Beyond My Own Shadow: Collaborative Latent Prompting for
Personalized Question Answering

Yinghan Shi', Kai Fu', Xinyu Liu', Quanyou Chu',
Ming Du!, Hongya Wang', Yanghua Xiao?, Bo Xu'*
1School of Information and Intelligent Science, Donghua University
2Shanghai Key Laboratory of Data Science,
College of Computer Science and Artificial Intelligence, Fudan University
(2242829, 2242825, 2242850, 2242865}@mail.dhu.edu.cn
{duming, hywangl}@dhu.edu.cn, shawyh@fudan.edu.cn, xubo@dhu.edu.cn

Abstract

While Large Language Models (LLMs) ex-
cel in general question answering, they typ-
ically generate uniform responses, ignoring
users’ diverse intents. Current Personalized
Question Answering (PQA) methods face
dual limitations: individual-based prompting
struggles with data sparsity, while collabora-
tive explicit prompting suffers from inaccu-
rate user matching and attention dispersion
caused by text concatenation. To tackle these
challenges, we propose Collaborative Latent
Prompting (CLP), a PQA framework that fuses
collaborative knowledge within a dynamic la-
tent space rather than relying on explicit tex-
tual concatenation. First, our Multi-Grained
Collaborative Retrieval (MGCR) module en-
sures precise retrieval of relevant reference
users through a three-stage refinement. Next,
the Dynamic Q-Former (DQ-Former) utilizes
question-modulated dynamic latent queries to
extract compact personalized features from
noisy texts. Finally, these features are projected
into dense soft prompts to implicitly steer a
frozen LLM. Experiments across three PQA
domains and three backbone LLMs show con-
sistent improvements over representative PQA
baselines.

1 Introduction

While Large Language Models (LLMs) perform
well in general question answering (Wang et al.,
2025; Hu et al., 2025; Nian et al., 2025; Aftabi
and Farzi, 2026), they usually follow a uniform
paradigm, generating the same standard answers
for the same questions. However, different users
often have different intents based on their own back-
grounds, even when they ask the exact same ques-
tion (Xu et al., 2025; Kasela et al., 2024). For in-
stance, given the query “How should I prepare for

*Corresponding author. The work is supported by the

Donghua University 2026 Cultivation Project of Discipline
Innovation xkcx-202622.

an interview?”, a fresh graduate may need basic in-
terview skills, while an experienced engineer may
look for team management strategies. Therefore,
understanding these personal intents to generate
customized answers—formally known as Personal-
ized Question Answering (PQA)—has become an
important research topic.

Current PQA methods generally fall into two
paradigms. The first, Individual-based Prompting
(Figure 1(a)), augments the prompt with the target
user’s historical records. However, this strategy
struggles in data-sparse scenarios or new topics
where relevant personal records are limited (Thonet
et al., 2025; Zhang et al., 2025c). To overcome
this, recent work has explored the second paradigm,
Collaborative Explicit Prompting (Figure 1(b)) (Shi
et al., 2025; Sun et al., 2025), which aggregates
the historical records of similar users. Although
effective in mitigating data sparsity, explicit textual
aggregation introduces two key challenges:

Firstly, identifying truly intent-relevant users
remains challenging. Existing methods primarily
match users based on topic relevance or interest
overlap (Qiu et al., 2025b,a), failing to capture the
fine-grained intents of the current query. For in-
stance, a student seeking study strategies and a
teacher looking for teaching methods may both
have rich records in the “English Education” topic,
but their actual intents are fundamentally different.
Retrieving the teacher’s history for the student may
introduce irrelevant or even misleading personal-
ization signals. This suggests that collaborative
personalization should move beyond broad topic
overlap and perform query-aware, fine-grained in-
tent alignment.

Secondly, explicit context fusion struggles to
fully capture personalized signals. Existing meth-
ods simply concatenate multi-source texts, but due
to context-window constraints, only a limited sub-
set can be included, while personalized signals are
sparsely distributed across long histories. More-
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Figure 1: Comparison of PQA paradigms. (a) Individual-based Prompting relies on isolated target user histories. (b)
Collaborative Explicit Prompting concatenates extensive group texts, causing severe context dilution and noise. (c)
Our method introduces Collaborative Latent Prompting, dynamically compressing multi-source histories into dense

soft prompts for robust, adaptive generation.

over, this text-level fusion inevitably mixes person-
alized and generic information, forcing the model
to filter noise during generation. Consequently,
due to attention dispersion, the model struggles
to fully capture sparse but useful personalized sig-
nals (Yang et al., 2025b; Zhang et al., 2025a). To
address this, we separate information filtering from
answer generation by compressing histories into
latent personalized features that guide the LLM
more efficiently.

To tackle these dual challenges, we propose
Collaborative Latent Prompting (CLP), a novel
PQA framework that first retrieves relevant users
across multiple granularities and then extracts
multi-perspective personalized features within a la-
tent space. First, we design a Multi-Grained Col-
laborative Retrieval (MGCR) module. Through
a progressive three-stage refinement (topic-level,
macro-level, and micro-level), MGCR aims to re-
trieve intent-relevant reference users more accu-
rately. To efficiently capture sparse personalized
signals from both target and collaborative user his-
tories, we introduce the Dynamic Q-Former (DQ-
Former). Inspired by vision-language architec-
tures (Li et al., 2023), DQ-Former uses dynamic
learnable latent queries to selectively aggregate
these signals through a multi-head cross-attention
layer. The resulting latent features are then pro-
jected by an MLP into dense soft prompts, which
implicitly steer the frozen LLM toward the user’s
specific intent. This implicit steering mechanism
mitigates context-window limitations and attention
dispersion caused by explicit text concatenation.

The main contributions of this paper are summa-
rized as follows:

* We propose CLP, a novel PQA framework that
combines multi-grained collaborative retrieval

with latent prompting to alleviate individual data
sparsity and attention dispersion.

* We introduce DQ-Former, a dynamic latent-
query module that converts target and collabo-
rative user histories into compact soft prompts,
reducing reliance on explicit text concatenation.

* Extensive experiments across three PQA do-
mains and three backbone LL.Ms show that CLP
consistently and significantly outperforms strong
PQA baselines.

