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Abstract

Recent multi-modal large language models (MLLMs) often struggle to generate
personalized image captions, even when trained on high-quality captions. In this
work, we observe that such limitations persist in existing post-training-based
MLLM personalization methods. Specifically, despite being post-tuned with large-
scale caption data through supervised fine-tuning (SFT), these models frequently
fail to produce faithful descriptions in real-world scenarios, such as multi-concept
image captioning. However, acquiring large-scale, high-quality captions for such
complex settings is both costly and difficult. To address the data-centric nature of
SFT, we propose a reinforcement learning (RL)-based post-training framework. To
the best of our knowledge, this is the first RL-based approach to post-train MLLMs
for personalized image captioning. Our method significantly enhances both visual
recognition and personalized generation capabilities of MLLMs, and consistently
outperforms existing SFT-based baselines, especially in the challenging multi-
concept image captioning task. Project page:

1 Introduction

The emergence of Large Language Models (LLMs) has greatly propelled the advancement of
Al particularly in natural language understanding and generation [!, 52, 13, 6]. These models
demonstrate impressive general knowledge and achieve strong performance across a wide range
of tasks [17, 55]. This progress inspired the development of Multimodal Large Language Models
(MLLMs) [31, 25, 57, 4]. MLLMs integrate visual inputs using pretrained vision encoders, treating
image embeddings similarly to text tokens within a unified architecture. This integration [31, 30, 4]
extends the utility of LLMs to vision-language tasks, enabling image-grounded dialogue [25] and
captioning [25, 30, 4].

Unfortunately, despite being pre-trained on large-scale datasets, MLLMs struggle to perform per-
sonalization by recognizing and incorporating personal, user-specific concepts, typically provided
in the form of a reference image of the user and an associated textual description [40, 15]. Figure 1
illustrates MLLMs’ failure in personalized image captioning, one of the most widely-studied tasks
in MLLM personalization. Given the reference image of ‘thao’ and the corresponding description
about her, i.e,, ‘A 23-year-old woman who adores her beloved dog, Bo.’, an MLLM is
prompted to provide a personalized caption for a new query image of ‘thao’ that significantly differs
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Nawe: <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.

Q) Give a personalized caption for the image.

v" 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.

Faithful Captioning

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

<ball>

<monster>

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

Multi-Concept Image Captioning with 3-Concepts

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.

<monster_toy>  <sloth> Faithful Captioning

¥ ¥ 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

Figure 1: Visualizations of personalized image captioning results. In the first row, the zero-shot MLLM
frequently fails to generate personalized captions. The used images are sourced from Yo’LLava [37].
The remaining rows illustrate multi-concept scenarios at inference time. Compared to other SFT-
based methods, our approach consistently produces faithful and detailed captions while accurately
recognizing all provided identities, even for 3 or 4 concepts. All images are sourced from MuDI [22].

from the reference image in lighting, background conditions, and poses; a successfully personalized
caption should accurately refer to ¢ thao’ and include faithful details about the query image. However,
Qwen-2.5 VL 7B [4], one of the most performant open-source MLLMs, fails to recognize ‘thao’
and include her personal concepts in its caption. Thus, recent works [2, 37, 40, 15] have increasingly
focused on the personalization of MLLMs.

Existing approaches for MLLM personalization can be categorized into two groups: those that
require retraining as new personal concepts are introduced [2, 37], and those that do not [40, 15].
In real-world applications, where the types of personal concepts are unpredictable and new ones
continuously emerge, the former family of personalization approaches is inherently highly limited.
The latter cases [40, 15], which enable MLLM personalization without the need for retraining
when new concepts appear, fine-tune the LLM on large-scale label-annotated datasets composed of
question-answering pairs using Supervised Fine-Tuning (SFT). As a result, the post-tuned MLLM
can recognize corresponding personal concepts between reference and query images and generate
outputs including the given personal information at inference time.

To curate training data composed of image-caption pairs, previous SFT-based approaches [40, 15]
have relied on proprietary MLLMs such as GPT-40 [21] and Gemini [51] to generate large-scale
personal captions. For instance, PVIT [40] used GPT-4o to create captions and manually validated
them for individual human images. Similarly, RAP-MLLM [15] curated captions using Gemini.
However, even after post-training with large-scale captions, we observe that existing SFT-based
post-tuned MLLMs still often struggle to generate faithful personal captions for the query image.

As shown in Figure 1, these difficulties become more pronounced in real-world scenarios, such as
involving 3 or 4 concepts. Following our investigation, the SFT-based method [ 5] underperforms
primarily due to the scarcity of captions in training data for multi-concept settings (i.e., only 5.4%
of the total dataset). However, considering the fact that the performance of SFT is highly sensitive
to the quality of the training data [7, 48, 32], obtaining a large volume of high-quality personal
captions for SFT is both costly and challenging. This challenge becomes particularly severe when



curating captions for images containing multiple distinct identities, as each caption must accurately
incorporate detailed personal information corresponding to every identity represented.

To overcome these difficulties, we investigate the key capabilities that a MLLLM should possess
for personalized image captioning: (1) robust visual recognition ability: the ability to consistently
identify the same object across different images, even under variations in pose, location, lighting, and
background. This ability induces the MLLM to describe the query image accurately and faithfully;
and (2) consistent personalized generation ability: the ability to incorporate personal information
from demonstrations into its responses, including correctly referencing the provided names. MLLM
equipped with this capability can perform personalized image captioning.

To strengthen the abovementioned key capabilities, we propose a Reinforced post-training for
Personalized Image Captioing (RePIC) framework. We leverage the strengths of reinforcement
learning (RL) for a method composed of three key components, as outlined below:

Object Consistency: To strengthen the MLLM’s recognition abilities, we propose an object consis-
tency reward that provides direct positive and negative feedback for the output.

Visual Localization: To further reinforce the MLLM’s visual recognition ability, we exploit the visual
localization reward that predicts bounding box (BBox) coordinates based on a query instruction.

Identity Consistency: To enhance the MLLM’s ability to generate personalized responses, we
introduce an identity consistency reward that explicitly encourages the inclusion of target names in
the output.

In our experimental results, we reveal that SFT-based personalization methods are highly limited
for visual recognition and generalization abilities. Conversely, by integrating our proposed reward
templates along with curated datasets and instructions, our method achieves significant performance
improvements over existing baselines, particularly in multi-concept personalized image captioning
benchmarks. To the best of our knowledge, this is the first work to present an RL-based post-training
framework that enables MLLMs to perform personalized image captioning effectively.

2 Related Works

MLLM Personalization To enable general-purpose MLLMs [31, 31, 4] to perform personalized
image captioning, several methods have been proposed, including those requiring retraining when
new personal concepts emerge [2, 37] and those that do not [40, 15]. In the former case, MyVLM [2]
uses external concept heads to identify user-specific concepts and learns embeddings for each to
input into the LLM. Yo’LLaVA [37] encodes personal concepts as special textual tokens that serve
as concept identifiers. However, these methods lack scalability to new concepts, as they require
retraining the concept identifiers whenever a new concept emerges and do not guarantee sufficient
training data per concept. To overcome these limitations, SFT-based post-training approaches have
emerged. PVIT [40] uses special prefixes to encode individual-specific information, enabling MLLMs
to answer queries about new individuals. RAP-MLLM [15] presents a pipeline combining retrieval for
visual demonstrations and post-training for personalized generation based on the query and retrieved
concept information. Compared to existing SFT-based approaches, we propose an RL-based post-
training method that reduces reliance on large-scale, high-quality personal captions and demonstrates
superior effectiveness, particularly in multi-concept personalized image captioning.

RL-based MLLM Post-Training Methods. RL has demonstrated substantial improvements in
several tasks of LLMs [14, 46, 60, 36, 11]. Recent studies have extended RL-based post-training to
MLLMs—applying preference-based RL for hallucination mitigation [61] and model alignment [27],
and policy-based RL for visual reasoning [34, 20, 49]. For example, regarding policy-based RL,
Visual-RFT [34] proposes reward templates to improve performance on visual perception tasks such
as fine-grained image classification and few-shot object detection. Vision-R1 [20] combines cold-start
initialization with RL training to enhance MLLM reasoning capabilities, particularly in tasks like
bounding box prediction and few-shot classification. Reason-RFT [49] introduces a two-phase RL
framework that integrates SFT-based and RL-based methods for visual reasoning. In contrast to these
approaches, we leverage policy-based RL to enhance personalized image captioning in MLLM:s.
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(b) Inference in Skip-Retrieval Setting

.4
ﬁ :% Q) Provide a personal caption for the image
— e MLLM
SR (e : <Baby_Q> Vision Encoder
Q"Tﬁ wfo : A baby is sleeping peacefully in a carrier. The baby is |~
o ", \ | wrapped in a soft, colorful blanket and is secured by a ;| |;| 3
BTN Gk strap. [ ]

Query Image

Nawe : <Bull_dog> LLM Decoder
info : A French bulldog. The dog is light brown in color. [
¢ S e R

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
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.

Figure 2: Overview of our RePIC framework: (a) training phase and (b) inference phase. An abbrevi-
ated example of the prompt template is shown; complete templates are provided in the Appendix.

