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Abstract

Retrieval-Augmented Generation (RAG) critically depends
on effective query expansion to retrieve relevant informa-
tion. However, existing expansion methods adopt uniform
strategies that overlook user-specific semantics, ignoring in-
dividual expression styles, preferences, and historical con-
text. In practice, identical queries in text can express vastly
different intentions across users. This representational rigid-
ity limits the ability of current RAG systems to generalize
effectively in personalized settings. Specifically, we identify
two core challenges for personalization: 1) user expression
styles are inherently diverse, making it difficult for standard
expansions to preserve personalized intent. 2) user corpora
induce heterogeneous semantic structures—varying in topi-
cal focus and lexical organization—which hinders the effec-
tive anchoring of expanded queries within the user’s corpora
space. To address these challenges, we propose Personalize
Before Retrieve (PBR), a framework that incorporates user-
specific signals into query expansion prior to retrieval. PBR
consists of two components: P-PRF, which generates stylis-
tically aligned pseudo feedback using user history for simu-
lating user expression style, and P-Anchor, which performs
graph-based structure alignment over user corpora to capture
its structure. Together, they produce personalized query rep-
resentations tailored for retrieval. Experiments on two per-
sonalized benchmarks show that PBR consistently outper-
forms strong baselines, with up to 10% gains on Person-
aBench across retrievers. Our findings demonstrate the value
of modeling personalization before retrieval to close the se-
mantic gap in user-adaptive RAG systems.

Code — https://github.com/Applied-Machine-Learning-
Lab/PBR-code

Extended version — https://arxiv.org/abs/2510.08935

1 Introduction
Retrieval-Augmented Generation (RAG) has emerged as a
pivotal paradigm for enhancing the capabilities of large lan-
guage models (LLMs) (Lewis et al. 2020; Zhao et al. 2024;
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Same Query from Different Users 

Existing Method Our Method

… focus on fresh, 
organic ingredients 

… of using organic 
ingredients

…  a balance of health 
and convenience.

… desire for easy 
recipes, especially …

We have all the ingredients, and I'm 
trying a new side dish recipe I 
found too ... 

It's always fun to prepare, and using 
organic ingredients really makes the 
difference.

❶ Expansion

❷Retrieval

Ground Truth in User-specific corpus

Based on your dietary 
preferences, it seems you 
lean towards a balanced 
and health-conscious 
approach to eating. …

❷Retrieval

❶ Expansion

Same Query, Same Expansion! Same Query, Personalized Expansion!

How would you describe my dietary preferences?

Figure 1: An example comparing generic and personalized
query expansion.

Zhang et al. 2025c), leveraging a two-stage process: first re-
trieving relevant external corpus, then generating responses
conditioned on the retrieved information (Cheng et al. 2023).
The effectiveness of this paradigm hinges on the quality of
query expansion by using LLM world knowledge (Culpep-
per et al. 2021; Song and Zheng 2024), which directly im-
pacts the accuracy and relevance of the retrieval stage. Most
current strategies generate pseudo answers (Gao et al. 2023)
or candidate completions (Jia et al. 2023) using LLMs in
a zero-shot or few-shot manner. These generated semantic
representations, often combined with the original query, are
used to retrieve information from a global external corpus.

Recently, with LLMs widely adopted as personalized as-
sistants, many user queries are required to retrieve from in-
dividual histories and contexts, demanding retrieval mech-
anisms that go beyond generic corpora to leverage user-
specific data. Existing query expansion (QE) strategies re-
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main limited in their ability to capture user-specific seman-
tics. In practice, the same textual query may convey vastly
different intentions depending on a user’s preferences (Zou
et al. 2023), background knowledge (Westhofen, Jung, and
Neider 2025), or expression style (Neelakanteswara, Chaud-
hari, and Zamani 2024). As users exhibit diverse personas
and contextual needs, it becomes increasingly important for
QE methods to be personalized—capable of adapting to
user-specific semantics within private corpora—so as to en-
sure accurate retrieval and enhance downstream generation.

As illustrated in Figure 1 (top), when two users submit the
same query—“How would you describe my dietary prefer-
ences?”—standard expansion methods yield generic outputs
that fail to account for individual differences. This results
in mismatched retrieval: for example, the health-conscious
user (User 1) successfully retrieves content related to “or-
ganic ingredients,” which aligns with their preferences. In
contrast, the variety-seeking user (User 2), whose personal
content emphasizes “trying new side dishes,” fails to re-
trieve relevant information, highlighting the limitations of
non-personalized expansion strategies. Such failures stem
from neglecting rich signals in user—such as style, intent
patterns, and thematic focus—resulting in semantically mis-
aligned expansions and degraded retrieval performance.

