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Abstract

While large language models (LLMs) excel at
deductive reasoning tasks such as math and
coding, their capacity for inductive reasoning
remains underexplored. This paper investigates
this through the lens of personalized prefer-
ence inference, where models must synthe-
size consistent patterns from implicit behav-
ioral signals in users’ interaction histories. We
propose ALIGNXPLORE, a model that lever-
ages extended reasoning chains to enable ex-
plicit preference inference. Such explicit ar-
ticulation enables an efficient streaming infer-
ence mechanism, allowing the model to incre-
mentally refine preference descriptions with-
out reprocessing historical signals. Guided
by a specialized reward modeling strategy,
we develop ALIGNXPLORE by combining
synthetic-data cold-start training with online
reinforcement learning. Extensive experiments
show ALIGNXPLORE outperforms the back-
bone model by 15.49% on average across in-
and out-of-domain benchmarks, while exhibit-
ing robust generalization to diverse input for-
mats and downstream models. Our analysis
further establishes reward modeling best prac-
tices and reveals the emergence of human-like
inductive reasoning patterns during training.

1 Introduction

Large language models (LLMs) have achieved
great success in complex, deductive-heavy tasks
such as code generation (Chen et al., 2021) and
mathematical problem-solving (Lightman et al.,
“Equal contribution.
fCorresponding authors: Wei Wu

(wuweil9850318 @ gmail.com) and Rui Yan
(rui.yan@whu.edu.cn).

2023) by applying known rules through extended
reasoning chains (DeepSeek-Al, 2025; Morsanyi
et al., 2018; Chollet, 2019). In contrast, induc-
tive reasoning, i.e., the ability to derive general
rules from incomplete and noisy evidence (Hayes
et al., 2010), presents a significant yet underex-
plored challenge. Despite being a cornerstone of
human intelligence and scientific discovery (Heit,
2000; Ferrara et al., 1986; Kinshuk et al., 2006),
extending LLMs’ reasoning abilities to complex
inductive tasks has received limited attention.

We investigate extended inductive reasoning
through the lens of personalized preference infer-
ence: synthesizing explicit preference summaries
from users’ scattered implicit signals. This is crit-
ical for two reasons. First, it addresses a key lim-
itation in LL.M alignment. Current methods tar-
geting universal values (e.g., helpfulness, harm-
lessness) (Askell et al., 2021; Ouyang et al., 2022;
Bai et al., 2022; Achiam et al., 2023; Team, 2024)
struggle with diverse individual preferences (Kirk
et al., 2023), leading to reduced user satisfaction
and potential biases (Siththaranjan et al., 2024;
Guan et al., 2025; Tong, 2023). Second, preference
inference is a prime testbed for complex induction.
Unlike deductive tasks, there are no pre-defined
rules; preferences are rarely stated explicitly (Lee
et al., 2024) and must be inferred from heteroge-
neous signals like textual posts (Wu et al., 2025),
behavioral choices (Ouyang et al., 2022), and de-
mographics (Zhang et al., 2018). The core chal-
lenge is thus to identify underlying patterns within
this noisy data and generalize them to new contexts,
as illustrated in Figure 1.

Despite the critical importance, existing person-
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alization methods often bypass explicit preference
inference, instead using direct mappings that incor-
porate implicit signals as prompts (Xu et al., 2022;
Lee et al., 2024), parameters (Kang et al., 2023;
Tan et al., 2024), or hidden representations (Pod-
dar et al., 2024; Ning et al., 2024). This approach
renders the preference modeling process opaque
and, more critically, inefficient: these methods can-
not incrementally refine preferences when new be-
havioral signals become available, forcing mod-
els to process growing interaction histories from
scratch, creating a significant scalability bottleneck.
To address these issues, we propose ALIGNX-
PLORE, a model that leverages extended! reason-
ing chains for systematic preference inference. By
framing personalization as the task of articulating
an explicit preference summary, ALIGNXPLORE
unlocks a powerful and efficient streaming infer-
ence mechanism. The inferred preference acts as
a compact, updatable state, allowing the model to
build upon prior inferences when new signals ar-
rive, rather than reprocessing historical data from
scratch. Guided by our specialized preference-
oriented reward modeling, we train the model via
a two-stage framework: cold-start training with
synthetic data addresses the initial knowledge gap,
followed by reinforcement learning (RL) to opti-
mize reasoning for accurate preference inference.

Extensive experiments show ALIGNXPLORE
substantially improves personalized alignment on
in- and out-of-domain benchmarks, outperforming
its backbone by 15.49% and competing with much
larger models like GPT-4 (Achiam et al., 2023)
and DeepSeek-R1-671B (DeepSeek-Al, 2025). Its
streaming mechanism efficiently avoids recomput-
ing growing histories while boosting performance
via gradual preference refinement. We attribute its
strong generalization and robustness to extended
reasoning, which fosters systematic inductive pat-
terns over superficial correlations. Further analysis
reveals: (1) optimizing preference judging yields
more stable training than response generation, sug-
gesting a best practice; and (2) our two-stage train-
ing mirrors human induction (Heit, 2000), estab-
lishing basic characterization via cold-start and re-
fining it into actionable hypotheses via RL.

Our contributions are: (1) We are the first to
systematically investigate extended inductive rea-
soning in LLMs via personalized preference infer-

'We define “extended” not by algorithmic complexity, but
by the deliberate, multi-step reasoning process proven effec-
tive in complex deductive tasks (OpenAl, 2024; Claude, 2025).

ence, showing how structured reasoning can de-
rive generalizable preferences from implicit sig-
nals. (2) We develop ALIGNXPLORE, a preference
inference model featuring an efficient streaming
mechanism and a novel two-stage framework com-
bining cold-start training with reinforcement learn-
ing. (3) Extensive experiments demonstrate that
ALIGNXPLORE substantially outperforms existing
methods in performance, efficiency, generalization,
and robustness. Our analyses also offer insights
into reward modeling and the emergence of induc-
tive reasoning.

2 Related Works

Inductive Reasoning Inductive reasoning, i.e.,
making probabilistic generalizations from incom-
plete evidence (Lake et al., 2017; Hayes et al.,
2010), is crucial for cognitive tasks like scientific
discovery (Holland, 1986) and has gained renewed
attention in LLM evaluation via benchmarks like
the Abstract Reasoning Corpus (ARC) (Chollet,
2019; Moskvichev et al., 2023). Unlike prior work
on few-shot generalization (Radford et al., 2018;
Wang et al., 2024b), preference inference offers a
more complex and realistic testbed. It introduces
distinct challenges, such as reasoning over unstruc-
tured language rather than formal systems (Qiu
et al., 2024; Yan et al., 2025), handling hetero-
geneous signals, and learning from negative exam-
ples (Laskin et al., 2023). Our framework addresses
these challenges in a principled, interpretable way.

Extended Reasoning in LLMs Recent ex-
tended reasoning advances have moved beyond
the shallow, linear steps of traditional Chain-
of-Thought (Wei et al., 2022) to boost perfor-
mance (OpenAl, 2024; Chen et al., 2025b). This
progress is driven by three key mechanisms: (1)
deep logical chains in diverse formats like nat-
ural language (Wang et al., 2024a), formal lan-
guage (Wen et al., 2025), or latent space (Hao et al.,
2024); (2) systematic solution space exploration
via RL-trained internal mechanisms (DeepSeek-Al,
2025) or external search algorithms (Zhang et al.,
2024; Yao et al., 2024; Snell et al., 2025); and (3)
iterative self-reflection for verification and correc-
tion, powered by SFT (Team, 2024; Gandhi et al.,
2025) or RL with verifiable rewards (DeepSeek-Al,
2025; Yu et al., 2025). While effective in deduc-
tive tasks like math (Hu et al., 2025a), coding (Jain
et al., 2025), and question-answering (Rein et al.,
2024), we are the first to extend it to preference

16651



Historical Preference d:

Reasoning Chain r:
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<think> Okay, let’s tackle this ... </think>

Inferred Preference Description d:

Post x from user: Can you explain Artificial Intelligence?
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<think> Okay, let’s tackle ... new example ... weakens
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Inferred Preference Description d:

The user prefers pragmatic guidance that addresses
immediate needs, prioritizing utility over theoretical depth.
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The user might have particular interest in Al and technology ... seeking ial applications.

Behavioral Signals € = {e,}:

Post x from user: I want to start meditating to reduce stress, but I have no idea where to begin. Any tips?
Response A from LLM: Meditation is a practice rooted in ancient contemplative traditions, aiming to cultivate
mindfulness and inner stillness. It involves various techniques like Vipassana, which focuses on ...

Response B from LLM: Great idea! For starting out, find a quiet spot where you won‘t be disturbed. Sit
comfortably, either on a cushion or a chair, with your back straight but not stiff. Set a timer for just ...
Preference of user: Response B > Response A

Post x from user: How do I fix a squeaky door?
Personalized response generated by S: Spray WD-40 directly on the hinges.

Post x from user: How do I fix a squeaky door?
Response A: The noise is caused by friction between the metal parts.
Response B: Spray WD-40 directly on the hinges.

-

Per

ized preference j

General-Purpose LLM §

dging by S: Response B > Response A

Diverse Downstream Personalization Tasks

Figure 1: Our model performs human-like inductive reasoning, iteratively refining preference hypotheses through
validation to guide diverse downstream personalization tasks.

inference, a domain demanding strong inductive
reasoning.

Personalized Alignment Motivated by the limi-
tations of one-size-fits-all alignment (Askell et al.,
2021; Kirk et al., 2023; Siththaranjan et al., 2024),
personalized alignment aims to adapt LLMs to indi-
vidual preferences (Kalai and Smorodinsky, 1975;
Oldenburg and Zhi-Xuan, 2024). Key challenges
in this area include: (1) Preference inference
from scattered, implicit signals (Wu et al., 2025;
Ouyang et al., 2022; Zhang et al., 2018; Guan et al.,
2025). Related persona-extraction methods synthe-
size user-level profiles from interaction histories
for downstream personalization (Ryan et al., 2025),
while many other approaches mainly retrieve rel-
evant contexts rather than perform explicit infer-
ence, limiting their accuracy (Zhao et al., 2025;
Pan et al., 2025; Zhang, 2023; Li et al., 2025). (2)
Preference modeling via direct prompts (Xu et al.,
2022; Lee et al., 2024), parameters (Kang et al.,
2023; Tan et al., 2024), or latent states (Poddar
et al., 2024; Ning et al., 2024); our work focuses
on interpretable, model-agnostic prompting. (3)
Feedback-driven alignment, which can occur dur-
ing training (Jang et al., 2023; Guan et al., 2024;
Kuang et al., 2024) or at inference time (Shi et al.,
2024; Chen et al., 2025a; Rame et al., 2023). Our
work is the first to integrate extended reasoning
for accurate preference inference with efficient
mechanisms for handling evolving user interac-
tions (Chandrashekaran et al., 1996).

3 Methodology

This section first formulates the preference infer-
ence task and its evaluation (§3.1), then details the
two-stage training strategy: a cold-start phase to
build basic reasoning capabilities (§3.3), followed
by an RL phase to directly optimize for reward
(§3.4). Figure 1 presents our task overview, and
Figure 2 illustrates the entire training recipe.

3.1 Task Formulation

We formulate the personalized preference inference
task as follows: given a set of a user’s behavioral
signals £ = {ej,...,er} and an optional histor-
ical preference summary d, the model M must
generate an explicit preference description d in nat-
ural language, supported by an extended reasoning
chain r. Formally:

(T7 d) = M(gvd)7 (D
where d is a summary of past preferences, which
is left empty for the initial inference. The be-
havioral signals £ can be diverse; our main ex-
periments use comparative judgments (a prompt
with preferred/less-preferred responses), but the
method is format-agnostic and can accommodate
other signals like user posts or reviews (see §4.3).
The output preference description d is designed
to be model-agnostic, enabling it to condition any
general-purpose LLM S for downstream personal-
ization tasks (Lee et al., 2024; Li et al., 2025).

This formulation is crucial for real-world appli-
cations as it enables an efficient streaming infer-
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ence mechanism. The historical preference descrip-
tion d serves as a compact, stateful summary of
all past interactions. Consequently, when new be-
havioral signals arrive, the model can update its
preference incrementally by processing only the
new signals and this summary, without accessing
the full, raw history. This approach fundamentally
overcomes a major scalability bottleneck of prior
methods based on direct prompting (Xu et al., 2022;
Li et al., 2025) and parameter updates (Kang et al.,
2023; Poddar et al., 2024), which lack such an ex-
plicit state and are therefore forced to reprocess the
entire, ever-growing user history for each update.

3.2 Evaluation Framework

We assess the quality of a generated preference
description d by its ability to guide a downstream
model S to make choices aligned with the user’s
true preferences. While a real-time user reward
would be ideal, it is impractical for large-scale eval-
uation. We therefore adopt an efficient offline eval-
uation using held-out comparative judgment data.
Given a user post x with a known preferred re-
sponse ¥,, and a non-preferred one y;, we define
our offline reward as:

Rofline = 1 (f(yuh x, d7 1/)f) > f(yl; €, d-, wf))Rformatv (2)

where f is a scoring function that quantifies how
well a response aligns with the user’s inferred pref-
erence, the term 1) ¢ represents all other necessary
inputs for scoring, and Rfymat € {0, 1} validates
whether the model’s output structure satisfies the
requirement (Appendix B). The scoring function f
can be instantiated in several ways depending on
the downstream model S.

First, when S is a generation model (denoted as
Sgen) (Rafailov et al., 2024), the score is the log-
probability gain of the response when conditioned
on the preference description d. Here, the scor-
ing function f is instantiated as f(y,;z,d) =
log(%), so 1y corresponds to (). This
yields the reward Rgen:

Sgen (Yw|z,d Sgen (y1|z,d
Rgen = ]l(IOg §ge:é}yl‘¢)) > log ;ge:?(/;‘l‘z)))Rformatv (3)

Alternatively, when S is a preference judging
model (denoted as Sj,q) (Zheng et al., 2023), it
directly outputs the probability of a response be-
ing preferred. In this case, the scoring function is
the model’s direct output, f (/5 T,d, Yuw, Y1) =

Siud (Yuw/1|T: &y Y, 1), thus ¢ = {yw,y1}. The

reward R;,q is then:

Rjud =1 (Sjud(yw‘xv d, Yuw, yl) > Sjud (yl \z, d, Yuw, yl))Rformat' (4)

While other instantiations exist (Meng et al., 2024),
we primarily use Rjuq for training and evaluation
due to its stability, analyzing Rgep in our ablations.

A key property of our reward construction is that
the inferred preference description d is generated
solely from the observed behavioral signals £ and
the optional historical summary d. The held-out
prompt and candidate responses (z, ¥y, ;) used to
compute the reward are not available to the pref-
erence inference model, and the two candidate re-
sponses are presented to the judging model in ran-
domized order. Therefore, the model cannot tailor
d to a particular reward query or consistently ex-
ploit positional shortcuts. Moreover, Rj,q does
not directly score the surface form of d; instead, it
measures whether conditioning on d enables the
downstream judge to recover the user’s preference
on a held-out response pair. Thus, achieving con-
sistently high reward requires preference informa-
tion that transfers from the observed behavioral
evidence to unseen user choices.

