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Abstract

Large language model (LLM) personalization
typically relies on modeling each user in iso-
lation, conditioning on their historical inter-
actions to adapt model behavior. However,
this user-centric formulation overlooks the col-
lective knowledge shared across users, limit-
ing generalization for users with sparse histo-
ries and amplifying overfitting for those with
highly skewed behaviors. We argue that effec-
tive personalization requires leveraging both
individual preferences and population-level
patterns. To this end, we propose LoGo, a
Local–Global knowledge framework that aug-
ments user-specific signals with a global knowl-
edge encoding collective behavioral trends.
LoGo models global knowledge through a tem-
porally evolving process that captures how
population-wide preferences change over time,
and a community-aware structure that orga-
nizes users into coherent groups with shared in-
terests. To balance potentially conflicting local
and global signals, LoGo employs a mediator
module that adaptively fuses the two knowl-
edge sources. Experiments on five personaliza-
tion benchmarks show that LoGo consistently
enhances personalization quality, outperform-
ing existing methods by improving generaliza-
tion in users with limited histories and miti-
gating bias in users with abundant histories.
These results demonstrate the central role of
collective knowledge in advancing LLM per-
sonalization. Our code is publicly available at
https://github.com/Zehong-Wang/LoGo.

1 Introduction

Large language models (LLMs) have become the
backbone of modern AI systems, supporting a wide
range of applications such as search, recommen-
dation, education, productivity, and open-ended
assistance (Zhao et al., 2023). Their strength lies
in their ability to generalize across tasks. However,
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Figure 1: Global knowledge improves personaliza-
tion by addressing data sparsity and bias. For cold-
start users, it compensates for limited local history with
population-wide knowledge. For users with skewed his-
tories, it helps correct biased predictions by aligning to
boarder user behaviors.

as LLMs are increasingly deployed in user-facing
settings, general competence alone is often insuffi-
cient. Many applications require models to adapt
their behavior to individual users in order to reflect
personal preferences, goals, and interaction histo-
ries (Chen et al., 2024a; Raji et al., 2024; Chen
et al., 2024b; Deldjoo et al., 2024). Consequently,
personalization has emerged as a central require-
ment across domains, including e-commerce (AG
et al., 2024), entertainment (Trifts and Aghakhani,
2019), education (Tetzlaff et al., 2021), and produc-
tivity tools (Kim et al., 2019).

LLM personalization typically aims to adapt
model behavior to a specific user by leveraging
that user’s past interactions as contextual signals.
Most existing approaches adopt a single-user per-
spective, modeling each individual in isolation.
One line of work treats a user’s interaction his-
tory as textual evidence and personalizes the model
through retrieval-augmented generation, where rel-
evant past utterances are retrieved and fed to the
LLM at inference time (Salemi et al., 2023, 2024;
Richardson et al., 2023; Zhuang et al., 2024). In
parallel, parameter-efficient fine-tuning (PEFT) en-
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ables explicit user-level adaptation; for example,
One PEFT Per User (OPPU) (Tan et al., 2024b)
assigns each user a dedicated lightweight adapter
to capture personalized preferences.

Although these personalization methods have
proven effective, relying solely on the history of an
individual user introduces two persistent challenges
(Figure 1). First, users with limited interaction
data suffer from a cold-start problem, as the model
lacks sufficient signals to infer their preferences.
Second, for users with rich but highly skewed his-
tories, personalization can become overly biased,
causing the model to overfit idiosyncratic behav-
iors and ignore generalizable patterns. We argue
that these challenges arise from a common root:
current approaches ignore to capture the collec-
tive knowledge shared across users. This collective
knowledge includes social norms, shared prefer-
ences, and common behavioral patterns across the
user population. It acts as a stable foundation that
supports the model in two key ways: when a user
has little interaction data, it helps fill in the gaps;
when a user’s history is extensive but unbalanced, it
helps correct for potential biases. As illustrated in
Figure 2, this collective knowledge (global knowl-
edge) naturally complements individual interaction
traces (local knowledge), enabling more robust,
balanced, and principled personalization, even out-
performing the state-of-the-art baselines.

In this work, we investigate how collective
knowledge, derived from the interactions of many
users, can be leveraged to enhance LLM personal-
ization. While population-level signals naturally
complement individual user histories, incorporat-
ing such knowledge introduces two key design chal-
lenges. (1) Modeling collective knowledge. Col-
lective knowledge naturally reflects both its tem-
poral evolution and user-level structural patterns.
Treating it as a single static representation fails to
capture two important aspects: the temporal dy-
namics of changing population preferences over
time(Wu et al., 2017), and the latent structural pat-
terns shared across users. To be effective, global
knowledge should reflect both temporal changes
and user relationships. (2) Balancing global and
local signals. Although collective knowledge pro-
vides priors at the population level, personalization
requires preserving individual preferences that may
differ from dominant trends (Zheng et al., 2021).
Overemphasizing global patterns dilutes personal-
ization, while relying solely on local histories ex-
acerbates cold-start and overfitting issues (Hechter

Accuracy F1-Score
LaMP-2N

0.58

0.60

0.62

0.64

0.66

0.68
Cold-start users (bottom 25%)

Rouge-1 Rouge-L
LaMP-4

0.18

0.19

0.20

0.21
Cold-start users (bottom 25%)

F1-Score Diversity
LaMP-2M

0.45

0.50

0.55

0.60

Active users (top 25%)

Rouge-L Diversity
LaMP-4

0.18

0.19

0.20

Active users (top 25%)

0.48

0.50

0.52

0.54

0.56

0.58

0.16

0.17

0.18

0.19

0.70

0.72

0.74

0.76

0.78

0.95

0.96

0.97

LoGo w/o G LoGo w G LoGo-RAG w/o G LoGo-RAG w G SOTA

Figure 2: Empirical effect of global knowledge MG

on personalization. Adding collective knowledge im-
proves prediction quality for cold-start users (top row)
and increases output diversity for highly active users
(bottom row), demonstrating that global knowledge ben-
efits both underrepresented and over-specialized users.
These benefits enable our model achieve better perfor-
mance than the state-of-the-art baseline. We provide the
detailed analysis in Appendix A.

and Opp, 2001). Therefore, collective knowledge
should inform personalization without overriding
individual preferences.