2 Related Work

2.1 Personalized Question Answering

Personalized Question Answering (PQA) aims to
tailor Large Language Model (LLM) responses to
individualized intents (Xu et al., 2025; Liu et al.,
2025b; Zhang et al., 2026). Early methods pri-
marily relied on Parameter-Efficient Fine-Tuning
(PEFT) (Thonet et al., 2025; Lester et al., 2021)
or individual retrieval paradigms, explicitly aug-
menting contexts with past interactions (Shu et al.,
2026; Rasmussen et al., 2025). While effective for
short-form tasks (Qiu et al., 2025b; Zhang et al.,
2025b; Salemi et al., 2024), recent research tack-
les complex, long-form PQA (Kumar et al., 2024),
utilizing strategies like PoT (Salemi et al., 2026)
for multi-directional prompting. However, these
methods remain confined to sparse individual his-
tories and inefficient textual aggregation, causing
context dispersion. To address this, our work shifts
toward collaborative latent prompting, dynamically
integrating multi-source knowledge without over-
loading the LLM’s context window.

2.2 Collaborative Prompting

Collaborative Prompting mitigates individual data
sparsity by drawing insights from similar users.
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Figure 2: The overall architecture of our proposed CLP framework. It comprises three core modules: (1) the
Multi-Grained Collaborative Retrieval; (2) the DQ-Former for dynamically compressing multi-source histories into
dense personalized soft prompts; and (3) the generative stage utilizing a frozen LLM conditioned on the injected

latent features.

While foundational in recommender systems (He
et al., 2017), this paradigm increasingly enhances
LLMs for personalized generation (Wu et al., 2024;
Qiu et al., 2025b; Shi et al., 2025; Tan et al., 2024,
Zhuang et al., 2024). However, explicitly concate-
nating retrieved collaborative histories restricts con-
text capacity.

To overcome this bottleneck, latent space mod-
eling offers an efficient alternative. Recent latent
compression methods—such as ICAE (Ge et al.,
2023) and Q-Former (Li et al., 2023)—effectively
distill compact representations from redundant in-
puts. This latent approach has inspired recent explo-
rations into user-specific plugins and latent differ-
ence modeling (Liu et al., 2025a; Qiu et al., 2025a;
Zhang et al., 2025a). Building on these advance-
ments, our work combines collaborative prompt-
ing with latent modeling, utilizing dynamic soft
prompts to inject distilled group knowledge and
steer the LLM’s generation.

3 Overview

3.1 Problem Formulation

We consider a personalized question-answering set-
ting where each user u is associated with a histori-
cal profile P, = {pz}yi‘i‘ Each record is defined

as p; = (Qiu Ci,ti, CLZ'), where qi, Ci, ti, and a; de-
note the previous question title, detailed descrip-
tion, topic, and key aspects, respectively. The as-
pects a; are used only for evaluation and are never
exposed during generation. We encode each record
with the aspect-free text p; = [q¢;; ¢;], while using ¢;
only for retrieval-stage topic filtering and grouping.

Given a new query ¢, from the target user w,
the objective is to generate a personalized response
Uy by leveraging the target user’s profile P, and
relevant collaborative profiles Py:

Yu = WG(Qua Pus PV)v
where 7y denotes the backbone LLM.

3.2 Framework

The overall architecture of our proposed frame-
work is illustrated in Figure 2, consisting of three
core components: (1) Multi-Grained Collaborative
Retrieval (MGCR); (2) Latent Soft Prompts Gener-
ation; and (3) Personalized Answer Generation.
The overall process is as follows: First, given a
target user and a current query, MGCR retrieves
Top-K relevant collaborative users from a candi-
date pool. Subsequently, the target user’s global
topic records and the Top-K collaborative users’
local topic records are aggregated and fed into the
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Soft Prompts Generation module. Within this mod-
ule, DQ-Former conducts multi-perspective feature
extraction via cross-attention, modulated by the
current query intent. These features are then pro-
jected into soft prompts via an MLP projector. The
trainable modules are optimized jointly through
supervised fine-tuning. Finally, the extracted soft
prompts are combined with the target query and
fed into a frozen LLM to generate the final person-
alized response.

4 Method

4.1 Multi-Grained Collaborative Retrieval

The Multi-Grained Collaborative Retrieval is de-
signed to efficiently locate the most relevant col-
laborative users from a large-scale candidate pool
while ensuring semantic and interest relevance.

4.1.1 Topic-Level User Retrieval

The topic-level user retrieval module is used to per-
form a strict pre-filtering to avoid topic-irrelevant
noise and reduce computational overhead. Prior to
fine-grained retrieval, it ensures that a candidate
user v has historical records matching the topic
t4 of the target query g,. This hard constraint en-
forces topic relevance while efficiently pruning the
search space. Formally, given a global candidate
pool Voo, a candidate v € Vo 1S retained only
if their profile P, satisfies t, € {t; | pi € Py},
yielding the valid candidate set Cyqi4.

4.1.2 Macro-Level User Retrieval

Following the pre-filtering, the macro-level user
retrieval module is employed to evaluate the global
interest alignment between the target user and the
valid candidates. This stage stems from the ob-
servation that users sharing similar historical topic
distributions tend to exhibit overlapping long-term
preferences, making their historical behaviors more
likely to provide reliable collaborative insights for
the target user. To quantify this alignment, we cal-
culate the topic probability distribution for each
user. Let T" denote the set of all available topics,
and P, ; be the subset of records belonging to topic
t. The probability of topic ¢ for user u is calculated
as:

_ ’Pu,t|
|Pul
Let Py, = [Py(t1), .., Pu(tjr))] and P, denote
the topic probability distribution vectors across all
|T| topics for the target user v and the candidate v,
respectively. We evaluate their discrepancy using

Py (1) )

Jensen-Shannon Divergence (JSD). By defining the
mean distribution M, the JSD is computed via the
Kullback-Leibler (D) divergence:

1

1
ISD(P,, || Py) = o Dicr,(Pu || M)
1
+5Dr(Py [ M) 3

The global similarity between target user u and
candidate v € C,q4j;4 is then formally measured as:

Smacro(t,v) =1 —=ISD(P,, || Py) “

We retain the top 50% of candidates based on
Smacro to proceed to the fine-grained micro-
matching stage.

4.1.3 Micro-Level User Retrieval

The micro-level user retrieval module further re-
fines candidate users by measuring fine-grained
record-level alignment within query-relevant top-
ics. While macro-level retrieval captures global
interest similarity, users with similar topic dis-
tributions may still have different specific needs.
Thus, this stage performs topic-constrained max-
similarity matching between the target user’s his-
torical records and each candidate user’s records.
A candidate user receives a higher score when their
records within query-relevant topics are semanti-
cally closer to the target user’s records in the same
topics, indicating more reliable collaborative evi-
dence for personalized generation.