Motivated by these limitations, we aim to develop a per-
sonalized query expansion framework that adapts to individ-
ual user intent and expression as shown in Figure 1. How-
ever, introducing personalization into expansion brings two
fundamental challenges: (1) User expression styles are in-
herently diverse. Users articulate intent using varied lin-
guistic patterns—ranging from minimal prompts to elab-
orative reasoning—driven by personal habits, domain fa-
miliarity, or rhetorical preference (Neelakanteswara, Chaud-
hari, and Zamani 2024). These styles are often implicit and
non-transferable, making it difficult to construct expansions
that faithfully preserve user-specific semantics within a gen-
eralizable framework. (2) User corpora induce heteroge-
neous semantic structures. Users’ personal corpora often
differ significantly in topical coverage, content organization,
and linguistic granularity. This high degree of heterogeneity
makes it difficult to locate reliable semantic regions related
to the user query, and in turn, complicates the alignment
of user-specific preferences. Without user-specific seman-
tic anchors to guide expansion, queries are prone to drifting
toward irrelevant regions, resulting in mismatched retrieval
despite plausible surface semantics. These challenges raise
a central question: How can we personalize query expan-
sion—both in style and structure—before retrieval to align
with individual user intent and corpus characteristics?

To address these challenges, we propose a Personalize Be-
fore Retrieve (PBR) framework that integrates user-specific
signals into query understanding prior to retrieval. PBR
adopts a two-stage design that combines expression-level
expansion with structure-level alignment, enabling queries
to reflect both personal style and corpus semantics. ❶ P-
PRF: Personal Style-Aligned Pseudo Relevance Feed-
back. This module extracts linguistic patterns from user his-
tory to guide LLMs in generating pseudo-utterances and rea-
soning paths. These signals capture personalized expression

style and hidden intent, often missed by generic expansion
methods. ❷ P-Anchor: Personal Structure-Aligned Se-
mantic Anchoring. We encode user history into a semantic
graph that captures localized relevance patterns. Personal-
ized PageRank is applied to identify representative anchor
points within this structure to encode the whole user cor-
pora or to express user general preference. The query is then
guided toward these anchors to reflect the user’s semantic
landscape. By jointly modeling stylistic variation and struc-
tural relevance, P-PRF and P-Anchor produce personalized
query representations that enhance alignment between user
intent and retrieval semantics in RAG systems. Our contri-
butions can be summarized as follows:

• To the best of our knowledge, we are the first to propose
a personalized query expansion framework for RAG sys-
tems that adapts to the user for improving retrieval.

• We propose P-PRF, a style-aware expansion module that
generates pseudo queries and reasoning paths conditioned
on user history.

• We introduce P-Anchor, a graph-based alignment module
that grounds queries within personalized semantic spaces
via local corpus structure.

• Experiments on two real-world dialogue datasets show
that PBR significantly improves personalized retrieval,
validating the benefits of pre-retrieval personalization.

2 Problem Definition
We study personalized query expansion, which expands un-
derspecified queries to align with both user expression style
and corpus heterogeneity informed by past interactions.

Formally, let q represent the user query, and let H =
{h1, h2, . . . , hn} denote the user’s historical utterances, re-
ferred to as the user corpus, where each hi is a textual seg-
ment from prior conversations or interactions. The query is
encoded as q = ϕ(q) ∈ Rd, while the historical utterances
are encoded into a set of corpus vectors C = {c1, . . . , cn}
using a fixed encoder ϕ(·):

ci = ϕ(hi) ∈ Rd, ∀i = 1, . . . , n. (1)

The goal is to construct a personalized query represen-
tation q∗ ∈ Rd that retrieves content from the user cor-
pus C not only based on lexical-semantic similarity, but also
aligned with user-specific latent intent. Formally, the re-
trieved set is defined as:

R(q∗) = TopK ({sim(q∗, ck) | ck ∈ C}) , (2)

where sim(·) denotes a similarity function (e.g., cosine sim-
ilarity), and Topk(·) returns the top-k most relevant items.