To address these challenges, we introduce
LoGo, a Local–Global knowledge framework de-
signed to jointly model individual preferences and
population-level knowledge for LLM personaliza-
tion. In particular, LoGo constructs a local knowl-
edge that encodes user-specific behaviors alongside
a complementary global knowledge that captures
collective knowledge distilled from many users. In
modeling global knowledge, LoGo incorporates
both the temporal evolution of collective behavior
and the structural relations among users, allow-
ing the framework to capture how shared patterns
emerge, propagate, and organize across the user
population. To manage the inherent tension be-
tween local and global memories, LoGo incorpo-
rates a mediator that dynamically balances local
and global signals, ensuring that global knowledge
provides principled guidance without overwhelm-
ing personalization. As a general framework, LoGo
can be instantiated in both parametric (white-box)
and non-parametric (black-box) personalization set-
tings. Experiments on five personalization bench-
marks demonstrate that incorporating collective
knowledge yields consistent gains. Furthermore,
as shown in Figure 2, it improves generalization
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for cold-start users, reduces overfitting for highly
active users, ultimately enabling more robust and
nuanced personalization.

2 Related Work

Personalization of LLMs. Methods for LLM
personalization can be broadly categorized into
non-parametric and parametric approaches. Non-
parametric methods personalize outputs by condi-
tioning on user-specific information without modi-
fying model parameters. Prior work has shown that
treating a user’s interaction history as in-context ex-
amples enables LLMs to produce personalized out-
puts across diverse tasks (Zhiyuli et al., 2023; Kang
et al., 2023; Wang et al., 2023b; Kim and Yang,
2025). Retrieval-augmented prompting (Salemi
et al., 2023, 2024; Mysore et al., 2023; Li et al.,
2023) and profile-augmented prompting (Richard-
son et al., 2023; Sun et al., 2024, 2025; Tan et al.,
2025a; Liu et al., 2025) further improve personal-
ization by selecting or summarizing relevant past
interactions. Beyond retrieval, several works de-
sign long-term knowledge systems (Packer et al.,
2023; Wang et al., 2023a; Wei et al., 2025; Xu et al.,
2025) to better capture and organize user-specific
context over extended interaction sessions. Para-
metric approaches explicitly adapt model weights
to encode individual preferences. OPPU (Tan
et al., 2024b) fine-tunes per-user adapters using
LoRA (Hu et al., 2021), enabling lightweight, user-
specific customization. Other lines of work explore
model merging for personalized alignment (Jang
et al., 2023), personalized RLHF (Park et al., 2024;
Li et al., 2024), and user-specific reward model-
ing (Cheng et al., 2023). While these methods
capture fine-grained user preferences, they treat
each user in isolation and overlook the collective
knowledge shared across users.

Collective knowledge. Collective knowledge has
long been recognized as a powerful signal in per-
sonalized systems. For example, collaborative fil-
tering (Schafer et al., 2007; He et al., 2017) exploits
shared behavioral structure to improve recommen-
dation quality. Yet, despite its success in tradi-
tional personalization domains, collective knowl-
edge remains relatively underexplored in LLM per-
sonalization. Recent work has begun to incorpo-
rate shared components across users as a proxy
for collective knowledge. PER-PCS (Tan et al.,
2024a) aggregates adapters from related users to
enrich user representations, but it struggles when

population-level patterns conflict with individual
preferences. HYDRA (Zhuang et al., 2024) fine-
tunes a shared backbone to capture global trends
and uses user-specific heads for personalization,
while P2P (Tan et al., 2025b) trains hypernetworks
on high-resource users to generate personalized
adapters for others. However, these two approaches
typically treat collective knowledge as static and
homogeneous, without accounting for how pop-
ulation behaviors evolve over time or how users
cluster into coherent communities.

Our LoGo addresses these limitations by model-
ing evolving and community-aware global knowl-
edge, and by introducing a mediator that reconciles
global trends with individual user preferences.

3 LoGo for LLM Personalization

LLM personalization aims to adapt model outputs
to the unique behaviors and preferences of a user
based on their past interactions. In this section, we
propose LoGo that incorporates not only a user’s
individual history but also the collective knowl-
edge shared across the user population, addressing
the cold-start and biasing issues inherent in purely
user-centric personalization. An overview of the
framework is shown in Figure 3.

Problem Definition. For user u ∈ U , we de-
fine the user’s interaction history as Hu = {hi}ni=1,
where each record hi = (qi, ri, ti) is a timestamped
query-response pair. The goal of personalization is
to condition the model on both the current input q
and the user’s history Hu to produce response r. In
LoGo, we parameterize this conditioning through
a user-specific adapter Φu composed of two com-
ponents: a local knowledge ML derived from the
user’s own history, and a global knowledge MG

that encodes collective knowledge across users.

3.1 Modeling Local Knowledge

Local knowledge in LoGo captures the fine-grained
behavioral patterns that are specific to an individual
user. For a user u, we define the local knowledge at
time t as the set of all interactions occurring prior
to the current query:

ML(t) = H<t
u = {(qi, ri, ti) ∈ Hu | ti < t}.

(1)
This knowledge forms the foundational signal for
personalization, as it reflects the user’s historically
expressed intentions, writing style, preferences,
and temporal behaviors.
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Figure 3: Overview of the LoGo framework for LLM personalization. (a) The model integrates local knowledge,
which captures user-specific history, with global knowledge that encodes shared knowledge across users. (b) Global
knowledge is updated over time through temporal phases to reflect evolving user interests. (c) A mediator module
resolves conflicts between local and global signals, enabling balanced personalization and generalization.

