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Abstract

Large language model (LLM) personalization
aims to generate responses that align with indi-
vidual user preferences, making accurate pref-
erence inference critical. In practice, user-LLM
interaction histories naturally contain rich pref-
erence signals. However, extracting prefer-
ences from these histories remains underex-
plored and challenging: the history can be
long and noisy, preferences may evolve over
time, and preferences may vary across situa-
tions even within the same topic. To address
these challenges, we develop PREFINFER, a
model that accurately infers user preferences
from the user’s interaction history with an LLM.
Specifically, we introduce PREFMINE, an au-
tomated data construction method that synthe-
sizes high-quality preference inference data,
where each sample includes a synthetic inter-
action history, a current user request, and the
user’s preference for the current request, and
construct PREFMINE-15K for training PRE-
FINFER. Experiments show that PREFINFER
achieves advanced performance on preference
inference, and the preferences inferred by PRE-
FINFER effectively guide LLMs to generate
responses better aligned with user preferences.
We conduct thorough ablation studies on the
key design choices of PREFMINE, validating
their effectiveness. We have released the code,
data, and models to facilitate further research1.

1 Introduction

Large Language Models (LLMs) have become a
core technology in modern conversational AI sys-
tems (OpenAI et al., 2024a). In these systems, an
important capability is personalization (Jang et al.,
2024; Chen et al., 2025; Guan et al., 2025), where
LLMs generate responses that are not only helpful
and accurate, but also aligned with users’ individual

*Equal contribution.
†Corresponding author: xubin@tsinghua.edu.cn
1https://github.com/THU-KEG/PREFINFER

Figure 1: Overview of the preference inference task
with a simplified example.

preferences, e.g., formatting style. This capability
improves user satisfaction for each interaction and
provides a better user experience.

A critical prerequisite for LLM personalization
is correctly inferring user preferences. In prac-
tice, a user’s interaction history with an LLM con-
tains rich preference signals and thus provides an
important source for preference inference. How-
ever, identifying preferences relevant to a current
request from such history remains underexplored
and challenging (Kim et al., 2025; Zhao et al.,
2025a; Nie et al., 2026). The history can be long
and noisy, user preferences may evolve over time,
and request-relevant preferences are often highly
situation-dependent, varying across different situ-
ations even for the same topic. For example, the
style of an email may vary depending on whether
it is addressed to a friend or an academic advisor.

To address these challenges, we develop PRE-
FINFER, a model that infers request-relevant user
preferences from past user-LLM interactions. The
inferred preferences are then used to guide down-
stream LLMs toward responses better aligned with
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the user, as illustrated in Figure 1. A straightfor-
ward way to train such a model is to construct
supervised data by collecting real user-LLM in-
teraction histories and manually annotating the
request-relevant preferences. However, real inter-
action histories are often long and noisy, making
this process costly and difficult to scale. We there-
fore design PREFMINE, a fully automated synthetic
data construction method for generating training
instances. The design of PREFMINE is guided by
three key challenges of preference inference. First,
to capture situation-dependent preferences, we syn-
thesize relevant interaction sessions and a corre-
sponding current request, together with same-topic
sessions in different situations where the applicable
preferences may differ. Second, to model prefer-
ence evolution, we include earlier sessions with the
same topic and situation but outdated preferences,
requiring the model to identify the most recent ap-
plicable preference. Third, to simulate long and
noisy histories, we sample unrelated real user-LLM
sessions as noise in the interaction history. Each
training instance pairs the interaction history with
a current request and the corresponding request-
relevant preference. This process yields 10,000 in-
stances. We further add 4,000 instances to improve
robustness to negatively expressed preferences and
non-mainstream preferences. While these 14,000
instances are within 8,192 tokens, we additionally
construct two long-context subsets, each contain-
ing 500 instances, with context-length budgets of
65,536 and 131,072 tokens, respectively. Together,
these instances form PREFMINE-15K.

We apply supervised fine-tuning (SFT) (Ouyang
et al., 2022) with LoRA (Hu et al., 2022) to
Qwen3-4B-Instruct-2507 (Qwen Team, 2025) on
PREFMINE-15K to obtain PREFINFER. Experi-
ments show that PREFINFER achieves advanced
performance on preference inference, and the pref-
erences inferred by PREFINFER effectively guide
LLMs to generate responses better aligned with
user preferences. Moreover, our method general-
izes well to implicit preference types not explicitly
constructed in our training data, and remains ef-
fective on user-LLM interaction histories of up to
approximately 103k tokens.

We conduct ablation studies on the key design
choices of PREFMINE, validating their effective-
ness. The same-topic sessions situated in different
situations improve situation-dependent preference
inference, while earlier sessions with outdated pref-
erences mainly benefit changing preference cases.

Negation augmentation substantially improves per-
formance across preference types, and long-context
training data brings larger gains as test histories be-
come longer, especially for implicit preferences.

In summary, our contributions are threefold:
(1) We propose PREFMINE, an automated and
annotation-free method for constructing preference
inference data. (2) Using this method, we construct
PREFMINE-15K to train PREFINFER, a model spe-
cialized for request-relevant preference inference
from user-LLM interaction history. (3) We show
that the preferences inferred by PREFINFER ef-
fectively guide LLMs to generate responses better
aligned with user preferences.

2 Method

2.1 Preliminary

In this paper, we focus on inferring user prefer-
ences from user–LLM interaction histories. Let
H = {s1, . . . , sn} denote a user’s interaction his-
tory with an LLM, where each session si contains
one or more turns of user–LLM dialogue, and let
q denote the user’s current request. Given (H, q),
the task is to infer a preference description p that is
both implied by the history and relevant to the cur-
rent request. Here, p is a concise natural-language
statement capturing the request-relevant user pref-
erence, e.g., “Prefer traditional methods and avoid
external dependencies.” Accurately inferred pref-
erences can guide the generation of user-preferred
responses and further be stored as external memo-
ries for retrieval, advancing LLM personalization.

2.2 Overview of PREFMINE

We design a fully automated pipeline, namely
PREFMINE, that uses an LLM to synthesize interac-
tion histories, user queries, and the corresponding
preferences. PREFMINE mainly proceeds in two
stages. First, we describe the core pipeline, which
generates preference-grounded (H, q, p) instances
from seed topics (§ 2.3): given a seed topic, we first
synthesize a user preference p, then generate an in-
teraction history H conditioned on both the topic
and p. This preference-first design ensures that the
resulting histories faithfully reflect the target pref-
erence without requiring manual annotation. Then,
we enrich the interaction histories to capture the
realistic challenges of preference inference (§ 2.4),
including negation and long-context augmentation.
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Figure 2: Overview of the training data construction method PREFMINE.

2.3 Core Pipeline of PREFMINE

Data Design To provide request-relevant prefer-
ence signals while reflecting the key challenges of
preference inference, we design each interaction
history H to consist of 8 sessions drawn from three
types: (1) core sessions, which are directly relevant
to q and reveal p; (2) strong distractors, which are
on the same topic as the core sessions but either cor-
respond to different situations or express outdated
preferences, thereby targeting situation-dependent
preferences and preference evolution; and (3) weak
distractors, which are sampled from unrelated real
user-LLM interactions to simulate long and noisy
histories. Figure 2 gives an overview of the au-
tomated construction method. We use GPT-OSS-
120B (OpenAI et al., 2025) to automatically con-
struct topic, situations and their corresponding pref-
erences, and to generate core sessions and strong
distractors conditioned on the topic, situations,
and preferences. Specifically, q is generated to-
gether with the core sessions.

Topic and Situation Construction We sample
initial user requests from the Gen subset of Infinity-
Instruct (Li et al., 2025a), filter potentially toxic
content using LLaMA-Guard-3-8B (Grattafiori
et al., 2024), and map each request to a conver-
sation topic. Given a topic, we randomly select one
situation dimension from time, location, group, and
activity. The LLM then generates 3–5 situations
by varying the selected dimension. One situation
is designated as the core situation, while the others

serve as distractor situations.

Preference Candidate Generation For each sit-
uation, we generate two preference candidates.
Candidate 1 is constructed to support situation-
dependent conflicts: the core situation receives a
preference A, while distractor situations receive
the opposite preference ¬A. Candidate 2 is an
additional preference distinct from Candidate 1,
generated conditioned on the situation. This gives
each situation two possible preferences and allows
us to instantiate different interaction history types.
More details are provided in Appendix A.1.

