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Abstract

User modeling characterizes individuals
through their preferences and behavioral
patterns to enable personalized simulation
with Large Language Models (LLMs) in
contemporary approaches. However, existing
methods, whether personalized prompt-based
or parameter-based methods, face challenges
in balancing personalization quality against
computational and data efficiency. We
propose a novel framework CURP, which em-
ploys a bidirectional user encoder, a discrete
prototype codebook and a dual-aggregator
to extract both multi-dimensional user traits
and query-aware user characteristic. — This
design enables plug-and-play personalization
with a small number of trainable parameters
(about 28M parameters, about 0.36% of
the total model size). Through extensive
experiments, we show that CURP achieves
superior performance and generalization
compared to strong baselines on the language
model personalization (LaMP) benchmark,
while offering better interpretability and
robustness.!

1 Introduction

User simulation aims to capture individual prefer-
ences and behaviors, enabling systems both to gen-
erate personalized content and interactions and to
investigate population-level social dynamics (Mou
et al., 2026, 2024; Xi et al., 2025; Tseng et al.,
2024). Traditional user modeling typically relies
on feature engineering and representation learning
to perform coarse-grained attribute classification,
limiting the ability to capture more complex user
behaviors and preferences (Purificato et al., 2024;
He et al., 2023). In contrast, LLMs can generate
personalized content that reflects individual pref-
erences, with promising applications in dialogue
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Figure 1: Different paradigms for user response simula-
tion.(a) Personalized Prompt-based: prompting LLMs
with text-based user behaviors, generalizable but noisy;
(b) Personalized Parameter-based: Finetuning param-
eters for each user, accurate but expensive; (c) Ours:
adopting prototype fusion based user representation via
a codebook and an aggregator to guide user content gen-
eration, achieve a balance between two paradigms.

systems, recommendation, and healthcare interven-
tions (He et al., 2025; Deng et al., 2024; Li et al.,
2024a; Bao et al., 2024).

Current approaches to LLM-based user simula-
tion fall into two paradigms: Personalized Prompts
and Personalized Parameters, as illustrated in Fig-
ure 1(a) and (b) (Kumar et al., 2024; Zhang,
2024; Sun et al., 2025). Personalized prompt-based
method injects histories and sometimes personas
directly into the prompt to condition generation
without modifying the model. It is lightweight
and general-purpose, but pure descriptions often
contain noise and redundancy, leading to impre-
cise and stereotyped outputs. In contrast, per-
sonalized parameter-based method adapts model
weights or steers the latent representation using
user-specific data, thereby internalizing personal-
ized traits. Although high fidelity is achieved, fine-
tuning a separate model per user is computation-
ally prohibitive and impractical at scale. These
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limitations expose a fundamental tension between
efficiency and personalization fidelity, raising a cen-
tral question: How can we achieve faithful user
simulation while remaining computationally ef-
ficient and scalable?

Self-Categorization Theory (SCT) (Turner et al.,
1987) posits that identity is formed through a
context-sensitive blend of shared social prototypes,
like Teenager, Faithful, and Sport Fan, rather than
as a fixed and isolated self-concept. This theory
provides a psychologically grounded and structured
framework for user modeling, where identity is rep-
resented as meaningful and reusable prototypes.
Conceptually motivated by SCT, we propose to
model users in a shared latent prototype space, im-
plemented as learnable prototypes (Van Den Oord
et al., 2017; Deng et al., 2025; Arik and Pfister,
2020), where each entry captures a salient behav-
ioral or preference pattern. As shown in Figure 1(c),
a user might be encoded as a fusion of #Teenager +
#Faithful + #Sport Fan. Notably, the shared space
enables learning from aggregated signals across
users, mitigating data sparsity while preserving
individual differences through flexible prototype
blending. This latent abstraction also improves ro-
bustness to noisy profile descriptions by mapping
diverse user expressions into a common semantic
space.

In this paper, we introduce CURP (Codebook-
based Continuous User Representation for
Personalized Generation with LLMs), a prototype-
based framework for noise-robust and data-efficient
personalized generation. At the core of CURP
is a learnable codebook and a dual-aggregator.
CURP first encodes and maps user interaction
histories into sparse combinations of shared
prototypes with the codebook. The dual-aggregator
then fuses these selected prototypes into comple-
mentary user representations, capturing both stable
long-term preferences and dynamic query-specific
intent. The resulting personalized representation is
subsequently projected and incorporated into the
task prompt for personalized generation. Based
on this, training proceeds in two stages: the PCC
stage constructs codebooks from a large-scale
behavioral pool, while the UBA stage learns the
dual-aggregator and a lightweight adapter that
maps the user representation into a frozen LLM’s
space for personalized generation. To validate
our approach, we conduct experiments across six
personalized tasks on LaMP benchmark (Salemi
et al., 2024). CURP consistently outperforms

strong baselines, with ablation studies revealing
key insights into its mechanisms. Our main
contributions are summarized as follows:

(1) We propose a novel framework that encodes
each user as fused denoised prototypes and query-
aware embeddings, replacing fragile textual de-
scriptions and per-user parametric training.

(2) We introduce a two-stage training framework
that enables the model to understand and utilize
dual user representations without additional LLM
training, making our approach model-agnostic.

(3) Extensive experiments across diverse person-
alization tasks demonstrate the effectiveness, scala-
bility, and generalization ability of CURP, which
achieves a practical balance between personaliza-
tion fidelity and efficiency.

2 Related Works
2.1 User Modeling

Prior to LLMs, user representations were typi-
cally constructed from explicit personas (e.g., ques-
tionnaires, self-disclosed attributes) or implicit be-
havioral signals, processed into vectors using TF-
IDF (Nanas et al., 2003; Elkahky et al., 2015; Pu-
rificato et al., 2024) for traditional machine learn-
ing or word embeddings (An et al., 2019; Fazelnia
et al., 2022) for deep learning. However, these ap-
proaches were largely limited to classification tasks
and lacked generative capacity.

Recent advances in LLMs have enabled user sim-
ulation and personalized generation conditioned
on user representations, either as natural language
or learned embeddings (Chen et al., 2024; Li
et al., 2024b; Huber et al., 2025), moving beyond
a generic one-size-fits-all paradigm toward more
structured modeling of user characteristics (Xu
et al., 2025; Wang et al., 2023; WozZniak et al.,
2024).

2.2 LLM-based Personalization

Personalization methods for LLMs generally fall
into two paradigms: prompt-based approaches in-
corporate user profiles or interaction histories di-
rectly into the input context (Richardson et al.,
2023; Salemi et al., 2024; Zhang, 2024), but of-
ten struggle to interpret noisy signals at scale.
Parameter-based methods adapt model parame-
ters via parameter-efficient fine-tuning (Tan et al.,
2024b,a; Zhang et al., 2024) or personalized re-
ward modeling and user-level alignment (Li et al.,
2024b; Bose et al., 2025; Li et al., 2026), albeit with
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Figure 2: The overall framework of our proposed CURP. Our training procedure can be divided into two stages:
Prototype Codebook Construction (PCC) and User Behaviour Aligning (UBA). Rep. is short for Representation.

higher computational costs. Recently, increasing
attention has turned to latent space personalization,
where user features are encoded as soft prompts
or adapters (Doddapaneni et al., 2024; Jeong et al.,
2024; Hebert et al., 2024; Huber et al., 2025; Zhang
et al., 2025b). While some approaches employ dis-
crete codebooks to represent semantic patterns in
user utterances (He et al., 2025; Tang et al., 2024),
these codebooks focus primarily on dialog policy
rather than capturing characteristics. PHF (Wang
et al., 2026) further models user behavior hierar-
chically, both over time and across users, which
fundamentally relies on high-quality and stable
codebook-based practice representations. These
studies highlight that developing interpretable, ro-
bust, and scalable user representations is both fun-
damental to effective personalization and remains
a central open challenge.

3 Methodology

In this section, we first define the task and provide
a detailed description of the proposed framework
and training procedure. Given a set of users U =
{u1,ug, ..., un}, each user u; is defined as a tuple
u; = (Hi, Qi, R;). Here, H,; represents the user’s
historical behaviors; Q; is the current query for
a scenario context; and R; is the corresponding
ground-truth from the user. Our goal is to leverage
LLMs to accurately predict R;, given H,; and Q;.