3 Method

In this section, we detail the GRPO [14] algorithm employed in our approach. To enhance both
visual recognition and personalized generation capabilities, we introduce an RL-based post-training
framework for MLLMs. Specifically, we outline the design of verifiable rewards and the structuring
of instruction and data templates. Figure 2 provides an overview of our proposed RePIC framework
during both training and inference stages.

3.1 Preliminary: Group Relative Policy Optimization (GRPO)

GRPO [46] is an improved RL algorithm of PPO [44] that exploits the rewards and introduces group-
based learning based on relative preferences. Specifically, as shown in Eq. (1), it optimizes a clipped
surrogate objective, similar to PPO, while simultaneously minimizing the Kullback-Leibler (KL)
Divergence between the current and reference policies. For each state, a task ¢ is sampled from the
distribution Q, and the policy model 7y, generates a set of G responses, denoted as {o0; }$.,, which
are referred to as rollouts. Then, each response is assigned with a corresponding reward {r; }$ ;. This
process can be formulated as follows:

Lerro(0) =Eyog (0.}~ (1a)
1 G, 1 , , , 4
e ; ol 2 min [ 7§(0) A, clip(ri(0), 1 — e, 1+ ¢€) A} | — BDxkr(mg || mer) | (1)

where the importance of sampling ratio i (§)=-—¢0t19-0.<0)_ " Ai i the normalized advantage with

T Moy (04,¢19,04,<t)
1 and o being the mean and standard deviation of a group of rewards. Here, 3 controls the strength
of the KL-regularization.

We leverage a verifiable reward (VR) [14] with GRPO, enabling training without the need for an
auxiliary reward model. In the context of personalization, the following sections discuss how the core
capabilities—visual recognition and personalized generation—can be formulated using VRs.

3.2 Proposed Verifiable Rewards

Object Consistency Tuning (OCT) To improve the visual recognition capabilities of MLLMs by
providing a VR, we construct positive-negative pairs. Positive pairs consist of images containing the
same object, while negative pairs include images with different objects. We then use binary-response
questions, such as ¢‘Is <name> present in the second image?’’, and assign a VR of 1 if the



model responds yes for a positive pair and no for a negative pair. Incorrect responses receive a VR
of 0. Based on these pairs, we design a reward template called OCT, as defined in Eq. (2).

(@)

1, if correctly answer with yes or no
TOCT =
0, else

We use real datasets such as COCO [29], Objects365 [45], and CelebA [33], from which we crop
object regions to serve as reference images. However, as real data often lacks sufficient variation
in attributes such as pose and lighting, we additionally incorporate high-quality, visually diverse
synthetic images from Subject 200K+ [50]. These synthetic images, generated using diffusion models
such as Flux [24], include variations in pose and background while preserving subject identity.

Visual Localization Tuning (VLT) To enhance MLLM by strengthening its localization capability,
we adopt the IoU-based accuracy reward template introduced in VLM-R1 [47]. In this setup, the
Intersection over Union (IoU) score serves as the reward criterion, where a VR is assigned as 1 if the
predicted BBox aligns with the GT BBox at an IoU threshold greater than 0.5, as described in Eq.(3):

1, ifIoU> 0,5
T =
Vi 0, otherwise

3

We refer to this reward template as VLT, and by reinforcing VLT, the model is enabled to localize the
object within the image and can understand its relative location, such as right, left, or top. Specifically,
we use Refcoco/+/g datasets [35, 59] commonly used for the general visual reasoning task of referring
expression comprehension (REC). Notably, our empirical findings indicate that removing the REC
task from the training set often leads to instability during RL-based post-training.

Identity Consistency Tuning (ICT) To force the model to consistently utilize the provided infor-
mation from visual demonstrations in its responses, we consider a positive pair composed of a few
reference images and a query image pair. For the reward template of using one reference image per
query, we call Single-ICT, and for the reward template of using multiple reference images per query,
we call Multi-ICT. In this setting, we assign a unique name to each reference image as <name> token.
In detail, we prompt the model with response questions such as ‘“Describe the query image
while referencing the reference images.”’, and assign a VR of 1 is only assigned when
the model accurately describes the query image using all the given names. Note, in our experiments,
we used a maximum of 3 reference images per query image. In detail, for single-ICT, we assign a VR
as follows in Eq. (4):

1, if <name> appears in the output @)
T'Single-ICT = .
Single-ICT 0, otherwise

We use the positive pair images used for OCT. Next, for multi-ICT, for a given set of m(< 3) names
and n correctly mentioned names, we assign a VR for the response as described in Eq. (5):

n/m, if <name 1>, <name 2>,---,<name n> appears in the output
0, otherwise

TMult-ICT = { Q)
To construct multiple reference images, we use real multi-object images from COCO [29] and
Objects365 [45], and manually curate high-quality examples by cropping two or three distinct objects
from a single query image. The data templates used for each component are provided in the Appendix.

Furthermore, we incorporate descriptive prompts (e.g., ‘describe this image in detail.?)
that elicit richer language generation in the training dataset. Additionally, we apply output length
regularization to ensure that captions exceed a minimum length, which helps avoid less preferable
responses (e.g., ‘This is <name>.?).

4 Experiments

Baseline We compare our method with other post-training-based approaches. As baseline models,
we fine-tuned PVIT-LLaVA [40] using a 210K subset of the 3M dataset. We also consider pre-
trained RAP-LLaVA [15], which is fine-tuned using LoRA [19] from LLaVA-1.5 Vicuna 13B [30].
In addition, we fine-tune RAP-LLaVA using only 2K samples randomly selected from the full



Table 1: Single-concept personal grounding performance evaluation results.

Models Seen Data MyVLM [2] Yo’LLaVA [37] DreamBooth [43]
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 100 929 963 100 95.5 97.7 97.3 91.8 945
RAP-LLAVA 2K 100 494  66.1 50.6 48.6 496 | 684 658 67.1
RAP-Qwen 210K 100 988 994 100 998 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) 97.6 959 96.7 83.6 82.9 83.3 99.3 96.2 977
RAP-LLAVA 210K 95.6  79.1 87.8 827 799 812 | 96.0 91.1 93.5
RAP-LLAVA 2K 79.2 538 64.1 712 522 644 | 695 66.5 68.0
RAP-Qwen 210K 95.5 879 91.6 | 792 751 762 | 987 943 964
Qwen-2.5 VL 0 91.5 50.6  65.2 774 423 552 | 952 753 84.1
Ours 2K 99.0 832 904 | 844 697 763 98.6  90.5 94.4

Table 2: Multi-concept personal grounding performance evaluation results.

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

RAP-LLaVA 210K 100 93.9 96.9 99.3 89.6 94.5 529 4.3 79 16.7 3.1 52
RAP-LLaVA 2K 100 90.2 94.9 95.7 81.1 87.8 36.4 1.9 3.6 224 0.7 1.4
RAP-Qwen 210K 100 82.9 90.7 100 73.2 84.5 49.6 136 213 12.6 2.6 43
Qwen-2.5 VL 0 100 75.0 85.7 98.1 640 775 733 229 34.8 22.5 6.4 10.0
Ours - Full 2K 100 98.8 994 97.5 93.9 957 88.0 595 71.0 24.8 15.7 19.2

210K dataset, matching the amount of seen data used in our method. In our study, we adopt the
instruction-tuned Qwen2.5-VL 7B [4] as a backbone MLLM. For a fair comparison, we also fine-tune
it using LoRA on the 210K instruction dataset [15], with data templates adapted for Qwen-VL
compatibility. The resulting model, fine-tuned using LLaMA-Factory [64], is referred to as RAP-
Qwen. Hyperparameter sensitivity details are provided in Appendix C.

Dataset We consider both single and multi-concept datasets for evaluation. The single-concept
data are sourced from Yo’LLaVA, MyVLM, and DreamBooth. These datasets consist of various
single-concept images with variations in lighting, pose, and background conditions. For multi-
concept evaluation, we use the RAP-MLLM [ 5] dataset, constructed by collecting YouTube videos
and extracting frames that include 2 concepts. To evaluate its personalization capabilities in more
challenging scenarios, we experiment on images containing 4-concept cases, never seen during
training. To this end, we curate a dataset by crawling images from movie teasers and award ceremonies
where multiple celebrities appear together. We select those for our evaluation dataset in which at least
4 distinct concepts are clearly present. Details on the used datasets are provided in the Appendix B.

Evaluation We evaluate personalization capabilities under two different settings. First, in the case
where GT demonstrations are directly provided at inference time, we refer to this as the skip-retrieval
setting. Note that the demonstrations include several reference image-text pairs. Next, we consider
the retrieval setting [15] that automates the manual selection of the demonstrations by retrieving
the most relevant visual content from a database. Further details are provided in Appendix B.5.
Additionally, we newly evaluate personal grounding performance in the skip-retrieval setting using
reference images that do not match the query. A lower score in this case implies that the MLLM
does not merely duplicate the given demonstrations while performing personalized image captioning.
Additional details for the used evaluation templates can be found in Appendix D.