The core challenge lies in constructing q∗ from the ob-
servable query q and the latent user-specific context C. We
formulate a transformation function fΘ(q, C) such that:

q∗ = fΘ(q, C) = q+∆user(q, C), (3)

where ∆user(q, C) encodes personalized adjustments re-
flecting individual expression style, intent formulation, and
structural semantics in the user corpus.
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Instruction: You are to generate 10 
natural candidate utterances the user 
might say…

Instruction: Solve the question 
step-by-step, inspired by the user 
dialogue…

1. I think you could say I lean 
towards a mostly plant-based diet…
….
m.  … but I always try to focus on 
fresh, organic ingredients 

To describe your dietary preferences 
based on the conversation history, 
let's break it down step-by-step:
1. **Cooking Interest**: You have 
shown a keen interest in cooking …

Δuser q, 𝒞

Figure 2: Overview of PBR, which consists of three components: P-PRF for stylistic expansion, P-Anchor for structural
grounding, and PBR Fusion module for generating the final query representation.

3 PBR Framework
3.1 Framework Overview
As illustrated in Figure 2, the PBR framework enhances per-
sonalized retrieval by explicitly incorporating user-specific
signals into query representation before retrieval. It consists
of three core modules: P-PRF simulates two complemen-
tary forms of feedback to generate pseudo utterances and
pseudo reasoning that reflect the user’s stylistic tendencies
and underlying reasoning logic. P-Anchor constructs a se-
mantic graph over the user’s corpus and applies PageRank to
identify representative anchor points that capture the corpus-
level user anchor. These two sources of personalized signals
are integrated via PBR Fusion, which computes a personal-
ized and query-specific dynamic weight to balance the con-
tributions of pseudo utterances and pseudo reasoning. The
resulting fused representation q∗ reflects both user hidden
style and contextual grounding, enabling accurate retrieval
from the semantic index constructed over the user corpus C.

3.2 P-PRF
Generic QE methods often overlook the nuanced expres-
sion styles (Neelakanteswara, Chaudhari, and Zamani 2024)
and implicit reasoning patterns behind user expression (Li
et al. 2025), leading to mismatches in personalized retrieval.
This challenge is exacerbated when queries are ambiguous
or under-specified, requiring systems to infer intent beyond
surface forms. Existing solutions typically apply uniform
expansion strategies, failing to adapt to user-specific signals.

To address these limitations, P-PRF simulates user-
specific signals before retrieval by simulating personalized
feedback in two complementary forms: roughly via stylistic
utterances, and logically via intent reasoning. Rather than
using the full user history H , we retrieve a task-relevant
subset Hq = Top-k1

(
{sim(q, ct)}nt=1

)
based on semantic

similarity, where q and ct are the embeddings of the query
and past utterances. This subset captures salient contextual-
aware user traits for downstream simulation.

Pseudo Utterance Generation (Roughly) To simulate
user-specific expression patterns, we employ a large lan-
guage model Gutt

LLM to generate m pseudo utterances con-
ditioned on the original query q and user dialogue history
Hq . Each utterance fi is designed to reflect how the user
might naturally articulate the query, capturing stylistic nu-
ances such as tone, verbosity, and phrasing:

{f1, . . . , fm} = Gutt
LLM(q, Hq), favg =

1

m

m∑
i=1

ϕ(fi), (4)

where ϕ(fi) denotes the embedding of the i-th utterance and
favg is their mean representation.

Pseudo Reasoning Generation (Logically) Beyond sur-
face expression, effective personalization also requires mod-
eling the user’s implicit reasoning process. We define Grea

LLM
as a parallel simulating pipeline to elicit a step-by-step ra-
tionale r of user expression:

r = Grea
LLM(q, Hq), r = ϕ(r). (5)

This rationale introduces logical cues that are often absent
from surface queries, thereby providing a complementary
semantic signal to guide expansion alignment.

3.3 P-Anchor
Existing methods are often designed to retrieve from a uni-
fied RAG corpus, lacking explicit grounding in the struc-
tural organization of individual user corpora (Tan et al. 2025;
Wu et al. 2025). To address this, we propose P-Anchor,
a structure-aware module that captures corpus-level prefer-
ences by identifying semantically central regions within a
graph-structured user space.