A straightforward approach to leveraging local
knowledge is to adapt the model directly on the
user’s past interactions. Following OPPU-style
personalization (Tan et al., 2024b), we finetune a
user-specific adapter Φu

L on the full history H<t
u as

the local knowledge by minimizing the task loss:

Φu
L = argmin

Φ

∑

(q,r,t′)∈H<t
u

L(q, r; Θ,Φ), (2)

where L is the task-specific objective (e.g., next-
token prediction) and Θ is the frozen parameters
of the base LLM. The module can be instantiated
using adapters such as LoRA (Hu et al., 2021),
prefix tuning (Li and Liang, 2021), or any other
lightweight modules. This baseline exploits the
entire local knowledge but ignores query-specific
relevance: all past interactions contribute equally
regardless of their utility for the current query.

Augmenting Local Knowledge via Retrieval
and Profiling. Beyond the full-history finetun-
ing baseline, LoGo enhances local knowledge with
retrieval-augmented mechanisms that tailor the
conditioning signal to the current query. In the
basic retrieval-augmented variant, ϕRAG selects
the top-k most relevant interactions from H<t

u ,
yielding a query-aware knowledge MRAG

L (q) =
R(q,H<t

u , k) that captures fine-grained behav-
ioral patterns most predictive of the user’s de-
sired response. Building on this, the profile-
augmented variant (Richardson et al., 2023) in-

corporates an additional long-term summary of
user behavior by generating a profile representa-
tion pu = LLM(H<t

u ), which complements the re-
trieved examples with stable, high-level preference
signals. The resulting local knowledge becomes
MPAG

L (q) = R(q,H<t
u , k) ∪ {pu}, making PAG

a natural extension of RAG that integrates both
query-specific relevance and global summaries of
the user’s historical patterns.

3.2 Modeling Global Knowledge
While local knowledge captures user-specific be-
haviors, effective personalization also requires ac-
cess to population-level regularities that generalize
across users. We refer to this collective signal as
the global knowledge MG, which encodes patterns
distilled from interaction histories of the entire user
base. A natural way to instantiate global knowledge
is to pool all user interactions into a single dataset
Hall =

⋃
u∈U Hu and train a global adapter on this

aggregate supervision. Concretely, we optimize

Φ∗G = argmin
ΦG

∑

(q,r)∈Hall

L(q, r; Θ,ΦG), (3)

where Θ denotes the frozen base model parame-
ters. Although this pooled approach provides a
simple and implementation-agnostic construction
of global knowledge, it overlooks two fundamen-
tal properties of real-world user populations. First,
collective behavior evolves over time, making a
static global representation insufficient to reflect
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changing trends. Second, users naturally form la-
tent communities with distinct behavioral patterns,
and collapsing all users into a single population
obscures this structural diversity. These limitations
motivate modeling global knowledge in a manner
that is temporally adaptive and community-aware.

Temporal Dynamics. Population behavior shifts
with external events, collective preferences, and
long-term trends, making a static global knowledge
insufficient. To model these temporal patterns, we
divide the full interactions into T non-overlapping
time periods, {H(1),H(2), . . . ,H(T )}, where H(t)

contains data from all users during period t. For
each period, we learn a global knowledge module
ΦG,t, warm-started from the previous one:

Φ∗G,t = arg min
ΦG,t←Φ∗

G,t−1

∑

(q,r)∈H(t)

L(q, r; Θ,ΦG,t).

(4)
This sequential optimization naturally incorporates
recency, smooths out noise in short-term fluctua-
tions, and enables the global knowledge to adapt
as collective behavior evolves. The final temporal
global knowledge is given by Φ∗G,T .

Structural Diversity. Beyond temporal change,
user populations are heterogeneous: different sub-
groups exhibit distinct interests and interaction
patterns. To capture this structural organization,
LoGo introduces community-aware global knowl-
edge. We compute a profile vector for each user,

ρu =
1

|Hu|
∑

(q,r)∈Hu

(emb(q)⊕ emb(r)) , (5)

collect the set P = {ρu}u∈U , and apply k-means
clustering to partition users into K communities
{C1, . . . , CK}. For each community, we learn
a community-specific global knowledge module
Φk
G,t using only the interactions within that sub-

group. These modules capture finer-grained collec-
tive behavior that would otherwise be obscured by
treating the population as homogeneous.

Incorporating temporal dynamics and structural
diversity yields a global knowledge that is both
time-sensitive and community-aware. Unless oth-
erwise noted, LoGo uses this global knowledge
as the default and denotes it simply as MG, with
each user assigned to its corresponding community-
specific module. This enriched representation com-
plements local knowledge and provides reliable
population-level guidance during personalization.
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Figure 4: Temporally aware finetuning outperforms
random shuffling, and both outperform no mitiga-
tion. This shows that respecting temporal structure
better aligns local adaptation with global knowledge
and prevents instability from unordered histories.

3.3 Mitigating Local-Global Conflicts
Local knowledge ML encodes highly personalized
behavioral signals, while global knowledge MG

captures broad population-level patterns. Although
both are essential for effective personalization, they
may provide contradictory guidance—particularly
when a user’s behavior deviates from dominant
trends. Moreover, the non-stationarity of popula-
tion behavior motivates a mediator that is both hi-
erarchical and temporally aligned with the chronol-
ogy used to learn MG. A naïve approach that sim-
ply applies local and global adapters jointly fails to
resolve such conflicts: the two sets of parameters
may interfere with each other, leading to unstable
or biased personalization, as shown in Figure 4.

