM
interaction data and serves primarily as a testbed
for scaling personalized preferences for user-level
alignment. To address this limitation, when human-
LLM interaction data (e.g., dialogues, user prefer-
ences) become available in the future, our platform-
agnostic methodology can be directly applied to
obtain alignment data.
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Ethical considerations

This work aims to advance personalized Al align-
ment, which carries both promising benefits and
potential risks that warrant careful consideration.
On the positive side, our framework could lead to
Al systems that better serve diverse user groups,
potentially reducing systematic biases against un-
derrepresented populations and improving user sat-
isfaction across different cultural backgrounds. The
ability to adapt to individual preferences could
make Al assistance more accessible and effective
for users with varying needs, education levels, and
communication styles.

The Reddit data we process originates from the
open-source ComPO dataset (Kumar et al., 2024),
which in turn is sourced from the Reddit subset
of Dolma (Soldaini et al., 2024) (collected via
Pushshift API in April 2023). The maintainers
of these datasets state that the data collection com-
plies with Reddit’s terms of service. To minimize
privacy risks, we take the following measures: (a)
Our processing pipeline is strictly limited to the
text of posts and comments, and we discard all di-
rectly identifying user information (e.g., usernames,
IDs). (b) We apply initial automated processing
to filter and remove potential Personally Identifi-
able Information (PII), such as email addresses and
phone numbers, from the text. Furthermore, the
ComPO dataset applies filters to remove adult con-
tent, which helps mitigate the inclusion of some
harmful material. In our own dataset, the user in-
formation is limited to posts and comments; we do
not collect personal identifying information or pref-
erences, which reduces potential privacy risks. To
further assess potential risks, we conduct a human
audit on 500 randomly sampled examples. The gen-
erated Ppgymo descriptions receive an average score
of 8.82/10 on groundedness, comprehensiveness,
consistency, bias, and safety, with Fleiss” xk = 0.66.
While these results suggest that the generated de-
scriptions are generally reliable and do not exhibit
obvious harmful stereotyping in the audited sam-
ple, we acknowledge that comment text may still
contain social biases or unintended personal infor-
mation disclosures, and that broader systematic
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harm audits remain necessary in future work. We
plan to implement additional safeguards in future
work.

We propose a two-stage safety framework for
future general personalization methods:

e Pre-processing: Before inferring user prefer-
ences, implement filters to ensure the behavioral
signals align with basic ethical principles of hon-
esty, harmlessness, and helpfulness.

e Post-processing: After preference inference,
validate that the inferred preferences do not encour-
age harmful behaviors or violate ethical principles.

We plan more systematic analyses of potential
risks in future work. This includes developing more
robust safety mechanisms and conducting regular
audits of the personalization outcomes.

All existing artifacts, including the datasets and
pre-trained models used in our experiments, were
accessed and used in full compliance with their
original licenses and terms of use. Our created arti-
facts, the ALIGNX dataset and ALIGNXPERT mod-
els, are intended for research purposes only, particu-
larly for studies on personalized alignment. This in-
tended use is consistent with the access conditions
of the source data. To encourage further academic
research, our artifacts will be released under the
Creative Commons Attribution-NonCommercial-
ShareAlike 4.0 (CC BY-NC-SA 4.0) license.
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A Data structure and construction

A.1 Preference space

Firstly, we utilize the following three psychologi-
cal models to capture fundamental human needs:
(1) Big Five Personality Traits (Roccas et al.,
2002). We integrate all five fundamental person-
ality dimensions: openness, conscientiousness, ex-
traversion, agreeableness, and neuroticism, pro-
viding a psychologically grounded foundation for
preference modeling. (2) Maslow’s Hierarchy of
Needs (Maslow, 1943). We systematically con-
clude 16 dimensions across physiological, safety,
love and belonging, esteem, cognitive, and aes-
thetic categories, ensuring comprehensive cover-
age of fundamental human needs. (3) Murray’s
System of Needs (Murray and McAdams, 2007).
To capture nuanced psychological needs beyond
Maslow’s hierarchy, we incorporate 17 additional
dimensions, including specialized needs such as or-
der (neatness, organization, chaos avoidance) and
autonomy (independence, resistance to influence,
self-reliance).

Secondly, drawing from leading alignment re-
search, including HH-RLHF (Bai et al., 2022),
PKU-SafeRLHF (Ji et al., 2024), UltraFeedback
(Cui et al., 2024), and HelpSteer2 (Wang et al.,
2024b), we integrate dimensions covering critical
universal values such as harmlessness, instruction-
following, honesty, truthfulness, helpfulness, co-
herence, and complexity.

Thirdly, to facilitate practical deployment while
preserving the richness of theoretical insights, we
extend the preference space by drawing inspira-
tion from methodologies in psychological assess-
ment (Myers, 1985; Keirsey, 1998) and recommen-
dation systems (Belém et al., 2017). We curate a
set of 43 dimensions from preference tags adopted
in popular content-sharing platforms. These tags
span diverse domains such as science, knowledge,
and psychology, serving as concrete manifestations
of the theoretical dimensions while remaining ac-
cessible and interpretable in practical applications.

In total, we define 90 dimensions to describe an
individual. The full list of dimensions is presented
in Table 6.

A.1.1 Analysis of inter-dimensional
relationships

We calculate the Pearson correlation between the
90 dimensions in the 1.3 million examples, as
shown in Figure 4. Results show that 99.65% of
dimension pairs have correlations below 0.5, indi-
cating their significant independence.