Graph Construction from User Corpus. We represent
the user’s prior corpus—such as interaction records with AI
assistants—as a semantic graph G = (C, E), following pre-
vious study (Tang et al. 2025), where C and E denote the sets
of nodes and edges, respectively. The set of nodes C consists
of history corpus vectors, where each node ci as in Eq. (1)
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Method Base HyDE Query2Term MILL CoT ThinkQE PBR (Ours)
Metrics R@5 N@5 R@5 N@5 R@5 N@5 R@5 N@5 R@5 N@5 R@5 N@5 R@5 N@5

multi-qa-MiniLM-L6-cos-v1
Overall 0.4484 0.3669 0.3464 0.2945 0.3584 0.3060 0.3200 0.3254 0.3627 0.3000 0.4791 0.3902 0.5035 0.4201
Basic information 0.4515 0.3088 0.3106 0.2395 0.3424 0.2614 0.2879 0.2337 0.3424 0.2454 0.4606 0.3265 0.5091 0.3647
Preference (hard) 0.3659 0.3759 0.3122 0.3079 0.3659 0.3491 0.2927 0.4250 0.3171 0.3335 0.4195 0.4310 0.4049 0.4175
Social 0.4852 0.4356 0.3909 0.3259 0.3494 0.3144 0.3808 0.3923 0.4009 0.3320 0.5503 0.4554 0.5541 0.4914
Preference (easy) 0.4904 0.4582 0.4615 0.4422 0.4327 0.4095 0.3750 0.4195 0.4423 0.4133 0.5064 0.4626 0.5321 0.5129

all-MiniLM-L6-v2
Overall 0.3783 0.3074 0.3747 0.3144 0.3908 0.3256 0.3030 0.3059 0.3721 0.3098 0.3861 0.3393 0.4516 0.3855
Basic information 0.3515 0.2644 0.4015 0.2975 0.3894 0.2914 0.3030 0.2547 0.3455 0.2696 0.3455 0.2677 0.4515 0.3485
Preference (hard) 0.4000 0.3547 0.3512 0.3561 0.3805 0.3798 0.3220 0.4171 0.3463 0.3490 0.3366 0.3486 0.4341 0.4352
Social 0.3921 0.3048 0.2805 0.2435 0.3984 0.3163 0.2638 0.2829 0.4160 0.3046 0.4780 0.4334 0.4494 0.3777
Preference (easy) 0.4295 0.4199 0.4904 0.4646 0.3974 0.4038 0.3526 0.3944 0.4359 0.4285 0.4487 0.4357 0.4840 0.4800

bge-base-en-v1.5
Overall 0.3738 0.3015 0.3108 0.2597 0.3007 0.2497 0.2791 0.2869 0.3199 0.2642 0.3643 0.3156 0.4029 0.3402
Basic information 0.3970 0.2748 0.2955 0.2051 0.3000 0.1955 0.2879 0.2319 0.3152 0.2052 0.3152 0.2430 0.4121 0.3057
Preference (hard) 0.3268 0.3343 0.3073 0.3148 0.2976 0.3186 0.2244 0.3566 0.3073 0.3281 0.3463 0.3635 0.3707 0.3889
Social 0.3204 0.2799 0.2714 0.2443 0.2852 0.2503 0.2752 0.3004 0.2965 0.2647 0.4261 0.3735 0.3657 0.3089
Preference (easy) 0.4583 0.4065 0.4615 0.4356 0.3397 0.3693 0.3365 0.3819 0.4071 0.4117 0.4744 0.4289 0.4904 0.4734
Overall Average 0.4002 0.3253 0.3440 0.2895 0.3500 0.2938 0.3007 0.3061 0.3295 0.3121 0.4098 0.3484 0.4527∗ 0.3819∗

Table 1: Retrieval performance in PersonaBench. The best results are in bold, and the second-best results are underlined. “*”
indicates the statistically significant improvements (i.e., two-sided t-test with p < 0.05) over the best baseline.

represents an encoded segment. The edges E are established
based on pairwise similarity between the nodes. For each
pair, we compute cosine similarity Sij =

⟨ci,cj⟩
∥ci∥·∥cj∥ . We con-

struct a sparse adjacency matrix A to represent the structural
links within the user corpus, which retains only the top-k2
neighbors exceeding a similarity threshold θ:

Aij =

{
Sij , if Sij ≥ θ and j ∈ Top-k2(i),
0, otherwise.

(6)

Graph-Based Anchor Representation. We follow
PageRank (Page et al. 1999; Haveliwala 2002) over G to es-
timate a stationary distribution π reflecting node centrality.
Let P = norm(A) be the row-normalized transition matrix,
then π(t+1) = α ·P⊤π(t) + (1− α) · 1

n1. The user anchor
is computed as a weighted aggregation:

cAnchor =

n∑
i=1

πi · ci. (7)

This representation encodes structurally central semantics
from the user’s corpus, anchoring the query in a context-
aware and personalized semantic space.