3.3 Cold-Start Training

To address the cold-start problem where small mod-
els struggle with complex inference from instruc-
tions alone, we construct a high-quality synthetic
dataset via two stages. For each set of preference
signals £, for each example in the original prefer-
ence signals e; € &, we first identify key preference
dimensions ¢ expressed in natural language that
potentially reveal user preferences, which serve as
analytical guidance for subsequent preference infer-
ence. We then prompt an advanced teacher model
T with both these identified dimensions ¢ and the
original implicit signals £ to generate GG reasoning
chains and preference descriptions (see Appendix
B for prompts), as exemplified in Figure 2.

To support streaming inference, we further
prompt the teacher model 7 with a new set of
behavioral signals of the same user and a prior pref-
erence description d which is randomly selected
from {d;}$,. We then mix these new examples
with the original ones and apply outcome-based
verification, retaining only those that achieve an
optimal reward score. Finally, we train M param-
eterized by 6 by maximizing the log-likelihood of
the target sequences:

£cold = _E(r,d)NTm Zt IOg pe({ﬂ d}t|57 dA): (5)
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Figure 2: Two-stage training process of ALIGNXPLORE, which combines cold-start training using synthetic data
from teacher models with reinforcement learning optimization to enhance the model’s reasoning capabilities.

where {r, d}; is the ¢-th token and d may be empty
for the first turn. Appendix A.10 analyzes cold-
start data impacts.

3.4 Reinforcement Learning

We further refine the model’s reasoning capa-
bilities beyond the cold-start phase using RL.
We adopt Group Relative Policy Optimization
(GRPO) (DeepSeek-Al, 2025), an algorithm ef-
fective for long-horizon reasoning. Following Hu
et al. (2025a), we remove the KL penalty for more
stable optimization. To support streaming infer-
ence, the rollout process mirrors our cold-start
data generation by involving two rounds for each
user: (1) We generate a set of GG initial outputs
{(rj,dj)}le ~ Pod(-|€), where pyq is the old
policy model. (2) We generate a second set of G
outputs { (7, dy,)}¢_; ~ poia(-|€, d), where £’ is
a distinct set of signals from the same user and d is
a historical preference sampled from the output of
the first round. The GRPO objective is then opti-
mized over the union of outputs from both rounds:

2G

1 1
E = =36 LT+ ©
Zm (p9 {Tlad}t|g d) Al,
pota({7s, di }¢|€, d)
2 ,176,1+E)A7;>,
pﬂld({riv dl}t|57 d)
Ri — mean({R;}§-1)

A; = , 8
SA((R;}.,) ®

@
clip( pe({ri,di}:|E, d)

where d is empty for the rollout of the first round,
and p; is computed based on the corresponding
advantage A; normalized within each respective
round. The rewards R; are from Eq. 3 or 4. While
this two-round process can be naturally extended

to multiple rounds, we found it strikes an effective
balance between performance gains and computa-
tional cost.

4 Experiments

4.1 Experimental Setup

Implementation Details We simulate a two-
round streaming setting for both cold-start data
generation and RL, where the first round uses 4
behavioral signals (i.e., ' = 4 in £) and the sec-
ond uses another 4 signals plus the inferred prefer-
ence from the first round. This process is naturally
extensible to more rounds. We use DeepSeek-R1-
Distill-Qwen-7B (DeepSeek-Al, 2025) as our back-
bone and explore other backbones in Appendix A.8.
We train the model on the ALIGNX dataset (Li
et al., 2025). For cold-start data generation, QwQ-
32B (Team, 2025) serves as the teacher model. We
use the Rjuq reward (Eq. 4) with frozen Qwen2.5-
7B-Instruct as the preference judging model for
both cold-start and RL. To analyze different config-
urations, we also train two non-streaming baseline
models with 4 and 8 examples in &, respectively.
Appendix A.1 shows more details.

Benchmarks We evaluate on two benchmarks:
(1) ALIGN X gt (Li et al., 2025), the official test set
of ALIGNX; and (2) P-SOUPS (Jang et al., 2023),
an out-of-domain benchmark which focuses on
three preference dimensions: “expertise,” “infor-
mativeness,” and “style.” Table 5 in Appendix A.2
summarizes the statistics. Following our training
settings, we consider two evaluation settings: a
base setting where models perform inference using
4 or 8 preference pairs with empty d, and a stream-
ing setting where the model first uses the initial
4 pairs to infer a historical preference description
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Method Extended Setting #Signals d  ALIGNX(eq P-Sours
Reasoning Informativeness  Style  Expertise
Directly given preference descriptions
Null N/A N/A N/A N/A 51.37* 45.85* 17.00* 36.00*
& N/A N/A 4 N/A 50.33* 41.03* 37.33* 36.00*
Golden Preference N/A N/A N/A N/A 64.63 68.94 84.50 90.17
Previous specialized methods for inductive r ing and per: lization
LMInductReason (Qiu et al., 2024) N/A Base 4 X 51.80% 44.35* 27.50* 38.17*
VPL (Poddar et al., 2024) N/A Base 4 X 50.73* 44.19* 52.50* 51.00*
EXPO (Hu et al., 2025b) N/A Base 4 X 44.30* 51.50* 76.17* 55.17*
PBA (Li et al., 2025) N/A Base 4 X 62.77* 53.65* 31.33* 50.50*
Preference descriptions generated by state-of-the-art LLMs
Qwen2.5-7B-Instruct (Team, 2024) X Base 4 X 56.33* 53.82* 59.00* 65.17*
DS-R1-Distill-Qwen-7B (DeepSeek-Al, 2025) v Base 4 X 57.63* 51.16* 45.83* 56.67*
DS-R1-Distill-Qwen-7B (DeepSeek-Al, 2025) v Base 8 X 56.13* 49.50* 56.17* 57.33*
DS-R1-Distill-Qwen-7B (DeepSeek-Al, 2025) v Streaming 4 v 56.40* 50.00* 49.50* 60.17*
Qwen3-32B,on.thinking (Yang et al., 2025) X Base 4 X 57.60 54.98 61.50 66.67
GPT-4 (Achiam et al., 2023) X Base 4 X 66.10 53.82 73.33 71.83
QwQ-32B (Team, 2025) v Base 4 X 65.70 58.14 72.17 71.50
Qwen3-32B inking (Yang et al., 2025) v Base 4 X 65.03 57.14 71.67 73.83
DeepSeek-R1-671B (DeepSeek-Al, 2025) v Base 4 X 70.47 55.48 79.66 76.17
DeepSeek-R1-671B (DeepSeek-Al, 2025) v Base 8 X 70.23 56.98 84.17 79.17
DeepSeek-R1-671B (DeepSeek-Al, 2025) v Streaming 4 v 67.70 56.64 69.50 69.17
Preference descriptions generated by our preference inference model

ALIGNXPLORE-7B 4 Base 4 X 65.33 54.32 69.67 63.83
ALIGNXPLORE-7B v Base 8 X 64.30 57.14 70.33 66.50
ALIGNXPLORE-7B v Streaming 4 v 71.47 61.30 83.00 71.33
ALIGNXPLORE-7B w/o RL v Base 4 X 61.80 52.82 54.00 59.83
ALIGNXPLORE-7B w/o Cold-start v Base 4 X 62.80 56.64 64.83 59.50

Table 1: Offline preference inference accuracy (ACCjug, %). “Extended Reasoning”: whether generating long

reasoning chains. “#Signals”: the number of pairs in &; d: if a historical preference summary is used. Pink-shaded

rows show results with 4 additional pairs (I' =8 or T' = 4, d # ). Gray-shaded rows are large-sized models or
golden preference baselines, where ifalicized scores are lower than the best result (bold) among smaller models.
Underlined is second-best. * indicates statistical significance after Bonferroni correction (family-wise o = 0.05;

t-test).

d, then combines d with 4 new pairs to generate
the final preference description. All preference
pairs are randomly sampled from the same user’s
behavioral signals. For ALIGNXes, we adopt a
user-disjoint train/test split: test users never appear
in the training set. At inference time, the model
observes only support behavioral signals from each
unseen test user, while the target preference pair
used for evaluation is held out from these input
signals.

Evaluation Metrics We evaluate preference in-
ference from three complementary perspectives.
(1) Offline evaluation: We compute the accu-
racy of preference-guided response generation
(ACCgep) and preference judging (ACCjuq). These
metrics are calculated as the average of the binary
rewards Rgen (Eq. 3) and Rjyq (Eq. 4), respectively,
over the entire test set. We primarily focus on
ACC;jyq as it aligns with our training objective.
(2) Online evaluation: We introduce GPT-4 Win

Rate,> where GPT-4 conditioned on the ground-
truth preferences (provided by the benchmarks)
compares responses generated given preference
descriptions from different models (Kumar et al.,
2024; Jang et al., 2023).? (3) Human evaluation:
We directly assess the semantic quality of inferred
preference descriptions along groundedness, com-
prehensiveness, consistency, specificity, and safety.

Baselines We compare our approach with three
groups of baselines: (1) Direct preference descrip-
tions: different forms of preference information
are directly inserted into the downstream model’s
prompt, including Null, £ (raw behavioral signals),
and Golden Preference. (2) Specialized methods:
including LMInductReason (Qiu et al., 2024) for
inductive reasoning, VPL (Poddar et al., 2024) and
EXPO (Hu et al., 2025b) for preference modeling,
and PBA (Li et al., 2025) for structured preference

*We use OpenAl’s API “gpt-4-turbo-2024-04-09 for all
our subsequent experiments.

3We present the training and inference costs in Ap-
pendix A.9.
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ALIGNX sy M1 M2 M3 P-Sours M1 M2 M3

M1 - 43.00 37.00 M1 51.33 4233
M2 57.00 - 43.00 M2 48.67 - 46.67
M3 63.00 57.00 - M3 57.67 5333

Table 2: Online preference inference evaluation results
(GPT-4 win rate, %, row model against column model).
M1: Qwen2.5-7B-Instruct; M2: DS-R1-Distill-Qwen-
7B; M3: ALIGNXPLORE-7B.

prediction. (3) State-of-the-art LLMs: including
small models (Qwen2.5-7B-Instruct (Team, 2024),
DS-RI-Distill-Qwen-7B (DeepSeek-Al, 2025)) and
large models (OwQ-32B (Team, 2025), Owen3-
32B (Yang et al., 2025), GPT-4 (Achiam et al.,
2023), DeepSeek-R1 -671B* (DeepSeek-Al, 2025)),
which are prompted with the raw behavioral signals
to generate a user preference description.

We also evaluate ablated versions of our model
(w/o RL and w/o Cold-start) to verify each training
stage. See Appendix A.3 for baseline implementa-
tion details.

4.2 Main Results

Offline Evaluation Table 1 presents our main of-
fline evaluation results, leading to five key findings:
(1) Preference inference is necessary. Directly
using behavioral signals (£) performs no better
than the “Null” baseline and far worse than using
golden preferences. (2) Prior methods are lim-
ited. Prompt-based (LMInductReason) and latent-
variable (VPL, EXPO) methods perform poorly.
Even PBA, which uses predefined preferences, gen-
eralizes poorly to out-of-domain data (P-SOUPS).
(3) Extended reasoning is superior. Models with
extended reasoning consistently outperform their
counterparts with concise reasoning (e.g., Qwen3-
32Bthinking VS. Qwen3'32Bnon—thinking: 65.03% vs.
57.60%; DeepSeek-R1-671B vs. GPT-4: 70.47%
vs. 66.10%). (4) ALIGNXPLORE is significantly
superior. Our model surpasses same-sized base-
lines and competes with much larger models like
Qwen3-32B and GPT-4, even outperforming the
golden preference baseline on ALIGN X 5. We em-
phasize that Golden Preference serves as a seman-
tic reference rather than a guaranteed upper bound
under our functional evaluation protocol. ACCjuq
and ACCyge, measure how effectively a preference
description guides a downstream model toward
preference-consistent behavior. Consequently, a
model-generated description may achieve a higher
functional score when it expresses the relevant

“All experiments are based on the DeepSeek-R1 version
released on 2025/01/20.

preference more explicitly or actionably. (5) Our
streaming mechanism is both efficient and effec-
tive. While the backbone model gains little from
extra signals, ALIGNXPLORE significantly benefits
from its streaming mechanism, outperforming even
its non-streaming 8-pair variant. This shows that
our model effectively utilizes historical information
via incremental refinement without reprocessing
larger signal sets, with detailed efficiency results
reported in Appendix A.5. Unless stated otherwise,
subsequent experiments use the base setting with
T =4.

Ablation Studies on Training Stages Table 1
shows that both stages are beneficial, but RL is
more critical. On ALIGNX g, ablating RL leads
to a larger drop than ablating cold-start (65.33%
— 61.80% vs. 62.80%), with an even stronger ef-
fect on out-of-domain P-SOUPS, especially “Style.”
This indicates that cold-start mainly initializes ba-
sic reasoning patterns, while RL refines them for
stronger generalization.

Online Evaluation We sample 400 cases per
benchmark and report GPT-4 pairwise win rates
in Table 2, using Qwen2.5-7B-Instruct responses
conditioned on inferred preference descriptions.
ALIGNXPLORE-7B remains competitive on both
in-domain and out-of-domain benchmarks.

Human Evaluation We additionally conduct a
direct human evaluation on 300 randomly sampled
examples from ALIGNXy. Preference descrip-
tions generated by ALIGNXPLORE-7B Streaming
and DS-R1-Distill-Qwen-7B Streaming are inde-
pendently evaluated by four annotators along five
criteria: groundedness, comprehensiveness, consis-
tency, specificity, and safety. Each criterion is rated
on a three-point ordinal scale from O to 2, yielding
an overall score from 0 to 10. ALIGNXPLORE-
7B achieves a significantly higher overall score
than DS-R1-Distill-Qwen-7B (7.93 vs. 7.11) un-
der a paired Wilcoxon signed-rank test (Wilcoxon,
1945) with Bonferroni correction. Inter-annotator
reliability, measured by Krippendorft’s o (Hayes
and Krippendorff, 2007), is 0.78. Further details
of the evaluation protocol, criterion-level results,
and statistical tests are provided in Appendix A.11.
These results complement the functional model-
based metrics with direct human assessment of the
semantic quality of the inferred preference descrip-
tions.