3.1 Structure of CURP

Figure 2 presents an overview of our proposed
framework, which comprises four key components:
the User Encoder &, the Prototype Codebook C,
the Dual-Aggregator A and the Decoder LLM D.

3.1.1 User Encoder

To encode user historical behaviors, the funda-
mental source for personalization, we introduce
a user encoder £ that distills a user’s histories into
a dense tensor representation. Unlike prior works
that either couple the encoder with a task-specific
adapter (Hebert et al., 2024; Doddapaneni et al.,
2024) or require extensive task-specific data (Ning
et al., 2025), our encoder is built upon a pretrained
encoder-only architecture with bidirectional atten-
tion, ensuring strong contextual modeling capacity
while maintaining generalizability across diverse
downstream tasks.We encode historical behaviors
using the encoder to obtain a unified representation
of the user’s history. This design addresses the lim-
itations of naively concatenating raw texts, which
introduces noise, expands context length, and fails
to capture structured user characteristics.

3.1.2 Codebook

The codebook C is designed to achieve denoised
structured behavior prototype for further aggrega-
tion. To construct this codebook, we first collect
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historical behaviors from a large-scale user pool,
encoding them into dense tensors using the user
encoder. These dense embeddings are then quan-
tized through Product Quantization (PQ) (Jegou
et al., 2011) into L discrete indices from codebook
vocabularies: each user event embedding is de-
composed into L subspaces, and each subspace is
independently quantized to select an index from
its own codebook. Through this process, each user
event is abstracted as a combination of L prototype
essence. This design enables effective user model-
ing through the composition of learned prototypes,
where each codebook entry captures a distinct as-
pect of user characteristics, eliminating the need
for raw textual inputs, and provide informative but
denoised representations for further aggregation.

3.1.3 Dual-aggregator

User preferences often exhibit stable long-term
characteristics and dynamic context-dependent in-
tent (Mou et al., 2023). Modeling both aspects with
a single representation may lead to information
entanglement and reduced personalization qual-
ity. Therefore, we introduce a dual-aggregator
A to decompose user modeling into two com-
plementary branches: dynamic and stable. Let
BP; = {bp, ;,bp;2,...,bp; s} denotes all be-
havior prototypes for user u;. To capture user in-
terests related to the current query, we employ a
Multi-Head Cross-Attention mechanism (Vaswani
et al., 2017) that fuses the BP; with the encoded
task query Q; , to acquire the query-aware dynamic
user representation. Meanwhile, a stable user repre-
sentation is constructed by compressing historical
prototypes of varying lengths into a fixed-length
vector, thereby preserving multi-dimensional cross-
user characteristics. To achieve this, we utilize a
multi-layer Q-Former (Li et al., 2023) equipped
with M shared learnable queries. This dual-branch
design effectively handles histories of arbitrary
length while balancing the preservation of intrinsic
user stability with query-specific task performance.

3.1.4 Decoder

To bridge the gap between the aggregated user
representation space and the LLM decoder’s em-
bedding space, we employ a Multi-Layer Percep-
tron (MLP) to project the constructive embeddings
into the decoder’s embedding space. With the task
query @Q; embedded via the decoder’s input embed-
ding layer, we combine the projected user embed-
dings with the query embeddings and feed the com-

bined sequence into the decoder to perform person-
alized conditional generation, predicting the per-
sonalized response R;. Our framework is decoder-
agnostic, imposing no architectural constraints on
the choice of decoder, which enables flexible appli-
cation to various decoder architectures. The decou-
pled design that separates the codebook from the
LLM also enables practical applications in cloud-
edge collaboration and user privacy protection.

3.2 Training CURP

Based on the architecture described above, we im-
plement a two-stage training pipeline: Prototype
Codebook Construction (PCC) and User Behav-
ior Aligning (UBA).

3.2.1 Stage 1: Prototype Codebook
Construction

For all users u; € U, we collect historical behav-
iors H; from dataset D and encode them using the
frozen encoder £ to construct an embedding pool:

P = {E(hld) ’ hiﬂ' € H;,Vu; € Z/f} (1)

We partition each embedding e € R? into L sub-
spaces: e = [e(1), ... e(l)], where e() ¢ R¥/L,
We initialize L codebooks C = {C1,Ca,...,C}
by applying balanced k-means algorithm (Deng
et al., 2025; Chen et al., 2025) for each subspaces
to ensure uniform cluster sizes:

During quantization, each subspace embedding
e) is quantized by corresponding codebook:

€= [Quant(e™,Cy), ..., Quant(e'™, Cp)],

2
where Quant(e!),C;) = argminecg, e — c||.
We use PQ as the default quantizer for a simple
and efficient instantiation; the same framework can
replace it with stronger quantizers such as Residual
Quantization (RQ) or Optimized Product Quanti-
zation (OPQ). More details can be found in Ap-
pendix A.3. The training loss consists of three
components:

['PCC = aﬁreconstmction +B£diversity+7£usagea (3)

where Lieconstruction Me€asures reconstruction error
between original e and quantized e, Lgiversity and
Lusage are used to encourage codebook diversity
and usage rate to prevent codebook collapse.
More details for balanced K-Means and loss
function can be found in Appendix A.1 and A.2.
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3.2.2 Stage 2: User Behavior Alignment

For each user u; with historical behaviors H; =
{hi1,hi2,...,hi s}, we independently encode
and quantize each historical item /; ; as follows:

pij = PQ(e;;,C), (4)

where £(-) denotes the encoder, and PQ(-,C) rep-
resents Product Quantization using the codebooks
C learned in Stage 1. Here, p; ; denotes the quan-
tized prototype embedding for h; ;.

After that, we aggregate the prototypes into the
merged dynamic and stable representations:

eij = E(hij),

Rgyn = MHCA(BP;,£(Q)),  (5)

where MHCA denotes the Multi-Head Cross-
Attention module.

Rstb = Q-Former(BPZ-, Qlearned)a (6)

where Qjecqrneq represents M learnable queries.

Finally, the dual representations are projected
into the decoder’s embedding space via MLPs (f)
and prepended to the task query embedding. The
final input sequence x;, is formulated as:

Xin = [f(Rdym Rstb)§ DEmb(Qi)L @)

where Dgpp denotes the embedding layer of the D.
The training objective maximizes the likelihood of
generating the personalized response Y;:

|Yil

Lusa = — Y _10g P(y: | Xin, y<1360), (8
=1

where 6 represents the trainable parameters, y; is
the ¢-th token of the target response, and |Y;| is the
total length of the response.

3.3 Training details

For the PCC stage, we randomly sample 100k user
behaviors to balanced initialize the prototype code-
books C. Each codebook consists 1,000 prototype
entries for 4 subspaces by product quantization.

For the UBA stage, we use the whole histories
for each user. We employ Contriever (Izacard et al.,
2021) as the base encoder £ and Qwen-2.5-7B-
Instruct (Yang et al., 2024) as the decoder D. We
apply a 8-head MHCA for dynamic representation
and a 2 layer Q-Former with 4 learnable queries
for stable representation. A 2-layer MLP is used
to project prototype embeddings into the LLM’s
embedding space. More details can be found in
Appendix D.

4 Experimental Setup

4.1 Datasets

We conduct experiments on six tasks from the
LaMP benchmark (Salemi et al., 2024), namely
LaMP-1-5 and LaMP-7, following previous stud-
ies (Tan et al., 2024b,a). LaMP-6 is excluded
because its original Avocado email data are not
publicly accessible due to privacy restrictions.
The six evaluated tasks comprise three classifica-
tion/regression tasks and three generation tasks:
(1) LaMP-1: Citation Identification; (2) LaMP-2:
Movie Tagging; (3) LaMP-3: Product Rating; (4)
LaMP-4: News Headline Generation; (5) LaMP-
5: Scholarly Title Generation; (6) LaMP-7: Tweet
Paraphrasing.

4.2 Evaluation Metrics

We use the default metrics align with LaMP bench-
mark to evaluate the performance of each tasks:
accuracy (Acc) for LaMP-1, accuracy and F1 for
LaMP-2, mean absolute error (MAE) and root
mean squared error (RMSE) for LaMP-3, and
ROUGE-1 (R-1) and ROUGE-L (R-L) for LaMP-
4, LaMP-5, and LaMP-7. Besides, apart from the
surface overlap ROUGE, we report the BERTScore
(Sim) for semantic overlap for a better evaluation.