Interaction History Type Sampling This step
determines the preference assigned to each situa-
tion. To reflect the situation-dependent and evolv-
ing nature of user preferences, we sample one of
three interaction history types with equal proba-
bility for each training instance: Normal, where
each situation uses its own preference candidate 2;
Preference Conflict, where the core situation uses
its own candidate 1, one distractor situation is ran-
domly selected to use its own candidate 1, and the
remaining distractor situations randomly use either
their own candidate 1 or their own candidate 2; and
Preference Evolution, where the core situation is
split into two stages: before evolution, it follows
the opposite preference ¬A; after evolution, it fol-
lows A. In this type, all distractor situations use
their own preference candidate 2.

Session Generation For the core situation, we
generate 1–2 sessions as core sessions. For strong
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distractors, we first sample the total number of
strong distractors from 1 to 6, and then distribute
these sessions across distractor situations using
multinomial sampling. Some distractor situations
may receive no sessions under this sampling pro-
cess. Each generated session is a 2–8 turn feedback
dialogue under the specified topic and situation,
where the user iteratively provides feedback to re-
fine the assistant’s response toward the preference.
We require each session to cover all aspects of
its assigned preference and terminate it once the
user expresses satisfaction. For the core situation,
we additionally generate a current request q con-
sistent with the same topic and situation. Weak
distractors are randomly sampled, as detailed in
Appendix A.2.

Instance Construction We place the generated
core sessions and strong distractors into 8 session
slots, ensuring that all evolved sessions appear after
the corresponding outdated sessions in evolution
cases. The remaining slots are filled with randomly
sampled weak distractors. We filter out samples
longer than 8,192 tokens, resulting in 10,000 train-
ing instances that form PREFMINE-10K.

2.4 Scaling to Realistic Histories
The core pipeline (§ 2.3) produces high-quality
preference-grounded (H, q, p) instances, yet a gap
still remains between synthesized and real interac-
tion histories. To characterize this gap, we sample
and analyze 50 conversation histories from Wild-
Chat (Zhao et al., 2024) and identify two salient
properties of real-world histories that pose chal-
lenges for preference inference: (1) Long: real
histories can span tens of thousands of tokens,
substantially increasing the difficulty of prefer-
ence inference; (2) Entangled preference signals:
users express not only what they prefer but also
what they dislike that may mislead inference. To
close this gap, we design two enrichment modules:
negation augmentation, which injects preference-
confounding signals, and long-context augmenta-
tion, which scales histories to realistic lengths.

Negation Augmentation Models should account
for users’ dislikes in order to avoid responses that
conflict with their explicitly stated negative pref-
erences. However, prior studies have shown that
language models often exhibit limited sensitivity to
negation (Kassner and Schütze, 2020; Rezaei and
Blanco, 2025). To improve robustness to negation,
we add a training subset PREFMINE-neg. Each

instance contains 1 core session and 7 weak distrac-
tors, with a total length at most 8,192 tokens.

We construct 3,000 feedback-based instances.
Each instance is defined by a request and two con-
trasting preferences: a major preference that is
more mainstream or commonly preferred, and a
minor preference that is a non-mainstream alterna-
tive. The core session is a short feedback dialogue,
where the user first issues a request, the assistant
provides a response, and the user then gives feed-
back. The feedback either explicitly favors the
minor preference while disfavoring the major pref-
erence, or only expresses dissatisfaction with the
major preference. The target preference is directly
derived from the user’s feedback, rather than in-
ferred by comparing candidate options. We further
construct 1,000 instances where the user directly
expresses preferences in an utterance through a
negative form. To vary the strength of preference
signals, we include both strong lexical cues, such
as prefer and avoid, and weaker or more implicit
expressions, such as find ... a bit uninteresting
and will go for. Detailed statistics are presented in
Table 7.

Long-Context Augmentation In real-world ap-
plications, dialogue histories can be substantially
long, yet prior studies have shown that LLMs
often struggle to effectively process and utilize
long-context inputs (Liu et al., 2024; Bai et al.,
2024). To improve long-context performance, we
add two 500-instance subsets with token budgets
of 65,536 and 131,072. We denote these subsets as
Long-64k and Long-128k. Details are provided in
Appendix A.3. We then combine these instances
with PREFMINE-neg and PREFMINE-10K to form
the final PREFMINE-15K. We manually inspected
approximately 50 samples and found little noise.
Detailed data quality evaluations are provided in
Section A.5. The statistics of the training set are
shown in Table 8. We additionally conduct a data
contamination check and find negligible overlap
with the evaluation data. Details are provided in
Appendix A.4.

2.5 Model Training

We train PREFINFER using SFT (Ouyang et al.,
2022) with LoRA (Hu et al., 2022) on the Qwen3-
4B-Instruct-2507 (Qwen Team, 2025) backbone.
The model is trained for 2 epochs with a learn-
ing rate of 5 × 10−6 and a global batch size of 8
on NVIDIA A800 GPUs. Details are provided in
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Method P R F1

Qwen3-4B-Instruct-2507 41.47 54.15 46.97
DeepSeek-V3.2 47.81 64.33 54.85
Qwen3.5-35B-A3B 46.70 63.77 53.92
PREFINFER (ours) 68.12 67.52 67.82

+ Retrieval 37.67 47.67 41.28

Table 1: Direct Inference results on CUPID. We report
precision (P), recall (R), and F1 on the full set. Retrieval
uses Qwen3.5-35B-A3B as the inference model. The
highest scores are in bold and the second highest are
underlined.

Appendix B.3.

3 Experiments

3.1 Experimental Setup

Evaluation Settings We evaluate our method
from two perspectives: whether models can ac-
curately infer request-relevant preferences, and
whether the inferred preferences can effectively
guide LLMs to generate responses better aligned
with user preferences. This leads to three evalu-
ation settings: (1) Direct Inference. Given the
interaction history H and the current request q, the
goal is to infer the user preference p relevant to q.
(2) Classification. Given (H, q) and four candi-
date responses, the goal is to select the response
that best aligns with the user’s preference. (3) Gen-
eration. Given (H, q), the goal is to provide an
answer that aligns with the user’s preference.

Compared Methods We compare the follow-
ing methods across three settings: (1) Full-
History. We evaluate three strong LLMs: Qwen3-
4B-Instruct-2507 (Qwen Team, 2025), Qwen3.5-
35B-A3B (Qwen Team, 2026), and DeepSeek-
V3.2 (DeepSeek-AI et al., 2025). For all settings,
the model is given the full interaction history H
together with the current request q as input. (2)
Retrieval-Based. For each current request q, we
retrieve the top-10 utterances in H that are most se-
mantically similar to q. For all settings, we concate-
nate the retrieved utterances in chronological order
with the current request q and provide the resulting
input to Qwen3.5-35B-A3B, a strong model among
the full-history baselines. (3) Memory-Based
Methods. PersonaVLM (Nie et al., 2026) main-
tains a user-centric memory database and retrieves
relevant memories to support Classification and
Generation. SeCom (Pan et al., 2025) constructs
segment-level conversational memories through

dialogue segmentation and compression, and re-
trieves request-relevant memories for downstream
personalization. (4) PPOpt. PPOpt (Ma et al.,
2026) leverages the interaction history to rewrite
the current request into an optimized prompt for
personalized response generation. For Classifi-
cation and Generation, the optimized prompt is
provided to the downstream LLM in place of the
original interaction history. (5) Ours. For Direct
Inference, we evaluate PREFINFER directly on
(H, q). For Classification and Generation, we
first use PREFINFER to infer p from (H, q), and
then evaluate the three general LLMs using (p, q)
as input. (6) Two-Stage Prompting. We replace
PREFINFER in our two-stage pipeline with the
downstream LLM itself. This verifies that the gains
of our method do not merely come from decom-
posing the task into two stages, but from PREFIN-
FER’s stronger preference inference ability. De-
tailed implementation settings are provided in Ap-
pendix B.2.