3.4 PBR Fusion
To synthesize the signals captured in P-PRF and P-Anchor,
we design a fusion mechanism that integrates stylistic
pseudo-feedback with the query and user anchor. Recogniz-
ing that the utility of pseudo-feedback varies across users
and queries—depending on individual expression patterns
and the semantic openness of the query—we introduce a
personalized and query-specific dynamic weight that bal-
ances the contribution of P-PRF according to its semantic
proximity to both the original query q and the corpus anchor

cAnchor. Specifically, we compute two weights w1 and w2 to
quantify the semantic alignment of the pseudo-utterance and
reasoning feedback, respectively:

w1 = 1 + sim
(
q+ cAnchor

2
, favg

)
, (8)

w2 = 1 + sim
(
q+ cAnchor

2
, r

)
, (9)

where sim(·) denotes cosine similarity. The additive con-
stant ensures positivity and smooth interpolation.

Then, we define a user-specific personalization shift as:
∆user(q, C) = cAnchor + w1 · favg + w2 · r, (10)

and construct the final personalized query embedding as
q∗ = q + ∆user(q, C). The resulting query q∗ incorpo-
rates user-specific semantics from both style and structure.
It encodes not only the immediate surface form of the input
query, but also latent stylistic preferences, goal-driven rea-
soning, and historically salient corpus signals.

We perform the final retrieval from the user corpus C
using faiss-based (Douze et al. 2024) nearest neighbor
search with q∗. This process leverages embedding-level
alignment to recover user-relevant content.

4 Experiment
In this section, we conduct experiments to address the fol-
lowing research questions:
• RQ1: Does the proposed PBR method improve retrieval

performance on personalized corpus?
• RQ2: What are the individual contributions of the P-PRF

and P-Anchor modules to the overall performance?
• RQ3: How does information propagation within the P-

Anchor module affect the alignment between the query
and user-specific corpora?
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Dataset LongMenEval-s LongMenEval-m
Metrics R@1 N@1 R@3 N@3 R@5 N@5 R@1 N@1 R@3 N@3 R@5 N@5

multi-qa-MiniLM-L6-cos-v1
Base 0.1885 0.7924 0.6730 0.8020 0.8067 0.8301 0.1098 0.5251 0.4057 0.5559 0.5394 0.6038
HyDE 0.1957 0.7852 0.6945 0.8173 0.8115 0.8436 0.1146 0.4964 0.4129 0.5411 0.5179 0.5828
Query2Term 0.1814 0.7446 0.6396 0.7684 0.7470 0.7959 0.1146 0.4749 0.3747 0.5091 0.4821 0.5531
MILL 0.1838 0.7709 0.6635 0.7845 0.6635 0.7712 0.1122 0.5155 0.4129 0.5552 0.4129 0.5468
CoT 0.1862 0.7470 0.6516 0.7707 0.7542 0.8006 0.1098 0.4654 0.3866 0.5110 0.4726 0.5475
ThinkQE 0.1933 0.8019 0.7064 0.8214 0.8162 0.8424 0.1169 0.5227 0.4168 0.5647 0.5517 0.6156
PBR 0.2100∗ 0.8210∗ 0.7279∗ 0.8444∗ 0.8282∗ 0.8598∗ 0.1217∗ 0.5537∗ 0.4320∗ 0.5776∗ 0.5537∗ 0.6177∗

all-MiniLM-L6-v2
Base 0.2196 0.8234 0.7399 0.8477 0.8568 0.8731 0.1265 0.5322 0.4415 0.5857 0.5346 0.6191
HyDE 0.2172 0.8138 0.7208 0.8372 0.8377 0.8599 0.1074 0.4988 0.4081 0.5483 0.5131 0.5884
Query2Term 0.2196 0.8019 0.6778 0.8000 0.8138 0.8351 0.1193 0.4940 0.3747 0.5209 0.4964 0.5689
MILL 0.2100 0.8162 0.7208 0.8382 0.7208 0.8257 0.1217 0.5179 0.3962 0.5530 0.3962 0.5450
CoT 0.2124 0.7709 0.6730 0.7932 0.7780 0.8187 0.1193 0.4487 0.3389 0.4920 0.4344 0.5273
ThinkQE 0.2196 0.8234 0.7232 0.8332 0.8162 0.8527 0.1241 0.5585 0.4461 0.5871 0.5537 0.6229
PBR 0.2267∗ 0.8592∗ 0.7780∗ 0.8754∗ 0.8640∗ 0.8902∗ 0.1408∗ 0.5800∗ 0.4463∗ 0.5949∗ 0.5847∗ 0.6424∗