4.3 Comparison Methods

We compare CURP against a range of baselines,
mainly within two broad categories: Personalized
Prompt and Personalized Parameters.
Personalized Prompt-based Methods : These
methods avoid parameter updates, providing effi-
ciency at the cost of long context. (1) Zero Shot
(ZS): The LLM generates outputs solely based on
the current input, serving as a non-personalized
baseline. (2) In-Context Learning (ICL): His-
torical user behaviors (default 8) as reference are
appended to the prompt to personalize the LLM.
(3) BM25: BM25 algorithm to retrieve the most
similar histories with the current query via surface
overlap. (4) Dense: Retrieve the most similar his-
tories with query by dense Contriever embedding.
(5) Chain-of-Thought (CoT) (Wei et al., 2022):
Prompts encourage step-by-step reasoning based
on histories. (6) PAG (Zhang, 2024): A persona
profile is generated by Qwen-2.5-14B from the
user’s histories and prepended to the prompt.
Personalized Parameter-based Methods:
These methods update parameters by supervision.
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Task Metric Zero Personalized prompt Personalized parameters Ours
Shot ICL BM25 Dense CoT PAG DiffMean PROPER  SP PPlug CURP

Lens & Paras L 9L 9L 9L 9L 2L L&4k* L&8M* L&4k L&40OM L&28M
LaMP-1  Acct 0514 0.557 0.579 0.555 0.466 0.534 - - 0.504  0.502 0.518
LaMP-2 Acct 0345 0445 0431 0448 0423 0.384 0.345 0.587 0351  0.565 0.629
F11 0.191 0291 0.281 0.300 0.080 0.110 0.182 0.504 0200  0.485 0.547

LaMP-3 MAE]  0.502 0.368 0.314 0.284 0.381 0.577 0.580 0.284 0.524  0.258 0.276
RMSE] 0.839 0.714 0.651 0.604 0.725 0.940 0.923 0.597 0.867  0.567 0.585

R-11 0.138  0.160 0.168 0.177 0.143 0.136 0.136 0.191 0.108  0.190 0.194

LaMP-4 R-Lt 0.119 0.140 0.151 0.159 0.126 0.117 0.118 0.171 0.092  0.168 0.173
Sim? 0.845 0.852 0.854 0.855 0.849 0.842 0.844 0.858 0.829  0.857 0.859

R-11 0411 0432 0440 0435 0448 0376 0.396 0.469 0.292  0.500 0.505

LaMP-5 R-Lt 0338 0360 0.371 0364 0.377 0.309 0.324 0.399 0254  0.444 0.449
Sim?T 0.876  0.884 0.885 0.884 0.887 0.870 0.874 0.890 0.864  0.897 0.898

R-11 0.457 0428 0446 0447 0364 0416 0.463 - 0451  0.536 0.543

LaMP-7  R-Lt 0.401 0375 0.390 0392 0322 0.363 0.406 - 0395 0477 0.483
Sim? 0903 0.894 0.898 0.898 0.881 0.889 0.900 - 0.899  0.909 0.911

Table 1: Performance of all baselines and our model on six tasks. The best results are shown in bold, and the
second-best are underlined. The reported results represent the average of three independent runs.? means higher
is better. In Lens & Paras, for personalized prompt methods we provide the relative average input length; for
personalized parameters method we provide the number of personalized parameters as well. -indicates that the
method is not adaptive to data formats. * denotes user-specific parameters.

(1) DiffMean (Zhang et al., 2025a): DiffMean
represents each user as a vector in LLM’s activation
space for steered generation. (2) PROPER (Zhang
et al., 2025b): PROPER further fine-tunes a per-
sonalized LoRA module for each user at varying
granularities. While this approach maximizes the
utilization of personal information, it incurs sub-
stantial computational costs, which are known for
their high resource demands. (3) Soft Prompt
(SP) (Lester et al., 2021): Soft Prompt learns a
shared trainable embedding prepended to the in-
put sequence while keeping the model frozen. (4)
PPlug (Liu et al., 2025): A soft prompt tuning
based approach that aggregates the user’s entire his-
tory into a single token via softmax weights derived
from its similarity to the current query, functioning
similarly to our dynamic representation.

5 Experiment Result

5.1 Main Results

The main results of inference on diverse scenarios
are reported in Table 1, and we can observe that:
(1) Comparison of different methods: Overall,
CURP achieves the strongest overall performance
by jointly modeling stable intrinsic user representa-
tions and query-aware dynamic adaptation. Person-
alized Prompt based methods like ICL, CoT and
PAG yield suboptimal results, e.g. perform even
worse than non-personalized ZS (R-1 0.457, R-L.
0.401) in LaMP-7, primarily due to inflated context
lengths and their sensitivity to noise in raw user his-

tories, which also imply overthinking does not help
personalization. While training-based methods im-
prove performance, they incur substantial parame-
ter costs for personalization. For example, although
PROPER achieves competitive results in LaMP-2
and LaMP-4, it requires 8M parameters per user
and the time efficiency is relatively much lower.
DiffMean and SP perform way behind other base-
lines, and perform worse than ZS on LaMP-4 and
LaMP-5, showing steering method and one general
embedding hard to achieve personalization. In con-
trast, our approach attains state-of-the-art results
on more than 70% of metrics across all tasks, with
only about 30M parameters. This demonstrates a
superior trade-off: CURP matches or exceeds the
performance of heavier models while maintain-
ing a compact and scalable architecture.

(2) Analysis across tasks: The effectiveness of
personalization methods varies with task character-
istics, yet our approach delivers robust and leading
performance consistently across diverse task types.
On classification tasks, methods that better aggre-
gate users’ preferences regarding current query per-
form better. For instance, RAG-based methods
BM25 and Dense show competitive performance
even with training-based methods. In contrast, on
generation tasks, the difference between methods is
smaller than in classification tasks, while training
methods PROPER, PPlug and CURP show a large
advance than prompting-based methods. Overall,
our CURP model perform competitive perfor-
mance in both task types.
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Task LaMP-2 LaMP-3 LaMP-4 LaMP-7

Metric Acc] FIT  MAE] RMSE] RIf] RILf R-If RL]
CURP 0629 0547 0276 0585 0.194 0.173 0543 0483
wio Quantize 0634 0548 0275 0.601 0.198 0.177 0544 0483
wlo Dynamic 0474 0367 0.290 059 0.191 0.170 _ 0.538 0.480
Wlo Stable 0539 0436 0287 0.607 0.188 0.168  0.528 0.469
wio QFormer 0590 0541 0290 _ 0.620 0192 0171 0536 0477
Dual MLP 0604 0558 0282 0.605 0.194 0.175 0545 0485

Table 2: Overall performance of ablation models.

5.2 Ablation Study

Ablation on the Framework Component We
first validate the necessity of each component
through ablation studies by comparing performance
after removing the corresponding module (Table 2).
Removing codebook quantization (w/o Quantize)
slightly improves performance but compromises
robustness due to continuous embeddings (Sec-
tion 5.3.1). Appendix E further replaces PQ with
RQ and OPQ. Stronger quantizers avoid degrada-
tion from information loss and can surpass both
PQ and the continuous variant by filtering nuisance
variation. Eliminating either the dynamic or stable
representation (w/o Dynamic/Stable) causes clear
degradation, confirming their complementary bene-
fits. Replacing the Q-Former with mean pooling for
stable representation (w/o Q-Former) also yields
suboptimal performance, showing that expressive
feature fusion better captures user characteristics.
Using separate MLPs (Dual MLP) for different rep-
resentations offers no noticeable gains while adding
parameters. Therefore, we adopt a shared MLP as
the projection module. Overall, each component
plays an essential role and collectively contributes
to the framework’s effectiveness. Appendix I addi-
tionally explores collapsing the dynamic and stable
branches into a single embedding, which does not
improve downstream performance.