It is worth noting that we do not assume or re-
quire strict independence between dimensions for
both data construction (§4) and model training/in-
ference (§5). While some dimensions in the pref-
erence space may be correlated, this would only
indicate some redundancy in the preference space
representation and would not affect the dataset
quality, the theoretical validity of our alignment
approaches, or the empirical performance of our
models. To illustrate our framework’s robustness to
such correlations, we analyze how it handles such
relationships.

Dataset Construction During both preference
pair and persona construction, correlated dimen-
sions may have a stronger influence in similarity-
based selection, potentially leading to examples
that predominantly reflect preferences along these
dimensions. Specifically, these dimensions may
dominate the K-means clustering when construct-
ing preference pairs, and similarly affect the inten-
sity similarity calculations when selecting exam-
ples for Pyge and Ppar. However, our analysis
shows minimal impact on data quality:

e Limited Correlation: We manually conducted a
comprehensive analysis of correlations among our
90 preference dimensions. Our analysis reveals that
only 1.25% of all possible inter-dimensional pairs
exhibit correlations. To be specific, we identified
50 such potentially correlated pairs. These include:

(1) Hierarchical relationships, such as ‘Prefer-
ence for a certain knowledge area’ & ‘science’.

(2) Similar relationships, such as ‘Need for
Abasement’ & ‘Need for Deference’.

(3) Opposing relationships, such as ‘Need for
Autonomy’ & ‘Need for Deference’.

We deliberately retained these correlated dimen-
sions to enhance the preference space’s richness
and diversity. Our rationale is that ‘Similar/Op-
posing’ dimensions, despite overlap, offer unique
nuances, while ‘Hierarchical’ dimensions at both
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general and specific levels are necessary for com-
prehensive coverage. We agree that this presents
an avenue for future work, where our dataset could
be used to create a fully orthogonalized space via
transformations.

e Methodological Robustness: Even if some cal-
culations are influenced by these few correlations,
our framework is designed to be robust.

(1) Guaranteed Preference Distinction: The con-
struction process for preference pairs (Y4, y;) does
not assume dimensional independence and guar-
antees that any selected pair has a demonstrably
distinct intensity, establishing a clear preference
signal.

(2) Strict Consistency Criterion: We enforce a
strict preference consistency criterion for persona
‘P construction. This ensures every example within
‘P aligns with the overall preference direction estab-
lished by (¥, ¥1), meaning it is not contradictory
and matches on at least one dimension.

(3) Large-Scale Diverse Sampling: To construct
each persona P, we select 16 examples of User-
Generated Content and 16 examples of Pair-wise
Comparative Feedback. This approach ensures a
diverse set of evidence for each persona while also
achieving relatively uniform coverage across all
dimensions.

Model Training and Inference Our methods are
inherently robust to dimensional correlations.

e ICA operates directly on personas without
making assumptions about dimensional indepen-
dence.

o PBA treats the preference vector as an interme-
diate representation, where correlated dimensions
simply provide complementary signals.

Our strong performance across diverse tasks (§6)
confirms that our framework effectively captures
meaningful preference signals. While we acknowl-
edge the potential effects of correlated dimensions,
ALIGNXs scale, diversity, and demonstrated effec-
tiveness mark a significant step forward in pref-
erence alignment research. In contrast to prior
work limited by small-scale, single-source data,
ALIGNX provides the first comprehensive testbed
for the systematic study of personalized preference
alignment.

A.2 Data construction pipeline

Alg. 1 describes the construction pipeline for con-
structing the ALIGNX data from any raw data pro-
viding multiple responses Y = {y1, 42, -+ ,yn}

to the same post z. We use Qwen2.5-14B-Instruct
for intensity annotation and demographic informa-
tion annotation.

A.3 Annotation prompts

Intensity Annotation Prompt

Example 1:

Query:

I’m at urgent care because I fucked up my
ankle. The conversation went something
like this.

Nurse: Any surgeries in the past?

Me: Yes, a bilateral salpingectomy in
September of last year.

And, as she’s about to leave: Any chance
you’re pregnant?

Me: No

Me (thinking): she has no idea what a
bilateral salpingectomy is. Kind of funny at
urgent care just now

Comment:

Dr.: any chance you are pregnant?

Me: only with a turd, anticipated birthday
tomorrow.

Task:

What does this comment suggest about the
commenter’s Neuroticism in the Big Five
personality traits? (1) High Neuroticism
(2) Low Neuroticism (3) Comments alone
cannot reflect

Response:
2

Task:

What does this comment suggest about the
commenter’s Extraversion in the Big Five
personality traits? (1) High Extraversion
(2) Low Extraversion (3) Comments alone
cannot reflect

Response:
1

Task:
Does this comment indicate that the
commenter likes or dislikes “painting”?
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Algorithm 1 Constructing the ALIGNX Dataset

Data: x: A user post; Y = {y1,y2, - ,yn}: N responses to the post; M = {(zm, Ym) M_.: The raw data; D =
{D1,Ds,---,Dp} : Preference dimensions in the preference space; ¢: Threshold for measuring intensity embedding
similarity; H: Number of examples in behavioral personas

Result: Pycc: User-Generated Content; Prpar: Pair-wise comparative feedback; Ppruo: Demographic information; y.,: The

preferred response; y;: The less preferred response.