Implementation Details For the zero-shot model, we apply a detailed prompt (e.g., ‘‘Output the
final answer, including its name in the answer.’’) to guide the model to mention the
target identity. Note that in multi-concept settings, in-domain (ID) refers to using 2 concepts, while
out-of-domain (OOD) refers to using 4 concepts. In the retrieval setting, we retrieve the top-2 most
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Figure 3: Visualization of preference evaluation scores for single and 2-concept settings, correspond-
ing to the first and second rows, respectively. In (a), our model outperforms all other baseline models,
while in (b), it surpasses all ablation variants.

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

Ours — Full : In this scene from the animated movie, <Character A> and <Character B> are
standing in a dimly lit room, looking surprised or concerned. The background suggests they might
be inside a vehicle or a control room. Correct Captioning

(P
Al
<Character_A> 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

c
\;}

RAP-LLaVA : <Character_B> is a sly fox with a big grin. He's always up for an adventure.
Identity Missing

RAP-Qwen : <Character_A> is ready to help! Identity Missing

<Character B>

Nawe : Q) Give a personalized caption of this image
™ | =

& Ours — Full : In this image, <J> and <K> are standing outside near a building with a colorful
4 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
7 background. Correct Captioning
Qwen-2.5-VL : A man and a woman are standing outside on a sunny day. The woman is wearing

sunglasses and a blue polka-dotted dress while holding a small object in her hand. The man is also
wearing sunglasses and a light-colored t-shirt, holding a similar object. They appear to be engaged

. N/ in a conversation or activity together. Identity Missing
RAP-LLaVA : <K> and <J> enjoying some ice cream. Wrong Captioning
<K> RAP-Qwen : <J> and <K> are enjoying some ice tea at a cafe. Wrong Captioning

Figure 4: Qualitative examples of 2-concept personalized image captioning.

relevant samples for single and 2-concept settings, and the top-4 for the 4-concept setting. All training
experiments are conducted using 8 A40 GPUs, with inference performed on a single A40 GPU.
Additional details on the retrieval and experimental setup are provided in the Appendix B.

4.1 Personalized Image Captioning Evaluation
4.1.1 Personal Grouding Performance

We evaluate model performance for all settings using the same query evaluation prompts. To quantify
how frequently the target <name> or Name or name appears in the model’s output, we compute
precision, recall, and F1-score following the evaluation protocol of [15]. In detail, these scores
represent how well the model generates the response while containing the personalized information,
without considering the caption quality. We will refer to these scores as the personal grounding
performance of the post-tuned MLLM. Here, recall reflects the proportion of correctly mentioned
target concepts out of total concept names, while precision indicates the fraction of correct mentions
out of all concept names that occurred. In the skip-retrieval setting, precision can be reported as
100%, as the GT demonstrations are provided. For multi-concept settings, we assign a score of n/m
if the model correctly included n target names in the response from given m names.

As shown in Table 1, in the single-concept setting, the reproduced baseline PVIT [40] shows notably
low personal grounding performance, even under the skip-retrieval setting. We conjecture that this
poor performance likely stems from the training data, which is largely human-centric. The reproduced



Table 3: Image caption quality evaluation results with reference captions.

Types | Metrics | RAP-LLaVA | RAP-Qwen | Zero-Shot | Ours
BLEU [38] (1072) 0.260 0.170 0.210 0.290

Reference- CIDEr [53] 0.193 0.185 0.208 0.194
based METEOR [5] 0.242 0.267 0.271 0.321
SPICE [3] 0.104 0.084 0.083 0.086

BERTScore [63] 0.683 0.567 0.523 0.668

Table 4: Image caption quality evaluation results without reference captions.

Types | Metrics | RAP-LLaVA | RAP-Qwen | Zero-Shot | Ours
Reference- | CLIPScore [18] 0.332 0.316 0.323 0.339
free ImageReward [56] -0.094 0.087 0.287 0.130

RAP-Qwen, trained on 210K samples, achieves the highest scores in the skip-retrieval setting, while
our method performs comparably and outperforms RAP-LLaVA. Under the retrieval setting, the
top-performing model varies by dataset. Notably, RAP-LLaVA suffers a significant performance drop
when trained on only 2K samples, highlighting the data dependency of SFT. For reference, we also
report the top-2 retrieval performance as an upper bound, accounting for retrieval noise.

In the multi-concept settings, as shown in Table 2, the performance of SFT-based methods drops
significantly in both 2 and 4-concept scenarios. In contrast, our proposed method consistently and
substantially outperforms all SFT-based baselines under both skip-retrieval and retrieval settings.
Notably, the performance gap becomes even more pronounced in the 4-concept setting. Note that the
zero-shot Qwen outperforms other SFT-based models in terms of personal grounding across all cases,
further highlighting the limitations of SFT-based post-training in generalizing to OOD scenarios.
These results underscore the effectiveness of our RL-based post-training approach, particularly in
extending it to real-world personalized image captioning tasks.

4.1.2 Preference Evaluation

We conduct a human-level quality evaluation with GPT-40 [21] to assess the quality of generated
personalized image captions. The quality evaluation is conducted as a preference-based assessment,
where captions that merely duplicate the provided information or fail to accurately describe the image
are considered low-preference. The evaluation template is provided in the Appendix. In Figure 3, we
present the preference evaluation on the single-concept YoLLaVA dataset and on the RAP-MLLM
dataset, corresponding to the first and second rows, respectively. Those results indicate the superiority
of our proposed post-tuning method in generating high-quality and faithful personalized captions
compared to all other methods. Our proposed method significantly outperforms (a) all other baselines,
and (b) all ablation models, including those without length regularization, without detailed prompts
in the dataset, and with reasoning templates.

To better visualize the effectiveness of our method, we present two qualitative examples in Figure 4.
In the first row, although the zero-shot model correctly references the given names, its generated
captions are less accurate. SFT-based methods fail to recognize identities consistently, often missing
given identities, resulting in unfaithful captions. In the second row, while the zero-shot model
produces detailed captions, it fails to include the provided names. Conversely, although previous
SFT-based methods mention the names correctly, but produce inaccurate descriptions due to limited
visual recognition capability. However, in both cases, our method consistently generates faithful and
accurate personalized captions for the query images, demonstrating superior personal grounding and
visual understanding. Please refer to further qualitative results in Appendix A.

4.1.3 Image Caption Quality Evaluations

We conduct both reference-based and reference-free evaluations of image captioning quality on
the YoLLaVA dataset. It is important to note that the employed metrics do not assess the degree
of personalization achieved by the MLLM; rather, they measure only the overall quality of the
generated captions for the given query images. Table 3 presents a metric-based comparison between



Table 5: Personal grounding with wrong visual demonstrations.

Models Seen Data MyVLM [2] ({) YoLLaVA [37] ({) DreamBooth [43] (])
Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1
RAP-LLAVA 210K 100 89.7 94.6 99.7 97.0 98.3 952 90.8 92.4
RAP-Qwen 210K 100 69.7 82.1 98.2 82.6 89.4 85.0 715 71.7
Qwen-2.5 VL 0 100 55.6 72.4 99.0 604 750 97.2 88.6 92.7
Ours 2K 98.9 54.4 71.5 93.8 64.0 76.1 82.6 633 71.7

Table 6: Ablation studies for personal grounding in 2-concept image captioning.

Models Seen Data Skip-Retrieval Retrieval
Pre Recall F1 Pre Recall F1
Zero-Shot 100 75.0 85.7 | 98.1 64.0 71.5
Reasoning Template Ablations
Ours <think> 2K 100 90.9 952 | 972 84.2 90.2
Ours <observe> 2K 100 80.5 89.2 | 99.1 67.7 80.9
Reward Template Ablations
Ours w/o ICT 2K 100 17.1 29.2 100 14.6 25.5
Ours w/o OCT 2K 99.2 732 842 | 99.1 67.7 80.4
Ours w/o VLT 2K 100 53.6 69.6 | 98.9 50.0 66.7
Ours only ICT 2K 100 29.9 46.0 | 98.0 25.0 39.5
Ours only OCT 2K 100 12.8 2277 | 974 16.5 28.3
Ours only VLT 2K 100 17.7 30.1 98.9 18.3 29.9
Additional Component Ablations

Ours w/o length reg. 2K 100 92.1 95.9 99.3 91.5 95.2
Ours w/o detail prompt 2K 100 86.0 92.5 98.4 74.4 84.7
Ours - Full 2K 100 98.8 994 | 975 93.9 95.7

the generated captions and GT captions (not reference text in the database) for the query image.
Since no GT captions are available for the used evaluation dataset, we generated them using GPT-40
by varying the seed three times. As a result, ours show relatively similar results trends, with minor
differences in the top 1-2 rankings. In detail, our proposed method achieves the best performance
in METEOR and BLEU, the second-best in CIDEr, SPICE, and BERTScore. Table 4 presents the
results of image-text alignment evaluation without reference captions. CLIPScore measures the cosine
similarity between image and text embeddings, while ImageReward is a general-purpose reward
model aligned with human preferences that evaluates image-text alignment quality. Our proposed
method achieved the highest CLIPScore and the second-best ImageReward score.