Ablation on Codebook Design Choices We fur-
ther analyze how different design decisions affect
codebook utilization and combination diversity. As
illustrated in Figure 3, we compare initialization
strategies (e.g. Random), loss designs, vocabulary
sizes (e.g. CB-500), and PQ subspace configura-
tions (e.g. PQ1). Random initialization results
in extremely low usage and can lead to codebook
collapse, whereas balanced initialization with PQ4
and the proposed loss enables effective exploration
of the codebook space. Overall, our final design
(Balanced+PQ4+Loss) achieves both high entry
usage, substantial combination diversity and cost-
effective, outperforming alternatives significantly.
Appendix F further reports the downstream per-
formance of different subspace counts, codebook

Random-init variants and PQ1
PQ / codebook size variants
PQ4+BankInit+Loss+CB1000 — default config

RandInit 7
RandInit+Loss+PQ 1 8
RandInit+Loss 42
CB2000 - 51,640
CB500 93,654
PQ1 4 1,000
PQ2 A 40,584
default 4 97,591

T T T T T
1 10 100 1,000 10,000 100,000

Max Unique Code Combinations

Figure 3: Maximum number of unique PQ code com-
bination tuples observed across all training epochs for
each codebook configuration on LaMP-2.
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Figure 4: Ablation study on the number of Q-Former
layers and learned queries on LaMP-2 and LaMP-4.

sizes, and initialization schemes.

Ablation on Q-Former Layers and Learned
Queries Finally, we investigate the impact of the
number of Q-Former layers and learned queries on
stable representation learning. As shown in Fig-
ure 4, for LaMP-2, the performance consistently
improves as the number of Q-Former layers in-
creases, whereas for LaMP-4, deeper Q-Former
architectures lead to noticeable performance degra-
dation. Regarding the number of learned queries,
LaMP-2 achieves the best performance when the
query number is set to 4, while the performance
drops sharply when increasing it to 6. In contrast,
LaMP-4 performs best with 2 learned queries, fol-
lowed by a gradual decline as the query number in-
creases. Considering the trade-off across different
tasks, we adopt a configuration with 2 Q-Former
layers and 4 learned queries as the default setting.

5.3 Further Analysis

We further conduct additional analysis on LaMP-2
(classification) and LaMP-4 (generation).

5.3.1 Robustness to Profile Paraphrase

In real-world applications, user profiles often come
from diverse sources and may vary in wording
or format, despite conveying the same underly-
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Figure 6: Robustness of personalized generation under
profile paraphrase on LaMP-4.

ing preferences. A robust personalization method
should therefore rely on underlying semantic con-
tent for stable user understanding, rather than be-
ing distracted by surface-level lexical variations.
To evaluate this, we design a paraphrase robust-
ness test on LaMP-4 using 100 randomly sampled
users. Specifically, we rewrite each user’s profile
history using Qwen2.5-8B-Instruct while preserv-
ing its original meaning, and then run each method
on both the original and paraphrased profiles. As
shown in Figure 6, CURP achieves the highest con-
sistency, demonstrating strong robustness to profile
paraphrasing. This benefits from the quantization
mechanism that encourages user representations to
capture semantic-level patterns rather than super-
ficial lexical features. In contrast, other methods
achieve moderate consistency, indicating partial
sensitivity to wording changes. Overall, these re-
sults demonstrate CURP learns a more semanti-
cally grounded and robust user representation.

5.3.2 Interpretability Analysis of Codebook

To demonstrate the interpretability of our
codebook-based representation, we analyze PQ in-
dices from the LaMP-4 task. We observe a hi-
erarchically structured representation: (1) Topic-
level consistency: We first group samples by topic,
e.g., Donald Trump, and examine their PQ indices.
We observe that all samples within the same topic
consistently share identical indices in subspaces
indexed 40 and 101. This recurring pattern indi-
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Figure 7: Generalization of CURP across different en-
coder and LLM backbones on LaMP-2 and LaMP-4.

cates that these subspaces function as a semantic
anchor, capturing invariant, topic-level information.
(2) Within-topic variation: Remaining subspaces
capture nuanced semantic distinctions orthogonal
to the topic. For instance, subspace 1 distinguishes
content sources (e.g., legal proceedings vs. media
coverage), while subspace 4 aligns with narrative
framing (e.g., court challenges vs. personal im-
pact). This indicates that our codebook effectively
decomposes user profiles into stable topical cores
and dynamic stylistic variations. Further visualiza-
tions and more details are provided in Appendix L.

5.3.3 Generalization to Different Backbones

To evaluate the generalization and modularity of
CURP across different backbone models, we de-
ploy the learned codebooks with three distinct
£ + D combinations: RoBERTa+Qwen, Con-
triever+LLaMA, and RoBERTa+LLaMA. When re-
placing the decoder, only the UBA stage needs to
be re-executed, whereas changing the encoder re-
quires rerunning both stages. As shown in Figure 7,
CURP achieves consistently competitive perfor-
mance across all combinations, indicating that the
learned codebook captures generalizable user
characteristics that are not tied to any specific
encoder or decoder architecture.

5.3.4 Scalability Across Different User
History Lengths

To evaluate how personalization performance
scales with increasing user history, we randomly
sample 100 users with 3 different seeds from each
of three profile-length groups (short, mid, and
long), and guarantee similar difficulty by keep-
ing ZS score stable, as shown in Table 5. ICL
and Dense perform weaker as user history length
grows, as their context window are limited and
can receive more noise. PROPER performs best
on short profiles, likely benefiting from its LoRA-
based task adaptation under limited user history.
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However, its advantage diminishes as profile length
increases, likely because it weights all past inter-
actions equally, failing to prioritize more relevant
ones, and this may introduce noise and distort the
direction. In contrast, PPlug struggles in the short-
profile setting, due to its reliance on query-aware fu-
sion, which becomes less effective when historical
records are limited and misaligned. However, for
CURP, the codebook-based quantization com-
presses arbitrarily long user histories into com-
pact and informative discrete representations
while focusing on more relative histories in long
history, allowing it to benefit consistently from
additional history. As a result, CURP achieves
the best overall performance across both tasks.

6 Conclusion

In this work, we propose a novel CURP frame-
work for personalized generation. To address the
efficiency-fidelity trade-off in LLM-based personal-
ized generation, we propose to model users as fused
prototypes in both dynamic and stable representa-
tion. Experimental results demonstrate that our
model achieves strong performance across multiple
tasks, while further validating the generalization,
interpretability, and robustness of our method.

Limitations

In this study, we propose a prototype codebook-
based approach for personalized LLMs; however,
several limitations remain and warrant future ex-
ploration. First, LaMP represents users primarily
through behavior histories and does not provide
direct persona descriptions; it also lacks realistic
cross-domain behavior sequences. Second, discard-
ing the original historical text can lose fine-grained
behavioral patterns such as habitual word usage.
Although the quantizer comparisons suggest that
stronger quantizers preserve task-relevant signals
while filtering noise, rare patterns far from learned
prototypes may remain unrecoverable. Third, eval-
uating personalization remains difficult. Following
previous work (Salemi et al., 2024; Kumar et al.,
2024; Liu et al., 2025; Zhang et al., 2025a), we re-
port ROUGE-1, ROUGE-L, and BERTScore to pro-
vide a comprehensive reference-based assessment,
but these metrics cannot deeply measure the de-
gree of personalization. We additionally report an
LLM-as-a-judge study in Appendix J; however, au-
tomated LLM judges can introduce model-specific
biases and cannot replace human preference evalu-

ation. Larger-scale human studies and evaluations
on realistic cross-domain histories remain impor-
tant future work.

Ethical Considerations

We address several ethical considerations in this
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are publicly available, and all models employed are
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do not involve any ethical concerns.
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A Training Procedure Details

A.1 Detailed Balanced K-Means Algorithm

To ensure that the codebook entries are utilized uni-
formly and represent distinct semantic clusters, we
employ a Balanced K-Means strategy for initializa-
tion. Unlike standard K-Means, which may suffer
from codebook collapse (where few centroids at-
tract most data points), our approach enforces a
cardinality constraint on each cluster.

Formally, let £0) = {egl), . ,eg\l[)} be the set
of subspace embeddings for the [-th subspace. We
aim to partition these embeddings into K clusters
{P,lg}szl by minimizing the within-cluster sum of
squares:

K

Yo el —mil?©

k=1 nEP}C

min
VK VK
{Pk}k:p{l"k}kzl

subject to the balance constraint:

IP;ilzﬂJ or mw Vke{l,...,K}.
(10)

Here, ,uf,g denotes the centroid of the k-th cluster
in the [-th codebook. The balance constraint en-
sures that each codebook entry is responsible for an
approximately equal number of training samples,
thereby maximizing the information capacity of
the discrete codebook and preventing "dead" codes.
We solve this constrained optimization problem us-
ing a swap-based iterative algorithm, as detailed in
Algorithm 1. For initialization, we run 100 itera-
tions as default.