16656



Generalization Robustness

Method Extended
etho Reasoning ALIGNX(est Preference Judging Model Sjuq ALIGNX{¢ P-SouPs
WUGC  wen2.5.7B-Instruct QwQ-32B DeepSeck-R1-671B  (Reverse)  (Reverse)
& N/A 52.17 50.33 49.03 50.12 48.67_17 36.57_1.6
Golden Preference N/A 69.87 64.63 74.30 78.97 61.83_93% 67.42_138
Qwen2.5-7B-Instruct X 57.57 56.33 56.90 58.15 4727 g1 68.33.190
DS-R1-Distill-Qwen-7B v 58.30 57.63 58.70 59.61 53.40_42 67.831166
DeepSeek-R1-671B v 61.97 70.47 73.73 74.00 61.53_g9 73.33429
ALIGNXPLORE-7B 4 61.97 65.33 68.53 67.59 62.13_3- 71.27 486

Table 3: Generalization and robustness evaluation (ACCjyq, %). Generalization (left): (1) Input-form: “ALIGNX e
w/ UGC” column shows accuracy when inferring from UGC instead of preference pairs. (2) Cross-model: The
remaining columns show the transferability of inferred preferences (rows) to different downstream models (columns)
on the original ALIGNX . benchmark. Robustness (right): Performance after all preference pairs are reversed.
Subscripts indicate the performance change relative to original results in Table 1.

6533

Base Setting
I Streaming Setting

DeepSeek-R 1-Distill-Qwen-7B|
—o— AlignXplore-7B (Base Setting)

57.63
57.07

55.83 K13

0

1 2 3 1 2 4 8 12
Number of Reversals Number of Examples

Figure 3: Left: ACCj,y of ALIGNXPLORE-7B on
ALIGN X5 as user preference reverses over time.
Right: ACC;yq of DeepSeek-R1-Distill-Qwen-7B and
ALIGNXPLORE-7B under the base setting as the num-
ber of behavioral signals increases.

4.3 Generalization Ability Assessment

Table 3 reports the generalization performance
from both input and output perspectives: (1) Input-
form generalization. To simulate real-world sce-
narios, we replace standard preference pairs in
the input with unstructured user-generated con-
tent (UGC, e.g., reviews). ALIGNXPLORE shows
strong generalization to this new input format,
achieving 61.97% accuracy and significantly out-
performing all baselines. (2) Cross-Model Gener-
alization. We test the transferability of the inferred
preferences by using them to personalize differ-
ent downstream judging models. ALIGNXPLORE
again demonstrates robust generalization, consis-
tently outperforming comparable models. We at-
tribute this to our extended reasoning mechanism,
which learns fundamental, model-agnostic prefer-
ence patterns rather than surface-level correlations,
leading to more portable preference descriptions.

4.4 Robustness Assessment

We assess robustness to preference shifts in three
settings. (1) Preference reversal. We reverse all

Method Extended ALIGNX e P-Soups
Reasoning ACCjyq ACCgen ACCjug  ACCyen
& N/A 50.33 48.13 38.12 69.49
Golden Preference N/A 64.63 53.03 81.20 86.92
M2 v 57.63 48.60 51.22 69.87
M3-Rjuq v 65.33 49.30 62.61 78.98
M3-Rgen v 61.67 49.40 56.94 71.82

Table 4: Reward function comparison. Rjyq (default set-
ting) and Rge, denote preference judging and response
generation rewards. M2: DS-R1-Distill-Qwen-7B; M3:
ALIGNXPLORE-7B.

preference pairs (e.g2., Yyu > Y1 — Yw < y1) (Li
et al., 2025) to verify the model learns true infer-
ence patterns rather than dataset biases. Table 3
shows that ALIGNXPLORE remains strong, outper-
forming same-sized baselines and golden prefer-
ences while competing with DeepSeek-R1-671B.
(2) Preference evolution. We further investigate
a more realistic and challenging scenario where
user preferences evolve over time by progressively
reversing the earliest of 8 signals. Figure 3 (left)
shows that streaming consistently outperforms non-
streaming inference, suggesting better handling of
outdated or inconsistent signals. (3) Sensitivity
to signal count. As signal count varies from 1 to
12, ALIGNXPLORE remains effective even with
one signal (61.23% vs. 55.83% for the backbone),
while streaming avoids the long-context degrada-
tion observed after four examples through iterative
processing (Figure 3 (right); Appendix A.5).

4.5 Further Analysis

We further analyze the progressive quality enhance-
ment from our two-stage training (Finding 1) and
the impact of different reward functions (Finding
2). Appendix A.4 and A.13 provide additional anal-
yses of RL dynamics and detailed case studies.
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Figure 4: Preference-description word clouds on ALIGN X.; boxes mark frequent terms.

Finding 1: Two-stage training progressively re-
fines preference descriptions. Figure 4 illus-
trates how our training stages progressively en-
hance description quality on ALIGNXe. Corre-
sponding analyses on the three P-SOUPS prefer-
ence dimensions are provided in Appendix A.12.
The backbone model produces only general terms
(e.g., “historical,” “situation’), while cold-start
training introduces specific dimensions (e.g., “‘com-
munication style”) but lacks synthesis. RL alone
offers limited improvement, focusing on generic
concepts like “helpfulness.” In contrast, the com-
bined two-stage approach yields actionable guid-
ance with diverse dimensions and concrete actions
(e.g., “avoid,” “prioritize”). This evolution from
general observations to specific, actionable hy-
potheses mirrors human inductive reasoning (Heit,
2000; Fréanken et al., 2022) and is naturally encour-
aged by our framework without explicit supervi-
sion.

Finding 2: Judging-based rewards are superior
to generation-based ones. We compare models
trained with a judging-based reward (Rjuq) versus
a generation-based reward ([2ge,). Table 4 shows
Rjuq excels across most metrics, including AC Cee,
suggesting accurate preference inference naturally
facilitates better personalized generation. This su-
periority is further supported by the RL dynam-
ics in Appendix A.6, where Rjyq exhibits steadier
learning while R, shows substantially larger fluc-
tuations. Rge, is ineffective due to (1) confound-
ing factors in response probability (e.g., fluency,
length) and (2) offline response noise. In contrast,
Rjuq provides direct, stable feedback on preference
understanding.

5 Conclusion

This work presents the first systematic investiga-
tion of extended inductive reasoning in LLMs for
personalized preference inference. Our model,
ALIGNXPLORE, demonstrates that extended rea-

soning effectively bridges the gap between im-
plicit behavioral signals and explicit preferences.
Comprehensive experiments show ALIGNXPLORE
achieves superior personalized alignment with
strong efficiency, generalization, and robustness.
The success of our two-stage training strategy pro-
vides valuable insights into developing LLMs’ in-
ductive reasoning capabilities, suggesting that com-
bining cold-start with RL can effectively guide
models to learn generalizable reasoning patterns.
These findings open future directions, including
extending our approach to other complex induc-
tive tasks like scientific hypothesis generation and
pattern discovery in unstructured data.

Limitations

Due to the lack of a suitable real-world LLM-user
interaction testbed, our evaluation is primarily con-
ducted in controlled offline settings rather than
through longitudinal interactions with real users.
Although we further consider preference reversal,
temporal evolution, input-form shifts, and multi-
round streaming inference, these controlled settings
may not fully capture naturally noisy user behavior,
long-term preference drift, or feedback effects aris-
ing in real-world interactions. Once such a testbed
becomes available, we will evaluate our model’s
performance on it. This paper primarily focuses on
the scenario of preference inference, ensuring that
the historical preferences in the test set are consis-
tent with the test pairs. Future work could extend
to scenarios where user preferences change dynam-
ically over time, requiring the model to adjust pref-
erences based on the user’s recent behaviors during
inference.

Ethical Considerations

This work enhances the preference inference ca-
pability of models, enabling them to better serve
human users by understanding and responding to
their individual preferences. However, it may in-
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volve potential risks related to user privacy and
bias. By inferring personalized preferences, there
is a possibility of inadvertently amplifying exist-
ing biases in the data or misinterpreting user in-
tent. To mitigate these risks, we ensure that our
approach incorporates robust fairness and trans-
parency measures. We also prioritize user consent
and implement mechanisms to ensure that user data
is anonymized and securely handled. Furthermore,
we encourage ongoing monitoring of the model's
performance in real-world scenarios to identify and
address any unintended consequences, thus ensur-
ing that the model’s deployment remains ethical
and aligned with user interests.

We use publicly available models, datasets, and
benchmarks, and cite the original creators where
applicable. Our use and any derived artifacts are
intended solely for research purposes and should
follow the licenses, terms of use, and access condi-
tions of the original artifacts.

Acknowledgments

This work was supported by the fund for building
world-class universities (disciplines) of Renmin
University of China and Ant Group Research Intern
Program.

References

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, and 1 others. 2023. Gpt-4 techni-
cal report. arXiv preprint arXiv:2303.08774.

Amanda Askell, Yuntao Bai, Anna Chen, Dawn Drain,
Deep Ganguli, Tom Henighan, Andy Jones, Nicholas
Joseph, Ben Mann, Nova DasSarma, and 1 others.
2021. A general language assistant as a laboratory
for alignment. arXiv preprint arXiv:2112.00861.

Yuntao Bai, Andy Jones, Kamal Ndousse, Amanda
Askell, Anna Chen, Nova DasSarma, Dawn Drain,
Stanislav Fort, Deep Ganguli, Tom Henighan, and 1
others. 2022. Training a helpful and harmless assis-
tant with reinforcement learning from human feed-
back. arXiv preprint arXiv:2204.05862.

Murali Chandrashekaran, Beth A Walker, James C Ward,
and Peter H Reingen. 1996. Modeling individual
preference evolution and choice in a dynamic group
setting. Journal of Marketing Research, 33(2):211-
223.

Daiwei Chen, Yi Chen, Aniket Rege, Zhi Wang, and
Ramya Korlakai Vinayak. 2025a. PAL: Sample-
efficient personalized reward modeling for pluralistic

alignment. In The Thirteenth International Confer-
ence on Learning Representations.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan,
Henrique Ponde de Oliveira Pinto, Jared Kaplan,
Harri Edwards, Yuri Burda, Nicholas Joseph, Greg
Brockman, Alex Ray, Raul Puri, Gretchen Krueger,
Michael Petrov, Heidy Khlaaf, Girish Sastry, Pamela
Mishkin, Brooke Chan, Scott Gray, and 39 others.
2021. Evaluating large language models trained on
code. Preprint, arXiv:2107.03374.

Qiguang Chen, Libo Qin, Jinhao Liu, Dengyun Peng,
Jiannan Guan, Peng Wang, Mengkang Hu, Yuhang
Zhou, Te Gao, and Wanxiang Che. 2025b. Towards
reasoning era: A survey of long chain-of-thought
for reasoning large language models. arXiv preprint
arXiv:2503.09567.

Francois Chollet. 2019. On the measure of intelligence.
arXiv preprint arXiv:1911.01547.

Claude. Claude’s extended think-
ing. https://www.anthropic.com/news/
visible-extended-thinking.

2025.

Tri Dao. 2023. Flashattention-2: Faster attention with

better parallelism and work partitioning. arXiv
preprint arXiv:2307.08691.

DeepSeek-Al. 2025. Deepseek-rl: Incentivizing rea-
soning capability in llms via reinforcement learning.
Preprint, arXiv:2501.12948.

Yann Dubois, Baldazs Galambosi, Percy Liang, and Tat-
sunori B Hashimoto. 2024. Length-controlled al-
pacaeval: A simple way to debias automatic evalua-
tors. arXiv preprint arXiv:2404.04475.

Angela Fan, Mike Lewis, and Yann Dauphin. 2018.
Hierarchical neural story generation. In Proceedings
of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 889-898.

Roberta A Ferrara, Ann L Brown, and Joseph C Cam-
pione. 1986. Children’s learning and transfer of in-
ductive reasoning rules: Studies of proximal develop-
ment. Child development, pages 1087—1099.

Jan-Philipp Frinken, Nikos C. Theodoropoulos, and
Neil R. Bramley. 2022. Algorithms of adapta-
tion in inductive inference. Cognitive Psychology,
137:101506.

Kanishk Gandhi, Ayush Chakravarthy, Anikait Singh,
Nathan Lile, and Noah D Goodman. 2025. Cognitive
behaviors that enable self-improving reasoners, or,
four habits of highly effective stars. arXiv preprint
arXiv:2503.01307.

Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza,
Bing Xu, David Warde-Farley, Sherjil Ozair, Aaron
Courville, and Yoshua Bengio. 2014. Generative ad-
versarial nets. In Advances in neural information
processing systems, pages 2672-2680.

16659


https://openreview.net/forum?id=1kFDrYCuSu
https://openreview.net/forum?id=1kFDrYCuSu
https://openreview.net/forum?id=1kFDrYCuSu
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2107.03374
https://www.anthropic.com/news/visible-extended-thinking
https://www.anthropic.com/news/visible-extended-thinking
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.12948
https://doi.org/10.1016/j.cogpsych.2022.101506
https://doi.org/10.1016/j.cogpsych.2022.101506

Jiawei Gu, Xuhui Jiang, Zhichao Shi, Hexiang Tan,
Xuehao Zhai, Chengjin Xu, Wei Li, Yinghan
Shen, Shengjie Ma, Honghao Liu, and 1 others.
2024. A survey on llm-as-a-judge. arXiv preprint
arXiv:2411.15594.

Jian Guan, Junfei Wu, Jia-Nan Li, Chuanqi Cheng, and
Wei Wu. 2025. A survey on personalized alignment —
the missing piece for large language models in real-
world applications. Preprint, arXiv:2503.17003.

Jian Guan, Wei Wu, zujie wen, Peng Xu, Hongning
Wang, and Minlie Huang. 2024. AMOR: A recipe
for building adaptable modular knowledge agents
through process feedback. In The Thirty-eighth An-
nual Conference on Neural Information Processing
Systems.

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li,
Zhiting Hu, Jason Weston, and Yuandong Tian. 2024.
Training large language models to reason in a contin-
uous latent space. Preprint, arXiv:2412.06769.

Andrew F Hayes and Klaus Krippendorff. 2007. An-
swering the call for a standard reliability measure for

coding data. Communication methods and measures,
1(1):77-89.

Brett K Hayes, Evan Heit, and Haruka Swendsen. 2010.
Inductive reasoning. Wiley interdisciplinary reviews:
Cognitive science, 1(2):278-292.

Evan Heit. 2000. Properties of inductive reasoning.
Psychonomic bulletin & review, 7:569-592.

John H Holland. 1986. Induction: Processes of infer-
ence, learning, and discovery. MIT press.

Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and
Yejin Choi. 2020. The curious case of neural text de-
generation. In International Conference on Learning
Representations.

Jingcheng Hu, Yinmin Zhang, Qi Han, Daxin Jiang,
Xiangyu Zhang, and Heung-Yeung Shum. 2025a.
Open-reasoner-zero: An open source approach to
scaling up reinforcement learning on the base model.
Preprint, arXiv:2503.24290.

Xiangkun Hu, Lemin Kong, Tong He, and David
Wipf. 2025b. Explicit preference optimization: No
need for an implicit reward model. arXiv preprint
arXiv:2506.07492.