4.2 Ablation Studies

Necessity of RL. To emphasize the necessity of RL, we examine the limitations of SFT based on our
experimental results. First, we analyze the algorithmic shortcomings in visual recognition for personal
grounding. Although RAP-Qwen achieves the highest personal grounding scores in the single-
concept setting (Table 1), its performance significantly deteriorates when incorrect demonstrations
are provided (Table 5). The results suggest that SFT-based methods struggle to distinguish different
objects between reference and query images, often resulting in inaccurate personalized captions.
In contrast, our RL-based method consistently yields lower scores when provided with incorrect
demonstrations, highlighting its robustness in differentiating objects and its ability to avoid merely
duplicating the given personal information when generating personalized captions.

Furthermore, we analyze why SFT-based methods struggle with personal grounding in multi-concept
settings, as shown in Table 2. To this end, we examine the training data compositions that include
multiple identities within a single image. Interestingly, despite a comparable proportion of multiple-
identity training data (i.e., RAP-MLLM: 5.4% of 210K, Ours: 4.7% of 2K), SFT yields only marginal
improvements in the 2-concept setting (ID) and performs poorly in the 4-concept setting (OOD). In
contrast, our method achieves substantial performance gains in both the 2 and 4-concept personalized
image captioning tasks.

We attribute the shortcomings of SFT-based methods—particularly their limited visual recognition
and poor generalization to OOD scenarios—to fundamental algorithmic differences. As a data-centric
approach, SFT tends to overfit to dominant patterns and struggles to learn from rare or diverse



data [12]. Our experimental results further highlight why RAP-Qwen performs well in single-concept
settings but fails significantly in OOD scenarios. These findings underscore the necessity of RL-based
approaches to perform robust and generalizable personalized image captioning.

Efficacy of Each Component. The overall ablation studies are shown in
Table 6. First, we evaluate the effectiveness of reasoning templates [14],
such as the <think> token used in visual reasoning tasks. As a result,
using reasoning templates rather degrades the personal grounding per-
formance, regardless of the two different special reasoning tokens. For
reward template ablations, removing the OCT template from the training
dataset weakens the scores, underscoring the importance of reinforced
visual recognition. Most notably, removing ICT causes a drastic decline in
performance, confirming its critical role in personal grounding. Removing (b)
t}}e VLT als.o lf;ads to a Performance drqp, suggesting that r@inforcing 0 Bl
visual localization contributes to enhancing personal grounding. These

findings emphasize that the integration of all proposed components is Figure 5: Visualization of
essential to achieve state-of-the-art performance. For the ablation results training stability.

on the additional components related to preserving the captioning quality,

excluding length regularization or detailed query prompts results in minor accuracy drops. For the
qualitative effects of these components on image captioning quality, please refer to the Appendix.
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Training Stability. In Figure 5, we report the mean and standard deviation of rewards across different
random seeds to demonstrate the stability of our RL training, independent of the data curriculum.

5 Conclusion

In this work, we propose RePIC, a novel RL-based post-training framework that alleviates the cost
of collecting high-quality personal captions, enabling effective personalized image captioning. By
leveraging verifiable rewards, curated data compositions, and tailored instruction templates, our post-
tuned MLLM achieves strong performance on personalized captioning tasks across both single and
multi-concept settings. Furthermore, our experimental results demonstrate that RePIC equips MLLMs
with more robust visual recognition abilities, enhanced personalized generation, and improved
generalizability than existing SFT-based methods, highlighting the superiority of our approach in
complex scenarios such as 4-concept image captioning cases not seen during post-training.

Limitations. In this work, the reproduced baseline models may not have undergone exhaustive
hyperparameter tuning. Further, as this study primarily focuses on evaluating the impact of RL
on personalized image captioning, future work could extend this approach to other personalized
tasks, such as multi-turn conversations. Additionally, we evaluated caption faithfulness only using
human-level preference scores due to the lack of GT captions. This would be improved by generating
GT captions with larger models like GPT-40 and human refinement.

Future Work Reducing retrieval noise through reasoning or stronger retrieval models, and exploring
alternatives to length regularization (e.g., self-correction, test-time scaling) are potential directions
for future research. While this work focuses on RL-based post-training on the image domain, future
research could extend personalization to other modalities such as audio and video, aligned with the
progress of models like Qwen-2.5 Omni [57].

Acknowledgments

The authors also gratefully acknowledge the support from the NVIDIA Academic Grant Program.
This research was supported by the National Research Foundation of Korea (NRF) through a grant
funded by the Korean government (MSIT) [No. 2022R1A3B1077720]; the Institute of Information &
Communications Technology Planning & Evaluation (II'TP) grant funded by the Korean government
(MSIT) [No. RS2021-11211343], Artificial Intelligence Graduate School Program (Seoul National
University), RS-2022-11220959, No.RS-2025-02263754, Human-Centric Embodied Al Agents with
Autonomous Decision-Making; Mobile eXperience(MX) Business, Samsung Electronics Co., Ltd.;
the AI-Bio Research Grant through Seoul National University; and the BK21 FOUR program,
Education and Research Program for Future ICT Pioneers at Seoul National University, in 2025. This
research was also conducted as part of the Sovereign Al Foundation Model Project (Data Track),

10



organized by the Ministry of Science and ICT (MSIT) and supported by the National Information
Society Agency (NIA), S.Korea (2025-Al Data-wi43).

References

(1]

2

—

[3

—

[4

—

[5

—

[6

—_

[7

—

[8

—_—

[9

—

[10]

(1]

(12]

(13]

(14]

[15]

[16]

(17]

Marah Abdin, Jyoti Aneja, Hany Awadalla, Ahmed Awadallah, Ammar Ahmad Awan, Nguyen Bach,
Amit Bahree, Arash Bakhtiari, Jianmin Bao, Harkirat Behl, et al. Phi-3 technical report: A highly capable
language model locally on your phone. arXiv preprint arXiv:2404.14219, 2024.

Yuval Alaluf, Elad Richardson, Sergey Tulyakov, Kfir Aberman, and Daniel Cohen-Or. Myvlm: Personal-
izing vlms for user-specific queries. In European Conference on Computer Vision, pages 73-91. Springer,
2024.

Peter Anderson, Basura Fernando, Mark Johnson, and Stephen Gould. Spice: Semantic propositional
image caption evaluation. In Computer Vision—-ECCV 2016: 14th European Conference, Amsterdam, The
Netherlands, October 11-14, 2016, Proceedings, Part V 14, pages 382—-398. Springer, 2016.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin Ge, Sibo Song, Kai Dang, Peng Wang, Shijie
Wang, Jun Tang, et al. Qwen2. 5-vl technical report. arXiv preprint arXiv:2502.13923, 2025.

Satanjeev Banerjee and Alon Lavie. Meteor: An automatic metric for mt evaluation with improved
correlation with human judgments. In Proceedings of the acl workshop on intrinsic and extrinsic evaluation
measures for machine translation and/or summarization, pages 65-72, 2005.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are few-shot learners.
Advances in neural information processing systems, 33:1877-1901, 2020.

Lichang Chen, Shiyang Li, Jun Yan, Hai Wang, Kalpa Gunaratna, Vikas Yadav, Zheng Tang, Vijay
Srinivasan, Tianyi Zhou, Heng Huang, et al. Alpagasus: Training a better alpaca with fewer data. arXiv
preprint arXiv:2307.08701, 2023.

Tianheng Cheng, Lin Song, Yixiao Ge, Wenyu Liu, Xinggang Wang, and Ying Shan. Yolo-world: Real-time
open-vocabulary object detection. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 16901-16911, 2024.

Jooyoung Choi, Chaehun Shin, Yeongtak Oh, Heeseung Kim, and Sungroh Yoon. Style-friendly snr
sampler for style-driven generation. arXiv preprint arXiv:2411.14793, 2024.

Yisol Choi, Sangkyung Kwak, Kyungmin Lee, Hyungwon Choi, and Jinwoo Shin. Improving diffusion
models for authentic virtual try-on in the wild. In European Conference on Computer Vision, pages
206-235. Springer, 2024.

Tianzhe Chu, Yuexiang Zhai, Jihan Yang, Shengbang Tong, Saining Xie, Dale Schuurmans, Quoc V Le,
Sergey Levine, and Yi Ma. Sft memorizes, rl generalizes: A comparative study of foundation model
post-training. arXiv preprint arXiv:2501.17161, 2025.

Guanting Dong, Hongyi Yuan, Keming Lu, Chengpeng Li, Mingfeng Xue, Dayiheng Liu, Wei Wang,
Zheng Yuan, Chang Zhou, and Jingren Zhou. How abilities in large language models are affected by
supervised fine-tuning data composition. arXiv preprint arXiv:2310.05492, 2023.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, et al. The llama 3 herd of models.
arXiv preprint arXiv:2407.21783, 2024.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong
Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement
learning. arXiv preprint arXiv:2501.12948, 2025.

Haoran Hao, Jiaming Han, Changsheng Li, Yu-Feng Li, and Xiangyu Yue. Remember, retrieve and generate:
Understanding infinite visual concepts as your personalized assistant. arXiv preprint arXiv:2410.13360,
2024.