// Constructing Preference Pairs (§4.1)

// (1) Intensity Annotation

1 whilen < 1to N do

wn

e o® 9

10
11

12

14
15
16
17
18
19

20
21
22
23
24
25
26

while d < 1to D do
4 = Annotation(x, yn, Dq) // Prompt #1 in §A.3; L, the number of possible intensity levels, is set to 3

// (2) Intensity-based Clustering
1™ = Concatenate({one_hot(I7)}7_;) € RP
C1,Ca,- - ,Cx = K-Means({l,,})_,)// K, the number of clusters, is set to 3
// (3) Pair Selection
Cuw, C; = UniformSample(C1,Ca,- -+ ,Cxk)
Yw = UniformSample(C,, )
yi = UniformSample(C;)

// Constructing Personas (§4.2)
// Constructing Ppemo
Poemo = Annotation(y., yi, P) // Prompt #2 in §A.3

// Constructing Pycc
pUGC = { }

while True do
(z',Y") = UniformSample(M \ {(z,Y)})
y' = argmax,, ., Similarity(y', y.,) // cosine similarity between their intensity embeddings
if the similarity score between vy’ and y., is larger than t=0.6 then
Puce-add((z',y"))
Retaining H examples in Pycc, making it satisfy the preference consistency criterion.

// Constructing Ppa
PPAIR = { }
while True do
Sampling (z, ys,, y;) from all preference pairs constructed in §4.1
if the similarity scores between v, and y.,, as well as between vy, and y; are larger than t=0.6 then
PPAIR»add(('T/’ yim y;))
Retaining H examples in Ppar, making it satisfy the preference consistency criterion.
return Pycc, Prar; Poemos Yuw, Yi
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Figure 4: Pearson correlation between 90 dimensions, with dimension indices corresponding to Table 6 in the

appendix.
(1) Likes (2) Dislikes (3) Comments alone
cannot reflect

Response:
3

Your task:

Query:
{Post}

Comment:
{Comment}

Task:
{Question}
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Response:

Demographic Information Generation
and Preference Direction Annotation
Prompt

Who is likely to prefer <Response 1> and
dislike <Response 2>? Compare the pre-
ferred and disliked responses, and describe
a person using selected dimensions from the
following list of 48, reflecting what can be
observed:

1. Age group: (“Young”, “Older”)
2. Gender: (“Female”, “Male”)

3. Occupation



Source

Dimensions

Psychological models that capture
fundamental human needs

Age group, Gender, Degree of Neuroticism in the Big Five personality traits, Degree of Ex-
traversion in the Big Five personality traits, Degree of Openness in the Big Five personality
traits, Degree of Agreeableness in the Big Five personality traits, Degree of Conscientiousness
in the Big Five personality traits, Preference for a certain food, Preference for a certain living
environment, Sleep preference, Investment preference, Saving preference, Importance placed
on physical safety, Importance placed on environmental safety, Preference for the depth of
interaction, Approach to handling conflict, Communication style in social settings: more concise
or detailed, Need for a certain work environment, Need for recognition from others, Need for
personal achievement, Preference for a certain knowledge area, Preference for a certain learning
style, Preference for a certain form of creative expression (such as art, writing, music), Need for
Order (neatness, organization, avoiding chaos), Need for Retention (to keep possession over an
object, unwilling to lose or change), Need for Inviolacy (maintaining dignity and reputation, un-
violated or undamaged), Need for Infavoidance (avoiding failure and embarrassment), Need for
Counteraction (attempting to compensate for failure by trying again, with a desire to overcome
obstacles and seek pride), Need for Seclusion (desire for isolation from others, maintaining
privacy), Need for Dominance (controlling the environment or others through command or
persuasion), Need for Deference (worship or obedience to others, following authority, admi-
ration, or rules), Need for Autonomy (resisting influence from others, pursuing independence
and self-reliance), Need for Contrariance (pursuing uniqueness, being different, or opposing
the norm), Need for Abasement (submittance and obedience to others, accepting blame and
punishment, even enjoying pain or misfortune to some extent), Need for Aggression (controlling,
punishing, or harming others through forceful means), Need for Affiliation (desire for close,
loyal relationships, pleasing others, winning friendships and attention), Need for Rejection
(isolating, excluding, or discarding oneself from negatively evaluated objects or people), Need
for Nurturance (assisting the weak, caring for others, protecting them from danger), Need for
Succorance (desire to have one’s own needs met by others, including being loved, cared for,
helped, forgiven, and comforted), Need for Play (enjoying fun, relaxation, laughter)

Contemporary research in recom-
mender systems and Al alignment
that reflect social-cognitive needs
in digital interactions

Degree of concern for the harmlessness of the statement, Degree of concern for the instruction-
following of the statement, Degree of concern for the honesty of the statement, Degree of concern
for the truthfulness of the statement, Degree of concern for the helpfulness of the statement,
Degree of concern for the coherence of the statement, Degree of concern for the complexity of
the statement

Content platform indicators that
represent everyday user needs

science, knowledge, psychology, cinema, entertainment, gaming, parenting, wild imagination,
anime, sports, law, workplace, pets, travel, health, stories, cars, gourmet food, education, current
events, home decor, international, finance, campus life, digital technology, emotions, humor,
music, reading, painting, dance, crafts, photography, culture, fitness, art, stationery and planners,
celebrities, outdoors, camping, social sciences, weddings, fashion

Table 6: Dimensions and corresponding sources in our preference space.