Naman Jain, Alex Gu, Wen-Ding Li, Fanjia Yan, Tian-
jun Zhang, Sida Wang, Armando Solar-Lezama,
Koushik Sen, and Ion Stoica. 2025. Livecodebench:
Holistic and contamination free evaluation of large
language models for code. In International Con-
ference on Learning Representations, volume 2025,
pages 58791-58831.

Joel Jang, Seungone Kim, Bill Yuchen Lin, Yizhong
Wang, Jack Hessel, Luke Zettlemoyer, Hannaneh
Hajishirzi, Yejin Choi, and Prithviraj Ammanabrolu.
2023. Personalized soups: Personalized large lan-
guage model alignment via post-hoc parameter merg-
ing. arXiv preprint arXiv:2310.11564.

Ehud Kalai and Meir Smorodinsky. 1975. Other solu-
tions to nash’s bargaining problem. Econometrica:
Journal of the Econometric Society, pages 513-518.

Wang-Cheng Kang, Jianmo Ni, Nikhil Mehta, Mah-
eswaran Sathiamoorthy, Lichan Hong, Ed Chi, and
Derek Zhiyuan Cheng. 2023. Do llms understand
user preferences? evaluating llms on user rating pre-
diction. arXiv preprint arXiv:2305.06474.

Diederik P Kingma. 2014. Adam: A method for stochas-
tic optimization. arXiv preprint arXiv:1412.6980.

Kinshuk, Taiyu Lin, and Paul McNab. 2006. Cogni-
tive trait modelling: The case of inductive reasoning
ability. Innovations in Education and Teaching Inter-
national, 43(2):151-161.

Hannah Rose Kirk, Andrew Michael Bean, Bertie Vid-
gen, Paul Rottger, and Scott A. Hale. 2023. The past,
present and better future of feedback learning in large
language models for subjective human preferences
and values. In The 2023 Conference on Empirical
Methods in Natural Language Processing.

Weirui Kuang, Bingchen Qian, Zitao Li, Daoyuan Chen,
Dawei Gao, Xuchen Pan, Yuexiang Xie, Yaliang Li,
Bolin Ding, and Jingren Zhou. 2024. Federatedscope-
IIm: A comprehensive package for fine-tuning large
language models in federated learning. In Proceed-
ings of the 30th ACM SIGKDD Conference on Knowl-
edge Discovery and Data Mining, pages 5260-5271.

Sachin Kumar, Chan Young Park, Yulia Tsvetkov,
Noah A Smith, and Hannaneh Hajishirzi. 2024.
Compo: Community preferences for language model
personalization. arXiv preprint arXiv:2410.16027.

Brenden M. Lake, Tomer D. Ullman, Joshua B. Tenen-
baum, and Samuel J. Gershman. 2017. Building ma-
chines that learn and think like people. Behavioral
and Brain Sciences, 40:€253.

Michael Laskin, Luyu Wang, Junhyuk Oh, Emilio
Parisotto, Stephen Spencer, Richie Steigerwald,
DJ Strouse, Steven Stenberg Hansen, Angelos Fi-
los, Ethan Brooks, maxime gazeau, Himanshu Sahni,
Satinder Singh, and Volodymyr Mnih. 2023. In-
context reinforcement learning with algorithm distil-
lation. In The Eleventh International Conference on
Learning Representations.

Seongyun Lee, Sue Hyun Park, Seungone Kim, and
Minjoon Seo. 2024. Aligning to thousands of pref-
erences via system message generalization. arXiv
preprint arXiv:2405.17977.

Jia-Nan Li, Jian Guan, Songhao Wu, Wei Wu, and Rui
Yan. 2025. From 1,000,000 users to every user: Scal-
ing up personalized preference for user-level align-
ment. Preprint, arXiv:2503.15463.

Hunter Lightman, Vineet Kosaraju, Yura Burda, Harri
Edwards, Bowen Baker, Teddy Lee, Jan Leike,
John Schulman, Ilya Sutskever, and Karl Cobbe.
2023. Let’s verify step by step. arXiv preprint
arXiv:2305.20050.

16660


https://arxiv.org/abs/2503.17003
https://arxiv.org/abs/2503.17003
https://arxiv.org/abs/2503.17003
https://openreview.net/forum?id=jImXgQEmX3
https://openreview.net/forum?id=jImXgQEmX3
https://openreview.net/forum?id=jImXgQEmX3
https://arxiv.org/abs/2412.06769
https://arxiv.org/abs/2412.06769
https://openreview.net/forum?id=rygGQyrFvH
https://openreview.net/forum?id=rygGQyrFvH
https://arxiv.org/abs/2503.24290
https://arxiv.org/abs/2503.24290
https://openreview.net/forum?id=qRbhKhqp0b
https://openreview.net/forum?id=qRbhKhqp0b
https://openreview.net/forum?id=qRbhKhqp0b
https://openreview.net/forum?id=qRbhKhqp0b
https://doi.org/10.1017/S0140525X16001837
https://doi.org/10.1017/S0140525X16001837
https://openreview.net/forum?id=hy0a5MMPUv
https://openreview.net/forum?id=hy0a5MMPUv
https://openreview.net/forum?id=hy0a5MMPUv
https://arxiv.org/abs/2503.15463
https://arxiv.org/abs/2503.15463
https://arxiv.org/abs/2503.15463

Yang Liu, Dan Iter, Yichong Xu, Shuohang Wang,
Ruochen Xu, and Chenguang Zhu. 2023. G-eval:
Nlg evaluation using gpt-4 with better human align-
ment. arXiv preprint arXiv:2303.16634.

Yu Meng, Mengzhou Xia, and Danqi Chen.
2024. Simpo: Simple preference optimization
with a reference-free reward.  arXiv preprint
arXiv:2405.14734.

Kinga Morsanyi, Teresa McCormack, and Eileen
O’Mabhony. 2018. The link between deductive rea-
soning and mathematics. Thinking & Reasoning,
24(2):234-257.

Arsenii  Kirillovich Moskvichev, Victor Vikram
Odouard, and Melanie Mitchell. 2023. The con-
ceptARC benchmark: Evaluating understanding and
generalization in the ARC domain. Transactions on
Machine Learning Research.

Lin Ning, Luyang Liu, Jiaxing Wu, Neo Wu, Devora
Berlowitz, Sushant Prakash, Bradley Green, Shawn
O’Banion, and Jun Xie. 2024. User-llm: Efficient
IIm contextualization with user embeddings. arXiv
preprint arXiv:2402.13598.

Ninell Oldenburg and Tan Zhi-Xuan. 2024. Learning
and sustaining shared normative systems via bayesian
rule induction in markov games. In Proceedings of
the 23rd International Conference on Autonomous
Agents and Multiagent Systems, pages 1510-1520.

OpenAl.  2024. Introducing openai ol-
preview. https://openai.com/index/
introducing-openai-ol-preview/.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,
Carroll Wainwright, Pamela Mishkin, Chong Zhang,
Sandhini Agarwal, Katarina Slama, Alex Ray, and 1
others. 2022. Training language models to follow in-
structions with human feedback. Advances in neural
information processing systems, 35:27730-27744.

Zhuoshi Pan, Qianhui Wu, Huiqgiang Jiang, Xufang Luo,
Hao Cheng, Dongsheng Li, Yuqing Yang, Chin-Yew
Lin, H. Vicky Zhao, Lili Qiu, and Jianfeng Gao.
2025. Secom: On memory construction and retrieval
for personalized conversational agents. In The Thir-
teenth International Conference on Learning Repre-
sentations.

Sriyash Poddar, Yanming Wan, Hamish Ivison, Ab-
hishek Gupta, and Natasha Jaques. 2024. Person-
alizing reinforcement learning from human feedback
with variational preference learning. arXiv preprint
arXiv:2408.10075.

Linlu Qiu, Liwei Jiang, Ximing Lu, Melanie Sclar,
Valentina Pyatkin, Chandra Bhagavatula, Bailin
Wang, Yoon Kim, Yejin Choi, Nouha Dziri, and Xi-
ang Ren. 2024. Phenomenal yet puzzling: Testing
inductive reasoning capabilities of language models
with hypothesis refinement. In The Twelfth Interna-
tional Conference on Learning Representations.

Alec Radford, Karthik Narasimhan, Tim Salimans, and
Ilya Sutskever. 2018. Improving language under-
standing with unsupervised learning.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo-
pher D Manning, Stefano Ermon, and Chelsea Finn.
2024. Direct preference optimization: Your language
model is secretly a reward model. Advances in Neu-
ral Information Processing Systems, 36.

Samyam Rajbhandari, Jeff Rasley, Olatunji Ruwase,
and Yuxiong He. 2020. Zero: Memory optimizations
toward training trillion parameter models. In SC20:
International Conference for High Performance Com-
puting, Networking, Storage and Analysis, pages 1—
16. IEEE.

Alexandre Rame, Guillaume Couairon, Corentin
Dancette, Jean-Baptiste Gaya, Mustafa Shukor,
Laure Soulier, and Matthieu Cord. 2023. Rewarded
soups: towards pareto-optimal alignment by inter-
polating weights fine-tuned on diverse rewards. In
Thirty-seventh Conference on Neural Information
Processing Systems.

David Rein, Betty Li Hou, Asa Cooper Stickland, Jack-
son Petty, Richard Yuanzhe Pang, Julien Dirani, Ju-
lian Michael, and Samuel R Bowman. 2024. Gpqa:
A graduate-level google-proof q&a benchmark. In
First Conference on Language Modeling.

Michael J. Ryan, Omar Shaikh, Aditri Bhagirath, Daniel
Frees, William Held, and Diyi Yang. 2025. Synthe-
sizeMe! inducing persona-guided prompts for per-
sonalized reward models in LLMs. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 8045-8078, Vienna, Austria. Association for
Computational Linguistics.

Ruizhe Shi, Yifang Chen, Yushi Hu, Alisa Liu, Han-
naneh Hajishirzi, Noah A Smith, and Simon S
Du. 2024. Decoding-time language model align-
ment with multiple objectives. arXiv preprint
arXiv:2406.18853.

Anand Siththaranjan, Cassidy Laidlaw, and Dylan
Hadfield-Menell. 2024. Distributional preference
learning: Understanding and accounting for hidden
context in RLHF. In The Twelfth International Con-
ference on Learning Representations.

Charlie Victor Snell, Jachoon Lee, Kelvin Xu, and Avi-
ral Kumar. 2025. Scaling LLM test-time compute
optimally can be more effective than scaling param-
eters for reasoning. In The Thirteenth International
Conference on Learning Representations.

Zhaoxuan Tan, Qingkai Zeng, Yijun Tian, Zheyuan
Liu, Bing Yin, and Meng Jiang. 2024. De-
mocratizing large language models via personal-
ized parameter-efficient fine-tuning. arXiv preprint
arXiv:2402.04401.

Qwen Team. 2024. Qwen2.5: A party of foundation
models.

16661


https://openreview.net/forum?id=8ykyGbtt2q
https://openreview.net/forum?id=8ykyGbtt2q
https://openreview.net/forum?id=8ykyGbtt2q
https://openai.com/index/introducing-openai-o1-preview/
https://openai.com/index/introducing-openai-o1-preview/
https://openreview.net/forum?id=xKDZAW0He3
https://openreview.net/forum?id=xKDZAW0He3
https://openreview.net/forum?id=bNt7oajl2a
https://openreview.net/forum?id=bNt7oajl2a
https://openreview.net/forum?id=bNt7oajl2a
https://openreview.net/forum?id=lSbbC2VyCu
https://openreview.net/forum?id=lSbbC2VyCu
https://openreview.net/forum?id=lSbbC2VyCu
https://doi.org/10.18653/v1/2025.acl-long.397
https://doi.org/10.18653/v1/2025.acl-long.397
https://doi.org/10.18653/v1/2025.acl-long.397
https://openreview.net/forum?id=0tWTxYYPnW
https://openreview.net/forum?id=0tWTxYYPnW
https://openreview.net/forum?id=0tWTxYYPnW
https://openreview.net/forum?id=4FWAwZtd2n
https://openreview.net/forum?id=4FWAwZtd2n
https://openreview.net/forum?id=4FWAwZtd2n
https://qwenlm.github.io/blog/qwen2.5/
https://qwenlm.github.io/blog/qwen2.5/

Qwen Team. 2025. Qwq-32b: Embracing the power of
reinforcement learning.

A Tong. 2023. Exclusive: Chatgpt traffic slips again for
third month in a row. reuters.

Evan Z Wang, Federico Cassano, Catherine Wu, Yun-
feng Bai, William Song, Vaskar Nath, Ziwen Han,
Sean M Hendryx, Summer Yue, and Hugh Zhang.
2024a. Planning in natural language improves llm
search for code generation. In The First Workshop
on System-2 Reasoning at Scale, NeurIPS’24.

Ruocheng Wang, Eric Zelikman, Gabriel Poesia, Yewen
Pu, Nick Haber, and Noah Goodman. 2024b. Hy-
pothesis search: Inductive reasoning with language
models. In The Telfth International Conference on
Learning Representations.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,
and 1 others. 2022. Chain-of-thought prompting elic-
its reasoning in large language models. Advances
in neural information processing systems, 35:24824—
24837.

Jiaxin Wen, Jian Guan, Hongning Wang, Wei Wu, and
Minlie Huang. 2025. Codeplan: Unlocking reason-
ing potential in large language models by scaling
code-form planning. In The Thirteenth International
Conference on Learning Representations.

Frank Wilcoxon. 1945. Individual comparisons by rank-
ing methods. Biometrics bulletin, 1(6):80-83.

Shujin Wu, Yi R. Fung, Cheng Qian, Jeonghwan Kim,
Dilek Hakkani-Tur, and Heng Ji. 2025. Aligning
LLMs with individual preferences via interaction. In
Proceedings of the 31st International Conference on
Computational Linguistics, pages 7648-7662, Abu
Dhabi, UAE. Association for Computational Linguis-
tics.

Jing Xu, Arthur Szlam, and Jason Weston. 2022. Be-
yond goldfish memory: Long-term open-domain con-
versation. In Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 5180-5197, Dublin,
Ireland. Association for Computational Linguistics.

Kai Yan, Zhan Ling, Kang Liu, Yifan Yang, Ting-Han
Fan, Lingfeng Shen, Zhengyin Du, and Jiecao Chen.
2025. Mir-bench: Benchmarking 1lm’s long-context
intelligence via many-shot in-context inductive rea-
soning. arXiv preprint arXiv:2502.09933.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chang Gao,
Chengen Huang, Chenxu Lv, Chujie Zheng, Day-
iheng Liu, Fan Zhou, Fei Huang, Feng Hu, Hao
Ge, Haoran Wei, Huan Lin, Jialong Tang, and 41
others. 2025. Qwen3 technical report. Preprint,
arXiv:2505.09388.

Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran,
Tom Griffiths, Yuan Cao, and Karthik Narasimhan.
2024. Tree of thoughts: Deliberate problem solving
with large language models. Advances in Neural
Information Processing Systems, 36.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan,
Xiaochen Zuo, Yu Yue, Tiantian Fan, Gaohong Liu,
Lingjun Liu, Xin Liu, and 1 others. 2025. Dapo:
An open-source 1lm reinforcement learning system
at scale. arXiv preprint arXiv:2503.14476.