bge-base-en-v1.5
Base 0.2267 0.8616 0.7900 0.8863 0.8926 0.9007 0.1217 0.5943 0.5322 0.6605 0.6444 0.6929
HyDE 0.2196 0.8759 0.7995 0.8974 0.8998 0.9044 0.1313 0.5943 0.5298 0.6538 0.6659 0.7010
Query2Term 0.2100 0.8544 0.7637 0.8739 0.8926 0.8989 0.1360 0.5776 0.5155 0.6290 0.6348 0.6754
MILL 0.2267 0.8663 0.7804 0.8819 0.7804 0.8680 0.1289 0.5967 0.5107 0.6362 0.5107 0.6278
CoT 0.2196 0.8425 0.7637 0.8707 0.8783 0.8918 0.1384 0.5609 0.4964 0.6148 0.5967 0.6570
ThinkQE 0.2124 0.8807 0.8108 0.9012 0.9021 0.9126 0.1384 0.6072 0.5080 0.6321 0.6445 0.7013
PBR 0.2315∗ 0.8902∗ 0.8138∗ 0.9072∗ 0.9045∗ 0.9191∗ 0.1408∗ 0.6205∗ 0.5489∗ 0.6612∗ 0.6874∗ 0.7060∗

Table 2: Retrieval performance in LongMemEval. The best results are in bold, and the second-best results are underlined. “*”
indicates the statistically significant improvements (i.e., two-sided t-test with p < 0.05) over the best baseline.

4.1 Experiment Setting
Datasets. We evaluate PBR on two benchmarks tailored for
personalized retrieval. PersonaBench (Tan et al. 2025) sim-
ulates user-specific queries over synthetic private data. It in-
cludes both explicit and implicit user traits across diverse
domains. LongMemEval (Wu et al. 2025) targets long-term
interactive memory, with two subsets: LongMemEval-s and
LongMemEval-m, to evaluate the retrieval performance un-
der both short- and long-horizon personalization.

Evaluation Metrics. We report performance using two
standard retrieval metrics: Recall@K (R@K), which mea-
sures the proportion of relevant items ranked within the top-
K results, and NDCG@K (N@K) to reflect retrieval quality.

Baselines. We compare PBR with six baselines: Base,
a static query retriever without expansion; HyDE (Gao
et al. 2023), which generates hypothetical expansion;
Query2Term (Jagerman et al. 2023), which performs
keyphrase-based query expansion; MILL (Jia et al. 2023),
which leverages mutual varified expansion; CoT (Wei et al.
2022), which applies chain-of-thought reasoning for better
ranking; and ThinkQE (Lei, Shen, and Yates 2025).

Implement details. To verify the robustness of PBR,
all methods are evaluated under three retrieval back-
bones: multi-qa-MiniLM-L6-cos-v1 (Wang et al.
2020), all-MiniLM-L6-v2 (Wang et al. 2020), and
bge-base-en-v1.5 (Chen et al. 2024). For a fair com-
parison, all methods are using GPT-4o-mini (Achiam et al.
2023), and run 5 times. In PBR framework, we set k1 =
5,m = 5, θ = 0.75, and k2 = 10 across PersonaBench and
LongMemEval-s. The larger k2 = 50 is particularly suited
for LongMemEval-m, which contains richer user histories.

4.2 Overall Performance (RQ1)
To comprehensively evaluate the effectiveness of PBR, we
conduct experiments on two benchmarks. PersonaBench
contains 6 users, each with a dedicated corpus and about 50
user queries characterized by ambiguous intent and highly
personalized language. In contrast, LongMemEval simu-
lates a large-scale factual QA scenario with 500 distinct user
queries, each paired with a relevant memory corpus. The
former highlights soft personalization challenges, while the
latter emphasizes hard factual grounding under long-context
retrieval.

PBR resolving semantic ambiguity through user-
specific expansion. Queries in PersonaBench often ex-
hibit semantic openness and personal references—such
as “Where is my hometown?” or “What is my favorite
color?”—which cannot be resolved without grounding in
the user’s unique corpus. As shown in Table 1, our PBR
framework achieves the best overall performance across all
retrievers (R@5: 0.4527, N@5: 0.3819), significantly sur-
passing the best baseline (ThinkQE: 0.4098 / 0.3484). This
gain stems from PBR’s ability to generate user-style pseudo-
feedback that anchors the query into a meaningful semantic
space, reducing ambiguity and improving retrieval accuracy.