To formalize this matching, we first map the
query and all aspect-free historical records into a
dense continuous space using a pre-trained encoder

femb: J
Equ = femb(Qu) eR mwdc,

Eﬁz = femb(ﬁz) c Rdencode_

We then select the top-s shared topics 7T that
are most relevant to the current query ¢,,. For each
shared topic t, its relevance is computed by averag-
ing the similarities between the query embedding
and the candidate user’s records under that topic:

1

| v,t‘

&)

Stopic(t) = > Sim(Eg,,Ep). (6)

PrEPo,t

Within each selected topic ¢ € 75, we perform
topic-constrained max-similarity matching. For
each target record p; € P, ¢, we search the candi-
date user’s records P, ; for the most semantically
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similar record. The matching score for topic ¢ is
calculated as:

1

Smateh(t) = W Z max Slm(Epl,EpJ)
W piePy,

Pg EPy,t
(7

where the maximum operation captures the nearest-
neighbor alignment for each target record within
the same topic.

Finally, the micro-level similarity score Syycro 1S
obtained by averaging these matching scores across
the selected topics:

Smicro u ’U

Sma c (8)

4.1.4 Hybrid Score Fusion

After obtaining the macro-level interest similar-
ity and micro-level record alignment, we combine
them to produce the final retrieval ranking. The
final score is computed as follows:

aSmacro(ua U)+(1_a)smicro(u> U)
&)

Sfinal (u> ’U) =

4.2 Latent Soft Prompts Generation

4.2.1 DQ-Former: Intent-Guided Dynamic
Feature Extraction

Given the Top- K most similar collaborative users
V., from the MGCR module, we collect their local
records under the query topic t,, while consider-
ing the target user u’s global preferences across all
M topics. To represent these multi-source behav-
iors efficiently without excessive text-level tokens,
topic center vectors are computed via mean pool-
ing. Specifically, for a record set P, under topic ¢,
its center vector c; is defined as:

Ct = |73t| Z Epz

pLEPt

(10)

Then, the target user’s global topic centers and the
K collaborative users’ local centers are concate-

nated to form a unified collective history matrix
X [ R(M+K)Xdencode:

X = [Cu,t17"-7Cu,tM7Cv1,tq7~-vaK,tq] (11)

To compress and refine this collective his-
tory matrix X, we propose the Dynamic Query-
Former (DQ-Former) architecture. Unlike tradi-
tional architectures that rely on static learnable
queries—which often suffer from representation

collapse—DQ-Former incorporates a Dynamic In-
tent Injection mechanism to dynamically adapt to
the current query context.

Specifically, we initialize a set of IV learnable
latent queries Qlatent € RN Xdencode to capture per-
sonalized features from multiple perspectives. To
make these query slots adaptive to the current in-
put, we inject the current query embedding Eg,
into each latent query:

Qdy - LayerNorm(Qlatent + EquWinj)y (12)

where Wy,; € [Rencode Xdencode i3 g trainable pro-
jection matrix and the projected query embedding
is broadcast to all latent queries.

The dynamic queries then attend to the collec-
tive history matrix X through a multi-head cross-
attention layer. For clarity, we present the attention
computation in its single-head form:

A = Softmax <(QdyWQ)<XWK)T> (XWy),

\ dencode
(13)

where W, Wi, and Wy, are trainable projec-
tion matrices. In implementation, this operation is
extended to an 8-head multi-head attention layer.
The final extracted latent features are obtained with
a residual connection and layer normalization:

H = LayerNorm (Qqy + A) . (14)

4.2.2 MLP Projection for Semantic Alignment

The MLP projection module is designed to map the
extracted latent features into the continuous embed-
ding space of the backbone language model. By
aligning this representation with the LLM’s internal
understanding, the model can seamlessly interpret
the injected features as context-aware soft prompts.
Specifically, we project the dimensionality of H to
match d,,q4e; Using a two-layer MLP:

S = MLP(H) = GELU(HW, + b1)W5 + by
(15
where ‘Rf1 c Rdencodedeodel and W2 c

Rdmodel X dmodel .
RNX d

The resulting soft prompts S &€
model gre then prepended to the original tex-
tual input sequence, guiding the frozen LLM im-
plicitly.

4.2.3 Optimization and Auxiliary Losses

The optimization process is used to update the pa-
rameters of the DQ-Former and the MLP projector
through supervised fine-tuning. We freeze the base
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generative model and distill pseudo-labels ypeudo
from a teacher model using only the question and
its description, ensuring no leakage of the evalua-
tion aspects. To ensure accuracy, feature diversity,
and training stability, the overall objective Lyt
integrates a primary generation loss L., with two
crucial auxiliary constraints: L4, and Ly foGain-
Primary Generation Loss (Lyc,): This is the
standard auto-regressive cross-entropy loss used
to guide the generated soft prompts toward the
pseudo-labels:

Egen = Z log g (ypseudo ’ [SS Tiask; Qu])
(16)
Orthogonal Penalty Loss (L.t1). We apply an
orthogonal penalty to the cross-attention outputs
H to encourage different latent slots to capture
non-redundant personalized signals. Let H be the
row-wise L2-normalized matrix of H:

Lopn = |[HH" —T||p (17)
Information Gain Loss (L1nfoqain): To prevent
the MLP projector from memorizing noise or gen-
erating static vectors, we introduce a contrastive
margin loss across three projections: Prusion (target
and collaborative users), Pigs (target only), and
Pooise (target and random users). Let e(I;uLM de-
note the mean-pooled LLM input embeddings of
the current query. This objective makes Prygion
more query-relevant than P.r and Projce, promot-
ing collaborative gains while suppressing irrelevant
signals:
LinfoGain = maX(O, Sim(e](;fM, Pself)
— Sim(e{;}M, Pfusion) + ml)

+ max(0, Sim(e%M, Proise)

- Slm(eqLJ“M, pfusion) + m2)-
(18)
The final optimization objective is a linearly
weighted combination of the aforementioned
losses, where A1 and A9 are tuning hyperparam-
eters:

‘Ctotal = Egen + )\lﬁorth + AQEInfoGain (19)

4.3 Personalized Answer Generation

The final stage directly integrates the extracted soft
prompts S, the explicit task instructions I, and
the target query ¢, to guide the frozen LLM. By
seamlessly aligning with the LLM’s input space,
the soft prompts S serve as personalized control

signals that actively intervene in the model’s in-

ternal prompting trajectory, implicitly steering the

prompting process toward the user’s specific intent.
The final personalized response 4, is:

:gu = W@([S§ Liask; Qu]) (20)

5 Experiments

5.1 Datasets

We evaluate on LaMP-QA (Salemi and Zamani,
2025), a recent and, to the best of our knowledge,
the only benchmark specifically designed for per-
sonalized long-form question answering. It covers
three domains: Arts & Entertainment, Lifestyle &
Personal Development, and Society & Culture. To
support the collaborative retrieval paradigm, the
original training set is partitioned into two disjoint
subsets: 800 instances are randomly sampled for
model training, while the remaining samples are
utilized to construct a global candidate pool.