A.2 Detailed Codebook Loss Composition

The training objective for the codebook module
consists of three complementary components: re-
construction fidelity, codebook diversity, and usage
uniformity. The total loss is defined as:

L codebook = Lreconstruction + BLdiv + 'YEusage

(11)

Reconstruction Loss. To ensure that the quan-
tized vectors faithfully approximate the original
continuous embeddings, we minimize the squared
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Algorithm 1 Balanced K-Means for Codebook Update

N

N_,, Codebook centroids C' = {p! }H< |, Max iterations

Require: Subspace embeddings £ = {eg)}
Tma:c
Ensure: Updated centroids C', Assignments {P!}£ |
1: Initialize assignments {P,i}le randomly satisfying the balance constraint |77,l€] ~ N/K
2: fort = 1to T}, do
3: // Step 1: Update Centroids
4: for k =1to K do l
5 “i} A ﬁ ZnE'P}c 87(1)
6: end for
7 // Step 2: Compute Distance Matrix
8 Compute D € RV*K where D, = ||e,(~f) — pb|?
9 // Step 3: Balanced Re-assignment (Swap-based)

10: Initialize priority queue () with samples sorted by assignment cost
11: changes < true

12: while Q # () and changes do

13: Select sample n from () assigned to cluster a

14: Find best alternative cluster b # a minimizing distortion while maintaining balance
15: if swapping n from « to b reduces total distortion then

16: Move n from P, to P}

17: Update g/, and pé incrementally

18: changes < true

19: else

20: changes < false

21: end if

22: end while

23: if convergence criterion met then

24: break

25: end if

26: end for

27: return C!, {PL}E |

Euclidean distance between the encoder output e,
and the selected codebook vector e. Since the
arg min operation in vector quantization is non-
differentiable, we employ the Straight-Through Es-
timator (STE) to allow gradient flow from the de-
coder to the encoder:

»Creconstruction = Heq - Sg(@)”Q + ”Sg(eq) - eH2
12)
where sg(+) is the stop-gradient operator. The sec-
ond term acts as a commitment loss, encouraging
the encoder outputs to stay close to the codebook
embeddings they select.

Diversity Loss. To prevent multiple codebook
entries from converging to the same semantic cen-
ter (redundancy), we introduce a diversity loss that
maximizes the minimum pairwise distance between
centroids. Directly optimizing the hard minimum

is unstable; thus, we use a smooth surrogate based
on the hyperbolic tangent function:

1 .
Lgiy = —7 - tanh <7_ min ;= Hj||> (13)

where T is a temperature parameter controlling the
smoothness of the approximation. This term en-
courages the codebook to span a larger volume in
the latent space, improving its ability to represent
out-of-distribution or diverse user profiles.

Usage Loss. Codebook collapse, where only a
small subset of entries is actively used, is a common
failure mode in VQ-based models. We propose a
composite usage loss Lysge that penalizes uneven

7851



utilization through three mechanisms:

['usage = Varan}?:l)
———

Variance Penalty

N (1_ |{k:n};€{>0}|>

(14)

Coverage Penalty

()

Entropy Penalty

Here, ny, is the number of times the k-th codebook
entry is selected in the current batch, and p; =
ny/ Y ;n; is the empirical probability of usage.

* The Variance Penalty minimizes the variance
in usage counts, pushing towards equal fre-
quency.

* The Coverage Penalty directly maximizes the
number of unique active codes (cardinality).

* The Entropy Penalty maximizes the entropy of
the usage distribution H ({px}), normalized
by log K to range between [0, 1]. A uniform
distribution yields maximum entropy.

Together, these terms ensure robust and compre-
hensive utilization of the codebook capacity. The
gradient is optimized after a large batch size of
1024 items with AdamW optimizer.

A.3 Alternative Quantizer Formulations

The framework is not restricted to PQ. Residual
Quantization (RQ) approximates an embedding
through a sequence of codebooks. Let r(® = e. At
stage m, RQ selects the codeword nearest to the
current residual and updates the residual as

m 2
o, a9

(16)

k* (m—-1) _

m

= argminHr
k

r(™ = p(m=1) _ c,&T).

m

After M stages, the quantized representation is

M
Qrole) = > e, (17)
m=1
Optimized Product Quantization (OPQ) learns
an orthogonal rotation R before applying PQ so
that the rotated dimensions are more suitable for
subspace quantization:

R* = arg

min
RTR=I,C“

IRe, — Qpq(Ren;C)|l3.

(18)

The representation returned to the downstream
modules is rotated back to the original space:

Qorq(e) = (R*) ' Qprq(R7e;C).

Thus, PQ, RQ, and OPQ expose the same
quantized-representation interface to the subse-
quent aggregation and projection modules.

(19)

B Dataset Details

The format of question, answer and user histories
of the tasks are shown in Table 3. We do data filter
to make sure the length distribution. During the
UBA stage, task-specific training data is utilized
exclusively for the ID component, while other mod-
ules remain task-agnostic. Detailed statistics and
example input output pair for all six tasks are pro-
vided in Table 7.

C Efficiency

We provide an efficiency experiment of the training
and inference time on the same setting as shown
in Table 4. Our CURP achieve a high efficient,
especially compare with DiffMean and PROPER.

D Hyperparameter Settings

All experiments are conducted on 8 NVIDIA 4090
GPUs with a batch size of 2 per GPU. We utilize
DeepSpeed ZeRO Stage 2 to enable efficient mem-
ory usage and distributed training. The learning
rate is set to le-4 with weight decay of 0.01 and
max gradient norm of 1.0. We use gradient accu-
mulation with 4 steps and train for 3 epochs. The
MLP projection layer consists of two linear layers:
768-3584 with GELU activation, followed by 3584-
3584. We use a 2 layer Q-Former with 4 learnable
queries. The head for attention is set to 8. For the
codebook training, we set the codebook weight to
1.0, diversity weight to 0.1, and usage weight to 0.3.
We employ Contriever as the encoder and Qwen-
2.5-7B-Instruct as the decoder. During inference,
we set do_sample as false to ensure replicability
and the reliability of our result. The random seeds
are 42, 0, 1 for multiple runs. We use the default val
dataset for evaluation on LaMP benchmark. The
default optimizer is AdamW for its stable perfor-
mance. We use rouge_score to compute ROUGE.

E Alternative Quantizers

Table 6 replaces the default PQ while keeping the
downstream pipeline fixed. RQ and OPQ improve
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Table 3: Dataset statistics and input—output formats for different tasks in the LaMP benchmark. “#” denotes the
number of instances, “Cls” indicates classification tasks, and placeholders in braces {} are replaced with dataset-

specific values.

e . g #Cls or ; Output History
Task  #Train #Val #LenIN #Len OUT Len HIST Input Format Format Format
For an author who has written the paper with title “{title}”, which reference Title: {title}
LaMP-1 6,542 1,500 3143 2 84.15 is related? Just answer with <1> or <2>. <1>: “{refl}” <2>: “{ref2}” <> Abstract: {abs}
LaMP2 5073 1410 9239 15 86.76 Which Fag does this movie relate }o among the follow.ing tags? Jus.t romance Description: {des}
answer with the tag name. tags: [sci-fi, action, ...] description: {movie} Tag: {tag}
‘What is the score of the following review on a Text: {Review}
LaMP-3 20,000 2,500 128.18 5 185.40 scale of 1 to 57 Just answer with 1-5. review: {review} 3 Score: {score}
LaMP-4 12,500 1,500  29.97 10.07 20459 Generate a headline for the following article: {article} How I Got "Rich’ tite: {title}
text: {article}
LaMP-5 14,682 1,500 162.34 9.71 87.88 Generate a title for the following abstract of a paper: {abstract} Dlstg});lzii::tml le::lt'le{:ug::izll)
LaMP-7 13,437 1,498 29.72 16.96 15.71 Paraphrase the following tweet without any explanation: {tweet} rf;lllaaq:‘lfill(led[:; :]r‘\l(;:tlo(\:vfn text: {tweet}
LaMP-4 F PQ Configuration Ablation
Method Train Time Infer Time Memory
Direct — 3:36 14G Table 7 compares subspace counts, codebook sizes,
BM25 — 6:16 18G and initialization. PQ-1 denotes full-vector VQ.
oT — 43: 1 . .
c 3:38 8G The default PQ-4 configuration performs best in
PAG — 12:20 16G th trolled d t . hil
PPlug 7:43 5:02 17G €S€ controlle ownstream COl’Il.p’flI"lS(.)nS, while
DiffMean _ ~640 min' 14G the weak result from a randomly initialized code-
PROPER ~57min’  ~1056 mint  21G book confirms that the data-fitted Stage-1 structure
CURP (ours) 7:40 4:28 17G transfers useful information to UBA.