To mitigate this issue, LoGo adopts a hierarchi-
cal adaptation strategy. We first construct a global
model by combining the frozen base model Θ with
the learned global knowledge parameters Φ∗G. This
global model serves as the initialization for user-
specific personalization. For each user u, we then
learn a lightweight local adapter Φu

L on top of the
global model rather than on the base model alone.
Formally, the personalized parameters for user u
are obtained by optimizing

Φu∗
L = argmin

Φu
L

∑

(q,r,t)∈Hu

L
(
q, r; Θ, Φ∗G, Φ

u
L

)
,

(6)
which ensures that local adaptation is always
grounded in the global representation. This formu-
lation naturally reconciles conflicts: global knowl-
edge acts as a stabilizing prior, while the user-
specific adapter captures fine-grained deviations
without distorting population-level knowledge.

At inference time, LoGo applies the personal-
ized model composed of the base parameters Θ,
the global knowledge Φ∗G, and the learned local
adapter Φu∗

L . Given a query q from user u, the
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Method LAMP 2N LAMP 2M LAMP 3 LAMP 4 LAMP 5 A.R.
Acc ↑ F1 ↑ Acc ↑ F1 ↑ MAE ↓ RMSE ↓ R-1 ↑ R-L ↑ R-1 ↑ R-L ↑

Base Model 0.791 0.536 0.542 0.503 0.277 0.543 0.203 0.183 0.522 0.457 11.1
Base Model + Rand. 0.802 0.577 0.569 0.506 0.232 0.530 0.208 0.186 0.520 0.465 9.3

OPPU 0.807 0.606 0.702 0.612 0.218 0.467 0.216 0.195 0.519 0.465 6.3
OPPU + RAG 0.817 0.580 0.588 0.524 0.223 0.509 0.205 0.185 0.521 0.468 8.3
OPPU + PAG 0.814 0.608 0.581 0.528 0.250 0.582 0.208 0.187 0.513 0.453 9.5

HYDRA 0.780 0.401 0.540 0.458 0.400 0.747 0.178 0.169 0.434 0.372 13.5
PER-PCS 0.804 0.539 0.679 0.583 0.251 0.494 0.205 0.185 0.520 0.471 8.7
P2P 0.716 0.613 0.442 0.408 0.383 0.670 0.160 0.145 0.490 0.431 12.3

LoGo (c = 1) 0.824 0.611 0.710 0.630 0.188 0.453 0.216 0.196 0.516 0.470 5.0
LoGo + RAG (c = 1) 0.828 0.614 0.724 0.642 0.161 0.443 0.214 0.194 0.526 0.477 3.6
LoGo + PAG (c = 1) 0.842 0.627 0.724 0.644 0.196 0.518 0.213 0.193 0.527 0.479 4.5

LoGo + PAG (c = 5) 0.854 0.650 0.739 0.668 0.186 0.488 0.212 0.193 0.536 0.481 3.0
LoGo + PAG (c = 10) 0.852 0.649 0.741 0.689 0.193 0.448 0.199 0.184 0.538 0.483 3.8
LoGo + PAG (c = 20) 0.849 0.640 0.740 0.673 0.248 0.487 0.211 0.192 0.516 0.472 5.2

Improvement 4.53% ↑ 6.91% ↑ 5.56% ↑ 12.58% ↑ 26.15% ↑ 5.14% ↑ 0.00% ↑ 0.51% ↑ 3.07% ↑ 3.21% ↑ -

Table 1: Experimental results of LoGo using LLaMA 3.1–8B. R-1 and R-L denote ROUGE-1 and ROUGE-L.
↑ indicates that higher values are better, while ↓ indicates that lower values are preferred. Bold marks the best
performance, and green denotes the improvement of the best LoGo result over the strongest baseline. A.R. represents
the average ranking across all metrics.

model generates the response using

r̂ = f
(
q; Θ,Φ∗G,Φ

u∗
L

)
, (7)

where the global knowledge provides population-
level priors and the local adapter injects user-
specific adjustments. This combined parameteriza-
tion ensures that inference faithfully reflects both
general trends and individual preferences.

Temporal-Aware Mediator. Because the global
knowledge Φ∗G is learned through a temporally
structured procedure, local finetuning should re-
spect the same chronology. Directly training the
local adapter on a shuffled or unordered history
can misalign personalization with the temporal
patterns already encoded in the global knowledge
and overweight recent idiosyncrasies. To main-
tain coherence, we adopt a temporally aware fine-
tuning strategy in which the user’s interaction
history is processed in chronological order. Let
(q1, r1, t1) ≺ (q2, r2, t2) ≺ · · · ≺ (qn, rn, tn) de-
note the user’s ordered history. We initialize the
local adapter from the global model and update it
sequentially. As shown in Figure 4, this chronolog-
ical finetuning ensures that long-term behavioral
patterns are learned first, while later updates cap-
ture more recent preferences without overriding
globally consistent behaviors.

4 Experiments

We evaluate our LoGo using the LaMP bench-
mark (Salemi et al., 2023), covering classification,

regression, and text generation tasks, using task-
specific metrics: Accuracy/F1 for classification,
MAE/RMSE for regression, and ROUGE-1/L for
text generation. We consider both white-box and
black-box settings using LLaMA 3.1 8B (Dubey
et al., 2024) and Claude 3.7 as the respective back-
bone models. Following Tan et al. (2024b), we
evaluate performance on the top 100 most active
users, identified based on the length of their inter-
action histories, while the remaining users are used
to train the base LLM. For retrieval-based methods,
we use BM25 (Robertson et al., 2009) with one
retrieved item by default for consistency.

4.1 Main Results

To demonstrate the effectiveness of LoGo, we
conduct experiments across a broad spectrum of
baselines, including: the base model and its vari-
ant with randomly retrieved items; OPPU (Tan
et al., 2024b), as well as retrieval-augmented
variants such as RAG (Gupta et al., 2024) and
PAG (Richardson et al., 2023); PER-PCS (Tan
et al., 2024a), HYDRA (Zhuang et al., 2024), and
P2P (Tan et al., 2025b) that leverage shared knowl-
edge to improve the generalization. For our LoGo,
we consider two settings: the base version and the
community version. In the base version, we evalu-
ate three variants: the base model, a RAG version,
and a PAG version. In the community version,
we use the PAG variant as the base and vary the
number of clusters to assess performance under dif-
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(b) Performance when varying the number of users used to construct the global knowledge.