Evaluation Datasets We evaluate our method
on two public datasets: CUPID (Kim et al., 2025)
and PrefEval (Zhao et al., 2025a). CUPID sup-
ports both Direct Inference and Generation set-
tings, assessing whether models can identify the
preference relevant to a current request by distin-
guishing which prior interaction contexts are appli-
cable. Its prior interaction histories average 8,186.7
tokens per instance. It contains three subsets: Con-
sistent, Contrastive, and Changing, which evalu-
ate aligned evidence, conflicting cross-context ev-
idence, and within-context preference shifts, re-
spectively. PrefEval evaluates preference follow-
ing under long dialogue histories through both
Classification and Generation. It inserts varying
amounts of irrelevant dialogue context between the
preference-revealing conversation and the current
request. We use its 25-, 150-, and 300-turn set-
tings, corresponding to roughly 9k, 54k, and 103k
tokens of interaction history, respectively. PrefEval
includes Explicit Preference, where the user di-
rectly states a preference, and two implicit subsets:
Implicit Choice-Based, where the model needs to
infer the underlying preference by comparing a
user-selected option with alternatives, and Implicit
Persona-Driven, where the preference is subtly ex-
pressed in a longer persona-centered conversation.
Notably, our training data does not explicitly con-
struct these two implicit interaction patterns. More
details are provided in Appendix B.1.
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Method CUPID PrefEval Classification PrefEval Generation Overall
Turns (Tokens) N/A 25 (9k) 150 (54k) 300 (103k) 25 (9k) 150 (54k) 300 (103k) N/A

Qwen3-4B-Instruct-2507 7.93 64.83 53.90 48.97 68.87 37.97 30.20 54.86
+ Qwen3-4B-Instruct-2507 7.63 61.63 48.80 42.63 50.50 31.63 21.23 47.53
+ PREFINFER 8.58 93.93 92.50 89.30 90.97 87.70 83.67 89.12

DeepSeek-V3.2 7.68 87.80 68.50 54.70 92.80 78.93 53.40 73.28
+ DeepSeek-V3.2 7.98 88.47 88.10 85.57 85.30 85.97 81.60 84.97
+ PREFINFER 8.50 95.17 93.77 90.63 92.73 90.37 86.77 90.63

Qwen3.5-35B-A3B 7.47 84.63 71.27 70.27 93.53 85.90 86.37 80.95
+ Qwen3.5-35B-A3B 7.91 78.43 68.30 67.87 73.03 59.80 59.23 69.39
+ Retrieval 7.50 85.20 75.43 73.03 87.50 73.60 69.80 77.08
+ PREFINFER 8.58 95.07 93.17 89.70 93.87 90.93 86.87 90.77

PersonaVLM 5.54 73.47 N/A N/A 51.53 N/A N/A N/A
PPOpt 7.12 57.70 N/A N/A 37.23 N/A N/A N/A
SeCom 7.03 71.03 N/A N/A 56.70 N/A N/A N/A

Table 2: Results on several benchmarks under different interaction-history lengths. The highest scores are in bold
and the second highest are underlined. Overall is averaged over all seven settings after scaling CUPID Generation
by 10. X + PREFINFER denotes using PREFINFER for preference inference and X as the downstream model.
X +X denotes Two-Stage Prompting, where X is used for both preference inference and downstream tasks.

3.2 Experimental Results

Results on Direct Inference Table 1 reports
Direct Inference results on CUPID. We observe
that: (1) our method consistently outperforms all
baselines on the full test set. Compared with the
strongest baseline, DeepSeek-V3.2, PREFINFER

improves the overall F1 from 54.85 to 67.82, yield-
ing a gain of 12.97. In contrast, the retrieval-based
baseline performs poorly on this setting. (2) Our
method brings a large gain in precision, improving
it from the second-best 47.81 to 68.12, while also
achieving the best recall (67.52), demonstrating a
strong balance between precision and recall. To
assess inference stability, we run PREFINFER on
Direct Inference three times. Details are provided
in Appendix B.5.

Results on Classification and Generation As
shown in Table 2, we observe that: (1) Our method
improves most settings, and the gains tend to be
larger for longer histories. (2) Weaker LLMs ben-
efit more from our method. Qwen3-4B-Instruct-
2507 achieves the largest gain on PrefEval, and
with PREFINFER, its performance becomes compa-
rable to, and in some cases even surpasses, the base-
line performance of DeepSeek-V3.2 and Qwen3.5-
35B-A3B. (3) Across all three downstream models,
replacing the prompted preference-inference stage
with PREFINFER improves the overall score, sug-
gesting that the gains cannot be explained solely
by two-stage decomposition or context compres-
sion. (4) Our method remains effective across in-

Method Explicit Choice Persona

Qwen3-4B-Instruct-2507 60.30 55.30 52.10
+ Qwen3-4B-Instruct-2507 55.77 51.00 46.30
+ PREFINFER 96.77 88.83 90.13

DeepSeek-V3.2 76.73 71.43 62.83
+ DeepSeek-V3.2 89.27 88.27 84.60
+ PREFINFER 97.80 89.63 92.13

Qwen3.5-35B-A3B 87.17 72.47 66.53
+ Retrieval 84.77 69.43 79.47
+ Qwen3.5-35B-A3B 81.93 73.67 59.00
+ PREFINFER 97.30 89.13 91.50

Table 3: Results on PrefEval Classification across three
preference types, averaged over 25-, 150-, and 300-
turn settings. We report results on Explicit preference
(explicit), and two out-of-distribution preference types
not covered in the training set: Implicit Choice-Based
(choice) and Implicit Persona-Driven (persona).

teraction histories of different lengths, indicating
strong scalability to long-context settings, includ-
ing histories up to 103k tokens. (5) Finally, Per-
sonaVLM, PPOpt and SeCom perform substan-
tially worse than other methods in aggregate un-
der the evaluated 25-turn setting. Meanwhile, the
retrieval-based baseline consistently underperforms
our method. These results suggest that the retrieval-
and memory-based baselines considered here are
insufficient. In summary, PREFINFER can effec-
tively guide LLMs to generate responses better
aligned with user preferences.
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Figure 3: Ablation on long-context training data for the three preference types in PrefEval Generation under different
interaction-history lengths. None, Long-64k, and Long-64k+Long-128k denote three inference models trained
by removing both long-context subsets, keeping only Long-64k, and keeping both Long-64k and Long-128k,
respectively. For each variant, the trained inference model first infers the request-relevant preference, and Qwen3.5-
35B-A3B then generates the response conditioned on the inferred preference.

Training Set All Consistent Contrastive Changing
P R F1 P R P R P R

PREFMINE-10K-weak 59.74 64.99 62.25 64.20 69.21 60.58 65.57 54.52 60.16
PREFMINE-10K-no-evolve 67.40 66.44 66.92 73.95 72.72 71.90 70.83 56.59 55.71
PREFMINE-10K 67.44 66.98 67.21 70.51 69.85 67.88 67.74 64.02 63.33
PREFMINE-10K + neg 68.04 66.74 67.39 72.01 68.51 66.98 66.48 65.24 65.23
PREFMINE-6K + neg 66.73 64.19 65.60 69.66 66.62 66.98 66.48 65.00 62.27

Table 4: Ablations on the core PREFMINE pipeline and negation augmentation using inference models trained on
different training sets. Each row corresponds to an inference model trained with the specified training data, evaluated
on CUPID Direct Inference and its three subsets. “neg” denotes PREFMINE-neg. We report Direct Inference results
on CUPID and its three subsets, including precision (P), recall (R), and F1 on the full set, and precision/recall on
each subset.

Training Set Explicit Choice Persona

PREFMINE-10K 66.2 66.6 67.6
PREFMINE-10K + neg 96.9 90.7 93.1
PREFMINE-6K + neg 97.0 90.5 93.1

Table 5: Ablation results on PrefEval Classification with
∼9k tokens of interaction history. We report results on
Explicit Preference (explicit), Implicit Choice-Based
(choice), Implicit Persona-Driven (persona). “neg” de-
notes PREFMINE-neg. Adding PREFMINE-neg consis-
tently improves performance across all three preference
types.

4 Analysis on PREFMINE

This section provides a targeted analysis of the key
design choices in PREFMINE. We first evaluate
the generalization ability of our method in § 4.1,
testing whether its gains extend to preference types
not explicitly covered by the training data rather
than merely overfitting to the training preference
format. We then analyze the necessity of using

strong distractors in § 4.2, which is central to
constructing challenging instances for preference
inference. Next, §§ 4.3 and 4.4 examine the effec-
tiveness of the two data augmentation strategies
introduced in PREFMINE, validating their contri-
butions to the overall method design. Finally, in
§ 4.5, as PREFMINE-15K always contains task-
and situation-specific preferences relevant to the
current request, we investigate how PREFINFER

behaves when such preferences are absent.

4.1 Generalization to Implicit Preferences

As described in § 3.1, PrefEval covers both explicit
and implicit preference types, while our training
data does not explicitly construct the two implicit
types, i.e., choice-based or persona-driven interac-
tion patterns. Thus, these implicit subsets serve
as an out-of-distribution evaluation of PREFINFER.
Table 3 shows that the improvements are consistent
across explicit and implicit subsets, demonstrat-
ing that PREFINFER learns a general ability to infer
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user preferences, rather than only fitting the explicit
preference patterns used in our data construction.