Table 4: Efficiency comparison between methods.

Table 5: Performance comparison of CURP with and
without LoRA fine-tuning across LaMP benchmarks.
Arrows indicate direction of improvement (1 higher is
better, | lower is better).

Model LaMP-2 LaMP-3 LaMP-4 LaMP-7

Acct  F-1t MSE| RMSE| R-1f R-Lt R-1{ R-Lt
CURP 0629 0547 0276 0585 0.194 0.173 0.543 0.483
w/LoRA 0.633 0.561 0270 0574 0214 0192 0538 0481

over PQ, and the stronger quantizers surpass the
continuous representation on most reported tasks.
These results show that quantization need not sacri-
fice task-relevant information: stronger quantizers
can instead improve performance by retaining use-
ful structure while filtering nuisance variation. PQ
therefore serves as a simple default rather than a
restriction of CURP.

Table 6: Quantizer replacement with the downstream
pipeline held fixed. The continuous variant omits quan-
tization. Bold denotes the best score for each task.

Task Continuous  PQ RQ OPQ
LaMP-2 Acct 0.634 0.629 0.655 0.649
LaMP-3 MAE| 0.275 0.276 0.271 0.279
LaMP-4 R-11 0.198 0.194 0.201 0.203
LaMP-7 R-Lt 0.540 0.543 0.553 0.552

Table 7: PQ configuration ablation. PQ-1 denotes full-
vector VQ.

Variant LaMP-2 Acct LaMP-4 R-11
PQ-4 (default) 0.629 0.194
PQ-1 (full-vector VQ) 0.500 0.189
PQ-2 0.528 0.187
PQ-8 0.528 0.189
Codebook 1,000 (default) 0.629 0.194
Codebook 500 0.465 0.190
Codebook 2,000 0.522 0.186
Random initialization 0.481 0.181

G Whole-Codebook Interpretability

We also quantify interpretability over the entire
LaMP-2 codebook rather than relying only on se-
lected cases. The evaluation covers approximately
26k labeled history items, 14 tags, and 1,348 dis-
tinct semantic IDs. Semantic ID and gold label
have normalized mutual information of 0.522 and
V-measure of 0.522, compared with an NMI of
0.074 after label permutation. Within-ID label
homogeneity is 0.951, and histories assigned the
same code have pairwise label agreement of 0.957,
compared with 0.092 for random pairs (the class-
frequency chance level is ) p? = 0.089). These
results show that discrete IDs form reproducible,
inspectable semantic units; continuous embeddings
do not provide directly nameable units for the same
analysis. Qualitative prototype factorization is fur-
ther detailed in Appendix L.
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H Robustness under History
Perturbations

To isolate robustness due to quantization, we ad-
ditionally perturb histories by deleting items, in-
jecting irrelevant behaviors from other users, and
paraphrasing 20-60% of the profile. Under noise
injection and paraphrasing on LaMP-4, CURP’s
performance drop is approximately 0%, compared
with approximately 2.7% for the continuous vari-
ant. The advantage depends on the task and per-
turbation, and the continuous representation can
be equally stable in some settings. Taken together
with the clean-data and stronger-quantizer results,
the evidence suggests that default PQ discards pre-
dominantly nuisance variation rather than critical
user signals. Nevertheless, rare fine-grained pat-
terns that lie far from every prototype may be lost
and unrecoverable.

I Stable-Dynamic Fusion Ablation

We test whether the stable and dynamic branches
can be collapsed into a single embedding. With the
same token budget, we mean-pool the stable branch
and add it to the dynamic branch as one vector. This
fusion does not improve performance: the LaMP-2
score decreases from 0.536 to 0.458, while LaMP-4
changes only from 0.163 to 0.160. Representation-
level tests further support keeping the branches
separate. When the query is swapped while hold-
ing the user fixed, the stable representation is in-
variant by construction (cosine similarity 1.000 on
both tasks), whereas the dynamic representation
changes substantially (0.529+0.153 on LaMP-2
and 0.234 on LaMP-4, with 10th percentile 0.127).
After deleting half of a LaMP-2 profile, the stable
representation also remains more consistent than
the dynamic representation (0.982 versus 0.887).

J LLM-as-a-Judge Preference
Evaluation

Reference-overlap metrics do not fully measure
whether an output fits a particular user. We there-
fore conduct an LL.M-as-a-judge evaluation on ap-
proximately 200 examples from each generation
task (LaMP-4, LaMP-5, and LaMP-7). Claude
Opus 4.8 scores personalization, faithfulness, and
overall generation quality on a 1-5 scale and per-
forms forced pairwise comparisons; we report
95% confidence intervals. As shown in Table 8,
CURP obtains the highest overall score among the
compared compressed-representation methods on

LaMP-4 and LaMP-5 and ties PPlug on LaMP-
7. CURP clearly outperforms StyleVector in pair-
wise comparisons. Against PPlug, CURP leads
on LaMP-4, is statistically comparable on LaMP-
5, and trades slightly lower personalization for
higher faithfulness on LaMP-7. Because automated
judges may inherit model-specific preferences, this
evaluation complements but does not replace hu-
man preference judgments.

K Prompt Templates

We provide detailed prompt templates used for en-
coding user history across different tasks.

In this section, we detail the prompt templates
used for each LaMP benchmark. The prompts are
constructed using three components:

* Static Context: Encodes long-term user pref-
erences/profile (stable_str).

* Dynamic Context: Encodes retrieved rele-
vant history (dynamic_token).

* Instruction: The specific task description and
output constraint.

Note that {input_text} represents the spe-
cific input for the current instance (e.g., the paper
abstract, the movie description, or the article body).
Ablation studies may remove either the Static or
Dynamic context lines.

K.1 LaMP-1: Scholar Profile Matching

The research expertise and dominant
scientific topics that define this
scholar’s work,

distilled from their complete
publication history, are

encoded in: {stable_str}

The research aspects most
topically aligned with the
target paper are encoded
in: {dynamic_token}

{input_text}

Select the reference whose
subject matter best matches
this scholar’s research domain.
Output only [1] or [2].
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Table 8: LLM-as-a-judge preference evaluation. Scores are on a 1-5 scale. The last column is CURP’s forced-

pairwise win rate against the method in the same row; “~” denotes self-comparison.

Task Method Personalization  Faithfulness Quality Overall [95% CI] CURP win rate [95% CI]
CURP 2.65 3.09 377 3.04[2.92,3.15] -

LaMP-4  PPlug 2.59 2.64 3.67  2.87[2.74,3.01] 58.0% [51.8, 64.1]
StyleVector 2.17 3.25 299 2.64[2.56,2.73] 68.3% [62.1, 74.1]
CURP 4.04 4.11 469  4.22[4.11,4.32] -

LaMP-5 PPlug 4.00 4.12 472 421[4.10,4.32] 51.1% [45.8, 56.3]
StyleVector 1.95 4.14 333 2.84[2.77,291] 92.9% [89.2, 96.1]
CURP 3.18 4.50 4.55  3.85[3.76, 3.95] -

LaMP-7  PPlug 3.37 426 441 3.85[3.75,3.95] 47.0% [41.5, 52.5]
StyleVector 1.89 432 475 3.21[3.13,3.30] 82.5% [77.5, 87.2]

K.2 LaMP-2: Personalized Text

Classification

A user’s preferences learned
from their past writings are
encoded in: {stable_str}

The aspects of their history
most relevant to the current
task are encoded in: {dynamic_token}

{input_text}

Output only the answer.