Dan Zhang, Sining Zhoubian, Ziniu Hu, Yisong Yue,
Yuxiao Dong, and Jie Tang. 2024. Rest-mcts*: Llm
self-training via process reward guided tree search.

Advances in Neural Information Processing Systems,
37:64735-64772.

Gangyi Zhang. 2023. User-centric conversational rec-
ommendation: Adapting the need of user with large
language models. In Proceedings of the 17th ACM
Conference on Recommender Systems, RecSys *23,
page 1349-1354, New York, NY, USA. Association
for Computing Machinery.

Saizheng Zhang, Emily Dinan, Jack Urbanek, Arthur
Szlam, Douwe Kiela, and Jason Weston. 2018. Per-
sonalizing dialogue agents: I have a dog, do you have
pets too? arXiv preprint arXiv:1801.07243.

Siyan Zhao, Mingyi Hong, Yang Liu, Devamanyu Haz-
arika, and Kaixiang Lin. 2025. Do LLMs recognize
your preferences? evaluating personalized preference
following in LLMS. In The Thirteenth International
Conference on Learning Representations.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric Xing, and 1 others.
2023. Judging llm-as-a-judge with mt-bench and
chatbot arena. Advances in Neural Information Pro-
cessing Systems, 36:46595-46623.

A Experiments

A.1 Implementation details

Our training and test sets are derived from
ALIGNX, which proposes a 90-dimensional pref-
erence space (incorporating universal values, ba-
sic human needs, and prevalent interest tags). The
dataset utilizes forum interactions and human-LLM
interactions to construct 1.3 million examples, mak-
ing it currently the largest and most comprehen-
sive dataset for personalized alignment. However,
preference signals in the original user interactions
are relatively sparse, which previously hindered
effective preference inference. To address this is-
sue, we introduce a refined data construction ap-
proach. Specifically, we ensure that each target pair
is associated with at least five preference dimen-
sions, where all interaction history demonstrates
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consistent, non-neutral preference directions, while
avoiding conflicting preferences across other di-
mensions. We constructed 10,000 data entries con-
taining only “pair-wise comparative feedback™ as
interaction history, with 7,000 used for training and
3,000 for testing. When 7,000 instances are used
for cold-start training, we select 3,980 instances
for the first round and 5,278 instances for the sec-
ond round based on R(r,d) = 1. Additionally,
we constructed 3,000 entries containing only “user-
generated content” as interaction history for gener-
alization validation.

The training is conducted on 8 NVIDIA A100
GPUs using Adam optimizer (Kingma, 2014), with
DeepSpeed ZeRO-3 (Rajbhandari et al., 2020) and
Flash-attention-2 (Dao, 2023) for optimization. We
employ the following hyperparameter configura-
tion: learning rate of le-6, 50 warmup steps, 4
training epochs, and maximum prompt/generation
lengths of 8,192/2,048 tokens. During RL, we set
the mini-batch size to 128 for each step and G = 4
rollouts per prompt. For inference, we use nucleus
sampling (p = 0.95, k£ = 10) with a temperature
of 0.9 (Holtzman et al., 2020; Fan et al., 2018;
Goodfellow et al., 2014).

A.2 Benchmark details

Table 5 shows the summary of the evaluation bench-
marks.

A.3 Baseline details

We compare our approach with various baseline
methods and models. To maintain fairness, each
model is evaluated under its corresponding training
configuration.

e Directly given preference descriptions: (1)
Null: no preference description is provided to
establish a non-personalized baseline; (2) £ (raw
behavioral signals): using behavioral signals
directly as preference descriptions without in-
ference and concatenating the raw behavioral
signals to condition the model; and (3) Golden
Preference: ground-truth preference descriptions
provided by the benchmark. Note that golden
preference descriptions, while semantically accu-
rate, may not necessarily lead to optimal down-
stream personalization performance due to po-
tential gaps in model compatibility.

* Previous specialized methods for inductive
reasoning and personalization: (1) LMInduc-
tReason (Qiu et al., 2024) employs iterative hy-

pothesis refinement to enhance LLMs’ inductive
reasoning capabilities; (2) VPL (Poddar et al.,
2024) introduces latent variables to model indi-
vidual preferences; (3) EXPO (Hu et al., 2025b)
improves upon DPO by introducing an explicit
objective function, which provably avoids sub-
optimal behaviors of implicit reward modeling;
and (4) PBA (Li et al., 2025) maps behavioral
examples to structured preference scores along
predefined dimensions, then converts them to
natural language descriptions.

* Preference descriptions generated by state-
of-the-art LLMs: The LLMs range from
small-sized models including Qwen2.5-7B-
Instruct (Team, 2024) and DS-R1-Distill-Qwen-
7B (DeepSeek-Al, 2025), to large-sized mod-
els including QwQ-32B (Team, 2025), Qwen3-
32B (Yang et al., 2025), GPT-4 (Achiam et al.,
2023), and DeepSeek-R1-671B (DeepSeek-Al,
2025). These models cover both concise reason-
ing and extended reasoning patterns.

Furthermore, to verify the effectiveness of our ap-
proach, we also compare with ALIGNXPLORE-7B
w/o RL and w/o Cold-start under the base setting,
which only uses cold-start training and RL for pref-
erence inference, respectively.

For VPL (Poddar et al., 2024) and EXPO (Hu
et al., 2025b), we train 4 epochs on DeepSeek-R1-
Distill-Qwen-7B using D;;. Note that VPL em-
ploys its own specialized downstream model for
preference-guided judgment. For other baselines,
we generate roles or preferences using the corre-
sponding models and input them into Qwen?2.5-
7B-Instruct for evaluation. LMInductReason (Qiu
et al., 2024) follows the original paper’s imple-
mentation, where content generation is replaced by
Qwen2.5-7B-Instruct. After iteratively generating
rules, the final rule is provided to Qwen2.5-7B-
Instruct to generate preference selections. PBA (Li
et al., 2025) uses the method from the original
paper to extract consistent preferences from the
interaction history of each benchmark.

A.4 Length evolution

We present the changes in generation length during
the reinforcement learning process for ALIGNX-
PLORE-7B ([Rjug) and ALIGNXPLORE-7B (Rgen)
in Figure 5. As training progresses, the average gen-
eration length of the model continuously decreases.
Our analysis suggests that, due to cold-start train-
ing, although the model is guided to analyze the
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Benchmark Dimensions and #Examples In-domain
ALIGNXest 90 preference dimensions (3,000 examples in total, ~1:1 ratio for 1/| preferences) v
P-Souprs “Expertise” (1: 300, J: 300); “Informativeness” (1: 300, |: 300); “Style” (1: 300, : 300) X

Table 5: Summary of evaluation benchmarks. For preference directions, 1" and | represent preferred and non-
preferred examples, respectively, with their quantities shown in parentheses. The “In-domain” column (v//X)
indicates whether the benchmark’s preference dimensions are seen during training.

AlignXplore-7B (Rjuqd) AlignXplore-7B (Rgen)
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Figure 5: Curves of generation length for ALIGNX-
PLORE-7B with different reward functions during RL
training.
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Figure 6: The average inference latency per example
(Left) and ACC;yq score (Right) of ALIGNXPLORE-
7B on ALIGNX as behavioral signals accumulate.
Starting from 4 signals (Round=1), we add 4 new signals
in each round.

appropriate preference dimensions, it tends to repet-
itively reproduce content from the behavioral sig-
nals, with low confidence in the analysis and many
redundant and fluctuating dimensional interpreta-
tions. After reinforcement learning, the model’s
analysis direction becomes clearer. For preference
interpretation of behavioral signals, the model now
only mentions key terms that reflect preferences,
enabling it to quickly analyze and summarize user
preferences. This aligns with the analysis presented
in §4.5.

A.5 Efficiency Assessment

We assess the efficiency of our streaming mech-
anism as behavioral signals accumulate. We in-
crementally add 4 new signals per round, mea-

0.7
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s 057 el AAIE LI 0 LR Rl =T VN
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0.3 -—= AlignXplore-7B (Rjuq)

0.2 —-— AlignXplore-7B (Rgen)

’ AlignXplore-7B (Rjyq) w/o Cold-start
0 50 100 150 200

Steps

Figure 7: RL training curves with different reward func-
tions.

suring average inference time and accuracy on
ALIGNX 5. As shown in Figure 6, the base set-
ting’s latency increases significantly as it repro-
cesses the entire history, and its accuracy drops
sharply by round 4 (16 signals) due to long-context
challenges. In contrast, our streaming setting main-
tains stable inference time and consistent perfor-
mance by processing only new signals alongside
the compact historical preference summary. This
demonstrates our method’s superior efficiency and
effectiveness in handling growing user histories.

A.6 RL Dynamics under Different Reward
Functions

Figure 7 shows the RL training curves of ALIGNX-
PLORE-7B with different reward functions. The
judging-based reward Rjuq produces a steadier up-
ward trend, whereas the generation-based reward
Rygen exhibits substantially larger fluctuations. This
supports our main finding that judging-based re-
wards provide more direct and stable feedback for
preference understanding.

A.7 Robustness assessment

Table 6 shows the performance of ALIGNXPLORE-
7B on different datasets under the base setting and
streaming setting when 8 preference pairs are given
for each user and the first preference pair is re-
versed. Since the streaming inference mechanism
allows the model to refine preference descriptions
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Method Extended Setting T d ALIGN Xest P-Soups

Reasoning Informativeness Style Expertise
ALIGNXPLORE-7B v Base 8 58.17 51.66 67.67 61.17
ALIGNXPLORE-7B v Streaming 4 V 66.60 58.97 69.67 65.67

Table 6: ACCjyq of ALIGNXPLORE-7B when reversing the first preference pair of the user and keeping the later
pairs (and test pairs) consistent with the final preference. Extended Reasoning: whether the model generates
preference descriptions with extended reasoning. 7' refers to the number of examples in £ in both training and
inference. d indicates whether historical preferences are empty or not.

Model ALIGNX¢st P-SoOUPS
Qwen3-8Bn0n_thinking 59.10 62.77
Qwen3-8Bhinking 67.87 66.43
ALIGNXPLORE-8B 69.37 69.10

Table 7: ACC;yq of different models with Qwen3-8B as
the backbone.

Model VPL PBA ALIGNXPLORE
Time 2h 0.2h 4h

Table 8: Training costs of different methods.

during streaming inference of user preferences, it
demonstrates robustness and generalization when
facing inconsistent or time-varying user prefer-
ences. As a result, it consistently outperforms the
base setting on both in-domain and out-of-domain
datasets.

A.8 Analysis of different backbone models

To demonstrate the generalizability of our approach
across different backbone models, we conduct ad-
ditional experiments using Qwen3-8B (Yang et al.,
2025) with thinking mode as the backbone. Table 7
shows that ALIGNXPLORE consistently improves
performance over the backbone model under the
base setting. This demonstrates that our approach’s
effectiveness is not limited to a specific backbone
architecture but generalizes well across different
model foundations.

A.9 Computational cost analysis

We estimate the one-epoch training time for vari-
ous methods on 7,000 samples using 16 H20 GPUs.
This estimate is based on training DeepSeek-R1-
Distill-Qwen-7B for VPL and ALIGNXPLORE and
Llama-3.1-8B-Instruct for PBA (as reported in its

original paper (Li et al., 2025)). Table 8 shows the
training costs for different methods. Our method
comprises two stages: cold-start training, which
requires 0.3 hours per epoch on 16 H20 GPUs, and
reinforcement learning, which requires 3.7 hours
per epoch on the same hardware. We consider this
training time worthwhile because the two-stage ap-
proach yields significantly better results, and the
more time-consuming RL stage is crucial for en-
hancing the model’s preference inference capability.
Furthermore, Table 9 shows that the inference cost
for the two-stage model is comparable to that of the
RL-only model and significantly lower than that of
the cold-start-only model. Therefore, the two-stage
approach does not increase complexity or resource
requirements during inference.

A.10 Sensitivity of ALIGNXPLORE-7B to the
quality and diversity of D.qq

The primary role of cold-start training is to help the
model learn to analyze specific and fine-grained
preference dimensions, enabling a more systematic
analysis. The word cloud in Figure 4 for ALIGNX-
PLORE-7B w/o RL shows the emergence of specific
dimensions like “communication style” and “age
group,” which are absent before this stage. How-
ever, the main improvement in preference inference
capability comes from the reinforcement learning
(RL) stage. The ablation study in Table 1 shows
that removing RL causes a more significant perfor-
mance degradation than removing cold-start train-
ing. Specifically, ALIGNXPLORE-7B w/o Cold-
start still outperforms the base model (DeepSeek-
R1-Distill-Qwen-7B) by 8.12%, whereas ALIGNX-
PLORE-7B w/o RL shows only a 4.29% improve-
ment. This indicates that the quality of the synthetic
data is not the decisive factor for ALIGNXPLORE
performance.

Furthermore, we conduct an experiment to di-
rectly investigate ALIGNXPLORE’s sensitivity to
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Model

ALIGNXPLORE-7B ALIGNXPLORE-7B w/o Cold-start

ALIGNXPLORE-7B w/o RL

Time 157ms

100ms

230ms

Table 9: Inference costs of different stages.

the quality and diversity of the synthetic data.
To degrade the training data, we randomly se-
lect 1,000 samples and regenerate their reason-
ing chains and preferences using a much weaker
teacher model (DeepSeek-R1-Distill-Qwen-7B).
The results in Table 10 show that after cold-start
training with this lower-quality and less diverse
data, ALIGNXPLORE performs even worse than
the base model (DeepSeek-R1-Distill-Qwen-7B).
However, with subsequent reinforcement learning,
it performs far better than the base model, and its
performance drops only slightly compared to the
standard ALIGNXPLORE. This demonstrates our
method’s robustness to the quality and diversity of
the synthetic data, while also indicating that cold-
start training provides limited improvement to the
model’s preference inference ability.

A.11 Human Evaluation

We conduct a direct human evaluation of the seman-
tic quality of inferred preference descriptions on
300 randomly sampled examples from ALIGNX ¢eg.
For each example, we evaluate preference descrip-
tions generated by ALIGNXPLORE-7B Stream-
ing and DS-R1-Distill-Qwen-7B Streaming. Each
anonymized description is independently assessed
by four annotators, yielding 300 x 2 x 4 = 2,400
description-level annotations. The four annotators
were proficient in English. The annotation pro-
tocol was reviewed and approved by the relevant
institutional ethics committee. All annotators were
informed of the study purpose and the intended use
of their judgments and provided informed consent
prior to participation. Each annotator was compen-
sated $6.00 per 20 descriptions.