5.2 Evaluation Metrics

Following the standard LaMP-QA protocol, we
employ Qwen-2.5-32B-Instruct! as an automated
judge to assess how well the generated responses
cover the hidden personalized aspects a; (Section
3.1). The final performance metric is calculated
as the average coverage score across all aspects.
For detailed scoring rubrics and prompts, we refer
readers to the original papers (Salemi and Zamani,
2025).

5.3 Baselines

To evaluate the effectiveness of our approach, we
compare CLP against representative baselines: (1)
Zero-Shot LLM: The base LLM generates re-
sponses using its internal parametric knowledge
without access to any external user history. (Salemi
and Zamani, 2025) (2) Standard RAG: A con-
ventional retrieval-augmented generation pipeline
that provides the LLM with the top-k most rele-
vant historical records from the user’s local profile.
(Salemi and Zamani, 2025) (3) Long-Context:
This approach utilizes the full capacity of the LLM
by concatenating the user’s history in descending
order of semantic relevance to the current query,
filling the context window up to its maximum limit.
(Yang et al., 2025a) (4) Plan-RAG: A two-stage

1https://huggingface.co/Qwen/QwenZ.5—3ZB—Ins
truct
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baseline that employs a planning module to ex-
plicitly draft personalized aspects, which subse-
quently guide the final generation process. (Salemi
and Zamani, 2025) (5) CEP-RAG: The method
uses the same collaborative users retrieved by
MGCR as CLP, but injects their histories through
explicit textual concatenation rather than latent soft
prompts. (Shi et al., 2025) (6) Prompt Tuning: A
parameter-efficient baseline that optimizes contin-
uous soft prompts via distillation from a teacher
model. (Li and Liang, 2021) (7) PPlug: A plug-
and-play personalized framework that steers gener-
ation through record-level weight fusion over the
user’s historical interactions. (Liu et al., 2025a)

5.4 Implementation Details

Model Configuration. We employ Qwen2.5-
7B-Instruct?, Gemma-2-9B-it> and Llama-3.1-8B-
Instruct* as backbones. For DQ-Former, we set
the number of latent queries to N = 16 and the
collaborative group size to K = 5. For MGCR,
we set s = 3 in micro-level retrieval and o = 0.5
in hybrid score fusion. We utilize Qwen3-Max
as the teacher model to generate pseudo-gold la-
bels. Models are optimized via AdamW with a
learning rate of 2e-5, a batch size of 2, and 4 gra-
dient accumulation steps. The auxiliary loss pa-
rameters (m; = 0.15, mo = 0.3, Ay = 0.05, and
A2 = 0.15) are determined via a coarse grid search.
Baseline Setup. All baselines are evaluated un-
der a unified experimental setting with the same
backbone LLMs, decoding configuration, and Con-
triever (Izacard et al., 2021) text encoder when-
ever applicable. Implementation details and re-
producibility configurations are provided in Ap-
pendix B.

Hardware Configurations. All experiments are
conducted on a server equipped with two NVIDIA
RTX A6000 GPUs (approximately 48 GB of
VRAM each).

5.5 Main Results

Table 1 reports the results on the LaMP-QA test sets
across three domains and three backbone LLMs.
CLP achieves the best average score on all three
backbones, improving over the strongest repro-
duced baseline by 0.0464, 0.0771, and 0.0396

thtps://huggingface.co/Qwen/Qwen2.5—7B—Instr
uct

3https://huggingface.co/google/gemma—2—9b—it

4https://huggingface.co/meta—llama/Llama—3.1
-8B-Instruct

points on Qwen-2.5, Gemma-2, and Llama-3.1,
respectively. This indicates that CLP is not tied to a
specific backbone model, but provides stable gains
across different LLM families and personalized QA
domains.

Compared with PPlug, which assigns query-
dependent weights to target-user profiles and maps
them into the LLM semantic space, CLP further
introduces relevant collaborative histories through
MGCR. The improvements over PPlug show that
properly selected peer histories provide comple-
mentary personalization signals beyond isolated
user records. Meanwhile, Prompt Tuning trains the
same number of continuous prompt vectors using
identical teacher-distilled pseudo-labels, but these
vectors are static and do not contain external user
knowledge. This comparison suggests that the gain
of CLP does not simply come from adding train-
able soft prompts or teacher-distilled knowledge,
but stems intrinsically from the joint effect of col-
laborative knowledge and latent feature extraction.

Retrieval-based baselines such as CEP-RAG
directly place retrieved histories into the textual
prompt. Although this strategy may provide useful
personal information, it also introduces irrelevant
or weakly related content, which can distract the
LLM. In contrast, CLP uses DQ-Former to extract
compact latent soft prompts from target and col-
laborative histories. This design separates person-
alized feature extraction from answer generation,
allowing the frozen LLM to use distilled signals
without processing long, noisy histories. The con-
sistent gains over Long-Context and CEP-RAG fur-
ther support the effectiveness of latent collaborative
prompting.

To further validate automatic evaluation, we pro-
vide an alternative-evaluator robustness check and
human evaluation in Appendices A.5 and A.6. Hu-
man judgments confirm this trend: CLP achieves
a 52.0% win rate against a 22.0% lose rate, with
87.3% agreement with the automatic evaluator.

5.6 Ablation Study

To examine the contribution of each component,
we conduct ablation studies on the Qwen2.5 back-
bone by systematically removing MGCR retrieval
stages, DQ-Former, auxiliary objectives, and differ-
ent input sources. The results are shown in Table 2.
MGCR Ablation. Discarding any retrieval stage
leads to performance drops, confirming that the
three levels provide complementary signals. Specif-
ically, omitting Topic-Level Retrieval causes the
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Method Arts & Ent. Life. & Dev. Soc. & Cul.  Avg.

Method Arts & Ent. Life & Dev. Soc. & Cul.  Avg.

