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Overview
Background & Motivation

● LLM personalization is essential for personal assistants. 

● Prompt-based: simple but limited

● Training-based: effective but costly & forgetful.

● PEFT helps, but decoding-time personalization remains 

underexplored.

Our Approach: CoPe

● Reward-guided decoding after PEFT using implicit reward 

(personalized vs. base model).

● Enhanced with DPO and synthetic negatives.

Key Contributions

● First decoding-based LLM personalization without external 

reward models.

● Unified pipeline that integrates PEFT, synthetic negatives, 

and DPO to maximize implicit reward.

● Implicit reward maximization via contrastive decoding

● Model-agnostic, compatible with various LLMs (LLaMA, 

Gemma, Qwen).

● Average gain of +10.57% ROUGE-L across 5 personalized 

generation tasks from LaMP and LongLaMP benchmarks.

Task-adapted base model (TAM)

● Base LLM       ​    is adapted to the target task via PEFT 

(LoRA).

● Output: Task-aware but non-personalized model.

User-specific personalization (OPPU)

● Apply LoRA fine-tuning on           with user history 

● Output: Personalized model capturing the user’s style and 

preferences.

Generate synthetic negatives

● Sample      outputs from the          for each input.

● Select the lowest-reward output:

where

Direct Preference Optimization (DPO)

● Train           to prefer user-aligned        over negative 

Reward-guided decoding (CoPe)

● At inference, select next token maximizing      ​     among 

plausible candidates:

● Ensures outputs align with implicit user reward without 

external reward models.

Method: CoPe

Empirical Validations

Main results Ablation study

Qualitative example Compatibility of CoPe

Project Page Code


	Slide 1:  Personalized LLM Decoding   via Contrasting Personal Preference