4. Degree of Neuroticism in the Big Five 11. Sleep preference: (“Likes”, “Dis-
personality traits: (“High”, “Low”) likes™)

5. Degree of Extraversion in the Big Five 12. Investment preference: (“Aggressive”,
personality traits: (“High”, “Low”) “Conservative”)

6. Degree of Openness in the Big Five 13. Saving preference: (“Good at saving”,
personality traits: (“High”, “Low”) “Bad at saving”)

7. Degree of Agreeableness in the Big 14. Importance placed on physical safety:
Five personality traits: (“High”, (“Concerned”, “Not concerned”)
“LOW”)

15. Importance placed on environmen-

8. Degree of Conscientiousness in the tal safety: (“Concerned”, “Not con-
Big Five personality traits: (“High”, cerned”)

“LOW”)
. - 16. Preference for the depth of interac-

9. ‘}"re.fe-renc’f: for a certain food: (“Likes”, tion: (“Superficial interaction (casual,

Dislikes™) stress-free chat)”, “Deep interaction
10. Preference for a certain living environ- (discussing interests, emotional topics,

ment: (“Likes”, “Dislikes”)
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17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

Approach to handling conflict: (“Di-
rect communication”, “Avoidance, me-
diation, compromise’’)

Communication style in social settings:
more concise or detailed: (“Concise”,
“Detailed”)

Need for a certain work environment:
(“Strong”, “Mild”)

Need for recognition from others:
(“Strong”, “Mild”)
Need for personal achievement:

(“Strong”, “Mild”)

Preference for a certain knowledge
area: (“Likes”, “Dislikes”)

Preference for a certain learning style:
(“Likes”, “Dislikes”)

Preference for a certain form of cre-
ative expression (such as art, writing,
music): (“Likes”, “Dislikes”)

Need for Order (neatness, organiza-
tion, avoiding chaos): (“Strong”, “In-
different”)

Need for Retention (to keep posses-
sion over an object, unwilling to lose
or change): (“Strong”, “Indifferent”)

Need for Inviolacy (maintaining dig-
nity and reputation, unviolated or un-
damaged): (“Strong”, “Indifferent’)

Need for Infavoidance (avoiding fail-
ure and embarrassment): (“Strong”,
“Indifferent™)

Need for Counteraction (attempting to
compensate for failure by trying again,
with a desire to overcome obstacles
and seek pride): (“Strong”, “Indiffer-
ent”)

Need for Seclusion (desire for isola-
tion from others, maintaining privacy):
(“Strong”, “Indifferent’)

Need for Dominance (controlling the
environment or others through com-
mand or persuasion): (“Strong”, “In-
different’)

30161

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Need for Deference (worship or obe-
dience to others, following authority,
admiration, or rules): (“Strong”, “In-
different’)

Need for Autonomy (resisting influ-
ence from others, pursuing indepen-
dence and self-reliance): (“Strong”,
“Indifferent™)

Need for Contrariance (pursuing
uniqueness, being different, or oppos-
ing the norm): (“Strong”, “Indiffer-
ent”)

Need for Abasement (submittance and
obedience to others, accepting blame
and punishment, even enjoying pain or
misfortune to some extent): (“Strong”,
“Indifferent’)

Need for Aggression (controlling, pun-
ishing, or harming others through
forceful means): (“Strong”, “Indiffer-
ent”)

Need for Affiliation (desire for close,
loyal relationships, pleasing others,
winning friendships and attention):
(“Strong”, “Indifferent”)

Need for Rejection (isolating, exclud-
ing, or discarding oneself from neg-
atively evaluated objects or people):
(“Strong”, “Indifferent”)

Need for Nurturance (assisting the
weak, caring for others, protecting
them from danger): (“Strong”, “Indif-
ferent™)

Need for Succorance (desire to have
one’s own needs met by others, includ-
ing being loved, cared for, helped, for-
given, and comforted): (“Strong”, “In-
different”)

Need for Play (enjoying fun, relax-
ation, laughter): (“Strong”, “Indiffer-
ent”)

Degree of concern for the harmless-
ness of the statement: (“Strong”, “In-
different’)



43. Degree of concern for the instruction-
following of the statement: (“Strong”,
“Indifferent”)

44. Degree of concern for the honesty of
the statement: (“Strong”, “Indiffer-

ent’”)

45. Degree of concern for the truthfulness
of the statement: (“Strong”, “Indiffer-

ent”)

46. Degree of concern for the helpfulness
of the statement: (“Strong”, “Indiffer-

ent”)

47. Degree of concern for the coherence
of the statement: (“Strong”, “Indiffer-

ent”)

48. Degree of concern for the complexity
of the statement: (“Strong”, “Indiffer-

ent”)

Compare the liked and disliked responses,
and derive the keywords for likes and
dislikes, ensuring the keywords are selected
from the following list:

{science, knowledge, psychology, cinema,
entertainment, gaming, parenting, wild
imagination, anime, sports, law, workplace,
pets, travel, health, stories, cars, gourmet
food, education, current events, home
decor, international, finance, campus life,
digital technology, emotions, humor, music,
reading, painting, dance, crafts, photog-
raphy, culture, fitness, art, stationery and
planners, celebrities, outdoors, camping,
social sciences, weddings, fashion}.

If keywords cannot be summarized, please
leave them blank.

Example 1:

Query:

Sure, kids are expensive and a lot of
people who would otherwise want them are
definitely putting off parenthood because
they can’t afford it. But everyone acts like
this is the only reason why younger adults
don’t want kids, and it’s still not okay to
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admit that you just don’t want to be a parent
regardless of money.