Figure 5: Generalization performance under varying data availability. LoGo demonstrates strong generalization
even with limited histories (a), and maintains robust with fewer users contributing to the global knowledge (b).

ferent community sizes. The experimental results
are shown in Table 1.

Effectiveness of LoGo. Overall, personalized
methods consistently outperform non-personalized
ones, demonstrating the effectiveness of personal-
ization. Our LoGo further improves performance
over existing personalization baselines by leverag-
ing global knowledge that captures shared knowl-
edge across users as well as mitigates the conflict
between the personalized and collective interests.

Effect of Community Clusters. To evaluate the
impact of community-aware global knowledge, we
vary the number of user clusters c ∈ {5, 10, 20}.
Performance improves significantly when increas-
ing c from 1 to 5 or 10, suggesting that finer-
grained user grouping helps capture more mean-
ingful shared knowledge. However, setting c = 20
leads to diminishing or inconsistent gains, likely
due to over-fragmentation and reduced general-
ization. These results indicate that incorporat-
ing community-level global knowledge enhances
performance by effectively modeling fine-grained
shared knowledge, but an optimal cluster size is
critical to balance specificity and generalizability.

4.2 Generalization Analysis
The effectiveness of global knowledge in mitigat-
ing cold-start issues and reducing bias for high-
activity users suggests that it captures generalizable
patterns beyond individual user histories. To fur-
ther evaluate this generalization capability, we ex-
amine performance under two constrained settings:
(1) limiting the number of historical interactions

per user, and (2) restricting the number of users
contributing to global knowledge. The results are
presented in Figure 5.

Limited History Setting. We evaluate model per-
formance when restricting each user to a maximum
of n past interactions. Unlike the cold-start sce-
nario, this setting introduces a temporal distribu-
tion shift, as earlier interactions may not align well
with the current query context. As shown in Fig-
ure 5a, global knowledge significantly enhances
performance when history is sparse (e.g., n = 20
or n = 40), effectively compensating for the lack
of local signals. These results underscore the gen-
eralization capability of global knowledge in un-
derdetermined personalization settings.

Limited User Setting. We assess model robust-
ness when limiting the number of users contribut-
ing to global knowledge construction. As shown
in Figure 5b, the performance gains from incor-
porating global knowledge are most pronounced
when user coverage is low. This suggests that
the learned global knowledge remains transferable
even with limited population diversity. However,
as the number of contributing users increases, the
performance improvements begin to plateau, indi-
cating that overly broad aggregation may introduce
noise or dilute informative signals. These findings
highlight the importance of designing fine-grained
strategies for global modeling.

4.3 Temporal Distribution Shift Analysis
The global knowledge captures temporal informa-
tion, which introduces temporal distribution shift.
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(a) Cosine similarity between global memories across different time phases.
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Figure 6: Performance under temporal distribution shift.

Setting Variant LAMP-2N LAMP-2M LAMP-3 LAMP-4 LAMP-5

Acc ↑ F1 ↑ Acc ↑ F1 ↑ MAE ↓ RMSE ↓ R-1 ↑ R-L ↑ R-1 ↑ R-L ↑
T = 1 0.807 0.602 0.702 0.619 0.297 0.523 0.201 0.182 0.504 0.465

Time Splits T = 5 0.842 0.627 0.724 0.644 0.196 0.518 0.213 0.193 0.527 0.479
T = 10 0.859 0.638 0.737 0.656 0.204 0.534 0.214 0.196 0.524 0.478

k = 1 0.842 0.627 0.724 0.644 0.196 0.518 0.213 0.193 0.527 0.479
Retrieved Items k = 2 0.850 0.636 0.727 0.651 0.192 0.515 0.221 0.197 0.537 0.484

k = 4 0.856 0.642 0.733 0.654 0.207 0.530 0.206 0.189 0.541 0.488

Table 2: Hyper-parameter analysis on key design choices in the LoGo. We evaluate (1) the number of temporal
splits used to update global knowledge (default T=5), and (2) the number of retrieved history items (default k=1).

We analyze the impact of such distribution shift on
model performance.

Evolution of Global Knowledge. To evaluate
the stability of global knowledge over time, we
compute the pairwise cosine similarity between
global knowledge parameters Φ∗G,t across differ-
ent temporal phases. High similarity indicates
slow evolution and stable preferences, whereas low
similarity reflects rapidly shifting global trends.
As shown in Figure 6a, datasets such as LaMP-
2N, LaMP-2M, and LaMP-4 exhibit stable dynam-
ics, with similarity consistently above 0.85 across
phases. In contrast, LaMP-3 and LaMP-5 show
more rapid evolution, particularly in later phases,
suggesting greater temporal drift in user behavior.

Robustness to Temporal Shift. We further as-
sess model robustness by evaluating performance
across temporal phases (T1–T5). As shown in Fig-
ures 6b and 6c, models relying solely on global
knowledge exhibit performance degradation in ear-
lier phases due to distributional mismatch. In con-
trast, combining global and local knowledge yields

consistently strong results, even under severe tem-
poral shifts. This indicates that local knowledge
effectively grounds global knowledge, enabling the
model to adapt to evolving user interests over time.

4.4 Hyper-parameter Analysis

Temporal Resolution. As shown in Table 2, we
examine the impact of varying the number of time
splits T ∈ {1, 5, 10} used to update the global
knowledge. Increasing T consistently improves
performance by capturing more fine-grained tem-
poral dynamics. Notably, setting T = 1 leads to a
substantial performance drop, showing the impor-
tance of modeling evolving user preferences over
time.

