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VLMs Forget Who You Know

§ When users show a VLM a new image of someone they have talked about before—a friend, a pet, a familiar place—existing
models respond as if it were the first time

§ They cannot connect the new visual input with the rich multimodal dialogue history that the user has already shared.
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• What is personalization in VLMs?
– Given user-specific concepts, personalized VLMs can perform a range of downstream tasks

Introduction

5MyVLM: Personalizing VLMs for User-Specific Queries (ECCV 2024)

* NFE : Neural Function Evaluation

Then, how can we personalize VLMs and make them more contextualized?

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

Related Works
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MyVLM
(ECCV 2024)

ü Pros
– Uses external concept heads to identify each user-specific 

concept

ü Cons
– Requires retraining the concept heads when the 

new concepts emerge
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MyVLM
(ECCV 2024)

Yo’LLaVA
(NeurIPS 2024)

ü Pros
– Uses external special tokens to identify each user-specific 

concept

ü 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)

ü Pros
– The first post-training-based personalization method

– It can perform RAG-enabled personalized tasks

ü 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)

RePIC
(NeurIPS 2025)

Post-training-based personalization 

Multi-Concept Image Captioning with 3-Concepts

<ball> 

<otter> 

Q) Give a personalized caption for the image.

ü Ours-2K: In this delightful autumn scene, <ball> the cheerful animated raccoon,
<monster> the curious animated creature, and <otter> the excited animated otter enjoy a
playful moment together amidst fallen leaves and a warm, golden backdrop.

ü RAP-LLaVA-210K: <ball> is having a great time with his friends in the forest. They're
all smiling and having a good time.

ü RAP-Qwen-210K: <ball> is having fun with his friends in the forest.

Identity Missing

Identity Missing

Faithful Captioning

ü Ours-2K: A lively parade scene unfolds on a bustling street, featuring <monster_toy>,
<sloth>, <plush>, and <teddy> in colorful costumes. The <monster_toy> leads the way
with a cheerful expression, followed by <sloth>, <plush>, and <teddy>, who carries a
drum, creating a festive atmosphere as they march through the crowd.

ü RAP-LLaVA-210K: Human: <monster_toy> is ready to cross the street! He's got his
friends <plush> and <teddy} with him, and they're all set to rock this parade!

ü RAP-Qwen-210K: <monster_toy> and friends are ready to march!

<monster_toy>  <sloth> 

<teddy> Multi-Concept Image Captioning with 4-Concepts

Identity Missing

Identity Missing

Faithful Captioning

<plush>  

Q) Give a personalized caption for the image.

Name: <thao>

Info: A 23-year-old
woman who adores her
beloved dog, Bo.

Q) Give a caption for this image using the given information.

ü Qwen-2.5 VL 7B: A young woman stands confidently in front of a Computer 
Sciences building, ready for her day at school.

Missing Name!
Does not contain any personal information!

<monster> ü Pros
– The first RL-based VLM personalization method

– Generalizable in real-world scenarios (e.g., multi-concept)

ü Cons
– Personalization was measured only by recall of identity naming

– Finer-grained details (user dialogue history) were not considered
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CoViP
(ICML 2026)

MyVLM
(ECCV 2024)

Yo’LLaVA
(NeurIPS 2024)

RAP-MLLM
(CVPR 2025)

RePIC
(NeurIPS 2025)

Post-training-based personalization 

ü TL;DR
– We propose a RL-based post-training pipeline for contextualized VLM personalization 

– CoViP beats both open-source and closed-source models on personalized image captioning
– CoViP shows reliable and generalizable improvements on downstream personalization tasks
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Proposed Method : CoViP
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Proposed Method : CoViP
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1) Dialogue generation phase



Proposed Method : CoViP
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2) LLM-driven MCQA generation phase



Proposed Method : CoViP
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3) Query image prompting to VLMs



Proposed Method : CoViP
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3) Dialogue prompting to VLMs



Proposed Method : CoViP
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4) Model prediction phase



Proposed Method : CoViP
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5) Online evaluation for the generated captions
(Note, Judge only receives captions and pre-generated MCQAs)



Proposed Method : CoViP
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6) Evaluation through two major axes



Proposed Method : CoViP
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7) Use LLM accuracy as a VR (only for the training stage)



Proposed Method : CoViP
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• Diagnostic downstream personalization task designs

Last Seen Detection (LSD): 
• Identify the most recent encounter

Instruction Triggered Recall (ITR): 
• The model must proactively surface this keyword

Last Action Recall (LAR): 
• Retrieve the fine-grained user action 
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• Quantitative results of CapEval-QAs on our personalized image captioning benchmark

Experimental Results
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• CoViP shows substantial gains over all other open-source and closed-source models



• Quantitative results of downstream diagnostic evaluation scenarios

Experimental Results
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• CoViP demonstrates robust generalization across three distinct scenarios when combined with CAG

* CAG: caption-augmented generation



• Our key findings & main analysis 

Experimental Results
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– CoViP enhances retrieval, not just recognition



• Human evaluation results & generalization on multi-image benchmarks

Experimental Results
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• Our model achieves superior alignment with human preferences and demonstrates robust generalization 
capabilities in visual grounding and cross-image identity matching
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• We formalize contextualized visual personalization, requiring VLMs to visually recognize and retrieve
personal memories from multimodal dialogue history

• We propose CoViP, an RL-based post-training framework with perception rewards and MCQA-based LLM-
as-a-Judge verifiable rewards

• CoViP outperforms all open-source and proprietary VLMs including GPT-5 and Gemini-3.0-Pro, achieving
+38~42 %p Acc⁺ gains

• CoViP with Caption-Augmented Generation (CAG) yields consistent downstream improvements, showing
that personalized captioning is a reliable bridge for broader personalization tasks

Conclusions & Limitations
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