Junjie He, Yifeng Geng, and Liefeng Bo. Uniportrait: A unified framework for identity-preserving
single-and multi-human image personalization. arXiv preprint arXiv:2408.05939, 2024.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and Jacob Stein-
hardt. Measuring massive multitask language understanding. arXiv preprint arXiv:2009.03300, 2020.

11



(18]

[19]

(20]

[21]

[22]

(23]

[24]

[25]

[26]

(27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

Jack Hessel, Ari Holtzman, Maxwell Forbes, Ronan Le Bras, and Yejin Choi. Clipscore: A reference-free
evaluation metric for image captioning. arXiv preprint arXiv:2104.08718, 2021.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, Weizhu
Chen, et al. Lora: Low-rank adaptation of large language models. /ICLR, 1(2):3, 2022.

Wenxuan Huang, Bohan Jia, Zijie Zhai, Shaosheng Cao, Zheyu Ye, Fei Zhao, Yao Hu, and Shaohui
Lin. Vision-rl: Incentivizing reasoning capability in multimodal large language models. arXiv preprint
arXiv:2503.06749, 2025.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam Perelman, Aditya Ramesh, Aidan Clark, AJ Ostrow,
Akila Welihinda, Alan Hayes, Alec Radford, et al. Gpt-4o system card. arXiv preprint arXiv:2410.21276,
2024.

Sangwon Jang, Jachyeong Jo, Kimin Lee, and Sung Ju Hwang. Identity decoupling for multi-subject
personalization of text-to-image models. arXiv preprint arXiv:2404.04243, 2024.

Chanran Kim, Jeongin Lee, Shichang Joung, Bongmo Kim, and Yeul-Min Baek. Instantfamily: Masked
attention for zero-shot multi-id image generation. arXiv preprint arXiv:2404.19427, 2024.

Black Forest Labs. Flux. ,2024.

Feng Li, Renrui Zhang, Hao Zhang, Yuanhan Zhang, Bo Li, Wei Li, Zejun Ma, and Chunyuan Li.
Llava-next-interleave: Tackling multi-image, video, and 3d in large multimodal models. arXiv preprint
arXiv:2407.07895, 2024.

Jiwei Li, Michel Galley, Chris Brockett, Jianfeng Gao, and Bill Dolan. A diversity-promoting objective
function for neural conversation models. arXiv preprint arXiv:1510.03055, 2015.

Shengzhi Li, Rongyu Lin, and Shichao Pei. Multi-modal preference alignment remedies degradation of
visual instruction tuning on language models. arXiv preprint arXiv:2402.10884, 2024.

Chin-Yew Lin. Rouge: A package for automatic evaluation of summaries. In Text summarization branches
out, pages 74-81, 2004.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr Dolldr,
and C Lawrence Zitnick. Microsoft coco: Common objects in context. In Computer vision—-ECCV 2014:
13th European conference, zurich, Switzerland, September 6-12, 2014, proceedings, part v 13, pages
740-755. Springer, 2014.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual instruction
tuning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
26296-26306, 2024.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. Advances in neural
information processing systems, 36:34892-34916, 2023.

Ziche Liu, Rui Ke, Yajiao Liu, Feng Jiang, and Haizhou Li. Take the essence and discard the dross: A
rethinking on data selection for fine-tuning large language models. arXiv preprint arXiv:2406.14115, 2024.

Ziwei Liu, Ping Luo, Xiaogang Wang, and Xiaoou Tang. Deep learning face attributes in the wild. In
Proceedings of the IEEE international conference on computer vision, pages 3730-3738, 2015.

Ziyu Liu, Zeyi Sun, Yuhang Zang, Xiaoyi Dong, Yuhang Cao, Haodong Duan, Dahua Lin, and Jiaqi Wang.
Visual-rft: Visual reinforcement fine-tuning. arXiv preprint arXiv:2503.01785, 2025.

Junhua Mao, Jonathan Huang, Alexander Toshev, Oana Camburu, Alan L Yuille, and Kevin Murphy.
Generation and comprehension of unambiguous object descriptions. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pages 11-20, 2016.

Niklas Muennighoff, Zitong Yang, Weijia Shi, Xiang Lisa Li, Li Fei-Fei, Hannaneh Hajishirzi, Luke
Zettlemoyer, Percy Liang, Emmanuel Candes, and Tatsunori Hashimoto. s1: Simple test-time scaling.
arXiv preprint arXiv:2501.19393, 2025.

Thao Nguyen, Haotian Liu, Yuheng Li, Mu Cai, Utkarsh Ojha, and Yong Jae Lee. Yo’llava: Your
personalized language and vision assistant. arXiv preprint arXiv:2406.09400, 2024.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-Jing Zhu. Bleu: a method for automatic evaluation
of machine translation. In Proceedings of the 40th annual meeting of the Association for Computational
Linguistics, pages 311-318, 2002.

12


https://github.com/black-forest-labs/flux

(39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]
[49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

Yuang Peng, Yuxin Cui, Haomiao Tang, Zekun Qi, Runpei Dong, Jing Bai, Chunrui Han, Zheng Ge,
Xiangyu Zhang, and Shu-Tao Xia. Dreambench++: A human-aligned benchmark for personalized image
generation. arXiv preprint arXiv:2406.16855, 2024.

Renjie Pi, Jianshu Zhang, Tianyang Han, Jipeng Zhang, Rui Pan, and Tong Zhang. Personalized visual
instruction tuning. arXiv preprint arXiv:2410.07113, 2024.

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas Miiller, Joe Penna,
and Robin Rombach. SdxI: Improving latent diffusion models for high-resolution image synthesis. arXiv
preprint arXiv:2307.01952, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish
Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual models from
natural language supervision. In International conference on machine learning, pages 8748-8763. PmLR,
2021.

Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and Kfir Aberman. Dream-
booth: Fine tuning text-to-image diffusion models for subject-driven generation. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 22500-22510, 2023.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

Shuai Shao, Zeming Li, Tianyuan Zhang, Chao Peng, Gang Yu, Xiangyu Zhang, Jing Li, and Jian Sun.
Objects365: A large-scale, high-quality dataset for object detection. In Proceedings of the IEEE/CVF
international conference on computer vision, pages 8430-8439, 2019.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, YK Li, Y Wu, et al. Deepseekmath: Pushing the limits of mathematical reasoning in open language
models. arXiv preprint arXiv:2402.03300, 2024.

Haozhan Shen, Peng Liu, Jingcheng Li, Chunxin Fang, Yibo Ma, Jiajia Liao, Qiaoli Shen, Zilun Zhang,
Kangjia Zhao, Qiangian Zhang, et al. Vlm-rl: A stable and generalizable r1-style large vision-language
model. arXiv preprint arXiv:2504.07615, 2025.

Ming Shen. Rethinking data selection for supervised fine-tuning. arXiv preprint arXiv:2402.06094, 2024.

Huajie Tan, Yuheng Ji, Xiaoshuai Hao, Minglan Lin, Pengwei Wang, Zhongyuan Wang, and Shanghang
Zhang. Reason-rft: Reinforcement fine-tuning for visual reasoning. arXiv preprint arXiv:2503.20752,
2025.

Zhenxiong Tan, Songhua Liu, Xingyi Yang, Qiaochu Xue, and Xinchao Wang. Ominicontrol: Minimal
and universal control for diffusion transformer. arXiv preprint arXiv:2411.15098, 3, 2024.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut, Johan
Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, et al. Gemini: a family of highly capable
multimodal models. arXiv preprint arXiv:2312.11805, 2023.

Gemma Team, Thomas Mesnard, Cassidy Hardin, Robert Dadashi, Surya Bhupatiraju, Shreya Pathak,
Laurent Sifre, Morgane Riviere, Mihir Sanjay Kale, Juliette Love, et al. Gemma: Open models based on
gemini research and technology. arXiv preprint arXiv:2403.08295, 2024.

Ramakrishna Vedantam, C Lawrence Zitnick, and Devi Parikh. Cider: Consensus-based image description
evaluation. In Proceedings of the IEEE conference on computer vision and pattern recognition, pages
4566-4575, 2015.

Jason Wei, Maarten Bosma, Vincent Y Zhao, Kelvin Guu, Adams Wei Yu, Brian Lester, Nan Du, Andrew M
Dai, and Quoc V Le. Finetuned language models are zero-shot learners. arXiv preprint arXiv:2109.01652,
2021.

Colin White, Samuel Dooley, Manley Roberts, Arka Pal, Ben Feuer, Siddhartha Jain, Ravid Shwartz-Ziv,
Neel Jain, Khalid Saifullah, Siddartha Naidu, et al. Livebench: A challenging, contamination-free 1lm
benchmark. arXiv preprint arXiv:2406.19314, 2024.

Jiazheng Xu, Xiao Liu, Yuchen Wu, Yuxuan Tong, Qinkai Li, Ming Ding, Jie Tang, and Yuxiao Dong.

Imagereward: Learning and evaluating human preferences for text-to-image generation. Advances in
Neural Information Processing Systems, 36:15903-15935, 2023.

