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Introduction

What is personalization in MLLMs? * concept: a personal visual or textual sample provided as a reference

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

Personalized Captioning Personalized VQA

User-Specific Concepts

<you> and a man
are sitting on a
bench, drinking
wine on a patio,

with plates of food

in front
What are <you> What is <your-friend>
ina? ing?
<your-dog> donlng. wea:mg.
_ standing on the 4 A 4
-3 grass in the garden On the left side of A white t-shirt
behind the black the image, <you> with the words
dog are sitting at a table  “LOS ANGELES"
with a drink printed on it
Then, how can we personalize MLLMs?
£ ph%é‘,y; MyVLM: Personalizing VLMs for User-Specific Queries (ECCV 2024)
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TL;DR

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

Nawee: <thao> Q) Give a caption for this image using the given information.

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

v" 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!
AN S

Previous SFT-based personalization methods easily fail in real-world scenarios

—
It o

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

Performance * RePIC: Reinforced Post-training for Personalized Image Captioning

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

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

| Q) Give a personalized caption for the image.

v" 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.

Faithful Captioning

4 v 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!

Identity Missing

<monster_toy>  <gloth>

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

D S AIL :;lush> <teddy>

ABara™  Data Science & Al Laboratory

Multi-Concept Image Captioning with 4-Concepts



Related Works

TimeLine

T

MyVLM
(ECCV 2024)
Pros Cons
Uses external to identify each user-specific Requires retraining the concept heads when the
concept new concepts emerge
VLM
— | Vision
Encoder CC0 Vi Two white canisters, one
__)EDIIIE[[D QFormer ol — on each end, with
(LI Model <your-cat-statue>
4 \ CEEEEEEEED standing between them
& citead |1 (IIIDe.
(@b | (D e OO0 0 | ———
Query Tokens 1 1
- (LI e, "
: : User: "Please
(@] -~{0) -
D S AIL Concept Heads Learned Concepts

™. DataScience & Al Laboratory



Related Works

TimeLine
Yo’LLaVA
(NeurlPS 2024)
Pros Cons
Uses external to identify each user-specific Still requires retraining each token when the new
concept concepts emerge
Yes, <sks> is indeed in the photo. — Vocabulary —
a0 S, =
= // tokens :
. - / | |
E LargeLanguage M’odel | | —
A00O0 OMA |/ | <= s
Vision Encoder | gt Tokenizer | -~ <tokem>
& Projector 7+ | T b o <token,> VAY/
[system prompt] <token,> ]
<sks> is <token,><token,>...<token,>.
DSAIL Can you recognize <sks> in this photo?

i Data Science & Al Laboratory




Related Works

TimeLine Token-based personalization ! Post-training-based personalization
E >
RAP-MLLM
(CVPR 2025)
Pros Cons
The first post-training-based personalization method Needs lots of training data (210K) to post-train MLLM
It can perform Retrieval-enabled personalized tasks Hard to generalize to real-world scenarios (e.g., multi-concept)
This is <K> user database Personalized Captioning

<K> and <J> enjoying a relaxing afternoon at a

=)
'@' trendy café.

Personalized Conversation

What is <K> doing? @

<K> is sitting at a table in a café, wearing a blue
polka-dot dress. She is holding a glass of a pinkish
drink with a straw and appears to be sipping from it.

i She lives in Korea. remember HE|HE

o Qo WLax

F 3 He is <K>’s boyfriend.
\ /

<J> <K> 4
; : ; i‘ retrieve

(=] generate
(@)i ,

RAP-MLLM

What’s the relationship between them? @

<J>is <K>’s boyfriend, based on the image, they
appear to be enjoying each other's company at a
café, their relaxed body language and the casual
setting imply a close and comfortable relationship.