K.3 LaMP-3: Rating Prediction

This reviewer’s personal rating
calibration--how they translate
expressed satisfaction

into numerical scores--is encoded
in: {stable_str}

The reviewer’s past reviews whose

sentiment most closely matches the
current review
are encoded in: {dynamic_token}
{input_text}

Based on this user’s personal rating

behavior, predict the score they
assigned.
Output only 1, 2, 3, 4, or 5.

t-SNE dim 2

t-SNE of Profile Embeddings (LaMP-2, coloured by tag)

v 3lel S .
Movie tag

M comedy W violence » o .
BN dark comedy WM social commentary
- scidfi dystopia

action true story

fantasy classic
BN psychology WM thought-provoking K
. romance * Same movie, diff. tag (®-®)
W twist ending

t-SNE dim 1

Figure 8: t-SNE projection of 2,800 Contriever embed-
dings from a controlled LAMP-2 stress test (200 movie
descriptions x 14 candidate tags). We pair every movie
with every candidate tag, deliberately creating many se-
mantically implausible movie—tag combinations. Items
derived from the same movie remain colocated despite
the forced tags, indicating that the representation pre-
serves movie content while suppressing injected tag
noise. Stars (D-@ mark examples enlarged in Figure 9.

K.4 LaMP-4/5/7: Text Generation
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This author’s headline writing
style and preferences, learned
from their past articles,

are encoded in: {stable_str}

The aspects of their past articles
most relevant to the current article
are encoded in: {dynamic_token}

{input_text}
Generate a headline in this author’s

personal writing style.
Output only the headline.



(a) Zoom: shared PQ codes (b) Same movie, different tags

Tag / Code @ In a dystopian future, a totalitarian regime m...
sci-fi

violence :
M social | comment tary thought-provoking

dystopia PQ: (571,96,568,458)
B thought-provoking
Shared PQ code

A e

ougiit-provoking

PQ: (571,96,568,458)

(@ After the insane General Jack D. Ripper initia
dark comedy

PQ: (571,280,301,741)  PQ: (571,280,301,741)

@ In the 19305, bored waitress Bonnie Parker fal ...

ve
\
\

PQ: (571,602,238,797) PQ: (571,602,238,797)

@ Clarence marries hooker Alabama, steals cocain

PQ 571,746,238,830 PQ: (571,746,238,830)
sapsé J822AT95338 83000 pBYodR Pl d0utot: 53%g

t-SNE dim 1

Figure 9: (a) Zoom into the boxed region of Figure 8.
Dotted lines connect instances constructed from the
same movie description but paired with different forced
tags; each connected group receives an identical PQ
code tuple. (b) Four examples of the same movie paired
with different candidate tags. Because every movie
is deliberately combined with all 14 tags, some pair-
ings are inherently unreasonable. Mapping these noisy
variants to the same content-consistent code shows that
quantization filters the injected tag noise instead of en-
coding each implausible pairing as a distinct user sig-
nal.

L Detailed Codebook Interpretability
Analysis

Table 9 provides detailed examples of PQ indices
from the LaMP-4, demonstrating how the code-
book decouples semantic dimensions. All samples
share the same indices [910, 204] in subspaces 2
and 3, serving as a semantic anchor for Donald
Trump-related content. Variations in subspaces 1
and 4 reveal fine-grained semantic distinctions in
content type, perspective, sentiment, and stance.
Key Observations:

* Semantic Anchor (Subspaces 2 & 3): All
samples share [40, 101], capturing the core
topic semantics (Trump’s Muslim Ban / Travel
Ban executive order content). This anchor
spans 1,059 profile items with 99.2% topic
purity across the entire 3.6M-item training
corpus.

¢ Content Type (Subspace 1):

- 20: Legal/political  proceedings
(Supreme Court, travel ban litigation,
Trump lawyers, judicial review,
executive order)

— 8: Media and civil society coverage
(Wall Street Journal, cable news, Mus-
lim voices, personal impact story, civil

rights organizations)

— 122: Expert appellate scrutiny (appeals
court judges, anti-Muslim statements,
constitutional legality, lawyer cross-
examination)

* Perspective/Framing (Subspace 4):

- 29: Court challenge framing
(challengers, filibuster, halting,
blocking, constitutional challenge)

— 65: Personal impact and press account-
ability (ripping couples apart, dearth
of Muslim voices, mealy-mouthed cov-
erage, human cost)

— 39: Protest/resistance framing (Google
workers walkout, large-scale protest,
civil action)

— 58: Expert legal proceedings fram-
ing (judges hit lawyer hard, appellate
questioning, legality hearing)

This decomposition demonstrates that the PQ
codebook learns meaningful semantic factorization.
Notably, Groups 1 and 3 share the same S4=29
(court challenge framing) but differ in S1 (20 vs.
8), separating government-side judicial proceed-
ings from civil-society constitutional challenges—a
nuanced distinction captured purely by the content-
type subspace. This confirms that different sub-
spaces capture hierarchical and orthogonal seman-
tic dimensions: topic anchor (subspaces 2-3),
content type/source (subspace 1), and perspec-
tive/framing (subspace 4).

M User Study

To understand what each model actually captures,
we sample six representative users across all four
tasks and compare predictions across the full
baseline family, ZS, ICL, BM25, Dense, PPlug,
PROPER, and the CURP ablations stable-only and
dynamic-onlyagainst the full model (Table 10).

What retrieval baselines capture through in-
context copying. ICL prepends the user’s eight
profile items verbatim as few-shot exemplars;
BM25 and Contriever retrieve the most similar pro-
file items and inject them as context. This gives
retrieval baselines an immediate surface advantage:
for the abbreviation-heavy Twitter user (LaMP-7,
row 1), ICL, BM25, and Contriever all output “why
didn’t u tell me” because the user’s actual tweets
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(“I told u already”, “why u gotta go2 work”) ap-
pear verbatim in the prompt. Likewise in LaMP-4
(row 5), ICL (“8 Inappropriate...”), BM25 (“8
Cringe-Worthy. .. ”), and Contriever (“10 Wedding
Comments. .. ”) all spontaneously adopt the user’s
numbered-list format because numbered headlines
appear directly in the retrieved context window.
The mechanism is shallow: the model copies what
it sees. When the query departs from the retrieved
exemplars, as in the hallucination case (row 2)
where no profile tweet is topically relevant, re-
trieval baselines produce a generic, coherent para-
phrase rather than degenerating, because they never
inject the profile into the generation pathway be-
yond the text prompt.

Where learned representations outperform re-
trieval: conceptual genre framing. The most dis-
criminating case is LaMP-2, row 3, where an am-
biguous film (a near-future vampire plague) can be
legitimately tagged either sci-fi or dystopia. Ev-
ery retrieval-based model, ICL, BM25, Contriever,
and PPlug, predicts sci-fi, because they retrieve the
user’s sci-fi movies from their profile and surface
that label. Yet the user has tagged four films as
dystopia and only two as sci-fi: the genre that dom-
inates their conceptual framing is not recoverable
by retrieving the single most similar movie. Only
PROPER, stable-only, and CURP predict dystopia
correctly, because all three learn something about
the user’s overall preference distribution rather than
nearest-neighbour matching. This is the clearest
evidence that CURP’s gains in LaMP-2 reflect
genuine personalisation: it resolves lexically am-
biguous films by internalising what genre the user
reaches for, not by copying labels from retrieved
items.

When dynamic content overrides stable prior.
In LaMP-2 row 4, a user whose dominant tag
is violence (x 7 films) must label a WWIII teen-
survival story. The stable prior alone is insufficient:
stable-only predicts action, the plausible surface
reading, as do Direct, ICL, and BM25. The dy-
namic branch retrieves the user’s violence-tagged
war films and confirms violence; CURP and PPlug
both follow this content signal correctly. Notably,
PROPER fails here (predicting comedy), suggest-
ing that PROPER’s nearest-neighbour retrieval se-
lects the wrong profile subset when the target film’s
description does not closely match any of the user’s
violence films in embedding space.