Qwen-2.5-7B-Instruct

Zero-Shot LLM 0.3164 0.4629 0.5574 0.4456
Standard RAG 0.3360 0.4464 0.5061 0.4295
Long-Context 0.3873 0.5212 0.5375 0.4820
Plan-RAG 0.3638 0.4812 0.5321 0.4590
CEP-RAG 0.3753 0.5233 0.5673 0.4886
Prompt Tuning 0.3201 0.5282 0.5427 0.4637
PPlug 0.3377 0.5196 0.5842 0.4805
CLP(Ours) 0.3985 0.5924" 0.6142" 0.5350"
Gemma-2-9B-Instruct
Zero-Shot LLM 0.1863 0.4194 0.4995 0.3684
Standard RAG 0.2681 0.4241 0.4769 0.3897
Long-Context 0.2810 0.4510 0.4862 0.4061
Plan-RAG 0.3424 0.4627 0.5642 0.4564
CEP-RAG 0.2899 0.4564 0.5123 0.4195
Prompt Tuning 0.2485 0.4610 0.4788 0.3961
PPlug 0.3475 0.5523 0.4995 0.4664
CLP(Ours) 0.3982" 0.6009" 0.6315" 0.5435"
Llama-3.1-8B-Instruct
Zero-Shot LLM 0.2852 0.4574 0.4981 0.4136
Standard RAG 0.3152 0.4099 0.4894 0.4048
Long-Context 0.2978 0.4486 0.5149 0.4204
Plan-RAG 0.3402 0.4997 0.5473 0.4624
CEP-RAG 0.3302 0.4849 0.5301 0.4484
Prompt Tuning 0.3125 0.4519 0.5057 0.4234
PPlug 0.3261 0.5293 0.5769 0.4774
CLP(Ours) 0.3709* 0.5658 0.6143" 0.5170"

Table 1: Overall performance comparison on the LaMP-
QA benchmark across three domains and three back-
bone LLMs. The best results under each backbone are
highlighted in bold, and the best baseline results are
underlined. * indicates statistically significant improve-
ment over the strongest baseline under the same setting
with a one-sided paired t-test (p < 0.05).

largest decline (0.5350 — 0.5090), indicating that
coarse topic filtering is crucial for pruning the ir-
relevant user search space. Meanwhile, removing
Micro-Level Retrieval notably hurts performance
(0.5350 — 0.5173), indicating that fine-grained
record alignment is essential for capturing query-
specific intents. The drop without Macro-Level
Retrieval (0.5350 — 0.5225) further proves that
global preference similarity serves as a valuable
prior.

Latent Module Ablation. Removing DQ-Former
and using only a Vanilla MLP reduces the aver-
age score from 0.5350 to 0.4940, indicating that
a simple projection module is insufficient for ex-
tracting useful signals from multi-source histories.
We further remove the dynamic intent injection
mechanism and use static learnable queries instead,
which decreases the average score from 0.5350 to
0.5162. This result shows that modulating latent
queries with the current query intent helps DQ-
Former extract more query-relevant personalized
features, rather than relying on fixed and query-
agnostic latent prompts.

Objective Ablation. Removing either auxiliary ob-
jective weakens the model, confirming the impor-

CLP(Ours) 0.3985 0.5924 0.6142 0.5350

MGCR Ablation
w/o Topic-Level Retrieval
w/o Macro-Level Retrieval

0.3756
0.3845

0.5547
0.5788

0.5967
0.6043

0.5090
0.5225

w/o Micro-Level Retrieval 0.3786 0.5793 0.5939 0.5173
Latent Module Ablation

w/o DQ-Former (Vanilla MLP) 0.3420 0.5668 0.5731 0.4940
w/o Dynamic Intent Injection 0.3692 0.5812 0.5981 0.5162

Objective Ablation
w/o Lorin

W/0 L foGain

w/o Auxiliary Losses

0.3591
0.3201
0.3244

0.5755
0.5704
0.5689

0.5944
0.5771
0.5091

0.5097
0.4892
0.4675

Input Source Ablation
Target Only
Collaborative Only
Target + Random Users

0.3645
0.3517
0.3584

0.5660
0.5689
0.5607

0.5799
0.5877
0.5921

0.5035
0.5028
0.5037

Table 2: Ablation study of CLP on the Qwen2.5 back-
bone. We ablate MGCR retrieval stages, DQ-Former,
auxiliary losses, and input sources to analyze the contri-
bution of each component.

tance of both training constraints. Both auxiliary
objectives improve over the generation-only objec-
tive, with Linfoqain contributing a larger gain than
Lortn- Their combination achieves the best perfor-
mance, suggesting that feature diversity and con-
trastive signal preservation provide complementary
benefits for stabilizing soft-prompt optimization.
Input Source Ablation. Relying solely on target
or collaborative histories yields similar but sub-
optimal performance (0.5035 and 0.5028, respec-
tively), indicating that they offer complementary
signals that are both indispensable. Notably, the
“Target + Random Users” setting performs compa-
rably to Target Only; this suggests that DQ-Former
is relatively robust to irrelevant collaborative in-
puts, which reduces the impact of irrelevant noise
under suboptimal retrieval conditions. However, it
remains far below our full CLP method, suggesting
that the performance gains mainly come from rel-
evant collaborative knowledge rather than merely
expanding the context.

6 Conclusion

In this paper, we proposed CLP for personalized
question answering. CLP combines MGCR for
multi-grained collaborative user retrieval with DQ-
Former for query-aware latent soft prompt genera-
tion. Experiments across three domains and three
LLM backbones show that CLP consistently im-
proves personalized response quality over strong
baselines. The results suggest that collaborative
knowledge is more effective when retrieved with
intent alignment and injected through compact la-
tent prompts rather than explicit text concatenation.
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Limitations

Although CLP consistently improves personalized
question answering performance, it still has several
limitations.

First, CLP does not explicitly model the tem-
poral evolution of user preferences. The current
framework retrieves and represents user histories
mainly based on topic and semantic relevance,
without directly distinguishing recent records from
older ones. In real-world scenarios, however, user
interests and information needs may gradually
change over time. Incorporating time-aware user
modeling could further improve the framework’s
ability to capture evolving preferences.

Second, CLP adopts a fixed number of latent soft
prompt tokens for all inputs. We set the prompt
length to N = 16 according to the hyperparameter
analysis, which achieves the best overall perfor-
mance in our experiments. However, different users
and queries may require different levels of person-
alized evidence. Future work can explore adaptive
prompt-length selection, allowing the model to al-
locate latent tokens dynamically according to query
complexity and the amount of useful profile infor-
mation.
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A Datasets and Evaluation

To reliably evaluate the generated responses, we
use the aspect-based evaluation method from the
LaMP-QA benchmark (Salemi and Zamani, 2025).
Since using Large Language Models (LLMs) for
automatic evaluation has known challenges, this
section provides experimental evidence to support
our method. We explain the reliability of the ex-
tracted aspects, the validity of the scoring method,
the rationale for using a 32B-parameter evaluator,
and additional robustness checks with alternative
and human evaluations.