PBR excels in factual retrieval by boosting top-ranked
precision. In contrast to PersonaBench, queries in Long-
MemEval are fact-oriented with specific personalization re-
quirements, each associated with a specific memory corpus.
In this setting, PBR boosts top-ranked retrieval performance.
In Table 2, PBR also outperforms all baselines on Long-
MemEval, particularly on R@1, where it achieves 0.2315
on the -s version and 0.1408 on the -m version using bge.
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Figure 3: Overall performance in PersonaBench comparison across three retrieval models.
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Figure 4: Parameter sensitivity analysis on P-Anchor of θ and k2 settings.

Compared to the best-performing baseline (0.2267 / 0.1384),
PBR achieves absolute gain on top-1 precision. This sug-
gests that our style simulation and structural anchoring more
precisely locate relevant memory, elevating correct answers
to top-1 even in long-context settings.

4.3 Ablation Study (RQ2)

PBR w/o P-Anchor w/o P-PRF
Metrics R@5 N@5 R@5 N@5 R@5 N@5

multi-qa-MiniLM-L6-cos-v1
Overall 0.5035 0.4201 0.4871 0.4100 0.3457 0.2877
Basic info 0.5091 0.3647 0.4833 0.3570 0.3318 0.2242
Pref (hard) 0.4049 0.4175 0.4390 0.4295 0.2683 0.2981
Social 0.5541 0.4914 0.5164 0.4529 0.4277 0.3851
Pref (easy) 0.5321 0.5129 0.5192 0.5160 0.3590 0.3414

all-MiniLM-L6-v2
Overall 0.4516 0.3855 0.4382 0.3729 0.2860 0.2449
Basic info 0.4515 0.3485 0.4379 0.3393 0.1985 0.1617
Pref (hard) 0.4341 0.4352 0.4244 0.4201 0.2878 0.2718
Social 0.4494 0.3777 0.4333 0.3639 0.4179 0.3387
Pref (easy) 0.4840 0.4800 0.4712 0.4587 0.3846 0.3634

BAAI/bge-base-en-v1.5
Overall 0.4029 0.3402 0.3921 0.3256 0.2699 0.2214
Basic info 0.4121 0.3057 0.3970 0.2958 0.2576 0.1804
Pref (hard) 0.3707 0.3889 0.3902 0.3778 0.2146 0.2173
Social 0.3657 0.3089 0.3431 0.2822 0.3261 0.2816
Pref (easy) 0.4904 0.4734 0.4744 0.4582 0.2949 0.2785

Average 0.4527 0.3819 0.4391 0.3695 0.3005 0.2513

Table 3: Ablation study of PBR in PersonaBench.

To investigate the individual roles of P-PRF and P-
Anchor in PBR, we perform a module-wise ablation across
three retrievers in PersonaBench, as shown in Table 3. Each
model variant is evaluated under both R@5 and N@5.

P-PRF drives major performance gains in personal-
ized retrieval. Removing P-PRF leads to a substantial per-

formance drop across all retrievers (e.g., on all-MiniLM,
R@5 falls from 0.4516 to 0.2860), with the most severe de-
cline observed on personalization-heavy subsets. This un-
derscores the importance of P-PRF in generating semanti-
cally rich and stylistically aligned pseudo queries that effec-
tively capture user intent.

Effectiveness of P-PRF Components. To assess how P-
PRF enhances intent modeling, we perform ablation stud-
ies in PersonaBench and three retrievers (Figure 3). Remov-
ing either the roughly-aligned pseudo-utterance or logically-
structured pseudo-reasoning consistently degrades perfor-
mance in R@5 and N@5. The former harms lexical cov-
erage, while the latter impairs goal-oriented reasoning, re-
ducing ranking precision on inference-heavy datasets.

P-Anchor promotes semantic alignment in structured
corpora. Removing P-Anchor leads to a consistent drop
(e.g., N@5 from 0.3819 to 0.3695), especially in Basic In-
formation and Social, where user corpora exhibit clearer
structure. In contrast, in non-clustered tasks like Preference
(hard), it offers limited gain and may overfit. P-Anchor is
most effective when user context is semantically coherent.

4.4 Parameter Sensitivity Analysis (RQ3)
To verify how information propagation within the P-Anchor
module influences the alignment between queries and user-
specific semantic space, we conduct a sensitivity analysis
over two structural hyperparameters: the semantic threshold
θ and the neighbor size k2. The results are shown in Figure 4.