I’m sick of mentioning my student debt
and getting sympathy from people who feel
bad that I can’t afford to be a mom, when
I never wanted to be one to begin with.
Nobody can handle the truth about how a
lot of millennial women aren’t having kids
because for the first fucking time in history,
we actually have the conscious choice not
to, and have access to birth control that
actually works.

I’m sick of people putting all the blame on
finances in articles about declining birth
rates and childfree millennials

Output:

<Response 1>

I don’t quite see how we’re the problem,
when we’re the ones who are trying to
work, get a decent job in our field, maybe
move out of our parents house like a
normal, functional human being, rather
than popping out kids left and right that
we cannot afford as soon as we finish high
school.

<Response 2>

Women with or without student loan
debt have many of the same problems.
The wildly (IMO) outrageous childcare
costs and depending on the area high
housing costs are hard for two incomes
and impossible for one. Young women
are encouraged to have children and yet
its been proven, income and promotion
opportunities will be stalled or decreased.
If you add student loan debt it just becomes
more untenable.

Full disclosure, I'm a childfree, 65 year-old.
Sadly, we had the same issues with sexual
harassment and lack of advancement, but
we did not have anywhere near the financial
burdens. Unless you wanted to go to an
Ivy League college you could work your
way through college with part-time jobs
or a little help from your parents and get a



well-paying job. Housing was reasonably
priced as was childcare.

Old people, sadly I have to include myself,
need to get a grip and understand how
much times have changed and raising and
educating a child really costs. Maybe when
you all run the government it will change.

“reason”: “People who prefer <Response
1> value personal freedom and see not
having children as an individual choice,
not just a result of financial or societal
pressures. They reject traditional views on
parenthood and feel <Response 2>’s focus
on financial burdens limits their freedom to
choose.”,

“textual persona”: “A well-educated, ambi-
tious founder of a tech startup who is willing
to challenge traditional views on parenting
and society. He takes a cautious approach
to having children, valuing conscious fam-
ily planning choices and seeing economic
factors as secondary to the broader soci-
etal shift in expectations. He is unlikely
to conform to societal norms, focusing on
personal goals and independence, and takes
responsibility for their financial and career
decisions.”,

“dimension description”: { “Age group’:
“Young”, “Occupation”: “Founder of a tech
startup”, “Degree of Openness in the Big
Five personality traits”: “High”, “Degree
of Agreeableness in the Big Five person-
ality traits”: “Low”, “Degree of Conscien-
tiousness in the Big Five personality traits”:
“High”, “Preference for a certain living envi-
ronment”: “Likes”, “Approach to handling
conflict”: “Direct communication”, “Need
for a certain work environment”: “Strong”,
“Need for personal achievement”: “Strong”,
“Need for Autonomy (resisting influence
from others, pursuing independence and
self-reliance)”: “Strong” },

“like keywords”: “education, workplace, fi-
nance”,
“dislike keywords”: “parenting” }

Your task:
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Query:
{Post}

Output:
<Response 1>
{Response 1}

<Response 2>
{Response 2}

Now, please output the persona you created,
keywords, and a short rationale below in a
JSON format by filling in the placeholders

in []:

“reason”: “[your rationale]”, “textual per-
sona”: “[persona you created]”, “dimension
description”:“[description of corresponding

dimensions]”, “like keywords”: “[like, Op-
tional]”, “dislike keywords”: “[dislike, Op-
tional]”}

GPT-4 Judgment Prompt

The given user behavior history reflects the
user’s preferences. For a new query, which
response better matches the user’s needs
and preferences, allowing for a tie between
the two responses?

User Behavior History
{Concatenated user history information }

Query
{Query}

Response A
{Response A}

Response B
{Response B}

Now, please output your choice below in a
JSON format by filling in the placeholders
in []:
{“choice™:
B/Tie]”}

“[Response  A/Response



B Alignment methods

B.1 Conversion of preference direction to
natural language description

When a persona P contains multiple components
(e.g., both Pyge and Ppeymo) or behavioral personas
comprise multiple instances, we first aggregate
their preference directions into a unified vector
P € R, where d denotes the dimension of pref-
erence space. Specifically, for each preference di-
mension ¢, we convert the categorical preferences
across all components into numerical values (pos-
itive — 1.0, neutral — 0.5, negative — 0.0) and
compute their average. We then determine the di-
rection for each dimension based on two thresh-
olds: dimensions with average values above ¢, are
assigned positive direction, those below ¢, are as-
signed negative direction, and the remaining are
considered neutral, resulting in the final preference
direction vector P.

We then map P to natural language descriptions
following systematic linguistic rules. For dimen-
sions with positive direction, we prepend “High”
to personality traits (e.g., “High Neuroticism”),
“Prefers” to communication styles (e.g., “Prefers
detailed communication”), and use positive forms
for values (e.g., “Values privacy”). For dimensions
with negative direction, we prepend “Low” to per-
sonality traits (e.g., “Low Extraversion”), “Avoids”
to communication styles (e.g., “Avoids confronta-
tional communication”), and use negative forms
for values (e.g., “Disregards material wealth”).

The final description is constructed by concate-
nating all non-neutral preference descriptions with
comma separators. This systematic conversion pro-
cess ensures consistent and interpretable preference
articulation while preserving the key signals from
the original vector.

B.2 Training examples
In this section, we present the prompt format used

during the training of ICA and PBA.

Data Format for ICA. Case:

Generate a task-specific response based on
user historical behavior and preferences.

