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Personalization of LLMs Is Critical Yet Challenging

WHY IT MATTERS

Powers dialogue systems, content recommendation, and 

advertising

Users expect outputs that reflect their own vocabulary, tone, 

vocabulary, tone, and style

Generic LLM outputs fail to capture individual nuances

nuances

CURRENT PARADIGMS & LIMITS

Paradigm Key Limitation

CORE 
TENSION

Fine-grained personalization vs. Scalable deployment — existing methods cannot achieve both simultaneously.

simultaneously.



Three Fundamental Challenges Drive the Need for CARD

Granularity Trade-off in PEFT

Shared adapters dilute individual nuances, while per

while per-

-

user adapters incur prohibitive scaling costs 

scaling costs and become unstable under sparse user 

sparse user histories.

Scarcity of High-Quality Preference 

Preference Data

Constructing preference pairs at scale is difficult. 

Heuristic constructions often entangle topical content 

with stylistic traits, yielding unreliable training signals.

Cold-Start Users

New users with limited interaction history cannot be 

effectively personalized by existing PEFT methods, which 

require substantial per-user data to converge.

KEY QUESTION
Can we leverage group-level generalization for efficiency while capturing fine-grained individual 

preferences?





CARD: A Hierarchical Coarse-to-Fine Framework

Core Insight: Personalization signals are hierarchical — broad preferences are shared as group-level priors, while fine-grained nuances manifest as stable individual 
differences.

STAGE 01

Group-Level Adaptation

Cluster users by stylistic similarity and train one 

cluster-specific LoRA adapter per group. Amortizes 

adaptation costs and provides robust cold-start 

priors.

STAGE 02

Implicit Preference Learning

Construct preference pairs by contrasting user-

authored text (preferred) against cluster-level 

generations (dispreferred). Reduces semantic 

confounding.

STAGE 03

Decoding-Time Personalization

Learn a lightweight user preference vector 

(λᵤ). Inject personalization via reward

(λᵤ). Inject 

-guided logit 

logit editing while keeping the backbone frozen.

frozen.

KEY DESIGN PRINCIPLE

PRINCIPLE

User-level personalization operates exclusively at decoding time, enabling rapid user switching with minimal per-user storage.



Technical Deep Dive: How CARD Works

CLUSTERING & LORA

User Encoding

Encode user history with frozen sentence encoder → 

embedding e .u

K-Means Clustering

Partition users into K clusters {C₁, C₂, …, Cₖ} based on stylistic 

similarity.

Cluster-Specific LoRA

Train one adapter per cluster (rank r=16) via supervised fine

fine-

-

tuning.

PREFERENCE PAIRS

Contrastive Construction

For interaction (x, y):

• Positive (y⁺): User's ground truth.

• Negative (y⁻): Cluster-LoRA output.

Semantic Alignment

Identical prompts eliminate semantic confounding, 

isolating stylistic deviation.

REWARD-GUIDED DECODING

Personalization Head

Ψ = (P, U) projects hidden states to preference space.

User Vector Modulation

Lightweight vector λᵤ modulates representation:

sₜ,ᵤ = zₜ ⊙ λᵤ

Logit Correction

Low-rank adjustment applied to Top-k candidates:

candidates:

ℓ̃ₜ =  ℓ ₜℓ ℓ ℓ  + β·U ·st,ℓ



CARD Achieves State-of-the-Art Performance
Evaluation on LaMP and LongLaMP benchmarks (ROUGE-1 Scores)

TASK NON-PERS. RAG PAD PPLUG O P P U CARD

LaMP4 (News Headline) 0.146 0.166 0.158 0.157 0.152 0.218

LaMP5 (Scholarly Title) 0.425 0.456 0.442 0.464 0.426 0.459

L aM P 7 (T ReeP P araphrase) 0.497 0.500 0.502 0.511 0.498 0.521

LongLaMP1 (Abstract Gen.) 0.331 0.372 0.355 0.391 0.382 0.411

LongLaMP3 (Review Writing) 0.292 0.382 0.308 0.396 0.295 0.405

CARD ranks 1st in 10 out of 12 evaluation settings. The remaining two settings are near-best (within 0.005 ROUGE-1).



Ablation Study Reveals the Decisive Role of User Vectors

Configuration L aM P 4 R -1 LaMP7 R-1

w/o LoRA (User Vector only) 0.207 0.507

w/o User Vector (LoRA only) 0.148 0.498

Full C A R D 0.218 0.521

Impact of Removing User Vector (LaMP4 Drop)

~96% of improvement lost

Group LoRA is Insufficient

Using group-level LoRA alone yields only marginal improvement over non-

personalized baselines (+0.002 ROUGE-1). It captures shared patterns but 

misses individual nuances.