SBEDSAIL

Data Science & Al Laboratory 9



Related Works

TimeLine

Post-training-based personalization

T
PVIT

(ICLR 2025)

\4

Pros Cons
Introduces a (3M) Only covers human-related personalization scenarios
Requires manual validation for each image

-
Q.
S e 5
c O 3
o c.8
O 2t
=E 3
53 & i
wn
—
>
o S @ Personalized Multimodal Prefix @ Scene Image
ih The image shows a scene with e e
=ga i The image features A=t 2] e
ph iy several people, prominently 9 £ | ! Original Crop ™8 This is ;
- L featuring a man in a dark suit, - She has g of | dovkabiiicn Sarah, es
-8 white shirt, and red tie. He is @ '~ Emily "
[ surrounded by a group of ) Secured with ] x This is s
> children and adults, suggesting Lt © © :
3 2 a public event or gathering. - She is a ; H -
s The dress has = || Adv-Name This is <name>. s
z : . She - L
oF is looking at him S0 |
3 5 |withasmile. appearsitobe o | Adv-Face . This is :
ux., Holistic Information L
i i . Blue dress. B. Pink dress
i i What color clothes What is wearing? A-B _
Rlei:‘;:r"b: . n is wearing? m o Gray sweater.  D. Black Suit
- ge. E.ldon't know F. is not in this image
- v
) = = - .
] has ... She is is wearing a white o
z e while looking at a man in a dark suit.. J (and pink dress. B. Pink dress Answer Category
©
G e e S S ST [ s e e i ity [ e e ~
o ————
Sorry, does not appear in this picture. ) | do not see in this image. 3 is not in this image Unanswerable | Adv-Name | -m
Data Science & Al Laboratory ( D Ee 2 ( g ] B R




Related Works

TimeLine ' Post-training-based personalization
t
RePIC
(NeurlPS 2025)
TL;DR

We propose a

for MLLM personalization

RePIC shows generalizable personalized image captioning even for unseen multi-concept settings

<monster_toy> <sloth>

B Data Science & Al Laboratory

Q) Give a personalized caption for the image.

v 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.

Faithful Captioning

v 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!

Identity Missing

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

Multi-Concept Image Captioning with 4-Concepts

11
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Proposed Method : RePIC

Overall Pipeline
(a) Overall Framework for Post-Training

:

Question: Is the object <name> from the first image also
in the second image?

-

<names

Question: Please provide the bounding box coordinate of
the region this senftence describes: horse on the right
where only its rear half is visible.

{

Reference
Model

f

—| KL-div Loss — ,,{

—

Identity Consistency Template

m Question: Give a detail caption for the second image,
el referencing the first image named <names>.

<narme:

(b) Interence n Skip-Retrieval Setting

l

Target A

Model

-

%

%

Verifiable Reward

1 (correct)

0 (wrong)

1(IoU = 0.5) —

0 (IoU < 0.5)

Identity Consistency
1 (<name> is in the outpuf)

0 (No <names»)

Q) Provide a personal caption for the image

Query Image

p =

T

ranie 1 ¢Baby_Q»
lnfo © A baby 5 sleeping peacefully in a carrier. The baby is |~
wrapped in a soft, colorful blanket and is secured by a

‘Ji black strap.

Hawie : <Bull_dogs L
|n.f‘.a <M French bulldog. The deg is light brown in color.

Database

Vlsmn Encoder

ﬁct--t-‘

e

—

GRPO Loss

MLLM

LLM Decoder

N

A) In this heartwarming scene, <Bull_dog> the French Bulldog and <Baby_Q> share a moment together. <Bull_dog> lies on the floor, <Baby_Q> is lying on a play mat with a p
above them. <Baby_Q> is wrapped in a cozy yellow blanket adorned with polar bear prints, while <Bull_dog> rests comfortably beside her, creating a sweet and serene atmosphere.

)DSAIL

Data Science & Al Laboratory

layful mobile
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Proposed Method : RePIC

Training Phase

(a) Overall Framework for Post-Training
Object Consistency Template

k ] Question: Is the object <name> from the first image also
- in the second image?

