
Data Science & Artificial Intelligence Laboratory

Electrical and Computer Engineering

Seoul National University

Yeongtak Oh, Dohyun Chung, Juhyeon Shin, Sangha Park, 

Johan Barthelemy, Jisoo Mok† , Sungroh Yoon†

RePIC: Reinforced Post-Training for 
Personalizing Multi-Modal Language Models

Code : https://github.com/oyt9306/RePIC

†Corresponding authors

NeurIPS 2025



• Introduction

• Related Works

• Proposed Method

• Experimental Results

– 1) Qualitative Results

– 2) Quantitative Results

– 3) Further Analysis

• Conclusions

Contents

2



• Introduction

• Related Works

• Proposed Method

• Experimental Results

– 1) Qualitative Results

– 2) Quantitative Results

– 3) Further Analysis

• Conclusions

Contents

3



• What is personalization in MLLMs?

– Given user-specific concepts, personalized MLLMs can perform a range of downstream tasks

Introduction

4MyVLM: Personalizing VLMs for User-Specific Queries (ECCV 2024)

* NFE : Neural Function Evaluation

Then, how can we personalize MLLMs?

* concept: a personal visual or textual sample provided as a reference



• Introduction

• Related Works

• Proposed Method

• Experimental Results

– 1) Qualitative Results

– 2) Quantitative Results

– 3) Further Analysis

• Conclusions

Contents

5



• Conventional zero-shot models fails to generate captions including personal information

TL;DR
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• Previous SFT-based personalization methods easily fail in real-world scenarios

• To this end, we propose an RL-based post-training pipeline for MLLM personalization 

• Performance 

– RePIC shows prominent personalized image captioning performance even for unseen multi-concept settings

• Training Efficiency  

– RePIC requires only 2K training samples compared to other SFT-based baselines that require > 200K samples

* RePIC: Reinforced Post-training for Personalized Image Captioning



• TimeLine

Related Works
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MyVLM
(ECCV 2024)

✓ Pros

– Uses external concept heads to identify each user-specific 

concept

✓ Cons

– Requires retraining the concept heads when the 

new concepts emerge
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MyVLM
(ECCV 2024)

Yo’LLaVA
(NeurIPS 2024)

✓ Pros

– Uses external special tokens to identify each user-specific 

concept

✓ Cons

– Still requires retraining each token when the new 

concepts emerge
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MyVLM
(ECCV 2024)

Yo’LLaVA
(NeurIPS 2024)

RAP-MLLM
(CVPR 2025)

✓ Pros

– The first post-training-based personalization method

– It can perform Retrieval-enabled personalized tasks

✓ Cons

– Needs lots of training data (210K) to post-train MLLM

– Hard to generalize to real-world scenarios (e.g., multi-concept)

Post-training-based personalization Token-based personalization 
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MyVLM
(ECCV 2024)

Yo’LLaVA
(NeurIPS 2024)

RAP-MLLM
(CVPR 2025)

PVIT
(ICLR 2025)

✓ Pros

– Introduces a large-scale personalization benchmark (3M)

✓ Cons

– Only covers human-related personalization scenarios

– Requires manual validation for each image

Post-training-based personalization 
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RePIC
(NeurIPS 2025)

MyVLM
(ECCV 2024)

Yo’LLaVA
(NeurIPS 2024)

RAP-MLLM
(CVPR 2025)

PVIT
(ICLR 2025)

Post-training-based personalization 

✓ TL;DR

– We propose a RL-based post-training pipeline for MLLM personalization 

– RePIC shows generalizable personalized image captioning even for unseen multi-concept settings
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Proposed Method : RePIC

• Overall Pipeline
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Proposed Method : RePIC

• Training Phase

Proposed verifiable reward : Object Consistency Tuning (OCT)
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Proposed Method : RePIC

• Training Phase

Proposed verifiable reward : Visual Localization Tuning (VLT)

* Referring expression comprehension (REC)
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Proposed Method : RePIC

• Training Phase
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Proposed verifiable reward : Identity Consistency Tuning (ICT)



17

Proposed Method : RePIC

• Overall Pipeline
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Proposed Method : RePIC

• Inference Phase

At inference time, 

a) Retrieved samples (image/text) are prepended to use as visual demonstrations

b) MLLM provides personal captions for a query image incorporating the personal information
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• Qualitative Results of Multi-Concept Image Captioning

Experimental Results
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• Quantitative Results for Single-Concept Personal Grounding Evaluation

Experimental Results
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– RePIC shows comparable personal grounding results compared to other data-centric SFT-based methods



• Quantitative Results for Multi-Concept Personal Grounding Evaluation

Experimental Results
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– RePIC shows the best results for 2 (ID) and 4 (OOD)-concept settings



• Preference Evaluations & Image Captioning Quality Evaluation

Experimental Results
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– RePIC consistently outperforms competing baselines (preference) and achieves comparable or superior results 

on quantitative metrics (caption quality)
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• We propose RePIC, a strong baseline for personalized image captioning task with RL-based post-training

➢ We alleviate the cost of collecting high-quality personal captions

• By leveraging verifiable rewards, tailored data and instructions, RePIC shows robust performance

➢ We present generalizable personalized image captioning results on various scenarios

• This work only focuses on RL-based post-training in the image domain

➢ Future research could extend personalization to other modalities, such as audio and video

Conclusions & Limitations
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