A.1 Dataset Details

In this section, we provide a detailed overview of
the LaMP-QA benchmark utilized in our experi-
ments. To comprehensively evaluate the personal-
ization capabilities of our proposed framework, the
dataset is constructed based on the SE-PQA dataset
sourced from the community-based StackExchange
platform. The benchmark encompasses three ma-
jor domains: Arts & Entertainment, Lifestyle &
Personal Development, and Society & Culture.
Following rigorous filtering processes to ensure
that all retained questions strictly require personal-
ization and contain sufficient narrative details, we
reorganize the data splits to fit our collaborative
retrieval setting. Specifically, we randomly sam-
ple 800 queries from the original training set to
form our actual training set. The remaining train-
ing instances are utilized to construct a vast candi-
date collaborative user pool, which is shared across
both the training and testing phases for user re-
trieval. The candidate pool is constructed only from
the training split and excludes all validation/test
queries, answers, and extracted aspects. During
evaluation, the current test query and its aspects
are never included in either the target profile or the
collaborative pool. The detailed statistics regarding
the original number of questions across different
domains and splits are summarized in Table 3.

A.2 Reliability of the Extracted Aspects

Our evaluation extracts user-specific information
needs from the question descriptions to form per-
sonalized aspects. The LaMP-QA benchmark
shows that these automatically extracted aspects
highly match the users’ real needs, getting an aver-
age human score of 4.9 out of 5. Also, the agree-
ment between different human reviewers is very
high (Cohen’s kappa is 0.87). Since these aspects

Domain Train Val. Test Total
Arts & Ent. 9,349 801 767 10,917
Life. & Dev. 7,370 892 989 9,251
Soc. & Cul. 7,614 810 1,074 9,498
Overall 24,333 2,503 2,830 29,666

Table 3: Statistics of the dataset utilized in our experi-
ments. The original Train set is further split in our setup:
800 samples are used for actual model training, while
the rest form the shared collaborative user pool.

come directly from the users’ own words, they are
naturally personalized and provide a solid founda-
tion for our evaluation.

A.3 Validity of Aspect-Based Evaluation

We choose the aspect-based evaluation rather than
direct scoring or pairwise comparison (comparing
two responses side-by-side). Experimental results
show that the aspect-based method has the highest
agreement with human judgments. It matches hu-
man preferences in 73% of cases, which is much
better than the direct scoring method (58%). Fur-
thermore, we do not use pairwise evaluation be-
cause it has a serious position bias. Studies show
that simply changing the order of the two responses
can change the LLM’s choice in 78% of cases. This
high sensitivity makes pairwise evaluation unsta-
ble. Instead, the aspect-based method provides a
detailed assessment of how well the response meets
the user’s specific needs.

A.4 Rationale for the Evaluator Model Size

In our experiments, we use an instruction-tuned
32B-parameter model (e.g., Qwen 2.5-32B) as the
evaluator. This choice is supported by a clear trend:
as the model size increases, its agreement with
human judgment improves. For example, a 0.5B
model only has a 48% agreement with humans,
while the 32B model achieves 73%. Smaller mod-
els cannot easily tell the difference in response
quality and often act like simple binary classifiers.
This leads to unfairly high scores and poor human
agreement. Therefore, larger LLMs are much bet-
ter at capturing detailed quality differences that
match human expectations.

A.5 Robustness to Alternative Evaluator

To further examine whether the observed improve-
ments depend on a single automated evaluator,
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Method Arts & Ent. Life. & Dev. Soc. & Cul.  Avg.

Zero-Shot LLM 0.1372 0.3277 0.4515 0.3055
Standard RAG 0.1795 0.3401 0.4156 0.3117
Long-Context 0.2110 0.3329 0.4662 0.3367
Plan-RAG 0.2595 0.3368 0.4742 0.3568
CEP-RAG' 02114 0.3864 0.5123 0.3700
Prompt Tuning 0.1837 0.3759 0.4387 0.3328
PPlug 0.2828 0.5413 0.4745 0.4329
CLP (Ours) 0.3618 0.5835 0.6404 0.5286

Table 4: Robustness evaluation on Gemma-2-9B-
Instruct outputs using Llama-3.1-70B-Instruct as an al-
ternative evaluator. T denotes the strengthened explicit
collaborative RAG baseline using the same MGCR-
retrieved users as CLP.

we re-evaluate all outputs generated by Gemma-
2-9B-Instruct using Llama-3.1-70B-Instruct as an
alternative judge. The results are reported in Ta-
ble 4. Although the absolute scores change un-
der this stronger evaluator, CLP still achieves the
best performance across all three domains and ob-
tains the highest average score. Specifically, CLP
reaches an average score of 0.5286, outperforming
the strongest baseline PPlug by 0.0957 points and
the explicit collaborative RAG baseline by 0.1586
points.

Compared with the main evaluation using Qwen-
2.5-32B-Instruct, the score of CLP remains rela-
tively stable, changing from 0.5435 to 0.5286. This
suggests that the advantage of CLP is not an arti-
fact of a specific evaluator, but remains consistent
when judged by a different large instruction-tuned
model. The results further support the effectiveness
of collaborative latent prompting for improving per-
sonalized response quality.

A.6 Human Evaluation on Preference and
Alignment

To rigorously validate our automatic evaluation
metrics, we conduct a human preference evalua-
tion.

Setup and Annotation. We randomly sample
150 queries (50 per domain) generated by Qwen-
2.5-7B-Instruct. Our CLP is paired against the
strongest baseline in each domain: Long-Context
for Arts & Entertainment, Prompt Tuning for Life
& Development, and PPlug for Society & Cul-
ture. Two independent annotators perform a blind
A/B test, choosing which response better captures
the user’s intent and provides a more helpful an-
swer (Win, Tie, or Lose for CLP). A third expert
resolves any disagreements. The inter-annotator
agreement is substantial (Cohen’s k = 0.768).

Results and Alignment. As shown in Table 5,
CLP consistently outperforms the strongest base-
lines, achieving an overall Win rate of 52.0%
against a 22.0% Lose rate. To compute Human-
LLM agreement, we convert the automatic aspect-
based scores into pairwise preference labels with
a threshold 7 = 0.05: CLP is preferred if its score
exceeds the baseline by more than 7, the baseline is
preferred if the score is lower by more than 7, and
the case is treated as a tie otherwise. The Human-
LLM agreement rate reaches 87.3%, showing that
our automatic evaluation is largely consistent with
human judgments.

. o Human Preference (%) Human-LLM
Domain Strongest
Win Tie Lose Agreement
Arts & Ent.  Long-Context 42.0(21) 32.0(16) 26.0(13) 86.0%
Life. & Dev. Prompt Tuning 62.0 (31) 20.0(10) 18.0(9) 88.0%
Soc. & Cul.  PPlug 52.0(26) 26.0(13) 22.0(11) 88.0%

Overall - 52.0 (78) 26.0 (39) 22.0(33) 87.3%

Table 5: Human evaluation results on 150 sampled
queries (50 per domain) generated by Qwen-2.5-7B-
Instruct. CLP is compared against the strongest domain-
specific baseline. “Win” indicates human annotators
preferred CLP. Values in parentheses denote the abso-
lute number of samples.