<name:

B Data Science & Al Laboratory

Verifiable Reward

0 (No <name>)

g _ Object Consistency
o g { 1 (correct)
w
‘B 0 (wrong)
o
KL-div Loss — ~ _ [1(ku=z03)
l 0 (IsU < 0.5)
Identity Consistency
"ﬂ;ﬂ, 1 (<name> is in the outpuf)
L. % |
fld

Model

GRPO Loss

Proposed verifiable reward : Object Consistency Tuning (OCT)

TOCT:{

L
0,

if correctly answer with yes or no
else

14



Proposed Method : RePIC

Training Phase

(a) Overall Framework for Post-Training

Reference
Model

Question: Please provide the bounding box coordinate of t
the region this sentence describes: horse on the right || KL-div Loss —
where only its rear half is visible.

&

—

|

Target ﬁ

Model

Proposed verifiable reward :

o _ 1 ifTou> 05
YIT 00,  otherwise

™. DataScience & Al Laboratory

Verifiable Reward

{ 1 (correct)
= 0 (wrong)

{ 1(IsU = 0.5)
0 (IoU < 0.5)

Identity Consistency
{ 1 (<name> is in the outpuf)
r=

0 (No <names»)

GRPO Loss



Proposed Method : RePIC

Training Phase

(a) Overall Framework for Post-Training

Verifiable Reward

S _
E '§ ) { 1 (correct)
2 0 {wrong)
o
8
T 3
KL-div Loss — . { 1(IoU = 0.5) 5
| 0 (loU < 0.5) g
LU
£ Identity Consistency Template { —
enti onsistenc
m Question: Give a detail caption for the second image, =5 : (mmi o mw}:}
T referencing the first image named <name>. - E“é S e {0 —

<narme:

zgd,w

Proposed verifiable reward : Identity Consistency Tuning (ICT)

Q

Q

5

% . _ 1, if <name> appears in the output
& Single-ICT 0, otherwise

. n/m, if <name 1> <name 2>,---,<name n> appears in the output
3] TMulti-ICT = .

£ 0, otherwise

3

]

=

WDSAIL
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Proposed Method : RePIC

Overall Pipeline

(a) Overall Framework for Post-Training

Question: Is the object <name> from the first image also
in the second image?

-

<narme:

Object Consistency Template ~$"

/
_\]'\'

Visual Localization Template
Question: Please provide the bounding box coordinate of
the region this sentence describes: horse on the right
where only its rear half is visible.

y

ot Verifiable Reward

—

g .
= i
i ! 1 (correct)
% g : { 0 (wrong)
e |
t |
KL-div Loss _. { 1(IoVU = 0.5)
| 0 (IoU < 0.5)

(b) Inference in Skip-Retrieval Setting

vy
Identity Consistency Template -;ih
i Question: Give a detail caption for the second image,
F referencing the first image named <name>.
\ <narme: jf.@i
ot

Target 6
Model

0 (No <name>)

Q) Provide a personal caption for the image

Query Image

T

ranie + ¢Baby_Q»
lnfo © A baby 5 sleeping peacefully in a carrier. The baby is |~
wrapped in a soft, colorful blanket and is secured by a

‘Ji black strap.

Hawne : <Bull_dogs ! |
|n.f‘.a <M French bulldog. The deg is light brown in color.

Database

Vlsmn Encoder ]

-aﬁc-c:- -

Object Consistency

Identity Consistency
{ 1 (<name> is in the outpuf)
r=

e

GRPO Loss

MLLM

LLM Decoder

]

N

A) In this heartwarming scene, <Bull_dog> the French Bulldog and <Baby_Q> share a moment together. <Bull_dog> lies on the floor, <Baby_Q> is lying on a play mat with a p
above them. <Baby_Q> is wrapped in a cozy yellow blanket adorned with polar bear prints, while <Bull_dog> rests comfortably beside her, creating a sweet and serene atmosphere.