Task

My 10-year-old daughter has ADHD,
Dyslexia, Dysgraphia, and Dyscalculia,
with an IQ of 79. She struggles aca-
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demically and socially but loves theatre.
Looking for advice or similar experiences.
Thank you.

Historical Behavior and User Preferences

This person has commented on some
posts:

1. Post: I've been trying to potty train

my daughter, but today I let her go
without a diaper, and she stayed dry
all day. She’s trained, just not potty
trained!
Comment: Oh, so  she’s
“trained”—just not in the way
that actually matters. Maybe try using
the potty next time instead of just
hoping for magic!

This person has chosen or rejected com-
ments on some posts:

1. Post: I’'m potty training a stubborn boy
and want to use cheap, uncomfortable
diapers or training pants to make him
prefer big boy pants. Any recommen-
dations for the worst ones?

Chosen: Put him in a swim diaper—it
will leak as soon as he urinates, mak-
ing him uncomfortable. Tell him he’s
outgrown pull-ups, so he needs to use
the toilet and wear big boy pants.
Rejected: I once read about a dad who
put his kid in a smaller diaper, acted
surprised, and said, "Oh no! You've
outgrown diapers! Time for big boy
underwear." It worked for him.

This person’s persona is:

A young executive with low agreeableness
prefers direct communication in social
settings and values independence and
efficiency. This person likes parenting,
education, dislikes emotions.

Response:



Data Format for PBA. Case:

Generate a task-specific response based on
user preferences.

Task

My 10-year-old daughter has ADHD,
Dyslexia, Dysgraphia, and Dyscalculia,
with an IQ of 79. She struggles aca-
demically and socially but loves theatre.
Looking for advice or similar experiences.
Thank you.

User Preferences

Low Agreeableness, Prefers direct com-
munication to handle conflict, Concise
communication style, Strong need for
Autonomy (pursuing independence and
self-reliance), Likes parenting, Likes
education, Dislikes emotions

Response:

C Details of the experimental setup

C.1 Benchmarks

We conduct experiments on four benchmarks, as
described in Table 7: (1) UF-P-4 (Poddar et al.,
2024): An alignment dataset focused on universal
values (e.g., helpfulness) with consistently posi-
tive preference directions. We treat each prefer-
ence pair as a test case and construct Ppar by
randomly sampling 2~8 pairs from the same di-
mension. (2) PRISM (Kirk et al., 2024c¢): A col-
lection of real user-LL.M interaction preferences
with unknown preference dimensions and direc-
tions.” Each preference pair serves as a test case,
with Ppar comprising all other pairs from the same
user. (3) P-SOuUPSs (Jang et al., 2023): A benchmark
spanning three novel dimensions beyond our pref-
erence space, with bidirectional preference. For
each dimension-direction configuration, we use in-
dividual preference pairs as test cases and sample 4
pairs from the remaining as Ppar. (4) ALIGN X¢egt:
A comprehensive test set constructed following the
methodology in §4.2, covering all dimensions in
our preference space with balanced positive and
negative directions. For each dimension and direc-
tion combination, we construct dedicated test cases

“Manual inspection finds that most preference pairs in
PRISM often reflect various combinations of universal values
(e.g., more friendly, more empathy).

where both the preference pair and persona consis-
tently exhibit the specified direction for the given
dimension. Our evaluation is both on individual
persona types and arbitrary combinations of three
types of personas in P to test the efficacy under
varying levels of persona completeness. Both Pygc
and Ppar in ALIGN X¢est include 4 randomly sam-
pled examples. We ensure that none of the above
test cases overlap with training data.

C.2 Implementation details

We implement ICA and PBA based on Llama-
3.1-8B-Instruct. Both models are trained on 8
A100 GPUs for one epoch using Adam optimizer
(Kingma, 2014), DeepSpeed with ZeRO-3 (Rajb-
handari et al., 2020) and Flash-attention-2 (Dao,
2023), with the following configuration: learning
rate of 5e-7, batch size of 128, maximum sequence
length of 8,192, and 8 = 0.1 for both Eq. 1 and 2.
During training, both Pygc and Ppyjr retain only
0~4 randomly sampled examples for computa-
tional efficiency. We use Qwen2.5-14B-Instruct
for annotating preference directions in PBA. §B.2
describes the format used during the training of
ICA and PBA. Since VPL (Poddar et al., 2024)
only scores responses but does not generate them,
we evaluate VPL solely using alignment accuracy,
computing it directly without the reference model.
Both VPL and ALIGNXPERT use accuracy metrics
consistent with their training objectives, ensuring a
fair comparison.

D Supplementary experimental results

D.1 Detailed scores on the P-Soups
benchmark

The P-SouUPS benchmark involves three preference
dimensions: Expertise, Informativeness, and Style.
Although these dimensions are not included in the
dimensions defined by ALIGNX, they can be rep-
resented as combinations of ALIGNX’s preference
space. The experimental results in Table 8 show
that ALIGNXPERT (trained on the 7% subset of
ALIGNX data) significantly outperforms the base-
lines in both individual and combined dimensions.