B Baseline Implementation Details

To ensure a consistent comparative setup, all base-
line models were evaluated within a unified exper-
imental framework utilizing the exact same back-
bone LLMs. Furthermore, all text encoding and
retrieval processes across applicable baselines and
our method uniformly adopt the Contriever encoder
backbone (Izacard et al., 2021). To ensure a fair
evaluation of generation quality and consistency
across different paradigms, we strictly control the
generation configurations for all models, setting
the decoding temperature to 0.7 and capping the
maximum generation length at 2048 tokens.
Before detailing the specific configurations, we
elaborate on the architectural distinctions summa-
rized in Table 6. We evaluate the baselines across
four critical capabilities: (1) Global History Uti-
lization: integrating a user’s entire historical trajec-
tory to capture a global persona, rather than relying
on truncated or locally retrieved subsets; (2) Latent
Representation: compressing verbose contexts
into dense embeddings (soft prompts) to mitigate at-
tention dispersion; (3) Collaborative Knowledge:
dynamically retrieving and leveraging peer intel-
ligence to overcome individual data sparsity; and
(4) PEFT Required: utilizing trainable modules
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or parameter-efficient fine-tuning (e.g., LoORA or
projection layers) during any stage of the frame-
work. As illustrated in Table 6, our CLP framework
addresses the trade-off of "partial retrieval versus
context overflow" by effectively unifying all four
paradigms.

To systematically introduce the baselines, we cat-
egorize them into two major technical paradigms
based on whether the final answer generation di-
rectly uses explicit textual contexts or implicit la-
tent features.

B.1 Explicit Text-based Methods

These baselines rely on constructing explicit tex-
tual prompts to feed into the generative LLM. This
category includes both frozen, training-free meth-
ods and methods that require separate fine-tuning
for text-based planning.

Zero-Shot LILM The base LLM acts purely
on its internal parametric knowledge. The in-
put strictly consists of the standard task instruc-
tions and the target query ¢, formulated as I =
[Instruction; q]. It has zero access to external
user profiles, serving as the lower bound for per-
sonalization.

Standard RAG Following standard retrieval-
augmented generation (Salemi and Zamani, 2025),
we retrieve the top-K (K = 10) most rele-
vant historical records from the target user’s lo-
cal profile P,. These records are explicitly
concatenated into the context window: [ =
[Instruction; Py top—10; q]. While it provides per-
sonal context, it is affected by data sparsity.

Long-Context Instead of utilizing a strict chrono-
logical order, this approach prioritizes semantic
relevance by concatenating the user’s historical in-
teractions in descending order of similarity to the
current query. This retrieval-priority concatenation
continues until the model’s maximum context limit
is reached. Specifically, the context window is
truncated at 32,768 (32K) tokens for Qwen2.5-7B-
Instruct, and 8,192 (8K) tokens for both Gemma-2-
9B-Instruct and Llama-3.1-8B-Instruct. Although
this method maximizes the inclusion of historical
information, it may suffer from attention dilution
and the “lost-in-the-middle” effect.

Strengthened CEP-RAG To isolate the contri-
bution of latent prompting from the effect of collab-
orative user retrieval, we construct a strengthened
explicit collaborative baseline. Specifically, we

use the same Top-5 collaborative users retrieved
by MGCR as in CLP, but replace the latent soft
prompt generation module with explicit text con-
catenation. To control the input length, the context
is constructed by concatenating 5 personal records
and 5 collaborative records, with one record se-
lected from each retrieved peer. This setting pro-
vides a stronger comparison than using a weaker
collaborative retriever, because both CLP and this
baseline access the same retrieved users, and the
key difference lies in how collaborative information
is injected into the LLM.

Plan-RAG Utilizing the official implementa-
tion (Salemi and Zamani, 2025), this is a two-
stage pipeline that requires parameter-efficient fine-
tuning. In the first stage, a separate language model
is fine-tuned via LoRA to act as a planner, explic-
itly predicting discrete personalized aspects based
on P,. In the second stage, these predicted text as-
pects are injected into the final prompt to guide the
frozen backbone LLM. Compared with CLP, Plan-
RAG requires maintaining a separate fine-tuned
text generator, increases inference latency, and can
be affected by cascading hallucination errors if the
planner predicts incorrect aspects.

B.2 Implicit Latent-based Methods

These methods introduce lightweight trainable pa-
rameters (such as soft prompts or specialized plug-
ins) to implicitly steer the LLM through continuous
embedding spaces, keeping the backbone weights
frozen.

Prompt Tuning We optimize a set of continu-
ous soft prompt vectors S € RN *dmodet ytilizing
the same pseudo-labels distilled from the teacher
model. For fairness, the soft prompt length is set
to N = 16, identical to our CLP. However, unlike
our DQ-Former, these soft prompts are static and
cannot dynamically adapt to external user histories.

PPlug Since the official source code for PPlug is
not publicly available, we strictly re-implemented
the model adhering to the architectural details speci-
fied in the original paper (Liu et al., 2025a). Follow-
ing its core design, PPlug assigns query-dependent
weights to all historical interactions of the target
user and maps them into a single plug-and-play
user embedding. Notably, this method requires fine-
tuning the input text encoder, a projection MLP, and
a set of trainable instruction embeddings for task
optimization, while keeping the backbone LLM
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Table 6: Comparison of our proposed CLP framework and representative baselines across four key architectural
capabilities. Notably, CLP is the only approach that effectively unifies global history utilization, collaborative
knowledge, and latent representation. PEFT denotes Parameter-Efficient Fine-Tuning (i.e., optimizing lightweight

modules while keeping the backbone LLM frozen).

Methods (]) Global History Latent Representation Collaborative Knowledge PEFT Required
Zero-Shot LLM X X X X
Standard RAG X X X X
Long-Context X X X X
Plan-RAG X X X 4
CEP-RAG X X v X
Prompt Tuning X v X v
PPlug v v X v
CLP(Ours) v v v v

frozen. Although PPlug leverages global history
and latent representation, it is limited to the tar-
get user’s own history. Therefore, it does not di-
rectly address data sparsity when individual records
are insufficient or when the user encounters a new
topic, suggesting the potential value of collabora-
tive knowledge.