)DSAIL

Data Science & Al Laboratory

layful maobile
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Proposed Method : RePIC

Inference Phase

(b) Inference in Skip-Retrieval Setting

=

]
o
E Q) Provide a persenal caption for the image
-~ T
: Y g T
o A R e
- A (e : <Baby_Q> Vlswn Encoder @
Y lnfo © A baby 5 sleeping peacefully in a carrier. The baby is |~
"""u.' B AU wrapped in a soft, colorful blanket and is secured by a
=N “d | black strap.
\ LLM Decoder
( rans : <Bull _dogs | T T T T
linfo - & French bulldog. The deg is light brown in color.
all ) Il B .

Database

A) In this heartwarming scene, <Bull_dog> the French Bulldog and <Baby_Q> share a moment together. <Bull_dog> lies on the floor, <Baby_Q> is lying on a play mat with a playful mobile L
above them. <Baby_Q> is wrapped in a cozy yellow blanket aderned with polar bear prints, while <Bull_dog> rests comfortably beside her, creating a sweet and serene atmosphere.

At inference time,

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

MLLM provides personal captions for a query image incorporating the personal information

JDSAIL

Data Science & Al Laboratory 1 8
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Experimental Results

Qualitative Results of Multi-Concept Image Captioning

Nawe : Q) Give a personalized caption of this image.

standing in a dimly lit room, looking surprised or concerned. The background suggests they might

Ours — Full : In this scene from the animated movie, <Character A> and <Character B> are
be inside a vehicle or a control room. Correct Captioning o

Qwen-2.5-VL : In a dimly lit room, <Character A> and <Character B> stand facing each other,

their expressions hinting at a mix of curiosity and anticipation. Wrong Captioning
< -
RAP-LLaVA : <Character B> is a sly fox with a big grin. He's always up for an adventure. .
Identity Missing
<Character_B> RAP-Qwen : <Character A> is ready to help! Identity Missing

Name : Q) Give a personalized caption of this image.

g O] | [ il e Ours — Full : In this image, <J> and <K> are standing outside near a building with a colorful
‘ I \ % o 7 mural. They are both holding small objects in their hands and appear to be engaged in a
.+ conversation or activity together. The scene is bright and sunny, with greenery visible in the

background. Correct Captioning

¥ Qwen-2.5-VL : A man and a woman are standing outside on a sunny day. The woman is wearing
4 sunglasses and a blue polka-dotted dress while holding a small object in her hand. The man is also
%l wearing sunglasses and a light-colored t-shirt, holding a similar object. They appear to be engaged
V! in a conversation or activity together. Identity Missing < -

i RAP-LLaVA : <K> and <J> enjoying some ice cream. Wrong Captioning

RAP-Qwen : <J> and <K> are enjoying some ice tea at a cafe. Wrong Captioning

Data Science & Al Laboratory 20



Experimental Results

Quantitative Results for Single-Concept Personal Grounding Evaluation

Models Seen Data MyVLM [ ] Yo’LLaVA [ ] DreamBooth [ ]
Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1
Skip-Retrieval Setting
PVIT-LLAVA 210K 17.1 1.8 33 20.1 2.1 3.8 26.5 16.5 20.3
RAP-LLAVA 210K 100 92.9 96.3 100 95.5 97.7 97.3 91.8 94.5
RAP-LLAVA 2K 100 494 66.1 50.6 48.6  49.6 68.4 65.8 67.1
RAP-Qwen 210K 100 98.8 99.4 100 99.8 99.8 100 100 100
Qwen-2.5 VL 0 100 56.8 72.4 100 333 50.0 96.0 76.6 85.2
Ours 2K 100 96.2 98.1 99.7 96.1 97.9 100 98.1 99.0
Retrieval Setting
Retrieval (Top-2) 97.6 95.9 96.7 83.6 82.9 83.3 99.3 96.2 97.7
RAP-LLAVA 210K 95.6 79.1 87.8 82.7 79.9 81.2 96.0 91.1 93.5
RAP-LLAVA 2K 79.2 53.8 64.1 71.2 52.2 64.4 69.5 66.5 68.0
RAP-Qwen 210K 95.5 87.9 91.6 79.2  75.1 76.2 98.7 943 96.4
Qwen-2.5 VL 0 91.5 50.6 65.2 774 423 55.2 952 753 84.1
Ours 2K 99.0 83.2 90.4 844 69.7 76.3 98.6 90.5 94.4