Number of Retrieved Items. As shown in Ta-
ble 2, we examine the impact of varying the number
of retrieved local history items, k ∈ {1, 2, 4}. We
observe consistent performance improvements as
k increases, indicating that incorporating more rel-
evant local context enhances the model’s ability to
reconcile global and personal preferences. These
results underscore the value of retrieval-based local
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knowledge in supporting effective personalization.

5 Conclusion

In this paper, we investigate LLM personaliza-
tion from a new perspective—bridging individ-
ual preferences with collective user knowledge.
We introduce a local-global memory framework
(LoGo) that combines user-specific local memory
with a global memory capturing shared patterns
across users. Extensive experiments across mul-
tiple benchmarks show that our framework effec-
tively enhances personalization quality, particularly
by addressing cold-start limitations and mitigating
user-specific bias.

Limitations

Our study has two primary limitations stemming
from the available data resources. First, we eval-
uate LoGo on a single model and a single per-
sonalization task. While our framework is inher-
ently capable of supporting multi-task and multi-
domain personalization—since both local and
global knowledge modules are task-agnostic—the
lack of diverse benchmarks restricts our empirical
coverage. Future work can assess LoGo across
a broader range of tasks, models, and evaluation
settings to more fully characterize its generality.
Second, our construction of global knowledge uses
interaction histories from only 100 users, reflect-
ing the scale constraints of the underlying dataset.
Although LoGo is designed to benefit from sub-
stantially larger user populations, increasing the
number of users would require only substituting a
richer dataset without modifying the method itself.
Despite this limitation, our experiments demon-
strate that LoGo effectively captures meaningful
temporal and structural patterns even in small-scale
settings, serving as a strong proof of concept for
population-level personalization.

Ethical Considerations

Data Privacy. Training the global knowledge re-
quires aggregating user interaction histories at a
central node, which may expose sensitive or person-
ally identifiable information. Although our exper-
iments rely on publicly available data, real-world
deployments would need to address the risks as-
sociated with collecting, storing, and processing
user-level histories. Techniques such as federated
learning (Li et al., 2020), secure multiparty compu-
tation (Lindell, 2020), differential privacy (Dwork,

2006), or encrypted model updates (Li et al., 2015)
could help mitigate these risks by enabling global
model training without revealing raw user data. En-
suring transparent data governance and obtaining
informed user consent remain crucial steps when
deploying personalization systems at scale.

Accessibility and Computational Fairness.
LoGo’s design assumes that local knowledge is
trained on user-side devices or local nodes. How-
ever, users vary widely in computational capacity,
and personal devices may struggle to support fine-
tuning—even lightweight adapters—when histo-
ries grow large. This disparity risks creating un-
equal access to personalization quality. To promote
accessibility, future implementations may require
more efficient on-device learning methods (Tan
et al., 2025b) or server-assisted personalization pro-
tocols (Bicakci and Baykal, 2004; He et al., 2023)
that preserve privacy while reducing computational
demands.

Scalability and Responsible Deployment. Be-
cause each user maintains a personalized local
adapter, large-scale deployment could introduce
challenges in managing, storing, and updating
many user-specific models over time. Without care-
ful design, this may increase system complexity
and exacerbate maintenance burdens. Moreover,
personalization systems can amplify behavioral bi-
ases or reinforce user-specific echo chambers if
not properly monitored. Future work should ex-
plore strategies for scalable model management,
mechanisms for auditing personalization behavior,
and safeguards that ensure personalized systems
remain fair, transparent, and aligned with user ex-
pectations.
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A Cold-Start and Debiasing Analysis

A.1 Warming Up Cold-Start Users.

Figure 2 presents the evaluation results for inactive
(cold-start) users, those in the bottom 25% based
on the number of historical interactions, across
both the LaMP-2M (classification) and LaMP-4
(text generation) tasks. We evaluate two variants
of LoGo: the base version and the RAG-enhanced
version. The results show that incorporating global
knowledge MG consistently enhances model per-
formance, with improvements of up to 18.05%.
These findings highlight the effectiveness of lever-
aging collective knowledge to improve cold-start
performance, enabling LoGo to overcome sparse
user-specific signals by drawing on shared behav-
ioral patterns.

A.2 Mitigating Bias in High-Activity Users.

Figure 2 reports the experimental results on highly
active users, defined as the top 25% of users with
the richest historical interactions. This subgroup is
particularly prone to prediction bias, often caused
by overfitting to individualized behavior patterns.
We evaluate both prediction performance and diver-
sity ratio to demonstrate the debiasing capability of
our LoGo model. In particular, we use the normal-
ized entropy of each user’s prediction distribution
as a surrogate measure of diversity, with a detailed
definition provided in later. The results demon-
strate that using only local knowledge can lead to
excessive personalization, limiting generalization
and reducing output diversity. In contrast, augment-
ing the model with global knowledge MG consis-
tently improves both predictive performance and
diversity. This suggests that global knowledge acts
as a form of population-level regularization, help-
ing the model balance between personalization and

general trends, ultimately mitigating user-specific
biases.

The Diversity Measurement To evaluate the bi-
asing ratio of user predictions, we define a diversity
measurement where a large diversity indicates low
biasing. To this end, we define an entropy-based
method to measure the diversity of the prediction
results. Take classification tasks as an example,
each user u is associated with a set of predicted
labels from a classifier:

Lu = {ℓ1, ℓ2, . . . , ℓm}, ℓi ∈ {1, 2, . . . , n}

From this, we define a discrete empirical distribu-
tion Pu = {pu,1, pu,2, . . . , pu,n}, where:

pu,i =
count of label i in Lu

m

That is, pu,i is the relative frequency of la-
bel i among the m predictions for user u, and∑n

i=1 pu,i = 1. Given a distribution Pu, we de-
fine the diversity using normalized entropy as:

Div(Pu) =
H(Pu)

Hmax
=

−∑n
i=1 pu,i logb pu,i
logb n

,

where H(Pu) = −∑n
i=1 pu,i logb pu,i is the shan-

non entropy of the distribution and Hmax = logb n
is the maximum possible entropy occurs when the
distribution is uniform.