Annotators are shown the user’s behavioral sig-
nals together with one anonymized preference de-
scription and evaluate it along five criteria:

* Groundedness: whether the inferred prefer-
ence is supported by the observed behavioral
signals;

* Comprehensiveness: whether it captures the
key aspects of the user’s preference;

* Consistency: whether the inferred preference
is internally logical and coherent;

* Specificity: whether the preference descrip-
tion is concrete rather than generic;

» Safety: whether it avoids unsupported
sensitive-attribute inference, stereotyping, pri-
vacy leakage, or over-generalizing limited
behavioral evidence into broad personality
claims.

Each criterion is rated on a three-point ordinal
scale {0, 1, 2}, where O indicates that the criterion
is not adequately satisfied, 1 indicates partial sat-
isfaction, and 2 indicates that the criterion is well
satisfied. For each example and criterion, we first
average the ratings from the four annotators and
then average these per-example scores over the
300 examples. The overall score is the sum of the
five criterion scores and therefore ranges from 0
to 10. We measure inter-annotator reliability us-
ing Krippendorff’s « for ordinal ratings, obtaining
a=0.78.

Since the two models are evaluated on the same
300 examples, we assess statistical significance us-
ing two-sided paired Wilcoxon signed-rank tests.
For each criterion, the test is conducted over the
300 pairs of per-example scores after averaging
across the four annotators. For the overall score,
we sum the five criterion scores for each example
and apply the same paired test. We conduct six
comparisons in total and apply Bonferroni correc-
tion, corresponding to a significance threshold of
0.05/6.

As shown in Table 11, ALIGNXPLORE-7B
Streaming achieves a significantly higher overall
human-evaluation score than DS-R1-Distill-Qwen-
7B Streaming (7.93 vs. 7.11). The improvements
are statistically significant for groundedness, com-
prehensiveness, consistency, and safety, while the
difference in specificity is not significant after
multiple-comparison correction. These results com-
plement our functional model-based metrics with
direct human assessment of the inferred preference
descriptions.

16666



Model ALIGNX¢t P-SOUPS
DeepSeek-R1-Distill-Qwen-7B 57.63 51.22
ALIGNXPLORE-7B w/o RL (Low quality and diversity) 56.87 51.11
ALIGNXPLORE-7B (Low quality and diversity) 62.90 59.11
ALIGNXPLORE-7B w/o RL 61.80 55.55
ALIGNXPLORE-7B 65.33 62.61

Table 10: ACCjyq on low-quality, low-diversity data.

Criterion DS-R1-Distill-Qwen-7BStreaming ALIGNXPLORE-7BStreaming Difference Significant?
Groundedness 1.22 1.27 +0.05 Yes
Comprehensiveness 1.29 1.57 +0.28 Yes
Consistency 1.56 1.74 +0.18 Yes
Specificity 1.47 1.52 +0.05 No
Safety 1.57 1.83 +0.26 Yes
Overall 7.11 7.93 +0.82 Yes

Table 11: Human evaluation on 300 randomly sampled examples from ALIGNX. Statistical significance is
determined using two-sided paired Wilcoxon signed-rank tests with Bonferroni correction over the six reported

comparisons.

A.12 Analysis on P-SOUPS Preference
Dimensions

Figure 8 presents the preference-description word
clouds for the three dimensions of P-SOUPS: Infor-
mativeness, Style, and Expertise. Similar patterns
emerge across all three dimensions. The backbone
mainly focuses on generic surface-level character-
istics of the responses, such as “detail,” “explana-
tion,” and “choice.” After cold-start training, the
model begins to identify more structured prefer-
ence dimensions, including “communication style,”
“creativity,” “conscientiousness,” and “Big Five.
With further RL training, the inferred descriptions
become more concentrated on explicit preference
attributes, such as “brevity,” “humor,” “creativity,
and “communication style.” These results are con-
sistent with the analysis on ALIGNX e in Figure 4,
showing that the progressive refinement induced
by our two-stage training also generalizes to the
out-of-domain preference dimensions in P-SOUPS.

B
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DS-R1-Distill-Qwen-7B tends to be more general
and one-sided when analyzing preferences from
behavioral signals, which may lead to the omission
of important points during the analysis. After cold-
start training, ALIGNXPLORE-7B w/o RL provides
more comprehensive and systematic analyses of the
preference dimensions, but expressions indicating
uncertainty, such as “?” and “Not clear yet,” fre-

Case study

quently appear, along with extensive repetitions of
content from the behavioral signals, such as “User
describes facing harassment by a host due to his
identity.” After reinforcement learning, these are
replaced by more confident statements and clearer
analyses, indicating that RL significantly aids in
making inductive reasoning more precise and fo-
cused. In the streaming setting, behaviors that con-
trast with and adjust according to historical pref-
erences may emerge, such as “looking at the past
preferences,” “fits,” and “consistently.”

For non-extended-reasoning models (e.g.,
Qwen2.5-7B-Instruct), the preference descriptions
are provided directly. However, due to the
lack of reasoning processes, some unreasonable
preference descriptions emerge. In fact, during
the analysis, the model focuses more on the user’s
responses or the user’s tendencies toward different
responses, rather than focusing on the content of
the questions. However, many of the analyses
provided by Qwen2.5-7B-Instruct are based on
the content of the questions, such as “Interest in
Personal Development and Self-Improvement.”

Prompt for Case Study

A conversation between User and Assistant.
The User asks a question, and the Assis-
tant solves it. The Assistant first thinks
about the reasoning process in the mind
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and then provides the User with the answer.
The reasoning process is enclosed within
<think> </think> and answer is enclosed
within <answer> </answer> tags, respec-
tively, i.e., <think> reasoning process
here </think> <answer> answer here
</answer>.

User: You must put your answer inside
<answer> </answer> tags, i.e., <answer>
answer here </answer>.

This is the problem:

Generate the user’s preference based on
their historical behavior.

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

1. Post:
Sorry for format on mobile etc.
My girlfriend[22] and I[22] decided
to go away somewhat last minute. It's
our first trip together. We're away in
France, not far from Lille. We decided
to get an apartment on Airbnb, it was
inexpensive and so beautiful. It was
perfect.
Except, and this is the very concise ver-
sion, we show up and the host looks
surprised to see us. I speak fluent
french and my girlfriend doesn't, and
he doesn't speak any English so I held
the conversation even though she han-
dled all the booking and liaising. He
kept on asking if my girlfriend was the
one in the picture as he was expecting
the male and female in the picture. Her
picture was an old one of her and her
friend. I tried explaining this to him
and he acts as if I'm not understanding
french, my own first language, prop-
erly.
Turns out that my girlfriend had ar-
ranged for a bouquet for me which
was waiting for me in the main room.
He couldn't wrap his head around it.
He was acting somewhat civilised un-
til I saw the flowers and hugged my
girlfriend. Then he pieced it together
and started acting hostile. His tone
changed and he started laying down
impromptu ground rules like no lig-
uids near the sofa and no shoes on the
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rug and don't trash the place, return it
how you got it. All while his tone got
more and more hostile.

It's his apartment and he probably has
a key and I just feel so unsafe. I'll
get over it once I process it I'm sure
but I'm literally just starting medica-
tion for depression and anxiety and be-
ing at home is so comforting for me,
which is why I was looking forward
to getting in after travelling for what
felt like eternity. It just fucking sucks
that I can't go away with my signifi-
cant other without feeling unsafe and
vulnerable. And I feel so bad cus my
girlfriend is trying so hard to make this
the best trip and she feels bad that our
host is a homophobe even tho that's lit-
erally nothing to do with her.

Idk if this made sense I'm tired and
sleep deprived but can't bring myself
to sleep. Please send some kind gay
words so I don't feel like the only gay
in the world. Little pick me up please.

Chosen:

I live 20mins from Lille! (In Belgium
near the Belgian/French border)

I've heard before that people near the
border/north of France seem to be
more conservative.

I'm sorry this happened to you.

Rejected:
Un bon gros fdp en somme.

. Post:

So, I'm a 21yo bisexual (maybe pan-
sexual? I'm completely open to it but
haven't really met or talked to some-
one to know), living in the Chicago
area. I realized and have been out as
bisexual since I was 17. I've slept with
women, and I hate to admit it because
of the 5 I've been with, only 2 were
legitimately into girls, the rest was just
drunken young adult barsexual exper-
imenting. This is already sounding
great right? *sarcasm* Well, I've dated
my fair share of men and quite hon-
estly I'm bored. I have yet to find a
girl that there is a mutual interest. 2



or 3 girls have liked me, but I honestly
just wasn't into them in a romantic way,
and that was all they wanted, no friend-
ship. I really want to date a girl al-
ready! I have no clue how to flirt with
girls, I can never tell when I'm being
flirted with, or how to tell them I've
been out as bisexual for almost 5 years,
have never dated a girl but screwed a
bunch. Doesn't sound too good on my
end. I kind of have a crush on a bi-
sexual friend of mine and would like
to try for her, but I've tried and failed
at flirting or catching her attention in
more than a friendly way. I have no
clue what to do unless I'm in bed with
them. I have no idea how to flirt with
girls. Send help.

Chosen:

I wish I could offer some good advice,
but I'm not so good at flirting myself.
I wish you the bestest of luck.

Rejected:

I flirt like a pro and I can be smoother
than butter... But I have no idea how
to articulate the HOW aspect of it. 1
really want to help, but I'm grasping
for words here.

*code-sloth ponders a moment, as a
sloth does when stumped*

Witty banter and humor are my main
skills, which take a bit to learn for each
gal's tastes. At the very least, be gen-
uine and sincere. Whether you're a
smooth talker or as mentally coordi-
nated as a deer on ice, sincerity goes a
long way to endearment. Thoughtful,
sincere, genuine. Start there, then you
can develop your own style of flirting.
Oh! And be aware of when to shut up
or back off. That great one-liner she
lined you up for? Don't always blurt it
out. She's not reacting well to certain
things (usually dirty lines)? Cool your
jets and mellow out. It's a balancing
act, and you'll pick up on it over time.
Sometimes you won't even need to flirt
actively. Talking about a mutual sub-
ject (I love video games, for example)
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can cause the "oh, I dig this chick" feel-
ing that flirting does. I'm not above the
whole "Can this controller fit between
your boobs?" line of discussion, but
you don't have to be on your witty toes
ALL the time. Would you date a good
yet incompatible flirt or someone you
shared a common interest with? Prob-
ably the latter.

Regarding pickup lines: No. Don't use
them in serious context. Jokingly yes,
but don't play that card on the table
first.

Woah, that got a bit verbose. Sorry!

. Post:

As a 20 year old, it made me sad to see
so many of you calling yourself old!
Not that that's a bad thing. I don't think
teenage/20s years are the peak of your
life. I was having this conversation
with my ex girlfriend (yeah...I know)
the other day and she said this is a re-
ally shitty confusing time and IA. and
besides I have so many health issues,
I'm looking forward to having surgery
and stabilising and having more of a
grip on my life/mental stability in my
30's and 40's and all the years after
that.

Anyway this thread is kind of OT but
to all the 30+ ladies on here, you're
not old and even when you are you
can still be a badass. I know 70 year
olds that are kicking ass and when you
think about it they were born in the
1940's, and healthcare sucked then.
Saw a thread here asking for members
over 30...

Chosen:
Thanks, thats nice of you to say :)

Rejected:

It's cool. I'm immortal anyway. Which
reminds me, I have this sword fight I
need to get to...

*Queen Plays*

. Post:

My boss, after ghosting me for two
weeks, fired me over text this morning.
She was fine when I came out to her,



but after discovering that I'd actually
take medication to change my body,
she's hated me. I worked with kids so
she was always afraid I'd corrupt their
minds. As far as I know, parents didn't
care or know. They assumed me to be
female and their kids assumed me to
be male but otherwise it was all fine.

I guess I'll stay with my other job
and wait for them to start paying me
(still a volunteer until the fall when a
job opens up). At least I'm out there
and everyone cool with it (behavioral
health center).

Should I just stay closeted in the fu-
ture? I guess I will until I pass and
then I'd be stealth? Fired for "inability
to keep up with changes"

Chosen:

When are we going to get laws protect-
ing LGBT people from getting fired?
How come we didn't get it yet? I'm so
sorry this happened to you.

Rejected:

If your employer has not been docu-
menting these "failures," then they are
not in a good position legally. The
EEOC (equal employment opportunity
commission) is a federal agency that
investigates discrimination due to gen-
der identity. You can and should con-
test your firing; check them out online
today. You have two weeks from firing
to contest. Please do.

It's possible that nothing will come
of it, but very often, they can find
other workers who will substantiate
your manager's motives. You will have
done the right thing by putting it into
their hands.

Obviously, you have to assess your
own emotional needs before taking this
step.

Quick action is also important for un-
employment, which is the right of any
worker released for no fault of their
own. You will have to contest the fir-
ing with the unemployment office, too.
Your manager is cheating you finan-
cially.
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Keep your head up. If you choose, this
is new work, more important than any
you have done before. Your task is to
try to get justice for yourself and other
trans people. Just to try. That is more
than enough.

It's great of you to volunteer at the be-
havioral health center! I hope your
career there will be rewarding.

Assistant: <think>

Preference Generated by DS-R1-Distill-
Qwen-7B

Okay, so I need to figure out the user’s pref-
erence based on their historical behavior.
They’ve provided four examples where they
either chose or rejected comments on posts.
Let me analyze each one step by step.
First Post: The user shared a personal anec-
dote about traveling with a partner and fac-
ing a negative host due to language and cul-
tural barriers. The user felt unsafe and lost
depression and anxiety. They received a
chosen comment that was empathetic and
a rejected one that was dismissive. From
this, it seems like the user appreciates gen-
uine support and understanding, especially
in sensitive situations.

Second Post: The user identified as a bis
(or pan) and discussed dating experiences.
They felt unsuccessful and frustrated. The
chosen comment was a friendly acknowl-
edgment, while the rejected one was more
detailed but still empathetic. The user val-
ues honesty and being heard, especially in
personal and vulnerable contexts.

Third Post: The user shared about facing
termination due to their gender identity, feel-
ing misunderstood and unhelped. The cho-
sen comment was a compliment, and the
rejected comment was more informative but
still empathetic. The user seems to thrive on
positive reinforcement and feels supported
when others acknowledge their strengths.
Fourth Post: Another situation where
the user faced professional discrimination.
They were fired for being closeted and
chose a comment that expressed solidarity
and disappointment, while the rejected com-



ment provided practical steps for legal ac-
tion. The user values solidarity and stands
with others in similar situations but also
seeks practical advice.

Looking at these, the user seems to prefer
comments that are empathetic, supportive,
and acknowledge their struggles. They ap-
preciate genuine concern and positive rein-
forcement. They also seem to seek practi-
cal advice when applicable, especially in
situations where they feel discriminated or
unsafe. However, they don’t seem to appre-
ciate overly dismissive or critical comments,
even if they’re well-meaning.