4.2 Analysis on Core Pipeline of PREFMINE

This section analyzes the impact of key design
choices in the core pipeline on model perfor-
mance. As described in §2.2, a main component
of PREFMINE is strong distractors, which train the
model to distinguish genuine user preferences from
confounding signals. We analyze both the overall
effect of strong distractors and the specific contri-
bution of evolution-related distractors. For the for-
mer, we construct a weakened variant, PREFMINE-
10K-weak, by replacing each strong distractor with
a randomly sampled WildChat session matched
within 200 tokens in length. For the latter, we con-
struct PREFMINE-10K-no-evolve. In this variant,
for Preference Evolution instances, we replace ses-
sions that share the same topic and situation as the
core sessions but appear earlier in the history with
randomly sampled weak distractors. This removes
outdated preferences from the same topic and situa-
tion, isolating the effect of evolution-related strong
distractors.

We train models on the original, weak, and
no-evolution variants, respectively. As shown
in Table 4, removing strong distractors leads to
a large performance drop across all subsets, es-
pecially on the contrastive and changing sub-
sets. This indicates that same-topic but situation-
inapplicable distractors are important for distin-
guishing request-relevant preferences from superfi-
cially similar ones. Comparing PREFMINE-10K-
no-evolve with PREFMINE-10K, we find that re-
moving evolution-related distractors performs well
on the consistent and contrastive subsets, but much
worse on the changing subset. In contrast, incor-
porating them substantially improves the changing
subset and leads to more balanced performance
across preference types.

4.3 Analysis on Negation Augmentation
As mentioned in § 2.4, negation augmentation is a
key design for scaling to realistic histories, since
real conversations often interleave preferences with
dislikes. In this section, we analyze the effect of
negation augmentation using PREFMINE-neg, a
subset containing 4,000 instances specifically con-
structed for this purpose. The detailed construction
of PREFMINE-neg is described in § 2.4. We con-
duct comparative experiments on PrefEval Clas-
sification with approximately 9k tokens of inter-

action history. The results show that PREFMINE-
neg brings substantial and consistent improvements
across all three preference types. Specifically, per-
formance improves by more than 20 percentage
points on all three types of preferences. The de-
tailed results are shown in Table 5. We further
evaluate the effect of PREFMINE-neg on the Direct
Inference setting of CUPID. As shown in Table 4,
we observe that the overall F1 score is slightly im-
proved, with a marginal increase in precision and a
slight decrease in recall. Notably, the improvement
is not simply due to having more training sam-
ples. We construct PREFMINE-6K by randomly
sampling 6K instances from PREFMINE-10K, such
that PREFMINE-6K + neg and PREFMINE-10K
both contain 10K instances. On PrefEval Classifi-
cation, PREFMINE-6K + neg achieves substantially
better performance, confirming the effectiveness of
the negation augmentation module in PREFMINE.
Moreover, this result reveals that LLMs may fail to
correctly understand preference negation, deserv-
ing further attention.

4.4 Analysis on Long-Context Augmentation

To study the effect of long-context training data,
we conduct an ablation on the Long-64k and
Long-128k subsets in PREFMINE-15K. The length
statistics of these subsets are reported in Table 8.
As shown in Figure 3, we compare three settings:
removing both subsets, keeping only Long-64k,
and keeping both Long-64k and Long-128k. We
observe two main findings. First, adding Long-64k
and then Long-128k tends to yield larger overall
gains as the test history becomes longer. This sug-
gests that long-context training data is particularly
important for handling long interaction histories.
Second, the gains are not uniform across preference
types. On Explicit Preference, the improvement is
marginal, since the None setting already performs
strongly. In contrast, Implicit Choice-Based and Im-
plicit Persona-Driven show much larger improve-
ments. This indicates that long-context data mainly
benefits implicit preference understanding.

4.5 When no Request-Relevant Preference
Exists

In PREFMINE-15K, relevance is defined relatively
narrowly: the historical evidence should match
both the task type and the situation of the current
request. Under this definition, request-relevant pref-
erences may often be absent from real interaction
histories. PREFMINE-15K focuses on task- and
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situation-specific preference inference rather than
explicitly constructing such cases. We sample 100
CUPID test instances and remove the preference-
revealing dialogues from each history. We then
manually examine whether the preference inferred
from the remaining history can be naturally applied
to the current request without introducing obvi-
ous task-irrelevant constraints. All 100 inferred
preferences pass this check. This preliminary anal-
ysis suggests that, when task- and situation-specific
preference evidence is absent, PREFINFER tends to
produce broadly applicable preferences rather than
clearly incompatible ones, reducing the risk of de-
grading the quality or relevance of the downstream
response.

5 Related Work

Personalization aims to tailor model responses to
individual users by leveraging different sources of
user information, including user-LLM interaction
histories (Kim et al., 2025; Zhao et al., 2025a), ex-
plicit user profiles (Tao et al., 2025; Zhao et al.,
2025b), and user behavior signals (Salemi et al.,
2024; Kumar et al., 2024), where user-LLM inter-
action histories often provide the richest source of
preference information.

Numerous methods have been proposed to lever-
age user-LLM interaction history for personaliza-
tion. These methods can be broadly categorized
into four groups: (1) User-Specific Parameter
Adaptation. The core idea of this line of work is to
perform additional training or parameter-efficient
fine-tuning on a model using a particular user’s
historical dialogues, thereby learning a personal-
ized behavior pattern tailored to that user (Otsuka
et al., 2024; Han et al., 2023). Such methods re-
quire extra training for each user, which can be
time-consuming and difficult to scale in practice.
(2) Retrieval-Based Methods. These methods re-
trieve historical dialogue segments that are most
relevant to the current request and use them as con-
text for downstream personalization (Zhao et al.,
2025a; Zhang et al., 2026; Du et al., 2026). How-
ever, in long dialogue histories, relevant segments
can be easily obscured by other contextual informa-
tion, making retrieval less reliable. (3) Memory-
Based Methods. This line of work compresses
interaction history into memory representations,
such as user profiles, which are then used to guide
future responses (Nie et al., 2026; Li et al., 2025b;
Wang et al., 2024; Pan et al., 2025). However, such

methods often need to decide what information to
preserve before observing the future request, which
may lead to the loss of details that later turn out to
be crucial for request-relevant preference inference.
(4) Other Personalization Methods. For example,
PPOpt (Ma et al., 2026) leverages interaction his-
tory to rewrite the current query into an optimized
prompt for personalized response generation. Com-
pared with prior approaches, our method requires
no per-user retraining and avoids relying on re-
trieved segments or pre-compressed memory, while
directly inferring request-relevant preferences from
the interaction history, enabling more flexible pref-
erence inference.

6 Conclusion

In this work, we introduce PREFMINE, an au-
tomated training data construction method for
request-relevant preference inference from user-
LLM interaction history. Using PREFMINE, we
construct PREFMINE-15K and train PREFINFER.
Experiments show that PREFINFER achieves ad-
vanced performance on preference inference, and
the preferences inferred by PREFINFER effectively
guide LLMs to generate responses better aligned
with user preferences. Moreover, our method gener-
alizes well to implicit preference types that are not
explicitly covered in our training data and remains
effective on user-LLM interaction histories of up
to approximately 103k tokens. Finally, we conduct
thorough ablation studies on the key design choices
of PREFMINE, validating their effectiveness. We
hope our work and the released resources will con-
tribute to future advances in LLM personalization.

Limitations

Our work has three primary limitations: (1) Model
scale. Due to computational limitations, we con-
duct experiments only with a 4B preference infer-
ence model. Scaling to larger models may fur-
ther improve performance. (2) Context length.
Our model currently supports a maximum context
length of 128k tokens. Extending PREFINFER
to substantially longer interaction histories is left
for future work. (3) Task scope. The established
benchmarks used in our evaluation do not system-
atically cover histories with no relevant preference,
weak evidence, or ambiguous evidence. Devel-
oping more comprehensive evaluation settings for
these cases remains future work.
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Ethical Considerations

We discuss the potential ethical concerns of this
work. (1) Intellectual property. PREFMINE-15K

is constructed from multiple sources, including
Infinity-Instruct, which is released under CC BY-
SA 4.0, and WildChat-4.8M, which is released un-
der ODC-BY. PREFMINE-15K is released under
CC BY-SA 4.0. The original upstream materials
remain subject to their respective licenses and ap-
plicable terms of use, and we provide appropriate
source attribution and license notices in the dataset
documentation. (2) Intended use. This paper intro-
duces PREFMINE, aiming to improve preference
alignment by helping LLMs generate responses
that better match request-relevant user preferences
inferred from prior interactions. (3) Potential risk
control. We apply LLaMA-Guard-3-8B to filter
potentially toxic content from sampled initial user
requests before using them for data construction.
For weak distractors sampled from WildChat-4.8M,
we use its non-toxic release and follow the dataset
license and terms of use. However, automatic filter-
ing may not remove all harmful or sensitive content.
(4) AI assistance. We used ChatGPT to assist with
paraphrasing and polishing some sentences during
the writing of this paper.
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A Data Construction Details

As described in § 2.3, unsafe data are filtered using
Llama-Guard-3-8B with temperature 0.0 and top-
p 1.0. GPT-OSS-120B is used for training data
generation, with temperature 0.7 and top-p 0.95.