The range of Div(P ) is in [0, 1], where a low val-
ues means the predictions are concentrated in a few
classes, i.e., less diversity, and a high value means
the predictions are spread across many classes, i.e.,
high diversity.

For text generation tasks, we cannot directly ap-
ply this metric since the output space is continuous.
To adapt it, we first convert the generated texts into
embeddings and then apply a clustering algorithm
(e.g., k-means) to discretize the continuous space.
This yields a discrete distribution over clusters for
each user. Consequently, we obtain cluster-based
distributions for the generated texts, analogous to
class distributions in classification tasks, which can
then be used to compute diversity via normalized
entropy.

B Evaluation Setting

B.1 Dataset
We summarize the tasks below to clarify their in-
put–output formats and personalization require-
ments. Dataset statistics are provided in Table 3.
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Task in LaMP Base LLM Training Personal PEFT Training

#Q Lin Lout #Q #History Lin Lout

LamP-2N: News Classification 3,662 68.2 1.3 6,033 219.9 63.5 1.1
LamP-2M: Movie Tag Prediction 3,181 92.1 1.4 3,302 55.6 92.6 2.0
LamP-3: Product Rating 22,388 128.7 1.0 112 959.8 211.9 1.0
LamP-4: News Headline Generation 7,275 33.9 9.2 6,275 270.1 25.2 11.1
LamP-5: Scholarly Title Generation 16,075 162.1 9.7 107 442.9 171.6 10.3

Table 3: Dataset statistics extracted from the original table. #Q is the number of queries, Lin and Lout denote average
input and output lengths, and #History is the number of historical interactions. The table is from Tan et al. (2024b).

• LaMP-2N: Personalized News Classification.
This task evaluates whether a model can cate-
gorize news articles according to an individual
user’s reading and writing patterns. Given an
article written by user u, together with that user’s
prior article–label history, the model must assign
the article to one of 15 possible news categories.

• LaMP-2M: Personalized Movie Tag Predic-
tion. Here, the goal is to infer which descriptive
tag a user is likely to apply to a movie. The
model receives a movie synopsis along with the
user’s past movie–tag interactions and must se-
lect the appropriate tag from a 15-class label set,
reflecting the user’s tagging preferences.

• LaMP-3: Personalized Product Rating. This
task examines user-conditioned rating prediction.
Given a review and the historical review–rating
pairs written by user u, the model predicts the
rating the user would assign, choosing from five
discrete levels (1–5). The task can be viewed
as either ordinal classification or personalized
regression.

• LaMP-4: Personalized News Headline Gener-
ation. This task assesses style-sensitive gener-
ation. The model is given an article and a pro-
file summarizing the user’s prior article–headline
pairs. Using these personal writing patterns, the
model must generate a headline tailored to the
target user’s stylistic tendencies.

• LaMP-5: Personalized Scholarly Title Gen-
eration. Similar in structure to LaMP-4 but
grounded in the academic domain, this task asks
the model to produce a title for a given scholarly
abstract or article. The model relies on the au-
thor’s past article–title history to generate a title
consistent with the user’s preferred phrasing and
stylistic conventions.

B.2 Training Details
We follow the training protocol of Tan et al.
(2024b). The dataset is partitioned into two sub-
sets: the top 100 most active users, which we re-
serve for personalization experiments, and the re-
maining users, which we use to train the general
instruction-following model. We first fine-tune the
base model on the non-top-100 portion to obtain
robust instruction-following behavior. This fine-
tuned model then serves as the initialization for
constructing both the global knowledge and the
user-specific local memories for the top 100 active
users. We also adopt the prompt templates intro-
duced by Tan et al. (2024b) for all personalization
tasks; details are provided in Appendix H of their
work.

C Black-Box LoGo Variant

Beyond its parametric formulation, LoGo can also
be instantiated in settings where the underlying
LLM is accessible only through an inference API
and its parameters cannot be modified. In this
black-box scenario, both local and global knowl-
edge are incorporated through carefully designed
prompts rather than learned adapters, allowing
LoGo to convey personalized and population-level
knowledge without requiring any finetuning of the
base model.

C.1 Modeling Local Knowledge
In the non-parametric setting, local knowledge is
injected into the black-box LLM through prompt
engineering rather than trainable adapters. The goal
is to supply the model with user-specific behavioral
evidence that can guide its predictions without mod-
ifying model parameters. We begin by constructing
a basic prompt that summarizes or exposes the rel-
evant portion of the user’s history. This typically
takes the form of a short textual snippet describing
the user’s past behavior or a set of exemplar interac-
tions. For illustration, the movie-tagging task may
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include a prompt such as:

Modeling Local Knowledge (User Profile)
You will receive a personalized knowledge
between the movies and their taggings along
with a list of new movies and their descriptive
tags. Update the knowledge by identifying the
correlations between the movies and their tags,
while preserving key insights from the original.

Personalized knowledge: [updated personalized
knowledge].

New movies with tags: [A list of movies with
tags]

C.2 Modeling Global Knowledge

In addition to user-specific information, person-
alization benefits from recognizing population-
level regularities that evolve over time. In the
non-parametric setting, where model parameters
cannot be modified, we represent global knowl-
edge through external textual artifacts—such as
summaries, exemplars, or aggregated user pro-
files—that encapsulate shared behavioral patterns
across the user base. This global knowledge serves
as a stable, population-wide prior that comple-
ments the personalized signals injected through
local knowledge.