So, the user’s preference is for comments
that show understanding, support, and pos-
itivity. They value empathy and practical
help when needed, but they don’t like be-
ing dismissed or told to "get over it." They
likely seek validation, reassurance, and en-
couragement in their challenging situations.
</think>

The user’s preferences are evident in their
analysis of past interactions, where they fa-
vor comments that demonstrate empathy,
support, and positivity. They appreciate gen-
uine concern and acknowledge the user’s
struggles, seeking both practical advice and
affirmation in their challenging situations.
They dislike overly dismissive or critical
comments, even if well-intentioned, and
value solidarity and encouragement. Thus,
the ideal comment for the user would be
one that shows understanding, offers sup-
port, and provides positive reinforcement or
practical advice when applicable.

Preference Generated by ALIGNX-

PLORE-7B w/o RL

Okay, let's start breaking down the informa-
tion provided here. The task is to generate
the user's preferences based on their histori-
cal interactions—specifically the comments
they've chosen versus rejected across differ-
ent social media posts. There are several
factors mentioned related to psychological
needs and communication styles mentioned
earlier, such as openness, agreeableness,
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autonomy, approach to conflict resolution,
etc., along with specific communication nu-
ances.

First, looking at each example provided:
Starting with Post #1:

User describes facing harassment by a host
due to his identity. His main issue here
seems emotional distress stemming from
societal norms affecting his identity, par-
ticularly gender-related discrimination. He
feels unsafe, uses medication for mental
health issues, seeks support, and wants vali-
dation.

He chose a response acknowledging loca-
tion near a border area (which might indi-
cate regional context?), noting potential con-
servatism elsewhere, expressing sympathy,
and thanking him. Rejected a vague remark
(un bon gros fdp en somme), suggesting
the user prefers empathetic responses rather
than dismissive ones.

So possible indicators include High
Openness (to experience/emotional in-
telligence?), Low Agreeableness since
he's upset, High Need for Autonomy—he
wants control over his situation (e.g.,
staying home, dealing with anxiety
independently?), Conflict Handling -
confrontational or avoidance? Not clear
yet.

Moving onto Post #2:

User identifies as bisexual (maybe pan),
struggling with attraction despite previous
experiences. Struggles finding authentic ro-
mantic partners beyond casual encounters.
Wants advice but feels frustrated. Chooses
a reply offering sympathy and encourage-
ment ("bestest luck"), rejects a lengthy, ver-
bose guide filled with witty tips. That sug-
gests preferring brevity over detail-heavy
solutions—maybe valuing conciseness vs
thorough explanations.

Possible clues: Low openness to complex
strategies, higher need for autonomy in han-
dling situations themselves versus relying
on external methods. Also, rejects overly
structured approaches preferring direct em-
pathy.

Third Interaction (Post#3):

User celebrates aging positively, mentions



achieving maturity, health challenges, and
future goals. Chose a simple thank-you re-
sponse instead of playful/humor-oriented
replies referencing swords/fighting. Indi-
cates seriousness regarding aging positively,
dislikes sarcasm or flippant replies.

Shows emphasis on sincerity/respectful
communication avoiding trivialization. Em-
phasizes authenticity and substance over
levity.

Fourth Scenario (Boss situation):
Emotionally impacted by losing job over
gender identity concerns. Selected compas-
sionate question about legislation protec-
tion plus sympathy (“how come?”’), whereas
the rejected comment gives legal/procedural
guidance including steps to contest via agen-
cies and unemployment offices. The user
chooses emotional expression over procedu-
ral advice. Suggests prioritizes emotional
support and communal solidarity over prac-
tical steps. Prioritizes feeling validated and
supported rather than facing bureaucracy
head-on immediately.

So here autonomy comes in — user prefers
staying informed but seeks immediate com-
fort/support rather than taking proactive
steps immediately. Maybe prefers empa-
thetic validation over practical action plans.
Now compiling these observations:
Looking at Personality Traits:

* Big-Five Openness: Lower probably.
Because they reject verbose/detailed
answers in favor of shorter/more
straightforward suggestions. Unless
the rejection is specific to inappropri-
ate content... Not sure though. Alter-
natively, openness relates to creativ-
ity/exploration—maybe limited here.

Wait, but in Post #1, the rejection of
“un bon gros fdp en somme” (which
roughly translates to ‘t*** off’) shows
aversion to crude language, preferring
respectful tone. Maybe mid-openness?
Hmm tricky.

» Agreeableness: Likely higher than av-
erage given tendency to choose com-
forting/empathic remarks over con-
frontational or sarcastic ones. How-
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* Workplace Needs:

ever, in fourth instance, the chosen
comment asks ‘how come’ implying
empathy but also acknowledges sys-
temic issues (laws?), indicating bal-
ance between supportive and critical
perspectives? Or perhaps moderate
agreeableness.

Need For Autonomy: Seems
strong—they prefer independent
solutions, resisting dependence on
others' input (as seen in second post
rejecting elaborate tips). Though
in fourth scenario, they sought help
from authorities (law/companies?) but
still chose emotional affirmation over
procedural steps. Maybe balancing au-
tonomy with seeking expert resources
selectively.

Conflict Handling Approach: From
first and fourth cases, the user reacts
strongly emotionally (anxiety, anger),
indicating avoidance of direct con-
frontation unless necessary. Preferred
responses offer reassurance rather than
addressing root causes directly. Thus
prefer indirect/empathic resolutions.

Communication Style: From ex-
amples above, the user tends to-
ward concise messages avoiding ex-
cessive details. Rejected options in-
cluded lengthy guides filled with anec-
dotes/examples. Hence leans towards
Concise/Prefer direct communication
over elaboration.

¢ Work Environment Preferences: Un-

certain yet. Third post mentions vol-
unteering positively.  Fourth talks
about employment issues. Possibly
values environments allowing flexibil-
ity and autonomy, avoiding rigid struc-
tures that led to firing. Prefers places
where boundaries respected ethically
(maybe corporate policies aligned with
LGBTQ+ rights?).

Likely values
transparent workplaces adhering to



anti-discrimination laws, thus advocat-
ing for legal protections. Also wants
safe spaces free from hostile environ-
ments (as per first story).

* Achievement Needs: In third scenario
celebrates maturity and long-term ob-
jectives (ageing positively), showing
appreciation for progress and stabil-
ity. Achievement motivation exists but
framed positively (not competitive, but
attaining inner peace/stability).

* Autonomy Needs: Strong. Avoid re-
lying on others' input (rejected tips
in #2), prefers making own decisions
guided by empathy (e.g., trusting their
instincts in dating despite uncertain-
ties). Want control over decisions, re-
duce dependency on external valida-
tion/suggestions.

e Law Awareness: Fourth scenario
acknowledges potential lack thereof
affecting workplace fairness. Sug-
gests awareness/careful consideration
regarding legislation. May value in-
formed decisions backed by legal in-
sights but balance with emotional re-
sponses.

Putting together all threads...
Finalizing categories:
Big Five:

* Low/Openness?: Since rejects com-
plex advice, leans toward simpler
expressions.  However, openness
relates to imagination/intellect—not
sure. Maybe neutral/mid-range?

¢ Moderate-High Agreeableness:
Chooses supportive tones, avoids
hostility. Empathetic nature evident
throughout choices.

Needs:

e Strong Autonomy: Prefers indepen-
dent judgment, resists external influ-
ences (rejection of structured guides
in dating, seeking validation instead of
proactive measures).

* Need for Achievement: Mixed sig-
nals—but focuses on overcoming anx-
ieties via proactive actions (getting
back mentally).

» Workplace Safety: Prioritizes envi-
ronments respectful of identities, advo-
cating policies preventing discrimina-
tion.

* Conflict Management: Prefer medi-
ating through dialogue/acknowledging
issues indirectly rather than combative
methods.

Communication Style: Concise, avoids un-
necessary elaboration. Focus on clarity and
sincerity.

Law: Shows awareness of systemic factors
impacting employment/freedom, willing to
challenge injustices but seeking respectful
dialogues.

Thus synthesizing all points into coherent
preferences...

<think>

<answer>

Based on the analyzed behaviors, the user
exhibits the following preferences derived
from their interactions:

1. Personality Traits (Big Five):

* Openness: Moderately low/high.
Prefers pragmatic solutions over
elaborate suggestions (rejects ver-
bose advice but values empathy).

* Agreeableness: High. Chooses
supportive, compassionate lan-
guage and prioritizes interper-
sonal harmony.

2. Core Psychological Needs:

* Need for Autonomy: Very pro-
nounced. Resists reliance on
external advice/influences (re-
jects complex dating tips, fa-
vors personal intuition). Seeks
self-determined pathways amidst
stress/anxiety.

* Workplace Safety: Strong ad-
vocacy for inclusive workplaces
free from bias/discrimination.



* Emotional Security Over Prag-
matism: Values emotional vali-
dation and communal solidarity
(choosing heartfelt condolences)
over pragmatic steps (legislation
guidance).

3. Social Interaction Styles:

* Directness + Empathy: Com-
municates concisely yet sincerely,
balancing honesty with sensitiv-
ity (chooses brief affirmation vs
verbose explanations/rejections).

* Avoidant Conflict Resolution:
Tends to sidestep contentious top-
ics (e.g., avoids discussing work-
place discrimination head-on ex-
cept when validating feelings).

4. Legal Awareness & Personal

Achievement:

* A conscious awareness of legal
frameworks influencing life deci-
sions (aware of EEOC protections
but leans on communal solidar-
ity).

* Personal fulfillment tied to over-
coming vulnerabilities (mental
health improvement linked to
traveling away for escape).

5. Work Environment Needs:

* Thrives in transparent, equitable
workplaces aligned with individ-
ual values (supports LGBTQ+
rights legislation advocacy).

</answer>

Preference Generated by ALIGNX-

PLORE-7B under Base Setting

Okay, let’s start breaking down these inter-
actions to figure out the user’s preferences
using the given criteria. First, looking at
each post response:

Starting with Post 1: The user chose a
comment acknowledging the situation polit-
ically ("people near the border") and show-
ing empathy. They rejected a shorter phrase
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("un bon gros fdp"). This suggests the
user values contextual analysis and empathy
rather than brevity. So maybe they prefer
deeper insights over concise replies.
Moving to Post 2: Here, they picked a sup-
portive reply emphasizing luck and sincerity
without practical advice. Rejected a verbose
explanation filled with tips. This points to-
ward preferring brevity and warmth over
extensive suggestions. Also, rejecting hu-
mor ("witty banter") implies less interest in
overtly playful solutions unless sincere.

In Post 3: Chose gratitude instead of sar-
castic remarks about immortality. Shows
appreciation for genuine thanks versus edgy
content. Emphasizes gratitude and positiv-
ity.

Lastly, Post 4: Opted for emotional sup-
port asking for societal protections vs pro-
fessional guidance steps. Indicates valuing
emotional validation first before actionable
advice. Rejects detailed procedural guid-
ance, focusing on feelings.

Putting together, the user likely prioritizes
warmth, empathy, conciseness, and avoids
overly verbose/narrative-heavy responses.
Their communication leans towards direct
yet compassionate messages, seeking con-
nection through shared experiences over
complex explanations. They might value
authenticity and emotional support above
technical details or sarcasm.

</think>

<answer>

User Preferences Analysis Based on His-
torical Behavior:

Key Traits Identified Across Selected Re-
sponses:

1. Emotional Support Over Detailed Ad-
vice: - Prefers empathetic affirmations (e.g.,
"Thanks, that's nice of you" vs lengthy
guides on legal processes).

2. Contextual Humor/Social Awareness:
- Chooses politically relevant observations
(border regions) over blunt humor ("un bon
gros fdp").

3. Direct Empathy Without Overexpla-
nation: - Selects compassionate statements
focusing on connection ("be sincere"), re-



jects verbose explanations (flirting tips, "let
me help").

4. Privacy Focus: - Avoids overly per-
sonal/critical content, opting for platonic
solidarity (volunteering at health centers,
"stealth" strategy).

Personality Traits Alignment: - Low
openness to abstract concepts (preferring
straightforward empathy). - High agreeable-
ness (prioritizing harmonious interactions).
- Strong desire for authentic communica-
tion, disliking pretentious language or per-
formative politeness.

</answer>

Preference Generated by Qwen2.5-7B-
Instruct

Based on the user’s historical behavior on
the platform, the following preferences and
tendencies can be inferred:

1. Support for LGBTQ+ Community:

* The user frequently engages with
posts and comments related to the
LGBTQ+ community, especially
regarding trans issues, relation-
ships, and personal experiences.

* They often choose to offer com-
fort, support, and validation
to others going through similar
struggles, showing empathy and
a supportive nature.

2. Interest in Personal Development
and Self-Improvement:

* The user seeks advice and guid-
ance on personal issues such as
dealing with ex-partners, coming
out, and navigating family and so-
cial relationships.

* They are open to receiving and
giving advice, showing a willing-
ness to engage in meaningful con-
versations that can help others.

3. Emotional Support:

* The user often chooses comments
that provide emotional support,
validation, and encouragement.
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They appreciate kind words and
genuine responses.

* They tend to avoid confronta-
tional or dismissive comments,
preferring to offer understanding
and empathy.

4. Sensitivity to Pronouns and Gender
Issues:

* The user demonstrates sensitiv-
ity to pronoun usage and gen-
der issues, often choosing com-
ments that reflect understanding
and support for trans individuals.

* They are likely to be aware of
and respectful of different gender
identities and pronouns.

9]

. Struggle with Intimacy and Rela-
tionships:

* The user frequently mentions dif-
ficulties with intimacy, relation-
ships, and sexual experiences, in-
dicating a need for support and
guidance in these areas.

* They seem to be seeking valida-
tion and advice on how to navi-
gate relationships, both romantic
and platonic.

6. Interest in Sexual Health and Con-
sent:

* The user shows an interest in sex-
ual health and consent, discussing
sensitive topics such as sexual ex-
periences and boundaries.

* They value explicit and honest
communication in relationships,
showing a preference for clear
and respectful interactions.

Based on these preferences and tendencies,
it can be inferred that the user values emo-
tional support, empathy, and genuine ad-
vice in their interactions. They are likely to
appreciate content that is respectful, under-
standing, and supportive of their struggles,
especially in relation to personal relation-
ships, gender issues, and sexual health.



Preference Generated by ALIGNX-
PLORE-7B under the Streaming Setting

Okay, let me start breaking this down. The
task is to generate the user’s preferences
based on their selected versus rejected com-
ments across these four posts. First, I need
to analyze each post individually, noting
why the chosen response stands out com-
pared to the ones they dismissed.

Starting with Post 1: Here, the author talks
about dealing with a homophobic host and
feeling unsafe. Their chosen comment is
brief—mentioning living nearby and point-
ing towards regional attitudes without much
emotional support. Rejected was “Un bon
gros fdp en somme.” Hmm, maybe the
rejection indicates preferring shorter re-
sponses instead of longer French phrases.
Also, the chosen comment shows under-
standing via location-related insight rather
than direct empathy.

Moving to Post 2: A bisexual guy strug-
gling with dating. Chosen reply offers sym-
pathy (“bestest”) briefly, whereas the longer,
detailed rejection includes advice and hu-
mor. Maybe shorter responses resonate bet-
ter, avoiding verbose explanations. Or per-
haps the user prefers conciseness despite
the topic complexity.