A.1 Preference Candidate 1 Construction

To increase the diversity of generated prefer-
ences, we sample a preference dimension for
each instance. With probability 0.5, we select
content_preference_dimension, which is de-
fined in Table 16; otherwise, we uniformly sample
one dimension from preference_dimensions, as
listed in Table 17. We then provide the selected
dimension and description fields to the LLM
and prompt it to generate a corresponding prefer-
ence.

A.2 Instance Construction

We construct the weak distractor pool from the
non-toxic release of WildChat-4.8M2. Specifically,
we retain only conversations satisfying two condi-
tions: (1) the number of turns is no greater than
8, and (2) the serialized conversation length sat-
isfies len(str(conversation)) ≤ 8000, where
conversation is a user-assistant dialogue repre-
sented as a list of dict objects. After filtering,
we group conversations into buckets according to
their turn counts. For each weak distractor, we first
sample a turn bucket uniformly at random, and then
apply random.choice to select one conversation
from that bucket.

A.3 Long-Context Augmentation

To construct long-context training instances, we
first generate 500 base instances using the same pro-
cedure as PREFMINE-neg described in § 2.4, with
the additional constraint that each base instance
contains at most 8192 tokens. These instances fol-
low the subset definitions in Table 7: we sample
100, 100, 100, and 200 base instances following
the definitions of subsets 0-3 in this table. Starting
from these base instances, we then expand each
instance to a substantially longer context by repeat-
edly appending external conversational content.

2https://huggingface.co/datasets/allenai/
WildChat-4.8M
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Table 14 summarizes the full procedure. Follow-
ing the procedure, we construct Long-64k. To con-
struct Long-128k, we use the same procedure and
simply replace UniformInt(45000, 65000) with
UniformInt(85000, 125000). We then discard in-
stances whose lengths exceed the corresponding
context-length budgets, i.e., 65,536 tokens for
Long-64k and 131,072 tokens for Long-128k.

A.4 Data Contamination Check
To assess potential data contamination, we con-
duct a 5-gram overlap analysis between our con-
structed training data and the evaluation sets. For
each training instance, we concatenate its interac-
tion history, current request, and target preference
into a single text sequence. We apply the same
serialization procedure to the evaluation instances
from CUPID and PrefEval. For PrefEval, we use
the 25-turn setting, corresponding to approximately
9k tokens of interaction history. The 25-, 150-, and
300-turn settings share the same preference-bearing
conversation and current request, and differ only
in the length of inserted irrelevant dialogue con-
text. Since the longer settings are formed by taking
longer prefixes from the same 300-turn irrelevant
dialogue, the 25-turn context is a strict prefix of the
longer contexts. Thus, the 25-turn setting already
covers the preference-relevant content and current
request that are most relevant for contamination
analysis. Running the same 5-gram comparison
on the longer settings would substantially increase
computational cost while mainly adding irrelevant-
context prefixes. Specifically, for each evaluation
instance, we compute its word-level 5-gram set
and compare it against every training instance. We
report the maximum containment score:

Containment(A,B) =
|A ∩B|

min(|A|, |B|) ,

where A and B denote the 5-gram sets of an evalu-
ation instance and a training instance, respectively.
The maximum containment scores are 0.0113 for
CUPID and 0.0077 for PrefEval, indicating neg-
ligible overlap between our training data and the
evaluation data.

A.5 Data Quality Evaluations
To assess the quality of PREFMINE-15K, we ran-
domly sampled 100 instances and independently
evaluated them using three LLM judges: GPT-
4o (gpt-4o-2024-11-20) (OpenAI et al., 2024b),
DeepSeek-V4-Pro (DeepSeek-AI et al., 2026), and

Gemini-3.7-Flash (Google DeepMind, 2026), with
the temperature set to 0.0 and top-p to 1.0 for all
judge-model calls. The evaluation prompt is shown
in Table 13. As shown in Table 12, the sampled
instances from PREFMINE-15K are generally well
grounded, relevant to the corresponding requests,
and largely free from unsupported or overly specific
information, suggesting high overall data quality.

We further evaluate the human-likeness of user
turns in PREFMINE-15K. Specifically, we sam-
ple 1,000 user utterances from PREFMINE-15K
and 1,000 from WildChat (Zhao et al., 2024), pair
them one-to-one, and ask DeepSeek-V3.2 to iden-
tify which utterance in each pair is AI-generated.
We focus on user turns because the assistant turns
in both datasets are LLM-generated. DeepSeek-
V3.2 achieves only 47.8% accuracy, which is close
to random chance. This result suggests that the syn-
thetic user utterances in PREFMINE-15K are diffi-
cult to distinguish from user utterances in real Wild-
Chat conversations, providing further evidence that
PREFMINE-15K exhibits strong human-likeness at
the user-turn level.

B Experimental Details

B.1 Evaluation Details

This subsection describes the evaluation protocols
for CUPID and PrefEval. For all judge-model calls,
we set the temperature to 0.0 and top-p to 1.0. We
follow the maximum-generation-length settings of
the original benchmarks: max_tokens is set to 8192
for CUPID and 300 for PrefEval.

For the main evaluations, we use the full evalua-
tion sets without sampling: all 756 instances from
CUPID and all 3,000 instances from PrefEval. For
PrefEval Classification, each instance is a four-way
selection task with a gold label, and a prediction is
considered correct if the model selects the candi-
date response corresponding to the gold label. We
next describe the evaluation protocols for CUPID
and the Generation setting on PrefEval.

Following the evaluation protocol of CUPID, we
evaluate preference inference by first using GPT-
4o (gpt-4o-2024-11-20) (OpenAI et al., 2024b)
to decompose each inferred preference into a
set of atomic checklists. These checklists are
then compared against the gold preference using
PrefMatcher-7B (Kim et al., 2025), which com-
putes precision and recall for the preference infer-
ence results. For Generation, CUPID evaluates
preference alignment by prompting GPT-4o with
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Claude: Neg Claude: Pos

DeepSeek: Neg 377 107
DeepSeek: Pos 56 460

Table 6: Confusion matrix between DeepSeek-V3.2 and
Claude Sonnet 4.6 on the sampled subset used for judge
agreement analysis.

the gold preference and the model-generated re-
sponse, and asking it to assign a score from 0 to
10 based on how well the response satisfies the
preference.

For the PrefEval Generation setting, the origi-
nal benchmark uses Claude 3 Sonnet (Anthropic,
2024) as the judge model to determine whether
each response is both helpful and aligned with the
user’s preference. A response is considered correct
only if it satisfies both criteria. Since this model is
no longer available, the closest replacement would
be Claude Sonnet 4.6 (Anthropic, 2026). How-
ever, due to its high evaluation cost, we instead
use DeepSeek-V3.2 (DeepSeek-AI et al., 2025)
as the judge model. To verify the reliability of
this substitution, we measure the agreement be-
tween the two judges on a sampled subset from
the setting Llama-3.1-8B-Instruct (Grattafiori et al.,
2024), Full-history, 25 turns (9k tokens) and Im-
plicit Persona-Driven. We choose this subset be-
cause its DeepSeek-V3.2 accuracy is close to 50%,
making the judged labels relatively balanced and
reducing the risk that agreement is inflated by an
overly easy or skewed subset. Note that the judge
only observes the target preference and the gener-
ated response, and does not observe the interaction
history or the preference type. Therefore, the se-
lected subset affects the balance of judged labels,
but not the form in which the preference is ex-
pressed in the history. As shown in Table 6, the
two judges achieve a Cohen’s κ score of 0.673 on
this subset, indicating substantial agreement (Lan-
dis and Koch, 1977). Based on this result, we use
DeepSeek-V3.2 as the judge model for Generation
on PrefEval.