To construct this global knowledge, we adopt a
time-structured procedure that mirrors the tempo-
ral dynamics present in real-world user behavior.
We partition all interactions into T chronological
segments,

{H(1),H(2), . . . ,H(T )},

where each segment corresponds to a distinct pe-
riod of activity. At each phase t, we collect the user
profiles or personalized memories generated dur-
ing that period and prompt the black-box LLM to
synthesize a population-level summary. This sum-
mary captures the dominant themes, preferences,
and behavioral patterns emerging in phase t and is
used to update the evolving global knowledge. For
example:

Modeling Global Knowledge
You will receive a global knowledge and a set
of personalized memories. Update the global
knowledge by identifying patterns between
paper titles and their most relevant references,
while preserving key insights from the original.
Output a bulleted list with 20 items.

Global knowledge: [updated global knowledge].

Personalized memories: [A list of
personalized memories].

By iteratively aggregating these time-
conditioned summaries, the resulting global
knowledge MG becomes an external, temporally
aware representation of collective behavior. This
knowledge can then be inserted into prompts
during inference, enabling black-box LLMs to
incorporate population-level context even without
parametric finetuning.

C.3 Mitigating Local–Global Conflicts
Local knowledge ML provides user-specific ev-
idence, whereas global knowledge MG reflects
population-level tendencies. When these two
sources disagree—such as when a user’s behavior
deviates from dominant trends—a black-box LLM
must still produce a stable and personalized out-
put. Because API-only models expose no trainable
parameters, conflict mitigation must be achieved
through prompt design rather than adaptive param-
eter updates.

To reconcile these signals, we introduce a
prompt-based mediator that integrates both knowl-
edge components into a unified context. Instead
of modifying the underlying model, the mediator
is implemented as a structured instruction guiding
the LLM on how to balance personalization against
global priors. The prompt explicitly presents the
user’s local evidence alongside the global summary
and instructs the model to weigh them appropri-
ately. For example:

Mitigating Local-Global Conflict
Here is the current user’s knowledge: [local
knowledge] with the additional user information:
[Retrieval Items] Here is the global knowledge:
[global knowledge]. You need to balance their
contributions.

Which tag does this movie relate to among the
following tags? Just answer with the tag name
without further explanation. tags: [...]

description: [movie descriptions]

tag: []

To further strengthen the mediator, we optionally
augment the prompt with additional retrieved ex-
amples. These elements help the model distinguish
persistent user preferences from outliers and make
the conflict resolution more robust. The mediator
thus serves a similar conceptual purpose to the para-
metric mediator in the main LoGo framework, but
operates entirely through textual conditioning.

Inference. Given a user query qu, inference pro-
ceeds by instantiating the mediator prompt with
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Method LAMP-2N LAMP-2M LAMP-3 LAMP-4 LAMP-5

Acc ↑ F1 ↑ Acc ↑ F1 ↑ MAE ↓ RMSE ↓ R-1 ↑ R-L ↑ R-1 ↑ R-L ↑
Base Model 0.744 0.520 0.457 0.379 0.304 0.582 0.159 0.142 0.508 0.417
Base Model + Rand. 0.755 0.536 0.513 0.398 0.318 0.563 0.159 0.156 0.423 0.355

Base Model + RAG 0.762 0.553 0.513 0.420 0.259 0.543 0.177 0.159 0.507 0.427
Base Model + Profile 0.798 0.608 0.556 0.454 0.241 0.538 0.162 0.145 0.529 0.435
Base Model + Profile w. RAG 0.809 0.621 0.581 0.472 0.250 0.535 0.193 0.173 0.512 0.432

LoGo 0.757 0.537 0.504 0.409 0.290 0.562 0.186 0.167 0.524 0.421
LoGo + RAG 0.774 0.579 0.524 0.432 0.250 0.535 0.191 0.171 0.515 0.434
LoGo + Profile 0.822 0.652 0.589 0.484 0.286 0.567 0.182 0.163 0.534 0.439
LoGo + Profile w. RAG 0.828 0.658 0.601 0.498 0.239 0.523 0.203 0.182 0.532 0.427

Table 4: Experimental results of the white-box implementation of LoGo using Claude 3.7. R-1 and R-L denote
ROUGE-1 and ROUGE-L, respectively. ↑ indicates that higher values are better, while ↓ indicates that lower values
are preferred. Bold indicates the best results.

the constructed local knowledge ML and global
knowledge MG, then forwarding the resulting text
to the black-box model:

r̂ = LLM
(
Fprompt(qu,ML,MG)

)
.

In this way, the final prediction reflects population-
level regularities while remaining sensitive to the
user’s individual behavior, achieving conflict miti-
gation without any parametric adaptation.

C.4 Experimental Results
We evaluate the effectiveness of LoGo in a black-
box setting, where both global and local knowledge
are modeled externally via prompts without access
to model parameters. The results are presented in
Table 4, and several key observations emerge:

Personalization Improves Performance. Sim-
ilar to the white-box case, the use of local knowl-
edge, either via RAG or profile summaries, con-
sistently outperforms the non-personalized base
model and random baselines. This confirms that
even without parameter tuning, black-box LLMs
benefit from personalization through prompt aug-
mentation.

Global Knowledge Offers Complementary
Gains. Incorporating global knowledge via LoGo
yields additional improvements. Specifically,
LoGo variants that include global summaries out-
perform their base model counterparts across all
metrics, indicating the value of shared population-
level knowledge in supporting generalization.

Mediator Prompt Effectively Resolves Conflicts.
Fusing local and global knowledge through a struc-
tured mediator prompt leads to the best results.

The LoGo + Profile w. RAG variant achieves
the strongest performance across nearly all bench-
marks, outperforming other methods in both accu-
racy and generation quality (e.g., F1, ROUGE).

White-Box vs. Black-Box Trade-Off. While
the black-box setting yields slightly lower overall
performance than the white-box setting, the gap
remains modest. This demonstrates that prompt-
based knowledge integration is a practical and ef-
fective strategy when direct model access is un-
available.

Overall, these findings demonstrate the robust-
ness of LoGo across different access regimes. Even
under strict black-box constraints, LoGo delivers
strong performance by leveraging personalized lo-
cal signals and population-level trends, integrated
via a prompt-based mediator.

29569