User Vector is the Driver

T he individual user preference vecPor is Phe prim ary driver of 

perform ance. R em oving iP cau ses a m assive drop, elim inaPing 

nearly all personalizaPion gains.

Semantic & Stylistic Balance

CARD effectively fuses group semantics with individual preferences (e.g., 

informal wording, emojis), achieving a balance that neither component can 

reach alone.



Case Study: Balancing Semantics and Style

Task: LaMP-7 (Tweet Paraphrasing)

USER HISTORY

"jusP goP m y coffee! so happy omg  "

 "Phe m ovie w as liPerally ama zing, i'm  crying"

 "can'P w aiP for Phe w eekend AAA "

GROUP LORA ONLY

I am  very pleased Po have received m y coffee Poday.

 T he film  w as excellenP and quiPe m oving.

 I am  looking forw ard Po Phe upcom ing w eekend.

FULL CARD

goP m y coffee and i'm  so happy omg  

 PhaP m ovie w as m oving and liPerally ama zing AAA

 ca n'P Ra iP for Phe w eekend 

Insight: Group LoRA preserves core semantics but uses "average" phrasing. CARD injects individual preferences (informal wording, emotional cues, emojis) while 

maintaining semantic stability.



CARD Excels in Low-Resource Settings and Scales Efficiently

LOW-RESOURCE ROBUSTNESS

J iPh only D hisPory iPems

0.216
R O U G E-1 S core (vs 0.146 baseline)

CARD is highly sample-efficient, peaking at just 

~10 history items, while other methods require 

significantly more data to converge.

EFFIC IEN C Y C O M P A R IS O N

Metric RAG PEFT C A R D

Training Time / User O (|P ℓ |) h(|Pᵤ|)
O (|𝒟ᵤ |)
(Offline Only)

Latency / Query h(|Pᵤ|) O (I oad + M erge)
O(k·J)
(Very I ow )

Storage / User O (|P ℓ |·dℓ ) O(r·H·L)
O(D)
(Vector Only)

C A R D  requires only a 128-dim  preference vecPor per user. Backbone &  C lusPer

LoRA are shared.



H uman and L L M  Judges C onfirm P ersonalizaPion 
Q ualiPy

Why Beyond ROUGE? Surface-level lexical overlap metrics fail to capture subjective qualities like style, tone, and expressiveness.

I I M  JU DGE (GP T -5.2)

CARD consistently receives the highest or near-highest scores across all LaMP tasks. The judgments are 

stable and align with the quantitative ROUGE improvements.

HUMAN EVALUATION

Human evaluators exhibit stronger discrimination. Notably, CARD sometimes scores higher than 

reference outputs. Humans prefer CARD's personalized generations for their stylistic alignment and 

expressiveness.

D ES IGN  C H O IC ES  T H A T  M A T T ER

USER VECTOR DIMENSION

J =  128

Peak performance; larger vectors introduce overfitting.

H IDD EN  I A KER  DEP T H

Last 4 Layers

Aggregation outperforms single-layer or 8-layer approaches.

CLUSTER SIZE

R oNusP K

Stable performance across a wide range of cluster counts.

counts.



C A R D  A dvances Phe S PaPe of P ersonalized L L M  
D eploymenP

01 H IER A R C H IC A L  FR A M EJ O R K

Combines cluster-level LoRA (shared patterns) with decoding-time user vectors (individual deviations) for 

deviations) for superior quality-efficiency trade-off.

02 IMPLICIT PREFERENCE LEARNING

Inpu P-aligned preference pairs (U ser vs. C lu sPer) provide sPable su pervision w iPhouP m anual 

annoPaPion.

03 D EC O U P L ED  A R C HIT EC T U R E

Personalization operates exclusively at decoding time with frozen LLM, enabling rapid user switching and 

minimal storage.

04 STRONG EMPIRICAL RESULTS

State-of-the-art performance on LaMP and LongLaMP benchmarks, with robust low-resource 

generalization.

Limitations

• K-means clustering may not capture complex latent user relationships.

• Single preference vector may limit expressiveness for diverse behaviors.

FuPure D irecPions

• Modeling temporal preference drift over time.

• D eveloping inPerprePable user represenPaPions.

• O nline adapPaPion m echanism s.

CODE AVAILABLE hPPps:CCanonym ous.4open.scienceCrCC A R D -86BC C
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