B.2 Implementation Details of Compared
Methods

For Ours and Full-history, we evaluate three back-
bone models: Qwen3-4B-Instruct-2507, DeepSeek-
V3.2, and Qwen3.5-35B-A3B. For the Retrieval
method, we use Qwen3.5-35B-A3B. Across these
methods, we set the temperature to 0.0 and top-p to

1.0, and disable thinking mode for all model runs.
We disable thinking mode for both efficiency

and fairness. Since the Full-history method takes
the entire user-LLM interaction history as input, en-
abling thinking mode would introduce substantial
additional test-time token consumption, increasing
both cost and latency. It may also make the compar-
ison unfair by giving some models extra test-time
computation, as similarly noted in PrefEval for
GPT-o1-preview.

Ours For Direct Inference, we adopt the full
prompt template from CUPID for a fair compari-
son when evaluating3. For PrefEval, which does
not provide a direct preference-inference setting,
we use the same inference template of CUPID to in-
fer the request-relevant preference, but remove the
analysis part from the prompt during the preference
inference stage. For Classification and Generation,
we construct templates conditioned on the inferred
preference, following the corresponding templates
in PrefEval (Zhao et al., 2025a). For 5% of the
training data, the inference template includes the
analysis part. The resulting templates are shown in
Table 18 and Table 19, respectively.

Full-history For the full-history baseline, we
provide the LLM with the complete user-LLM in-
teraction history together with the current request.
For CUPID, we strictly follow the original prompt
used in its paper. For PrefEval, since the origi-
nal work evaluates five methods and shows that
Reminder performs the best, we adopt Reminder
in our experiments. The following reminder sen-
tence is added immediately after the user’s question
and before the LLM’s response: "In your response,
please ensure that you take into account our earlier
discussion, and provide an answer that is consistent
with my preference."

Retrieval We implement retrieval using
princeton-nlp/sup-simcse-roberta-large
(Gao et al., 2021). Each utterance in the dialogue
history is encoded independently, where an
utterance is defined as a single message regardless
of whether it is produced by the user or the
assistant. We then compute cosine similarity
between the embedding of the current request
and each historical utterance embedding. Based
on these similarity scores, we retrieve the top-10
most relevant utterances. To preserve the original

3https://github.com/kixlab/CUPID/blob/main/
prompts/evaluation/preference_inferrer.yaml
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conversational flow, the retrieved utterances are
reordered chronologically before being inserted
into the prompt. Finally, the reordered top-10
utterances, together with the current request, are
provided to the LLM as input. The inference
templates are shown in Table 20 and the template
of downstream preference-following tasks is
shown in Table 21, respectively.

PersonaVLM For the PersonaVLM baseline,
we follow the implementation setting of the orig-
inal work. PersonaVLM is a long-term personal-
ized multimodal agent framework that maintains
a user-centric memory database and retrieves rele-
vant memories for personalization (Nie et al., 2026).
In our implementation, we adapt it to the text-only
setting of our benchmark. Specifically, for each test
instance, we sequentially add the user-LLM inter-
action history into the memory system turn by turn,
following the chronological order of the dialogue
history. After all historical turns are stored, we
query PersonaVLM with the current user request
and use its retrieved memories to support Classifi-
cation or Generation. We adopt the same reminder
prompting method as used in PrefEval (Zhao et al.,
2025a).

PPOpt We use the publicly released PPOpt (Ma
et al., 2026) checkpoint4 with the inference config-
uration provided in its model card. Given the inter-
action history and current request, PPOpt rewrites
the current request into an optimized prompt. For
downstream evaluation, we use Qwen3.5-35B-A3B
for both Classification and Generation, with the op-
timized prompt serving as the personalized request.
For Classification, the corresponding multiple-
choice options are additionally appended to the
downstream prompt.

SeCom We use the official SeCom (Pan et al.,
2025) implementation and adopt the configuration
in SeCom/secom/configs/mpnet.yaml5 for mem-
ory retrieval. We construct memory at the segment
level and retrieve the top-1 most relevant segment
for each current request. Before retrieval, memory
segments are compressed using LLMLingua-2 with
a compression rate of 0.75. The retrieved segment
is then provided to Qwen3.5-35B-A3B together
with the current request for downstream Classifi-
cation or Generation. For Classification, the corre-
sponding multiple-choice options are additionally

4https://huggingface.co/HowieHwong/ppopt
5https://github.com/microsoft/SeCom

appended to the downstream prompt.

B.3 Training Details

As shown in Table 8, our training data contains
1,000 ultra-long instances from the Long-64k and
Long-128k subsets. To improve training efficiency,
we group instances with similar sequence lengths
into the same mini-batches. Therefore, we arrange
the data by subset, placing instances from Long-
64k, Long-128k, and the shorter subsets into sep-
arate groups whenever possible. We disable data
shuffling, so that instances within each batch have
more similar lengths and unnecessary padding is
reduced. We implement SFT with LoRA using
LLaMA-Factory (Zheng et al., 2024). Training
PREFINFER used 4 NVIDIA A800 GPUs for ap-
proximately 16 GPU-hours. The full training con-
figuration is shown in Table 15.

B.4 Result Details

The complete experimental results are reported in
Tables 22, 23, 24, and 25. Except for the stability
analysis in § B.5, all reported main results are from
a single run over the full evaluation set.

B.5 Inference Stability

To minimize run-to-run variation, we set the decod-
ing temperature to 0.0 for all inference runs. To as-
sess the stability of PREFINFER, we rerun Direct In-
ference three times. Since the inferred preferences
are free-form natural-language descriptions, seman-
tically equivalent predictions may differ lexically
across runs. We therefore assess inference stabil-
ity using CUPID’s semantic preference-matching
evaluation rather than exact string matching. As
shown in Table 10, the aggregate Precision, Recall,
and F1 scores are highly consistent across runs. We
further measure per-instance stability using the F1
range, i.e., the difference between the maximum
and minimum F1 across runs: 51.7% of instances
have an F1 range of 0, 75.9% have a range within
0.10, 89.0% within 0.20, and only 1.9% exceed
0.50. Since CUPID evaluates each instance with
only a few discrete checklist items scored as 0, 0.5,
or 1, a single judgment change can cause a notice-
able F1 shift. Under this coarse scoring scheme,
these results indicate strong stability.

B.6 Efficiency Analysis

We report end-to-end model calls and token usage,
as heterogeneous deployment settings make direct
latency comparisons unreliable.
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Subset Tone Preference Type Expression Form

0 Strong Pos & Neg Feedback
1 Weak Pos & Neg Feedback
2 Weak Neg Only Feedback
3 Strong & Weak Neg Only Direct

Table 7: Overview of the four subsets in PREFMINE-neg
with different combinations of tone strength, preference
type, and expression form. Here, Pos & Neg denotes
the expression of both like and dislike, while Neg Only
denotes the expression of dislike only. Each subset
contains 1,000 instances.

The statistics are averaged over the full Genera-
tion evaluation set, consisting of all 756 CUPID in-
stances and all 9,000 PrefEval instances across the
25-, 150-, and 300-turn settings, for a total of 9,756
instances. All token counts are computed using the
Qwen3-4B-Instruct-2507 tokenizer. Let H denote
the interaction history, q the current request, p the
inferred preference, and y the final response. As de-
scribed in Section 3.1, we compare three methods:
Full-History, Ours, and Two-Stage Prompting.

We use Qwen3-4B-Instruct-2507 as the down-
stream LLM for all three methods to ensure a con-
trolled comparison. The average token lengths of
H and q are 53,692 and 21, respectively. Full-
history uses a 41-token prompt, while Two-stage
and Ours use 310 tokens for preference inference
and 61 tokens for response generation.

Table 11 shows that PREFINFER’s accuracy
gains do not require substantially more processed
tokens: its total token footprint is comparable to
those of the full-history and two-stage pipelines.

Subset Count Max Avg P95

PREFMINE-10K 10000 8190 4877 7283
Long-64k 500 65484 55572 64785
Long-128k 500 130710 105700 124296
PREFMINE-neg 4000 8192 6739 8056

Table 8: Statistics of the four subsets in PREFMINE-
15K dataset: number of instances, maximum length,
average length, and 95th-percentile length, measured
in total tokens. The length statistics of current requests
and target preferences are reported in Table 9.

Text Field Avg. P95 Max

Current request 31.21 47 194
Preference 19.46 32 53

Table 9: Length statistics of current requests and prefer-
ences in PREFMINE-15K, measured in total tokens.

Table 10: Stability of PREFINFER across three indepen-
dent inference runs on the full CUPID evaluation set.