13



[57]

(58]

(591

[60]

[61]

[62]

[63]

[64]

[65]

Jin Xu, Zhifang Guo, Jinzheng He, Hangrui Hu, Ting He, Shuai Bai, Keqin Chen, Jialin Wang, Yang Fan,
Kai Dang, et al. Qwen2. 5-omni technical report. arXiv preprint arXiv:2503.20215, 2025.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang Gao,
Chengen Huang, Chenxu Ly, et al. Qwen3 technical report. arXiv preprint arXiv:2505.09388, 2025.

Licheng Yu, Patrick Poirson, Shan Yang, Alexander C Berg, and Tamara L Berg. Modeling context in
referring expressions. In Computer Vision—ECCV 2016: 14th European Conference, Amsterdam, The
Netherlands, October 11-14, 2016, Proceedings, Part 1l 14, pages 69-85. Springer, 2016.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xiaochen Zuo, Yu Yue, Tiantian Fan, Gaohong Liu,
Lingjun Liu, Xin Liu, et al. Dapo: An open-source llm reinforcement learning system at scale. arXiv
preprint arXiv:2503.14476, 2025.

Tianyu Yu, Yuan Yao, Haoye Zhang, Taiwen He, Yifeng Han, Ganqu Cui, Jinyi Hu, Zhiyuan Liu, Hai-Tao
Zheng, Maosong Sun, et al. RIhf-v: Towards trustworthy mllms via behavior alignment from fine-grained
correctional human feedback. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 13807-13816, 2024.

Yang Yue, Zhiqi Chen, Rui Lu, Andrew Zhao, Zhaokai Wang, Shiji Song, and Gao Huang. Does
reinforcement learning really incentivize reasoning capacity in 1lms beyond the base model? arXiv preprint
arXiv:2504.13837, 2025.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q Weinberger, and Yoav Artzi. Bertscore: Evaluating text
generation with bert. arXiv preprint arXiv:1904.09675, 2019.

Yaowei Zheng, Richong Zhang, Junhao Zhang, Yanhan Ye, Zheyan Luo, Zhangchi Feng, and Yongqiang
Ma. Llamafactory: Unified efficient fine-tuning of 100+ language models. In Proceedings of the 62nd
Annual Meeting of the Association for Computational Linguistics (Volume 3: System Demonstrations),
Bangkok, Thailand, 2024. Association for Computational Linguistics.

Yaoming Zhu, Sidi Lu, Lei Zheng, Jiaxian Guo, Weinan Zhang, Jun Wang, and Yong Yu. Texygen: A
benchmarking platform for text generation models. In The 41st international ACM SIGIR conference on
research & development in information retrieval, pages 1097-1100, 2018.

14



Reference mages Query mage

<lecun

@op@‘.

<sundar <elon> sa
Reference nfo
<jeff>  :Heisa CEO of Amazon
<lecun> : He is a Chief AT Scientist at Meta.
<elon> :Heisa CEO of TESLA.
: He is a CEO of META.
sam! : He is a CEO of OPENAIL
<sundar> : He is a CEO of Google.
: He is a CEO of NVIDIA.

Q) Give a detailed personalized caption of the image.

A) The query image features a group of influential tech leaders, including <jeff> (CEO of Amazon), , <lecun> (Chief AI Scientist
at Meta), <sundar> (CEO of Google), <elon> (CEO of TESLA), , and <sam> (CEO of OpenAl). They are standing together in a
desert-like setting, wearing tactical gear, suggesting a collaborative effort or a strategic meeting. Their expressions range from serious to smiling, indicating a
mix of professionalism and camaraderie among these tech giants.

Figure A.1: Visualization of a more complex and diverse multi-concept image captioning result using
our proposed RePIC. The generated query image is sourced from InstantFamily [23].

Real , Generated
= o ' o Q) Give a detailed personalized caption of the image.
&' H &
ﬁ"‘l 3 A) The query image shows <customer1> wearing <outfit_1329>. The black t-shirt features a white Stussy logo
' on the front.
'
S 51
<outfit_1329> <customerl> |

Q) Give a personalized caption of the image.

A) In this photo, we see three distinguished individuals: <A>, a professor at the Université de Montréal; <B>,
a Chief AI Scientist at Meta; and <C>, a Nobel laureate in physics at 2024. They are captured in a casual
setting, enjoying a moment together with <A> holding a mug, symbolizing their camaraderie and shared
intellectual pursuits.

Q) Give a rich caption of the image.

| RN limbs are thick, shiny, and metallic, with a molten gold appearance that drips downward, enhancing the surreal and luxurious aesthetic. The

i a
i
H ‘il
* H |' . A) Astriking <style2> sculpture featuring a golden astronaut in a dynamic pose, seemingly mid-jump on a snowboard. The figure's suit and
! astronaut's helmet reflects light, adding depth and dimension to the piece.

Figure A.2: Visualization of RePIC results on various personalized image captioning tasks.

A Additional Qualitative Results

A.1 More Challenging Multi-Concept Setting

In this section, we further present the results of our method in the 7-concept setting, as illustrated in
Figure A.1. Notably, our approach generates faithful descriptions of the query image while accurately
referencing the corresponding reference images and their associated information. In Figure A.2, we
demonstrate that our proposed method can faithfully perform image captioning on synthetic images
across various tasks, including virtual try-on [10], multi-human or subject personalization [16], and
style-driven personalization [9], which is compatible with the state-of-the-art personalized image
generation benchmarks. These results highlight the superiority of our approach in handling diverse
personalized image captioning tasks with MLLM.

A.2 Visualizations on Image Captioning Quality

In Figure A.3, we present qualitative comparisons of image captioning quality in both single and
multi-concept settings, highlighting the effectiveness of our proposed method. Note that the RAP-
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patabase Q) Provide a caption of the given image.

Nawee : <boy_funko_pop>
tnfo : The image contains a
Funko Pop, a figurine of a male
character with a blue hoodie,
black shirt, blue jeans, and white
sneakers. He is holding a red
card in his right hand. -~

v RAP-LLaVA-210K

<boy_funko_pop> is standing in front of a picture of the empire state building. <boy_funko_pop>
is wearing a blue hoodie, yellow sunglasses, and white shoes. <boy_funko_pop> is holding a toy
car. Wrong captioning

v RAP-Qwen-210K
<boy_funko_pop> is ready to play poker!

v Ours-2K
<boy_funko_pop> is standing on a table surrounded by miniature cars, including a blue truck

\ | rPPINES

labeled “Philippines”, a red car, a yellow car, and a white car. Correct captioning

Q) Give a personalized caption of this image.

patabase v RAP-LLaVA-210K
ST Nawe : <Baby_Q> The image shows a french bulldog named Bull_dog lying on the floor next to a baby named
nfo : A baby is Baby_Q who is sleeping peacefully in a carrier. The baby is wrapped in a soft, colorful blanket
sleeping peacefully in and is secured by a black strap. The dog looks at the baby with a curious expression. The baby is

a carier. The baby is | in a living room with a patterned rug and a white couch in the background.
wrapped in a soft,
colorful blanket and is
secured by a black
strap

Wrong captioning
v RAP-Qwen-210K
<Bull_dog> is looking at the camera with a sad expression.

Nane : <Bull_dog> 198 vl r
wfo : A french ZMd N v Ours-2K
& bulldog. The dog is In this heartwarming scene, <Bull_dog> the French Bulldog and <Baby_Q> share a moment
. light brown in color — —

together. <Bull_dog> lies on the floor, <Baby_Q> is lying on a play mat with a playful mobile
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.

Correct captioning

Figure A.3: Examples of generated captions on single and 2-concept personalized image captioning
tasks.

Nawe : <clephant>
tnfo : <elephant> is a grey plush elephant toy with large ears and feet. The ears are ribbed and have a lighter gray trim. The feet are ribbed with a

cream colored trim.

L

Q) Provide a caption of the given image.

Ours — Full
<elephant> sits on a white wooden rocking chair in a room with hardwood floors and a beige wall.

Ours — w/o length regularization
<elephant> sits on a white wooden rocking chair.

Ours — w/o length regularization, w/o using detail prompt data template
This is <elephant>.

Ours — Full
<elephant> is a plush elephant toy with large ears and feet. The ears are ribbed and have a lighter tan trim. The feet are ribbed with a cream
colored trim. There is another <elephant> next to it, which has a tag that says “Lamb & Ivy” . Visual perception

Ours — w/o length regularization
<elephant> is sitting on a bed next to another <elephant>.

Ours — w/o length regularization, w/o using detail prompt data template
<elephant> is a soft plush toy that is sitting on a bed.

Figure A.4: Visualization of qualitative results for additional components used for our methods.

LLaVA often merely duplicates the retrieval information or generates visual hallucinations without
considering vision perception, and RAP-Qwen severely fails to caption correctly. In contrast, only
the proposed approach faithfully and concretely describes the given query image.

A.3 Effects of Additional Components for Preserving Captioning Quality

In Figure A.4, we present additional ablation results evaluating the impact of applying length
regularization and incorporating detailed prompts in the training dataset. The results indicate that in-
corporating length regularization and detailed prompts effectively mitigates generating uninformative
captions for the query images.
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Nawme : <bo>
info : <bo> is a well-groomed, medium-sized Shiba Inu with a thick, cinnamon-colored coat, cream accents, alert eyes, and a black collar.