A failure mode shared by all query-aware

dynamic models. Row 2 (LaMP-7) shows a
systematic weakness of profile-embedding in-
jection. When no profile tweet matches the
paraphrase query, dynamic-only degenerates into
a hallucinated list of @handles (“@jessicajayy
@michelle_1986 @sarahjanel986..."); PPlug ex-
hibits the same failure (“@jessicajayy @michelle-
bryant @sarahmccarthy...”). The retrieval base-
lines do not hallucinate here because they insert
the profile as text: lacking relevant examples, the
model simply ignores them. This failure is intrin-
sic to soft-prompt injection: without a relevant
profile—query match, the injected embedding ac-
tivates @mention patterns from the profile rather
than suppressing output. Stable-only, PROPER and
CUREP are the only personalised models to produce
a coherent paraphrase on this example.

Style and metrics decouple. Row 5 (LaMP-4) is
the clearest illustration. The gold reference head-
line contains no number (“Rudest Things Guests
Say to the Bride and Groom”), yet the user’s entire
profile follows a numbered format. Every person-
alised model, ICL (“8 Inappropriate. .. ”), BM25
(“8 Cringe-Worthy. .. ”), Contriever, PROPER, Sta-
ble, Dynamic, and CURP predicts a numbered
headline more consistent with the user’s observ-
able writing habit than the reference itself. All
are penalised by ROUGE. This confirms that auto-
matic metric gains systematically undercount style
improvements: a model that writes the way the user
always writes is penalised whenever one specific
reference deviates from that habit.

Overall, by case study, we demonstrate our
CURP model can achieve a more personalized per-
formance beyond the automatic metric and keep
a balance on self-inner stable representation and
query-aware dynamic representation.

N Combine with PEFT

As shown in Table 5, integrating LoRA-based
fine-tuning generally enhances the performance of
CURP on structured and semantic tasks. Specif-
ically, we observe consistent improvements on
LaMP-2 (Classification), LaMP-3 (Rating Predic-
tion), and LaMP-4 (Headline Generation), where
LoRA helps the model better align with user-
specific preferences and domain-specific patterns,
yielding lower error rates (MSE/RMSE) and higher
generation quality (ROUGE scores). However, an
interesting divergence occurs on LaMP-7 (Tweet
Generation). Here, the vanilla CURP outperforms
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the LoRA-fine-tuned variant. We attribute this to
the unique nature of tweet data, which is char-
acterized by highly diverse, complex, and infor-
mal linguistic styles (e.g., slang, abbreviations,
and erratic syntax). While LoRA effectively cap-
tures stable, long-term user profiles, full parame-
ter freezing with lightweight adaptation may inad-
vertently smooth out the high-frequency, stochas-
tic variations inherent in casual social media text.
In such scenarios, the rigid structure imposed by
LoRA fine-tuning might constrain the model’s abil-
ity to reproduce the raw, unpolished authenticity
required for realistic tweet generation, whereas the
retrieval-augmented approach of CURP alone pre-
serves these fine-grained stylistic nuances more
effectively.

O Licenses

We use publicly available datasets and models that
are already licensed. Our code will be released if
accepted with MIT License.
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Table 9: PQ Indices Analysis for Trump Muslim Ban / Travel Ban Headlines (LaMP-4). All samples share in-
dices [40, 101] in subspaces S2 and S3, forming a semantic anchor for Trump’s Executive Order on immigration.

Variations in S1 and S4 reveal fine-grained distinctions in coverage angle, source type, and perspective.

Sample Text Title PQ Indices
S1 S2 S3 S4

Group 1: S1=20 (Legal/Political), S4=29 (Court Proceedings)
308421- And all because the Supreme Court ~ Travel Ban Challengers Lose 20 40 101 29
2815421 could soon determine the legality of Bid For Giuliani’s ‘Muslim

Trump’s executive order. Ban’ Memo
308421- The president’s campaign promises Trump’s  ‘Muslim Ban® 20 40 101 29
2815431 are proving to be a key issue in the =~ Pledge Scrubbed From Web-

travel ban litigation. site Just As Judges Ask About

It

308421- A judge in Maryland agreed that Federal Court In Hawaii 20 40 101 29
2815464 anti-Muslim sentiment was behind ~ Blocks Donald Trump’s New

the president’s executive orders. Travel Ban Nationwide
308421- The administration is trying to make ~ Trump Lawyers To Court Re- 20 40 101 29
2815488 the case that judicial review of its  viewing Muslim Travel Ban:

executive order imperils national se- ~ Stay Out Of It

curity.
Group 2: S1=8 (Media/Civil Society), S4=65 (Personal Impact & Press Critique)
302244- They’ve been told to downplay the =~ Wall Street Journal Editor Di- 8 40 101 65
745229 “Muslim exclusion” part of the Mus-  rects Reporters To Get Mealy-

lim exclusion order. Mouthed Covering Trump
304846- A new report shows a dearth of Mus-  Cable News Sure Could Talk 8 40 101 65
1424183 lim voices in discussions about Don-  To More Muslims About The

ald Trump’s executive order. Muslim Ban
304846- They were supposed to get married ~How The Muslim Ban Is Rip- 8 40 101 65
1424184 in Virginia and start a life together.  ping This Young Couple Apart

Then Donald Trump signed an ex-

ecutive order.
Group 3: S1=8 (Media/Civil Society), S4=29 (Constitutional Challenges)
308421- An appeals court said the president’s  Travel Ban Challengers De- 8 40 101 29
2815426 executive order “drips with religious ~ mand Trump Hand Over Giu-

intolerance.” liani’s ‘Muslim Ban” Memo
308421- It’s perhaps the most sweeping con- Muslim Coalition Takes Don- 8 40 101 29
2815490 stitutional challenge to the presi- ald Trump To Court Over

dent’s travel ban yet. ‘Muslim Exclusion Order’
3011697- A federal judge temporarily stopped Read The Court Order Halt- 8 40 101 29
3528095 elements of the executive order on  ing Parts Of Trump’s Anti-

Saturday. Muslim Ban
Group 4: S1=20 (Legal/Political), S4=39 (Corporate Protest)
3010214- Googlers united against the presi- Google Workers Stage Large- 20 40 101 39
3138252 dent’s decision to restrict immigra- Scale Walkout To Protest

tion and travel from certain predom- Trump’s Executive Order On

inantly Muslim countries. Immigration
Group 5: S1=122 (Judicial Expert), S4=58 (Appellate Scrutiny)
308421- A key question an appeals court Judges Hit Donald Trump’s 122 40 101 58
2815432 must answer is whether the presi- Lawyer Hard About Legality

dent’s anti-Muslim statements can
be held against him.

Of Travel Ban
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Table 10: Qualitative comparison across models and cases. Bold indicates critical differentiating tokens. v =
style-consistent or correct; X = inconsistent or incorrect.

Model R1 R2 R3 R4 R5 R6
(Case Context) ~ LaMP-7 LaMP-7 LaMP-2 LaMP-2 LaMP-4 LaMP-3
(Trait) Abbrev. Sparse Genre Content Format Rating
Direct ...you x coh. v’ fantasy x  action X  Wedding Woes x 5 X
ICL oaY coh. v’ sci-fi x action X 8 Inapp. v S x
BM25 oaY coh. v’ sci-fi x action X 8 Cringe v/ 5 x
Cont. N | 4 coh. v’ sci-fi x sci-fi x 10 Wedding v 4V
PPlug N | R4 @jessica. .. X sci-fi X  violence v/ Etiquette X 4 v
PROPER ...you X coh. v’ dystopia v' comedy x 10 Wedding v/ 5 X
Stable ...you X coh. v’ dystopia v action x 10 Wedding v 4V
Dynamic ...you x @jessica. .. X sci-fi x  violence vv 10 Wedding v 4V
CURP oaY coh. v dystopia v' violence v/ 10 Wedding v 4 vV
Ref. ...utell me Good morning... dystopia  violence Rudest Things. .. 4

R1 (Abbrev.): CURP/ICL/BM25 capture “u” (style); Direct/PROPER/Stable/Dyn use “you”.

models (PPlug/Dyn/CURP) hallucinate handles.

(Content): CURP/PPlug/Dyn retrieve “violence”; PROPER/Stable miss; others guess “action/comedy”.
format (style-consistent); Reference is unnumbered.
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R2 (Sparse): Retrieval models remain coherent; Embedding
R3 (Genre): CURP/PROPER/Stable infer “dystopia” (global prior); others match local “sci-fi” items. R4
RS (Format): All personalized models adopt numbered
R6 (Rating): CURP/Cont./PPlug/Stable/Dyn calibrate to 4; Direct/ICL/BM25/PROPER overshoot to 5.