D.2 Results with larger models as reference
models

To validate the effectiveness of ALIGNXPERT,
we use Llama-3-70B-Instruct as the reference
model and conduct experiments on both in-
domain (ALIGNXiest) and out-of-domain (P-
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Benchmark  Pycc/parr/pEmo Dimensions In-distribution
UF-P-4 X1/ 1X Helpfulness (1: 797); Honesty (1: 740); Instruction-Following (1: 830); Truthfulness (f: 621) Yes
PRISM X1/ 1X Unknown (868 examples in total) No
P-Souprs XIV/1X Expertise (1: 300, J: 300); Informativeness (1: 300, |: 300); Style (1: 300, |: 300) No
ALIGNX (et VIV All dimensions in our preference space (3716 examples in total) Yes

Table 7: Benchmark overview. For each benchmark, we indicate the availability of different persona types and their
focused preference dimensions. “In-distribution” indicates whether the benchmark’s preference dimensions overlap
with those in our training data. 1/] means positive/negative preference directions, where the following number

refers to the corresponding number of examples.

Model Expertise Informativeness Style
Llama-3-8B-Instruct 40.17 56.81 51.33
Qwen2.5-7B-Instruct 38.00 43.69 22.00
Mistral-7B-Instruct-v0.2 40.17 46.35 33.83
ALIGNXPERT ¢, 85.17 60.80 83.67
ALIGNXPERTpg, 84.50 66.11 79.17

Table 8: Accuracy performance (%) of each dimension
on P-SouUPs.

SouPs) benchmarks. Table 9 shows that our
method demonstrates strong performance com-
pared to both the 70B large model and the base-
lines.

Model P-Soups ALIGNX (st
PFAIR PL'GC 7)PAIR PDEMO 7)

Llama-3-8B-Instruct 46.78 50.59 51.32 47.85 50.69
Qwen2.5-7B-Instruct 34.62 4898 49.00 50.67 49.87
Mistral-7B-Instruct-v0.2 38.95 4938 4795 48.17 4827
Training with Full Dataset of 1,311,622 Samples (100%)

ALIGNXPERTc, 59.39 57.80 57.64 90.93 73.21
ALIGNXPERTpg, 80.20 56.70 59.66 88.19 71.01

Table 9: Alignment accuracy (%) of different models
using Llama-3-70B-Instruct as the reference model.

D.3 Results with larger models as policy
models

Since it is difficult to calculate alignment accuracy
for larger or closed-source models by obtaining
log-probabilities, we instead calculate their accu-
racy by directly asking the LLLM to make a binary
choice. Table 10 shows the performance of larger
models, including Qwen2.5-32B-Instruct!?, QwQ-
32B'!, DeepSeek-R1-671B!? and GPT-4'3. Our re-
sults show that ALIGNXPERT;¢4 (trained on an 8B
model with 7% data) outperforms the 32B models
across all benchmarks. It also surpasses DeepSeek-
R1-671B and GPT-4 on P-SOUPS and ALIGNXegt.

]Ohttps ://huggingface.co/Qwen/Qwen2.
5-32B-Instruct

llhttps ://huggingface.co/Qwen/QwQ-32B

2We use DeepSeek-R1 version released on 2025/01/20.

3We use OpenAI’s API “gpt-4-turbo-2024-04-09.”

Model UF-P-4 PRISM P-Sours ALIGNX st
PPAIR PPAIR 73FAIR 73

Qwen2.5-32B-Instruct  36.33 40.59 43.02 66.79
QwQ-32B 41.09 50.53 48.72 66.42
DeepSeek-R1-671B 65.80 83.67 68.93 68.12
GPT-4 67.45 83.33 48.24 63.56
Training with a Subset of randomly sampled 91,918 Samples (7%)
ALIGNXPERT 5 61.22 76.69 76.54 70.88
ALIGNXPERTpg, 54.90 52.43 76.59 64.75

Table 10: Alignment accuracy (%) of different large
models.

D.4 Human evaluation on ALIGNX st

To complement GPT-4 judgments, we conduct hu-
man evaluation on ALIGNX g using four qualified
annotators. For each comparison, annotators are
given the same persona-conditioned prompt and
may choose Win, Lose, or Tie. Table 11 reports
the resulting pairwise preferences and Fleiss’ .

These results corroborate the LL.M-as-a-judge
findings: both ALIGNXPERT variants outper-
form the Llama-3.1-8B-Instruct baseline, while
ALIGNXPERTpg, and ALIGNXPERT;c, exhibit
complementary strengths.

D.5 Calibration of inferred preference
directions

To better understand the gap between inferred and
gold preference directions, we compute category-
wise precision and recall of predicted P against
the corresponding gold directions, as reported in
Table 12.

The inference module exhibits high recall for
active preferences but substantially lower precision
for positive/negative labels. This indicates a sensi-
tivity bias: the model tends to over-predict weak
preferences instead of defaulting to Neutral. This
behavior explains part of the gap between ALIGNX-
PERTpga With inferred P (71.10%) and the Golden
P upper bound (91.36%) in Table 2. In practice,
this suggests that improving calibration of inferred
preference directions is a promising direction for
strengthening PBA.
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Comparison Win  Lose Tie  Fleiss’
ALIGNXPERTc, vs. Llama-3.1-8B-Instruct 4591 37.70 16.39 0.52
ALIGNXPERTpg,s VS. Llama-3.1-8B-Instruct  50.00  40.20 9.80 0.48
ALIGNXPERTpgs VS. ALIGNXPERTca 39.53 48.84 11.63 0.53

Table 11: Human evaluation results (%) on ALIGN X;est. “Win” denotes preference for the first model in each

comparison.

Category Precision Recall
Positive 35.73 87.27
Negative 41.60 82.90
Neutral 92.06 68.22

Table 12: Category-wise precision and recall (%) of
inferred P.