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

EDSAIL

™. DataScience & Al Laboratory



Experimental Results

Quantitative Results for Multi-Concept Personal Grounding Evaluation

Models Seen Data 2-Concepts 4-Concepts
Skip-Retrieval Retrieval Skip-Retrieval Retrieval
Pre.  Rec. F1 Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1

RAP-LLaVA 210K 100 939 969 | 993 89.6 945 529 4.3 7.9 16.7 3.1 52
RAP-LLaVA 2K 100 902 949 | 957 81.1 87.8 36.4 1.9 3.6 22.4 0.7 1.4
RAP-Qwen 210K 100 82.9  90.7 100 732 845 | 49.6 136 213 12.6 2.6 4.3
Qwen-2.5 VL 0 100 750 857 | 98.1 640 775 | 733 229 348 | 225 6.4 10.0
Ours - Full 2K 100 988 994 | 975 939 957 | 8.0 595 710 | 248 157 19.2

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

EBDSAIL
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Experimental Results

Preference Evaluations & Image Captioning Quality Evaluation

-2.5." Ours-7B Ours-7B
B No Tg,ﬁ',';.’;g ﬁ’,‘g’,fﬂcf_'fsv" No TerL:'lr;Iate wu/tr)sLenglh reward
(]
g Ours-7B RAP-Qwen Qurs-7B QOurs-7B
8 No Template 7B-SFT-210K No Template w/o Detail prompt
QL Ours-7B RAP-LLaVA Ours-7B Ours-7B
80 No Template 13B-SFT-2K No Template <observe> Template
g
E Ours-7B RAP-LLaVA QOurs-7B Ours-7B
No Template 13B-SFT-210K No Template <think> Template
0 20 40 60 80 100 0 20 40 60 80 100
Ours-7B Qwen-2.5-VL Ours-7B Ours-7B
';-)_, No Template Instruct-78 No Template wio Length reward
E Ours-78 RAP-Qwen Ours-7B Ours-7B
8 No Template 7B-SFT-210K No Template w/o Detail prompt
=l Ours-7B RAP-LLaVA Ours-7B Qurs-7B
'E" No Template 13B-SFT-2K No Template <observe> Template
2 Ours-7B RAP-LLaVA Ours-7B Ours-7B
No Template 13B-SFT-210K No Template <think> Template
0 20 20 60 80 100 0 20 a0 60 8 100
Preference [%] Preference [%]
(a) Comparisons with other models (b) Ablation studies
Types | Metrics | RAP-LLaVA | RAP-Qwen | Zero-Shot | Ours Types | Metrics | RAP-LLaVA | RAP-Qwen | Zero-Shot | Ours
BLEU [©2] (1072) 0.260 0.170 0.210 0.290 Reference- | CLIPScore [/ ] 0.332 0.316 0.323 0.339
Refarenea CIDEr [57] 0.193 0.185 0.208 0.194 free ImageReward [ (] -0.094 0.087 0.287 0.130
based METEOR [7] 0.242 0.267 0.271 0.321
SPICE [’] 0.104 0.084 0.083 0.086
BERTScore [67] 0.683 0.567 0.523 0.668

RePIC consistently outperforms competing baselines (preference) and achieves comparable or superior results
on quantitative metrics (caption quality)

EDSAIL

™. DataScience & Al Laboratory
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Conclusions & Limitations

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

25
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