Moderate propagation improves alignment. When θ ∈
[0.65, 0.75] and k2 = 5, both R@5 and N@5 reach con-
sistent peaks across datasets, indicating that controlled ex-
pansion of semantic neighborhoods facilitates better anchor-
ing and personalization. Over-propagation causes seman-
tic drift. As θ and k2 continue to increase, performance ei-
ther saturates or slightly declines (e.g., at θ = 0.8, k2 = 10),
suggesting that excessive propagation introduces noise and
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Figure 5: Visualization of retrieval distance of the query in the Figure 1 compared to ground truth (GT) under different methods:
(a) vanilla query, (b) HyDE, and (c) our proposed PBR.

weakens the semantic specificity of the alignment.

4.5 Visualization Case Study
To verify the practical effectiveness of our proposed PBR
framework, we conduct a retrieval visualization case study.
Figure 5 visualizes the t-SNE distribution of user queries,
ground truths (GT), and generated queries under different
methods. The results show that traditional expansion meth-
ods produce generic results misaligned with different users.
Measuring cosine similarity to user-specific ground truth,
PBR achieves higher separation between users (0.31 vs.
0.27), outperforming HyDE (0.04 vs. –0.01) and the original
query (0.05 vs. 0.10). This highlights PBR’s effectiveness in
embedding user-personalized semantics.

P-PRF enables semantically diverse and intent-aligned
queries. Compared to vanilla queries or HyDE-generated
expansions, PBR-generated queries are semantically closer
to ground truth responses in both user clusters. The trajec-
tory of PBR vectors more accurately captures user-relevant
preferences, confirming its effectiveness in generating ex-
pressive and personalized query variants.

Improved alignment leads to more successful retrieval.
Unlike HyDE, which generates a generic QE of all users,
PBR yields multiple expansions (e.g., PBR user1 and PBR
user2) that better cover the user-specific semantic space.
This personalized QE allows the retriever to more precisely
locate relevant results near each GT, reducing retrieval dis-
tance and improving semantic alignment.

5 Literature Review
5.1 Query Expansion in RAG System
Query expansion (QE) improves retrieval performance by
simulating PRF. With the rise of LLMs, recent studies have
explored LLMs as zero-shot QE engines. HyDE (Gao et al.
2023) and Query2Doc (Wang, Yang, and Wei 2023) demon-
strate that prompting LLMs can yield precise expansions
with PRF. Other works enhance semantic diversity or rea-
soning depth (Zhang et al. 2025b): MILL (Jia et al. 2023)
employs mutual verification, and GRF (Mackie, Chatter-
jee, and Dalton 2023) applies LLM-based relevance feed-
back. ThinkQE (Lei, Shen, and Yates 2025) models ex-
pansion as a reasoning process, while LLMlingua (Jiang

et al. 2023) focuses on compressing expansion prompts.
GAR (Xia et al. 2024) further introduces a knowledge graph-
aware QE framework.

However, existing work overlooks personalization and
fails to align QE with user-specific semantic spaces. In con-
trast, our PBR generates style-aware and structure-aware ex-
pansions, bridging this gap for personalized retrieval.

5.2 Personalized RAG System
Personalized RAG system has recently emerged as a crucial
direction for adapting LLMs to individual users. A recent
survey by Li et al. (Li et al. 2025, 2023b) provides a com-
prehensive overview, highlighting the importance of person-
alization in RAG. Approaches such as UniMS-RAG (Wang
et al. 2024a) integrate multi-source signals for dialogue per-
sonalization, while PersonaRAG (Zerhoudi and Granitzer
2024) enhances personalization via role-based agent frame-
works. Salemi et al. (Salemi et al. 2024) further investigate
LLM personalization by modeling language preferences and
user goals. Complementary work like Wu et al. (Wu et al.
2024) explores the role of explicit user profiles, and Cohn
et al. (Cohn et al. 2025) leverage interaction logs for educa-
tional agent adaptation. Domain-specific applications, such
as personalized care systems (Yang et al. 2025; Liu et al.
2024) and memory-based assistant evaluation (Wu et al.
2025; Xu et al. 2025c,a), highlight the importance of long-
term memory and evolving user states in effective RAG.

Despite recent advances, little attention has been given to
improving retrieval accuracy at the pre-retrieval stage. PBR
enables fine-grained personalization by jointly modeling the
user’s style and corpus structure before retrieval.

6 Conclusion
This paper introduces PBR, a Personalize-Before-Retrieve
framework for personalized retrieval. PBR expands user
query prior to retrieval by integrating two components: P-
PRF, a style-aware pseudo query generator, and P-Anchor,
a graph-based corpus alignment module. Our results high-
light the importance of pre-retrieval personalization for
improving user-centric retrieval performance. Future work
will investigate generalizing PBR to broader information-
seeking tasks beyond query-based retrieval.
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