Q) Please give a caption of the image.

1) <think> template

<think> The image shows a dog that appears to be a Shiba Inu based on its physical characteristics such as the pointed ears, compact body, and facial features.
The dog has a thick, cinnamon-colored coat with cream accents, which matches the description of <bo>. The dog's expression and posture also align with the
description provided. </think>

<answer> A well-groomed, medium-sized Shiba Inu named <bo> is sitting on a fluffy rug, looking alert and happy. The dog's thick, ci -olored coat and
cream accents are clearly visible, matching the description of <bo> </answer>

2) <observe> template

<observe> The image shows a Shiba Inu dog lying on a white shaggy rug indoors. The dog has a thick, cinnamon-colored coat with cream accents around its

chest and paws. Its ears are perked up, and it has a friendly expression with its tongue slightly out. The background includes a wooden floor and some

household items like a toy and a blue object. </observe>

<answer> A well-groomed, medium-sized Shiba Inu named <bo> is lying on a white shaggy rug indoors. displaying its thick, ci -olored coat with

cream_accents, alert eyes, and a black collar. The dog's cars are perked up, and it has a friendly expression with its tongue slightly out. The background
includes a wooden floor and some household items like a toy and a blue object. </answer>

3) No template
“#vs <bo> is sitting on a white rug with its tongue out, looking happy and relaxed.

Figure A.S: Visualizations of output responses with and without the use of reasoning templates.

A.4 Effect of Reasoning Templates

We consider the post-tuned model trained with reasoning templates such as <think> and <observe>
to verify the effectiveness of visual reasoning in personalized tasks, which has become a prevalent
choice [34, 20, 47] for MLLM post-training with RL. However, in Figure A.5, we observe that using
reasoning templates often results in longer outputs that fail to faithfully describe the query image.
In contrast, omitting templates leads to more concise yet accurate and faithful image descriptions.
Furthermore, as demonstrated in our main analysis, reasoning templates negatively impact personal
grounding performance in personalized image captioning tasks.

A.5 Further Limitations of RePIC

We illustrate the limitations of our RePIC model on the personalized image captioning task in
Figure A.6. In the first row, RePIC incorrectly captions the image with blue jeans, despite no such
item being present. A similar issue is observed in the second row, where the model references a
polka-dotted dress that does not appear in the query image. These examples show a limitation
of RePIC in generating accurate personalized captions, primarily due to insufficient fine-grained
visual perception. For instance, it struggles when objects are not visibly present (e.g., no blue jeans
appear) or when the reference and query images differ significantly (e.g., back view vs. front view),
making it difficult to recognize them as the same person or the same object. We expect that these
limitations can be mitigated either by constructing a high-quality database for each concept—avoiding
the use of personal information based solely on the visual appearance of the image, and ensuring the
reference image clearly shows a front view of the object—or by leveraging an MLLM equipped with
an advanced vision encoder and a more powerful backbone LLM, such as Qwen-3 [58].

We further acknowledge the inherent limitations of our current personalized retrieval pipeline,
particularly in corner cases where relevant concepts in the database are absent from the query image.
While our evaluation setting focused solely on object-centric benchmarks and did not account for
such cases, we anticipate that addressing them will be an important direction for future work. It is
expected to be particularly important in personalization scenarios that use video as input data. In this
regard, we believe robustness could be enhanced by incorporating a verifiable reward that penalizes
the model for generating responses based on incorrect or irrelevant information. We also conjecture
that such scenarios more clearly expose the limitations of RePIC in handling real-world complexity.

B Additional Experimental Configurations

B.1 Experimental Details

Our implementation is based on the open-source codebase. To train our model, we set LoRA rank as
64, LoRA alpha as 128, and use the number of generations per prompt as 8. The base model we used

https://github.com/om-ai-lab/VLM-R1
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Database Q) Give a personalized caption of this image.

l Nawe : <H>
info © A young man is
wearing a plain tan t-shirt.
His hair is short and curly.
wd
E\, Name : <T>
nfo : A young woman with

J| blonde hair is wearing a <4 z A - RAP-Qwen : <H>and <T> are sitting in front of a truck.
white tank top and blue
jeans. 7 ™ 4 are shown

Q) Give a personalized caption of this image.

g3

Ours — Full : A young man and woman, <H> and <T>, respectively, are squatting in front of a
parked truck. <H> is wearing a green t-shirt and <T> is wearing a white t-shirt with a Ford logo
and blue jeans. Wrong captioning

Qwen-2.5-VL : <H> and <T> squat in front of a truck.

| RAP-LLaVA : <H> is crouched down next to <T> in front of a black truck.

Nawme : <J>
iwfo : A man wearing a
white t-shirt and black shorts

Ours — Full : In this cozy indoor setting, <J> and <K> share a moment together. <J>, dressed
casually in a white t-shirt and black shorts, sits comfortably on a stool, while <K>, wearing a
stylish blue polka-dotted dress with a brown and white scrunchie, sits beside him. The scene
exudes a relaxed and intimate atmosphere, with <J> and <K> enjoying ecach other's company
amidst a backdrop of bicycles and home decor. Wrong captioning

Name : <K>

info © A young woman is
sitting in a chair, wearing a
blue polka-dotted dress. Her L L

hair is tied back with a No polkg/’

brown and white scrunchie.

| Qwen-25-VL : A man and a woman sit on a bench in a room with bicycles hanging from the
A ceiling.

RAP-LLaVA : <J> is sitting on a chair next to <K>.

RAP-Qwen : <J> and <K> arc sitting at a table in a cafe.

Figure A.6: Examples illustrating additional limitations of RePIC in 2-concept scenario.

< Single Objects > «——> Consistent Objects < Multi-Objects >

&

# A , $ f
(a) Subject 200K+ (d) Dreambooth (e) RAP-MLLM

Figure A.7: Datasets used for training and evaluation. Note that the Subject200K+ dataset (a) was
used for training, while all real datasets (b) to (f) were used only for evaluation.

is Qwen2.5-VL-Instruct-7B, a vision-language model capable of processing images, text, and
videos simultaneously, with enhanced instruction-following capabilities. Following the FLAN [54]
paradigm, the pretrained MLLM on a large corpus was further fine-tuned using instruction datasets.
We adopted this backbone because it is open-source and supports multi-image understanding, a
crucial feature for MLLM personalization. We chose the 7B variant as a suitable backbone MLLM
for our experiments, and the frozen copy remains fixed throughout training to perform as a reference
policy while GRPO.

B.2 Used Datasets for Evaluation

The data configuration used for both training and evaluation in our experiments is detailed in
Figure A.7. Notably, the Subject200K+ dataset was used exclusively for post-training and was not
included in the evaluation. All other real-image benchmarks were used for evaluation purposes.
In Figure A.8, we present the configuration of our curated DreamBooth [43] database used for
single-concept captioning evaluation in our experiment.

B.3 Used Data Templates

In Figure A.9, we illustrate the data and instructions for verifiable rewards of OCT, VLT, and ICT used
for post-training. Table A.1 shows the two reasoning templates of using <observe> and <think>
tokens used for our ablation studies involving special tokens. These templates were appended directly
before each captioning query.
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< Proposed DreamBooth Database >

Nawe : <backpack>
tnfo : <backpack> is a red backpack with multiple colorful
patches attached to it.

Nawe : <dog8>
nfo : <dog8> is a dog with a distinctive coat pattern,
primarily white with patches of gray and black.

Nawme : <berry_bowl>

nfo : <berry_bowl> is a white bowl with a black grid
pattern and the words 'Bon Appétit' written in gold cursive
on the side

Nawme : <bear_plushie>
nfo : <bear_plushie> is a brown plush teddy bear with a
light blue bow on its head.

Nawe : <backpack_dog>
tnfo : <backpack dog> features a large, cartoonish face of ‘
a dog on the front. The dog's face is brown with a lighter
brown snout and a pink tongue sticking out.

Nawme : <can>

tnfo : <can> is a beer can with the label 'Transatlantic
IPA.' The design features a large whale on the left side,
with a surfer riding a wave in the background.

Figure A.8: Visualization of the DreamBooth database constructed in this work.

LOCT
e s

Q) Please verify whether the objects in these pictures are the same. An object is considered the
same if its i y is maintained despite variations in lighting or pose. Answer with yes or no.

VLT dish in top right corner.  horse on the right where only its rear half s visible.

dANISOq
aAnedoN

Multi-ICT

<TPMU> <brown>
<Grace>

<BB>

Multi-ICT

-

<grandfather>

Q) Provide a natural-sounding caption that
conveys what is in the image.

= single-1cT g .
LI <boyl>

Q) (left) This is <lohan_1>. (right) Provide a brief Q) Describe the image in detail using given names.
caption of the image.

<sfza>

Q) Give the personalized caption of the image.

Figure A.9: Visualization of data templates used for MLLM post-training, including examples of
OCT, VLT, single-ICT, and multi-ICT.