Third Post discusses aging positively. Se-
lected reaction is simple gratitude, rejected
uses dark humor (“immortal”). Choosing
the simple thank-you suggests preferring
straightforward replies over sarcastic takes.
Fourth Post involves workplace discrimina-
tion. User picked a brief complaint asking
for legal protections, rejecting a practical
legal guide filled with steps. Again, shorter,
emotional statements preferred over infor-
mative/detailed guidance.

Looking at patterns:

* Conciseness: All chosen replies are
shorter, direct messages. Reject longer,
helpful options.

* Empathy Focus: Chosen responses
often show shared experiences (e.g., lo-
cation note implying regional bias) or
brief solidarity, not offering solutions.

* Avoidance of Sarcasm/Judgment:
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Some rejected answers use dark humor
or harsh tones.

* Short sentences preferred over lengthy
ones except when necessary.

Personality-wise, maybe high agreeable-
ness (preferring compassionate responses),
low openness to complex advice. Prefers
brevity over detail, dislikes long form sug-
gestions. Emotionally, seeks empathetic val-
idation quickly rather than getting bogged
down in practicalities.

So summarizing: Preferences lean towards
succinct, empathetic communication avoid-
ing unnecessary elaboration. Prefer concise
replies highlighting common issues rather
than deep analysis. Dislikes lengthy guid-
ance or sarcasm, gravitates toward brief af-
firmations.

</think>

<answer>

User favors concise, emotionally attuned
responses over elaborate or directive ones.
Key preferences include:

1. Brevity: Chooses shorter, punchier
remarks (e.g., “I live 20 mins...”,
“Thanks!”) over lengthier explana-
tions.

2. Empathy Over Detail: Prioritizes re-
latable context (regional bias, shared
struggles) rather than offering struc-
tured solutions.

3. Avoidance of Sarcasm/Judgment:
Rejected responses contained irony or
negativity (dark humor, legal jargon-
heavy advice).

4. Need for Quick Validation: Prefers
brief affirmations (“Thanks”, “Sorry”)
over prolonged discussions.

These preferences suggest a tendency for
concise communication, valuing immedi-
acy and vulnerability, while shunning com-
plexity or prolonged guidance.

</answer>



Prompt for Updating the 4 Behavior Sig-
nals under the Streaming Setting

A conversation between User and Assistant.
The User asks a question, and the Assis-
tant solves it. The Assistant first thinks
about the reasoning process in the mind
and then provides the User with the answer.
The reasoning process is enclosed within
<think> </think> and answer is enclosed
within <answer> </answer> tags, respec-
tively, i.e., <think> reasoning process here
</think> <answer> answer here </answer>.
User: You must put your answer inside <an-
swer> </answer> tags, i.e., <answer> an-
swer here </answer>.

This is the problem: Summarize user prefer-
ences based on their behavior. If past pref-
erences are provided, adjust the preferences
by combining past preferences with those
reflected in current behavior, removing con-
flicting parts, and integrating new insights.
If no past preferences are provided, derive
the final preferences solely from user behav-
ior.

Past Preferences:

User favors concise, emotionally attuned
responses over elaborate or directive ones.
Key preferences include:

1. Brevity: Chooses shorter, punchier
remarks (e.g., “I live 20 mins...”,
“Thanks!”) over lengthier explana-
tions.

2. Empathy Over Detail: Prioritizes re-
latable context (regional bias, shared
struggles) rather than offering struc-
tured solutions.

3. Avoidance of Sarcasm/Judgment:
Rejected responses contained irony or
negativity (dark humor, legal jargon-
heavy advice).

4. Need for Quick Validation: Prefers
brief affirmations (“Thanks”, “Sorry”)
over prolonged discussions.

These preferences suggest a tendency for
concise communication, valuing immedi-
acy and vulnerability, while shunning com-
plexity or prolonged guidance.
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This person has chosen or rejected com-
ments on some posts:

1. Post: This is just a vent and, of course,
it’s not directed to my lovely spouse,
since she’s supportive and great. Still,
it bothers me so much that people have
such a hard time respecting my pro-
nouns, yet as soon as she came out,
everybody started using her name and
pronouns correctly (she’s MtF). We’re
both at the same stage in our transi-
tions (pre-everything) and when she
came out, I could see the immedi-
ate change in her friends. She only
found out later in life that she’s trans,
while I've been struggling with it my
whole life. It’s as if just because I
was AFAB, my transition somehow
has to be taken less seriously. I don’t
know, maybe I’'m exaggerating. I’'m
just pretty bummed, mates. My pro-
nouns hardly get respected, yet every-
one respects my wife’s.

Chosen: Dealing with the exact same,
actually. Literally the same. Down to
the last letter. Sorry brother.

Rejected: I always seek solace in the
fact that those who misgender me are
going to look absolutely dumb one
day.

2. Post: she said she is gonna support
me if i think im trans (in her words)
for much longer, but said im not al-
lowed a haircut because i will hate my-
self more apparently. how the fuck
do i even react to this? she makes
these random suggestions based off
of her own knowledge rather than fact
and wont let me correct her. she said
i never shower signs of when i was
younger, but i did, she just never no-
ticed it. i dont know what to do. i came
out to my mum and she said im going
through a phase.

Chosen: mine said to my father "you
know how SHE is, SHE was just vent-
ing" when I came out to them. you
know what’s good for you, nobody else



does. she just needs time to understand
it. hold on bro

Rejected: Go get your hair cut anyway.
Any friends can bring you?

. Post: So I am bi. Have always been
more attracted to women than men.
Sometimes I wonder am I gay? Who
knows. Iil figure it out. Some back-
ground about me: I havent been able
to meet a woman to date long term.
I have mostly only hooked up with
women one night stand style, or friends
with benefits. I can easily meet men,
but I always meet women simultane-
ously. Any guy I am with has to be
100% ok with that. The women I
have really really crushed on or fell
in love with either moved away or just
dropped off the face of the earth and
stopped answering my calls. (the rea-
son for this back story is because I
think I would have figured out an an-
swer to my question if I had had a
long term gf.) I met a woman the a
few weeks ago and we hit it off. I
didnf want to have sex with her right
away, even though I could tell she was
hinting toward it. I wanted to have a
chance to explain to her what I enjoy
and have a mutually pleasurable expe-
rience. I told her I had to end the night
and that I would like to have dinner
with her in a few days. We had din-
ner, drinks, more drinks, and by this
time we were both pretty tipsy and I
felt comfortable enough to flirt and tell
her that if we ever got together that
I need a lot of warm up. I thought
I was pretty clear in explaining that
I have a VERY sensitive clit, but we
got back to my place and I kissed her,
and and then all of a sudden, she is
violently mashing my vulva with her
face and aggressively fingering me. I
just kind of ended it because I said I
had too much to drink. I wasnf enjoy-
ing it at all and I felt a little violated
after I specifically told her the parame-
ters of my body. So. Heres the thing!
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This happens to me. A lot. I dont
really understand why. Even with a
disclaimer of "I need to warm up with
lots of touching and kissing and teas-
ing and I need a feather light touch to
get me going." Do I have the most sen-
sitive clit ever had on a womans$ body?
Is it more common to just mash the
vulva around and suck on a clit with
full force? Do most women enjoy just
one kiss and then straight to deep ag-
gressive fingering?

Chosen: Not alone. Im not fond
of direct touching on my clit, Id
rather someone rub it through the folds
around it. Ive had girlfriends who have
consistently ignored this, went straight
for the clit every time, and then got
pissed when I just squirm around un-
comfortable while theyfe giving me, in
their opinion, the best sex ever.

Rejected: No, you sound totally nor-
mal. Your problem isnf sensitivity, its
that youfe not being assertive enough.
Instead of saying "oh, I had too much
to drink lets stop”, you need to tell your
partner "hey, that§ way too fast/too
hard. You need to slow down." Dont
even take your panties off if youfe not
ready for that, just tell her "not yet,
kiss me here", etc. If she gets mad or
refuses to listen, end it there (but donf
lie about the reason).

. Post: A little rant. My dad said that to

me recently. I came out to him like 2
years ago. He said he was ok with me
being gay after a week of not talking
to me after I came out to him. What
Ith wondering is how hed feel when Id
get a girlfriend (I never had dated yet.
I just turned 19 in September). Would
having a girlfriend be too shove-y for
him? I dont know. I wish he could just
tell me straight up that he isnf really
that accepting. He is a conservative
so I guess I shouldnf be surprised. A
lot of people since 1gbt started becom-
ing more accepting have said stuff like
that a lot. What are youfe experiences



when it comes to people who say these
types of phrases and how do you feel
about it? [Rant] "Im ok with gay peo-
ple ... Just donf shove it in my face"

Chosen: When I came out, everyone
but one sister "accepted me." Now, ev-
ery single family member has blocked
me on Facebook, except my two gay
uncles. One sister-in-law has com-
pletely cut me out to the point of not
allowing me near their children, only
exception being family events like my
momS§ recent birthday. Saddest part
was when my little 4-year-old nephew
asked me, "why havenf I seen you in
so long???" I had to change the subject
while fighting back tears. Thank god
for my gay uncles. Ih going to make
a point to visit them ASAP. *hugs* for
everyone going through similar rough
patches with toxic people.

Rejected: I hate people like that. Its
just a bullshit double standard. Het-
erosexuals *constantly* do the same
things that, when done by gay couples,
are "shoving it in the face," and no-
body even blinks. Can you imagine
the shitstorm that would go down if
even half of LGB people started telling
straight people to stop shoving it in
our faces whenever they did things like
hold hands in public?

Assistant: <think>

Preference Generated by ALIGNX-
PLORE-7B after Updating the 4 Behavior
Signals under the Streaming Setting

Okay, so I need to summarize the user’s
preferences using the given framework.
Let’s see... First, looking at the past prefer-
ences:

They prefer concise, empathetic responses
avoiding sarcasm or judgment. They value
quick validation without long explanations.
So, their communication style leans towards
brief and heartfelt messages rather than
lengthy ones.

Looking at the examples provided:
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In Post 1, the user chose a response that em-
pathizes (“dealing with the same...”), which
fits brevity and shared struggle. Rejected
the sarcastic comment which uses dark hu-
mor.

For Post 2, the selected reply offers comfort
and practical advice (“nobody needs to rush
understanding””) whereas the rejected option
suggests a humorous question, perhaps seen
as dismissive.

On Post 3, the preferred reaction validates
the experience (mentioning discomfort with
direct contact) without giving specific ad-
vice. The rejected suggestion pushes active
correction, which might feel abrupt.
Lastly, in Post 4, the accepted message
shares personal relatable pain succinctly,
whereas the rejected one introduces a
broader critique which could extend beyond
the immediate situation.

So overall, the user prefers responses that
acknowledge shared feelings, validate their
situation, and avoid pushing solutions or
jokes. They avoid anything sarcastic or
overly directive. Their needs align with
concise empathy, avoiding negativity, and
seeking immediate connection.

<think>

<answer>

The user consistently favors concise, emo-
tionally resonant statements that validate
shared experiences and foster vulnerability,
shunning humor, sarcasm, or prescriptive
advice. Key traits observed include:

1. Brevity: Selects brief, relatable anec-
dotes (e.g., “Same situation”). Rejects
verbose/detailed suggestions.

2. Empathy-driven validation: Chooses
responses acknowledging pain (e.g.,
“Saddest part was when my little 4-
year-old nephew...”) instead of ana-
lytical critiques.

3. Avoidance of judgment/negative
framing: Dismisses sarcastic remarks
(“dumb”), ironic questions, or framing
problems as moral failures.

4. Value for brevity: Prefers unadorned



affirmations (“Thanks!”’) over elabo-
rated guidance.

These choices reflect a preference for empa-
thetic, unstructured solidarity over struc-
tured problem-solving, emphasizing imme-
diacy and emotional authenticity in commu-
nication.

</answer>

Data format and prompt

Evaluation Prompt

Determine which response the user prefers
based on the user's preferences. Please out-
put your selection below in JSON format by
filling in the placeholders in []:

{"selection”: "[Response A / Response B]"}

Prompt

It is just recently that I realized I have no
idea what the job market for chemists looks
like, although I am a chemistry student.
Could someone shed some light on that?
Also, which of those bring in the most
money?

Chemistry jobs?

Preference

This person’s persona is:

This person likes science, knowledge.
An aspiring chemistry professional who
values optimism and factual information,
preferring to gather insights from collec-
tive experiences rather than individual
anecdotes. This person is proactive in
seeking career guidance and appreciates
straightforward, encouraging responses.

Response A

I just had a job interview with a private
analytical company a week ago. They were
small and privately owned. You could have
considered it an entry level position. They
weren’t expecting anyone to be FULLY
trained in their analytical methods, which
were not very common. I found out after |
DIDN’T get the job that I had to compete
with two Ph.D.s and a ton of other people.
I’m fresh out of undergrad. Twas my first
job interview and I am glad I had the
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experience of getting that for the next few
job interview experiences I have possible
coming up, but wow, I was getting screened
for that job while two other doctorate
fellows were also totally into it.

Response B

I think the people in this thread are a bit
pessimistic. Someone did a salary thread
a few weeks ago and it didn’t look bad at
all. One thing a prof mentioned to me is
that companies pretty much will not hire
someone without lab experience as other
people have mentioned.

{"selection"”: "Response B"}

Prompt
{prompt}

Preference
{persona}

Response A
{responseA}

Response B
{responseB }

Prompt for Generating Reasoning
Chains and Preference Descriptions
under Base Setting

Generate the user’s preference based on
their historical behavior.

The following aspects can be referred to
when analyzing user preferences.

{key preference dimensions }

This person has chosen or rejected com-
ments on some posts:
{implicit preference signals}

Prompt for Generating Reasoning
Chains and Preference Descriptions
under Streaming Setting

Summarize user preferences based on their
behavior. If past preferences are provided,
adjust the preferences by combining past
preferences with those reflected in current



behavior, removing conflicting parts, and
integrating new insights. If no past prefer-
ences are provided, derive the final prefer-
ences solely from user behavior.

The following aspects can be referred to
when analyzing user preferences.

{key preference dimensions}

Past Preferences:
{past preferences }

This person has chosen or rejected com-
ments on some posts:
{implicit preference signals}

C Use of LLMs

We use LLMs for two purposes. First, we use
LLMs to generate cold-start training data, which
serves as a high-quality alternative when manual an-
notation is prohibitively expensive (our method is
detailed in §3.3 and Appendix B). Second, we use
LLMs for online evaluation to assess the quality of
model-generated responses. This approach, using
GPT-4 judgments as a proxy for human evaluation,
is a widely adopted practice. It is supported by
benchmarks like AlpacaEval (Dubois et al., 2024),
which report high agreement with human annota-
tions, and has been successfully employed in nu-
merous influential studies on preference learning
and model alignment (Liu et al., 2023; Gu et al.,
2024). The specific prompt for this evaluation is
provided in Appendix B.
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