E Analysis

E.1 Preference diversity

We analyze potential correlations between the 90
dimensions across all 1.3 million examples. The
Pearson correlation heatmap is available at Fig-
ure 4, with dimension indices corresponding to
Table 6. Among all dimension pairs, 99.65% show
correlations below 0.5, indicating that our 90 di-
mensions capture largely independent aspects of
user preferences. Only two dimensions—*“Need for
Abasement (submission and obedience to others,
accepting blame and punishment, even deriving
pleasure from pain or misfortune)” and “Need for
Aggression (controlling, punishing, or harming oth-
ers through force)”—exhibit a strong correlation
(0.86). These two may reflect different expressions
of the same underlying personality trait and can
complement each other in practice without affect-
ing other dimensions. Overall, at least 89 inde-
pendent dimensions comprehensively capture user
personality.

Based on the high independence among the 90 di-
mensions, we calculate that there are 1,210,986 dif-
ferent preference directions in ALIGNX, account-
ing for 92.33% of the total data, with 1,210,837
preference directions coming from Reddit anno-
tated data, demonstrating diverse user preferences.

E.2 Annotation bias

To construct data at scale, we use an LLM for anno-
tation during the process. We take several measures
to assess potential LLM annotation biases.

In the qualitative analysis, our process first clus-
ters responses into three groups and randomly se-
lects responses from different groups as ¥, and y;

to determine preference direction (§4.1). LLMs
only label these pre-determined preferences with-
out generating opinions, thus minimizing bias in-
troduction.

In the quantitative analysis, we conduct three
complementary audits to assess the reliability and
safety of our LLM-assisted annotation pipeline.
First, to test robustness to the choice of annota-
tion model, we randomly sample 100 examples
from ALIGNX and re-annotate their preference di-
rections using GPT-4. Second, to assess annotation
quality against human judgment, we randomly sam-
ple 500 examples and ask four human annotators to
label the corresponding preference directions, us-
ing the majority consensus as the human reference.
Third, to evaluate the quality and safety of Ppeyo,
four human evaluators assess the same 500 samples
along five criteria: groundedness, comprehensive-
ness, consistency, bias, and safety. Additionally,
we use a case study to analyze whether there is
societal bias in the data.

Bias from LLM selection. We re-label the pref-
erence directions of 100 sampled examples using
gpt-4-turbo-2024-04-09. We find that 84.78%
of the resulting preference directions agree with
those labeled by Qwen2.5-14B-Instruct, indicating
that our annotation pipeline is robust to the choice
of the annotator model.

In addition, we use gpt-4-turbo-2024-04-09
to generate alternative Ppgyo descriptions. Both
the original Qwen2.5-14B-Instruct-generated de-
scriptions and the GPT-4-generated descriptions
are then mapped to preference directions using
GPT-4. The resulting preference directions show
92.86% agreement, demonstrating the consistency
of the descriptive persona generation process across
different LLM annotators.

Bias from LLM annotation. We recruit four hu-
man annotators for the labeling task. On 500 ran-
domly sampled examples, the LLM annotations
achieve 85.07% agreement with the consensus of
four human annotators, while the agreement among
human annotators is 90.37%. These results indi-
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Gender/Succorance Negative Positive
Negative 1,986 1,980
Positive 2,117 1,973

Table 13: The data count for different combinations of
“Gender” and “Succorance” at varying intensities.

cate that the annotation pipeline approaches human-
level consistency on this task and provides strong
support for the reliability of the resulting supervi-
sion signals.

Poemo quality and safety audit. To assess the
quality and ethical safety of Ppgyo, four human
evaluators score 500 randomly sampled descrip-
tions on five criteria: groundedness, comprehen-
siveness, consistency, bias, and safety. The re-
sulting descriptions achieve an average score of
8.82/10, with Fleiss’ k = 0.66, indicating sub-
stantial agreement. These results suggest that the
generated descriptive personas are generally well
grounded, internally consistent, and do not exhibit
obvious harmful stereotyping in the audited sam-
ple.

These annotators demonstrate excellent English
proficiency, allowing them to accurately assess
preference tendencies and persona descriptions.
Regarding human annotations, the process is re-
viewed and approved by relevant institutions. All
annotators were informed of the study’s purpose
and the intended use of their judgments, and pro-
vided their consent prior to participation. After
a fair evaluation of the workload, we compensate
each evaluator $5.60 per 10 samples.

Case study We identify two attributes often
linked to societal bias: “Gender” and “Need for
Succorance (desire to have one’s own needs met
by others, including being loved, cared for, helped,
forgiven, and comforted).” Table 13 shows the data
count for their different combinations.

The data distribution is relatively balanced with-
out clear tendencies, indicating that our data does
not introduce bias.

E.3 Complexity of preference dimensions

To investigate the complexity of the 90 dimensions,
we analyze the computational challenges encoun-
tered during practical deployment. Only ALIGNX-
PERTpg, involves the 90-dimensional space in this
process. The main computational aspects are as
follows:

e Predicting preference directions from Persona
P: With 8 examples in P, computation time in-
creases modestly from 10.20s to 16.21s as dimen-
sions increase from 1 to 90 - a reasonable over-
head given the benefits of comprehensive prefer-
ence modeling.

e Converting preference directions to natural lan-
guage: This rule-based transformation has negligi-
ble computational cost.

Overall, the 90 dimensions provide more com-
prehensive preference coverage compared to exist-
ing research while maintaining manageable com-
putational overhead.
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