C Hyperparameter Sensitivity Analysis

We evaluate the impact of the latent soft prompt
length (N € {8, 16,32, 48}) and the collaborative
user group size (K € {5, 10,20}) using the Qwen-
2.5 backbone (Figure 3).
Impact of Soft Prompt Length (/V): Perfor-
mance exhibits a distinct inverted-U shape. A
small N = 8 creates an information bottleneck,
struggling to compress dense multi-source histo-
ries. Conversely, excessive tokens (N > 32) in-
troduce feature redundancy and distract the LLM’s
attention.
Impact of Collaborative Group Size (K): A
highly-filtered, compact collaborative group (K =
5) consistently yields superior and stable perfor-
mance. Increasing K universally degrades accu-
racy, as retrieving too many users inevitably intro-
duces long-tail semantic noise, counteracting the
benefits of collaborative prompting.

Overall, the results demonstrate that N = 16
and K = 5 achieve the optimal balance between
information capacity and noise filtering.

D Case Study

To intuitively illustrate how our CLP framework
leverages implicit collaborative knowledge to guide
response generation, we present a mechanical QA

o K=5(Optimal - K=10

(b) LifeStyle & Development (©) Society & Culture

Figure 3: Hyperparameter sensitivity analysis of the la-
tent soft prompt length (/V) and the collaborative group
size (K) on the Qwen-2.5 backbone.

case in Table 7. The user inquires about upgrading
a specific bicycle hub component (Shimano FH-
M756).

The Standard RAG baseline fails to grasp the
technical specificity of the query. Relying solely
on sparse individual records, it retrieves irrelevant
personal history and erroneously advises the user
to “buy a completely new wheelset.”

Conversely, the collaborative explicit prompting
baseline (CEP-RAG) suffers from severe attention
dispersion. Diluted by the explicit concatenation of
multi-source texts, it fails to accurately isolate the
user’s true intent. Instead of addressing the mechan-
ical problem, it generates irrelevant text regarding
the user’s background and ultimately provides a
generic cop-out suggestion to “consult a profes-
sional mechanic.”

In contrast, our CLP framework successfully re-
solves the query through effective noise filtering
and latent feature extraction. Rather than forcing
the LLM to process verbose and noisy contexts,
CLP utilizes the DQ-Former to distill collaborative
behavioral patterns into context-aware soft prompts.
These latent signals act as a precise intent com-
pass, steering the LLLM to bypass generic advice
and directly activate its relevant internal parametric
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Target Query: “Shimano FH-M756 freehub body compatibility - can I upgrade?”

Rubric Aspects: (1) Compatibility of freehub bodies with FH-M756-A hub

(2) Avoiding a full wheel rebuild

CLP (Ours)

CEP-RAG

Standard-RAG

“Yes, you can upgrade the Shimano
FH-M756... Here is a detailed
mechanical breakdown: The FH-M756
utilizes a specific 10mm fixing bolt...
Upgrading to newer models or other
brands requires specific modifications,
so verifying exact compatibility is
essential... This approach ensures
compatibility while effectively avoiding
a full wheel rebuild.”

“Based on the target user’s history
and similar peers’ history, it seems
like they have a strong interest in bike
maintenance... /... generates irrelevant
text about user background ...] ...
Before upgrading, ensure it is
compatible with your current setup. If
you’re unsure, it’s recommended to
consult a professional bike mechanic.”

“Based on your previous questions...
Given your situation with the Shimano
6-speed freewheel /... hallucinates from
irrelevant personal history ... ], 1 would
recommend considering upgrading to a
completely new wheelset instead of
replacing the freehub body...If you
decide to upgrade, consider purchasing a
new chainring to ensure proper shifting.”

Intent Steering: Accurately captures
intent and delivers precise solutions.

Attention Dispersion: Fails to capture
intent and gives generic answer.

Data Sparsity: Hallucinates irrelevant
context and provides incorrect advice.

Table 7: Qualitative comparison of different personalized paradigms. Our CLP method successfully captures
implicit technical intents (highlighted in green), whereas baselines suffer from attention dispersion and data sparsity

(hallucinations/failures highlighted in red).

knowledge. Guided by this clear intent, the model
accurately identifies the hub’s physical constraints
(e.g., 10mm fixing bolt, cup-and-cone bearings).
This case clearly demonstrates that latent collabo-
rative prompting provides superior intent alignment
and context management compared to explicit text
concatenation.

E Prompt Templates

To ensure reproducibility, we provide the prompt
templates used for response generation in our ex-
periments. All methods follow the same output
requirement: generating a clear and personalized
answer to the user’s current question. The main
difference lies in the form of personalization sig-
nals available to each method, including explicit
textual histories for retrieval-based methods and
continuous soft prompts for latent-based methods.
No prompt exposes the hidden evaluation aspects
during generation.

( Prompt Template: Long-Context

You are a helpful assistant designed to generate personal-
ized responses to user questions. Your task is to answer
a user’s question from a post in a personalized way by
considering this user’s past post questions and detailed
descriptions of these questions.

# Your input:

- The user’s current question from a post.

- The user’s past post questions and detailed descriptions
of these questions to learn about the user’s preferences.
# Your output:

You should generate a clear and personalized text answer
to the user’s current question.

Figure 4: Prompt template for the Long-Context base-
line.

( Prompt Template: CEP-RAG

You are a helpful assistant designed to generate personal-
ized responses to user questions. Your task is to answer a
user’s question from a post in a personalized way by con-
sidering the target user’s past post questions and detailed
descriptions, as well as the historical posts of similar users
as a collaborative reference.

# Your input:

- The target user’s current question from a post.

- The target user’s past post questions and detailed descrip-
tions of these questions.

- The past post questions and detailed descriptions from
similar users.

# Your output: You should generate a clear and person-
alized text answer to the user’s current question.

Figure 5: Prompt template for the CEP-RAG baseline.
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( Prompt Template: Prompt-Tuning

[Soft Prompts]
You are a helpful assistant designed to generate person-
alized responses to user questions. The following prefix
contains optimized task-specific embeddings to assist in
your generation.
Your input:
{question}
Your output: You should generate a clear and personal-
ized text answer to the user’s current question based on
these synthesized embeddings.

N J

Figure 6: Prompt template for the Prompt-Tuning base-
line.

( Prompt Template: PPlug

[Soft Prompts]
Based on the personalized user profile and historical do-
main preferences encoded in the implicit embeddings
above, please provide a detailed and customized answer
to the following question.
Question: {question}
Your Output: You should generate a clear and personal-
ized text answer to the user’s current question.

\ J

Figure 7: Prompt template for the PPlug baseline.

( Prompt Template: CLP

[Soft Prompts]

The continuous embeddings above encode collaborative
personalization signals and the current user’s individual
preferences. Based on these implicit signals and the cur-
rent question, generate a personalized answer.

Question: {question}

Your Output: You should generate a clear and personal-
ized text answer to the user’s current question.
N J

Figure 8: Prompt template for our CLP framework.
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