Run Precision Recall F1

Run 1 68.12 67.52 67.82
Run 2 67.35 66.98 67.16
Run 3 68.12 67.68 67.90

Mean 67.86 67.39 67.63
SD 0.44 0.37 0.40
Range 0.77 0.70 0.74

14705



Method # Calls Inference Generation Total

Input Output Input Output

Full-history 1 N/A N/A 53,753 382 54,135
Two-stage 2 54,022 23 105 390 54,541
Ours 2 54,022 14 96 384 54,517

Table 11: End-to-end model calls and token usage for full-history, two-stage prompting, and our method. Token
counts are averaged over the evaluated instances. Because the component-wise token counts and the total token
counts are averaged and rounded independently, the sum of the displayed components may differ from the reported
total by one token.

Criterion Judge 1 Judge 2 Judge 3 Avg. Una. Maj.

Grounded in History 96.0% 86.0% 99.0% 93.7% 86.0% 97.0%
Relevant to Request 99.0% 91.0% 96.0% 95.3% 89.0% 97.0%
No Unsupported/Overly Specific Details 91.0% 86.0% 94.0% 90.3% 82.0% 93.0%
Overall Pass 91.0% 84.0% 94.0% 89.7% 81.0% 92.0%

Table 12: Data quality evaluation on 100 samples randomly sampled from PREFMINE-15K. Judge 1, Judge 2, and
Judge 3 denote DeepSeek-V4-Pro, GPT-4o and Gemini-3.7-Flash, respectively. Avg. denotes the average pass rate
across three models, Una. denotes the rate at which all three models give the same label, and Maj. denotes the pass
rate under majority voting.
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JUDGE_SYSTEM_PROMPT = """You are a strict data quality evaluator for preference-inference training
data.↪→

Each sample contains:
- a system prompt,
- a user prompt containing an interaction history and a current request,
- an assistant answer that should infer the user's preference.

Your task is to judge whether the assistant answer is a high-quality preference inference.

Return ONLY a valid JSON object with boolean fields:
{

"grounded_in_history": True/False,
"relevant_to_request": True/False,
"not_over_specific_or_hallucinated": True/False,
"overall_pass": True/False,
"reason": "one short sentence"

}

Criteria:
1. grounded_in_history:

True if the inferred preference is supported by the interaction history.
False if it is mostly invented or unsupported.

2. relevant_to_request:
True if the inferred preference is related to the current request.
False only if it is unrelated to the current request.
Do not require the preference to be highly useful, necessary, or directly actionable.

3. not_over_specific_or_hallucinated:
True if the answer avoids unsupported details, sensitive claims, or overly specific assumptions.
False if it invents specific facts not present in the history.

4. overall_pass:
True only if the sample is suitable for training a preference inference model.
Usually this should be true only when all three previous criteria are true.

Be strict but fair.
"""

def build_judge_prompt(system_prompt, user_prompt, assistant_answer):
return f"""Please evaluate the following preference-inference training sample.

[System Prompt]

{system_prompt}

[User Prompt]

{user_prompt}

[Assistant Answer]

{assistant_answer}

Return only the JSON judgment.
"""

judge_prompt = build_judge_prompt(
system_prompt,
user_prompt,
assistant_answer,

)

messages = [
{"role": "system", "content": JUDGE_SYSTEM_PROMPT},
{"role": "user", "content": judge_prompt},

]

Table 13: Prompt used by the three LLM judges for data quality evaluation.
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Require: interaction history setH, WildChat-4.8M dialogue set D
Ensure: long-context instance set X with 500 instances

1: X ← ∅
2: Construct 500 base instances according to PREFMINE-neg (§ 2.4), with each instance containing at

most 8192 tokens
3: for each base instance x do
4: Sample token_len← UniformInt(45000, 65000)
5: while TokenLen(x) < token_len do
6: Randomly sample a session s from the interaction history in x
7: Randomly sample a dialogue d from D
8: for each turn t in d do
9: if TokenLen(x⊕ (s← s⊕ t)) ≥ token_len then

10: Append turn t to session s in x
11: break
12: else
13: Append turn t to session s in x
14: end if
15: end for
16: end while
17: X ← X ∪ {x}
18: end for
19: return X

Table 14: Construction of long-context instances

Hyperparameter Value Hyperparameter Value

Number of epochs 2 LoRA alpha 16
disable shuffling True LoRA dropout 0.05
Per-device train batch size 1 LoRA target modules All
Gradient accumulation steps 2 Precision BF16
Learning rate 5.0× 10−6 Gradient checkpointing True
LR scheduler type Cosine Flash attention FlashAttention-2
Warmup ratio 0.03 DeepSpeed ZeRO-2
Max gradient norm 1.0 Liger kernel True
Maximum sequence length 131072 Use v1 kernels True
LoRA rank (r) 8

Table 15: Training hyperparameters used for SFT LoRA fine-tuning Qwen3-4B-Instruct-2507 on 4 GPUs.

Field Value
Dimension Content Specification
Description The user’s personalized requirements regarding what specific content the response should

contain, rather than how that content is presented. This includes preferred topics, types
of examples, information emphasis, exclusions, and other substantive choices. When
this dimension is used, the generated preference should specify: (1) the topics or types of
information the user wants included; (2) the concrete characteristics of examples or cases
the user prefers; (3) what content should be avoided or excluded; and (4) constraints on
what is said rather than how it is said. Example preferences include: “The answer must
include cases from modern Chinese history; avoid examples from Western history.” and
“Code examples must be in Python; do not use Java or C++.”

Table 16: Content-specific preference dimension used in preference generation.
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Dimension Description

Detail Level Level of detail in the response
Depth How fundamental or principle-based the explanation is
Breadth Range of perspectives or coverage scope
Abstraction Ratio of theoretical concepts to concrete examples
Timeliness Inclusion of historical context or future trends
Structure Organization format (e.g., list, outline, paragraph)
Visualization Use of tables, code blocks, formulas, etc.
Sequencing Logical order (e.g., chronological, by importance)
Modularity Clear segmentation (e.g., definition–principle–case)
Rigor Provision of evidence or reasoning process
Stance Neutral objectivity vs. explicit inclination
Criticality Examination of premises or assumptions
Solution Orientation Idealized vs. practical solutions
Formality Level of technical terminology used
Tone Formal, casual, humorous, etc.
Cultural Adaptation Use of localized expressions or context
Perspective First-, second-, or third-person narrative
Guidance Style Direct answer vs. Socratic questioning
Cognitive Scaffolding Gradual progression from simple to complex
Redundancy Tolerance Acceptance of reasonable repetition
Open-endedness Active invitation for further questions
Safety Boundary Caution on sensitive topics
Value Orientation Reflection of specific cultural or ethical positions
Ethical Explicitness Explicit labeling of ethical issues
Political Correctness Caution in identity-related expressions
Actionability Provision of concrete action steps
Tool Integration Recommendation of specific tools or commands
Context Fit Tailoring to the user’s specific situation
Cost Awareness Analysis of time or economic costs
Role Perception The LLM’s self-positioning (e.g., expert, assistant)
Error Tolerance Tolerance for uncertainty or mistakes
Source Expectation Requirement for information sources

Table 17: Other preference dimensions used in preference generation.

Ours Classification Prompt

my query : {question}
my preference : {predict_preference}
I’m trying to decide on this and here are 4 options for my query:
{formatted_options}
Now, I’d like you to pick one of them as your top recommendation for me.
Important instructions for your response:
1. Choose only one option (A, B, C, or D) that best matches my preferences.
2. Your answer must be one of these options.
3. Don’t say things like “I can’t choose” or suggest alternatives not listed.
4. Answer example: <choice>B</choice>. Give me your answer in this exact format, without
any additional explanation:

<choice>[A/B/C/D]</choice>

Table 18: The prompt template of our method for Classification.
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REMINDER = "\nIn your response, please ensure that you take into account our earlier discussion, and
provide an answer that is consistent with my preference."↪→

messages = [
{"role": "user", "content": f"My preference : {preference}"},
{"role": "assistant", "content": "Ok, I got it."},
{"role": "user", "content": f"{question} {REMINDER}"}

]

Table 19: The message-based prompt template of our method for Generation.

system_prompt: |-
## Your Objective

You will be provided with the {k} most relevant exchanges retrieved from previous interaction sessions between a user and a
conversational AI assistant. These exchanges are presented in chronological order, with the most recent exchange at the end.

Your task is to infer the implicit preference that the user will consider in their current interaction with the AI assistant.
Preferences are guidelines, requirements, constraints, or principles that the AI assistant should align with in order to
satisfy the user in a specific context. You should infer implicit preferences that are not mentioned in the current request
by analyzing these retrieved exchanges.

Examples of Preferences:
- "Responsibilities should be communicated with a stern and direct tone."
- "Completely thorough and simplified resources must be prepared for even the most basic topics."
- "A presentation should be built around an example, which should be universally understandable and inclusive."
- "Inspection protocols for equipment must be prominently featured in any related instructions or manuals."

user_prompt: |-
## Top-{k} Most Relevant Exchanges from Previous Interactions

{top_k_utterances}

---

## Current Interaction

### User

{curr_request}

---

## Your Task

Describe the user's most likely preference for the current interaction in a single sentence with at most 30 words. Focus on the
most likely preference based on the retrieved exchanges, as you will be penalized for any incorrect details.

Return your response in the format given below.

### Analysis

<Describe your analysis of the top-{k} most relevant exchanges>

### Most Likely Preference

<Describe the user's most likely preference for the current interaction as a single sentence with at most 30 words>

Table 20: Prompt used for Direct Inference with the retrieval method. It follows the CUPID inference template,
with the full interaction history replaced by the top-k retrieved utterances.
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Retrieval method prompt

Before answering my question, please consider the following context from our previous conver-
sations. These are the {k} most relevant exchanges that we had previously, which may contain
information about my preferences or prior discussions related to my query:

#Start of Context#

exchange 1. {retrieved_exchange_1}
exchange 2. {retrieved_exchange_2}
· · ·
exchange {k}. {retrieved_exchange_k}

#End of Context#

Please use this context to inform your answer and adhere to any preferences I’ve expressed that
are relevant to the current query. Note that not all contexts are useful for answering my question
and there may be no context that is useful. Now, please address my question:

{question}

Table 21: Retrieval method prompt prefix used by the retrieval method for both Classification and Generation,
adapted from the RAG prompt in PrefEval. For Classification, {question} includes current user request and option
candidates; for Generation, {question} is the current user request.

Model All Consistent Contrastive Changing
P R F1 P R P R P R

Qwen3-4B-Instruct-2507 41.47 54.15 46.97 40.28 52.31 37.67 50.07 46.39 60.08
DeepSeek-V3.2 47.81 64.33 54.85 50.21 68.09 46.28 61.85 46.92 63.05
Qwen3.5-35B-A3B 46.70 63.77 53.92 48.40 65.43 48.69 65.85 43.09 60.01
PREFINFER (ours) 68.12 67.52 67.82 71.56 70.55 67.14 67.46 65.84 64.53
Retrieval 37.67 47.67 41.28 37.98 47.05 34.76 42.85 40.25 47.11

Table 22: Direct Inference results on CUPID and its three subsets. We report precision (P), recall (R), and F1 on the
full set. The highest scores are in bold and the second highest are underlined.

Model All Consistent Contrastive Changing

Qwen3 7.93 7.82 7.36 8.61
+ Qwen3 7.63 7.40 7.05 8.44
+ Ours 8.58 8.88 8.25 8.60

DeepSeek 7.68 7.53 7.19 8.32
+ DeepSeek 7.98 8.00 7.45 8.47
+ Ours 8.50 8.64 8.13 8.73

Qwen3.5 7.47 7.35 6.90 8.15
+ Qwen3.5 7.91 8.05 7.66 8.01
+ Ours 8.58 8.81 8.20 8.74

Retrieval 7.50 7.39 6.80 8.30
PersonaVLM 5.54 5.37 5.10 6.14
PPOpt 7.12 6.52 6.77 8.07
SeCom 7.03 6.92 6.65 7.51

Table 23: Generation results on CUPID and its three subsets. Ours, Qwen3, DeepSeek, and Qwen3.5 denote
PREFINFER, Qwen3-4B-Instruct-2507, DeepSeek-V3.2, and Qwen3.5-35B-A3B. Best results are shown in bold
and second-best results are underlined.
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Model 25 (9k) 150 (54k) 300 (103k)
Explicit Choice Persona All Explicit Choice Persona All Explicit Choice Persona All

Qwen3 74.1 63.9 56.5 64.83 57.8 52.8 51.1 53.90 49.0 49.2 48.7 48.97
+ Qwen3 73.5 59.6 51.8 61.63 51.3 50.6 44.5 48.80 42.5 42.8 42.6 42.63
+ Ours 96.8 91.3 93.7 93.93 96.9 89.3 91.3 92.50 96.6 85.9 85.4 89.30

DeepSeek 95.0 85.0 83.4 87.80 76.7 71.8 57.0 68.50 58.5 57.5 48.1 54.70
+ DeepSeek 90.8 87.7 86.9 88.47 89.2 89.8 85.3 88.10 87.8 87.3 81.6 85.57
+ Ours 97.7 91.9 95.9 95.17 98.0 90.1 93.2 93.77 97.7 86.9 87.3 90.63

Qwen3.5 95.1 82.5 76.3 84.63 86.4 67.3 60.1 71.27 80.0 67.6 63.2 70.27
+ Qwen3.5 88.9 78.6 67.8 78.43 79.8 70.3 54.8 68.30 77.1 72.1 54.4 67.87
+ Ours 97.3 92.3 95.6 95.07 97.4 89.2 92.9 93.17 97.2 85.9 86.0 89.70

Retrieval 92.5 77.7 85.4 85.20 82.0 66.2 78.1 75.43 79.8 64.4 74.9 73.03
PersonaVLM 78.6 68.9 72.9 73.47 N/A N/A N/A N/A N/A N/A N/A N/A
PPOpt 74.2 52.6 46.3 57.70 N/A N/A N/A N/A N/A N/A N/A N/A
SeCom 82.4 74.4 56.3 71.03 N/A N/A N/A N/A N/A N/A N/A N/A

Table 24: Results on PrefEval Classification under different lengths of interaction history (in distracting turns
and tokens). For each setting, we report results on Explicit Preference (explicit), Implicit Choice-Based (choice),
Implicit Persona-Driven (persona), and All. Ours, Qwen3, DeepSeek, and Qwen3.5 denote PREFINFER, Qwen3-4B-
Instruct-2507, DeepSeek-V3.2, and Qwen3.5-35B-A3B.

Model 25 (9k) 150 (54k) 300 (103k)
Explicit Choice Persona All Explicit Choice Persona All Explicit Choice Persona All

Qwen3 84.3 69.5 52.8 68.87 47.2 38.2 28.5 37.97 30.8 31.2 28.6 30.20
+ Qwen3 63.7 49.3 38.5 50.50 36.0 32.5 26.4 31.63 21.0 24.0 18.7 21.23
+ Ours 95.5 87.3 90.1 90.97 95.0 82.7 85.4 87.70 94.5 79.0 77.5 83.67

DeepSeek 98.1 91.4 88.9 92.80 93.2 81.9 61.7 78.93 70.4 52.9 36.9 53.40
+ DeepSeek 89.2 84.7 82.0 85.30 87.9 87.8 82.2 85.97 85.4 82.5 76.9 81.60
+ Ours 97.7 88.1 92.4 92.73 98.3 84.3 88.5 90.37 97.9 81.5 80.9 86.77

Qwen3.5 98.3 93.4 88.9 93.53 96.5 86.8 74.4 85.90 94.2 86.5 78.4 86.37
+ Qwen3.5 87.1 73.1 58.9 73.03 72.8 63.3 43.3 59.80 70.5 65.8 41.4 59.23
+ Ours 98.0 90.4 93.2 93.87 98.0 85.8 89.0 90.93 98.1 81.3 81.2 86.87

Retrieval 93.2 80.8 88.5 87.50 80.6 62.3 77.9 73.60 75.8 58.4 75.2 69.80
PersonaVLM 61.4 46.7 46.5 51.53 N/A N/A N/A N/A N/A N/A N/A N/A
PPOpt 60.4 29.2 22.1 37.23 N/A N/A N/A N/A N/A N/A N/A N/A
SeCom 76.5 61.3 32.3 56.70 N/A N/A N/A N/A N/A N/A N/A N/A

Table 25: Results on PrefEval Generation under different lengths of interaction history (in distracting turns and
tokens). For each setting, we report results on Explicit Preference (explicit), Implicit Choice-Based (choice), Implicit
Persona-Driven (persona), and All. Ours, Qwen3, DeepSeek, and Qwen3.5 denote PREFINFER, Qwen3-4B-Instruct-
2507, DeepSeek-V3.2, and Qwen3.5-35B-A3B.
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