B.4 Dataset Compositions

For generating <name>, we use a random name generator to sample human or object names in an
on-the-fly manner. To be specific, we use the faker library to generate multilingual terms (e.g.,
person and object names) in French, Korean, Italian, Chinese, and English in an on-the-fly manner.

To construct multi-concept crop images, we first select multi-image training samples (approximately
5% of training data) containing multiple crops from RAP-MLLM, and then manually select only
those examples with non-overlapping crops and clearly visible identities. These cropped samples

https://faker.readthedocs.io/en/master/

19



(a) Dataset Compositions . (b) Instruction Compositions . (c) Dataset Sensitivity

1.0

Object365
17%

Bounding
Box

28%
Visual .

[ele]ele] Perception

’1

46% 38% Multi-Identity

Subject200K+ |
Grounding ] —— Identity Instruction 30%

24% Identity Instruction 35%

Accuracy Rewards
o .
o

—— Identity Instruction 40%

0.4
0 10 20 30 40 50 60 70 80 90 100
Seen Data (%)

CelebA

10%

Figure A.10: (a) Dataset composition, (b) instruction composition, and (c) the sensitivity to the
proportion of identity grounding instructions within the overall training set.

Table A.1: Used reasoning templates

<think> Reasoning Template:

* First output the thinking process in <think> </think> tags and then output the final
answer in <answer> </answer> tags.

<observation> Reasoning Template:

* First, observe carefully and enclose the observation process in <observe> </ob-
serve> tags and then output the final answer in <answer> </answer> tags.

are used without applying additional data augmentation, such as color jittering or rotation. Further,
we use the Subject200K+ [50] dataset, which provides pairwise high-quality synthetic images with
realistic and diverse lighting and pose variations. By incorporating such a synthetic dataset, we
intended to enhance the MLLM’s visual perception capabilities for handling more complex and
realistic applications, such as personalized Al-generated image captioning.

Figure A.10 illustrates how we construct a high-quality dataset for personal grounding. In (a), we
show that the dataset is composed of COCO, Objects365, CelebA, and Subject200K+. (b) visualizes
the instruction composition, which includes OCT, VLT, single-ICT, and multi-ICT. We note that
approximately 31% of the total training data is composed of single and multi-ICT samples. In (c), we
highlight the dataset sensitivity for convergence. We observe that if the amount of ICT instruction in
training data is too high, the RL training often fails. This demonstrates that while RL is inherently
data-efficient, it is sensitive to data quality. Despite this, we are the first to empirically identify a
stable “sweet spot” in data and instruction composition and reward design that effectively balances
and stabilizes the training process, which we rigorously validate in our experiments through both
in-distribution and out-of-distribution experiments. Overall, our findings highlight the importance of
a well-structured instruction dataset for effective RL-based post-training in MLLM personalization.

B.5 Details On Retrieval Setting

Following the previous work [15], for a retrieval setting, we first utilize a database of image, text
pairs representing user-specific concepts. Given database images, each image is first processed using
a pre-trained CLIP [42] encoder to obtain visual embeddings. Then, for a given query image and
its corresponding textual instructions, YOLO-World [8] is employed to detect regions of interest.
Thus, cropped images are encoded into embeddings, and by computing Euclidean distances between
these embeddings and pre-stored embeddings, the most relevant reference images are retrieved from
the database. Our database is composed of key-value pairs for all concepts, where each concept is
associated with an image and corresponding textual information. Then, similar to skip-retrieval, the
reference image is retrieved from the database. A detector first generates region proposals from the
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query image, and then reference images are retrieved with their texts by selecting the top-K samples
from the database with high CLIP image cosine similarities.

More specifically, a detector generates ROIs for the query image relevant to the predefined category
texts specified for each concept, like "person”, "dog", "toy", and so on. Then, the CLIP similarities
are computed between multiple ROIs captured from the query image and the reference images in the
database. Specifically, for each ROI generated by the detector, we extract its visual embedding using
the CLIP image encoder and compute cosine similarity against the image embeddings of candidate
reference images, also obtained using the same CLIP model. The top-K most similar reference images
and their texts are then selected for MLLM demonstration. Note, we do not use reference texts in the
database for the retrieval. Once the reference images and texts are retrieved, they are prepended to the
query prompt in an in-context learning (ICL) fashion. Importantly, no example answers for the query
image are provided; MLLMs generate responses solely based on the retrieved references (images and
texts) and the query image in a personalized manner.

B.6 Details on Length Regularization

The output length regularization was applied exclusively to the ICT reward, not to OCT or VLT.
Further, the ICT reward is granted only when the output exceeds the cutoff length. As discussed in
Figure A.4, we observed that naively maximizing the ICT reward could lead the model to exploit
trivial shortcuts, such as repeatedly generating phrases like “This is <name>.” Since such outputs
still receive a full reward of 1, this results in a reward hacking issue. To address this, we introduced a
regularization strategy: if the generated output is shorter than a predefined cutoff length, the reward
is set to 0, even if the name is correctly included. We empirically set this minimum length to 100,
which corresponds to the lower bound of text lengths in our database. Figure A.17(b) presents a
qualitative ablation across different thresholds, and we found that a value of 100 offers stable and
meaningful reward signals during training. Additionally, to better encourage the model to produce
more descriptive captions, we incorporated detailed prompts into the training data (e.g., “Describe
the image in detail”’), which promotes longer and more informative outputs. Importantly, the model’s
captioning and instruction-following abilities are preserved through the KL divergence term in the
GRPO loss.

C Additional Analyses

C.1 Theorical Analysis of GRPO with PPO

We provide a theoretical comparison between PPO and GRPO to explain why GRPO is a suitable
algorithm for RL training in our work. Proximal Policy Optimization (PPO) [44] is a policy-based
RL algorithm that stabilizes policy updates by employing a clipping mechanism, as represented in
the equation below.

LP0(0) = By ayr.., [min (rt(e)/it, clip(r¢(6),1 — e, 1 + E)At)} (A1)
ri(0) = _olatlst) ¢ the probability ratio between the new policy 7, and the old policy 7. f.€ls

Tre (ﬂt \St)
a small hypeftrparameter that controls the clipping range. However, PPO heavily relies on absolute
reward values, making it sensitive to noise or suboptimal design, and its use of a separate value
function typically as large as the policy model, for advantage estimation adds significant memory and
computational overhead.

In contrast, GRPO is formulated as a group-level extension of PPO, incorporating per-token policy
ratios, clipped advantages, and explicit KL regularization, as described in Eq. (1) of our paper. Since
rewards are applied per sample, GRPO performs better with sparse reward data and stably learns
from relatively better responses rather than relying on absolute reward values.

In our work, GRPO offers the following advantages:

1. Effectively handling multiple identity references: For each query, the model generates
multiple responses and takes the most preferred responses at a group level.
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Table A.2: Single-concept copy-and-Paste analysis on wrong textual demonstrations.

Models BLEU (/) ROUGE-L(]) METEOR (}) SPICE(]) BERTScore (|)
RAP-LLaVA 0415 0.897 0.544 0.510 0.713
RAP-Qwen 0.190 0.834 0.361 0.375 0.447
Zero-Shot 0.129 0.677 0.276 0.261 0.427
Ours 0.079 0.578 0.213 0.140 0.340

2. Preserving caption quality during personalization: Instead of relying on a clipping mech-
anism, GRPO explicitly applies KL divergence regularization, which helps maintain
instruction-following capabilities throughout the personalization process.

3. Robust training under sparse reward conditions: These strengths are particularly evident
in single- and multi-concept ICT tasks during post-training. In the early stages, when
the MLLM lacks personal grounding ability, rewards tend to be sparse and hard to learn.
However, we observed that as training progresses, the personal grounding ability begins to
emerge, and the reward signal becomes richer and more informative.

Therefore, from those perspectives, we adopt the GRPO algorithm as a suitable strategy for our
RL-based post-training because of its stability and effectiveness, even when training with a small
amount of data (2K).

C.2 Additional Technical Depth of GRPO

We provide additional explanations as follows to enhance the clarity of using GRPO. In MLLM
post-training using GRPO, the vision encoder remains frozen, and only the backbone LLM is
fine-tuned. This ensures that the visual representation (extracted by the frozen encoder) stays stable,
while GRPO updates only the language model’s parameters based on RL signals.

1. How are group responses generated?: For each training instance, the model generates a
group of G responses {0;};=1,... ¢ by sampling from the reference policy 7. In our work,
group responses consist of personalized captions for ICT, predicted bounding boxes for VLT,
and binary yes/no responses for OCT. These responses are then converted into verifiable
rewards to calculate group-relative advantages.

2. How are group-relative advantages normalized, and what are their merits?: For a given set
of scalar verifiable rewards composed of ICT, OCT, and VLT, the rewards are grouped and
normalized together to calculate the advantage. The formulation of the group advantage
provides a stable reward signal, even in low-resource or noisy reward settings. In our work,
this merit becomes prominent in single and multi-ICT rewards during post-training. In
the early stages, the initial MLLM lacks personal grounding capability, resulting in sparse
rewards. However, as training progresses, the rewards become richer, and we observe the
emergence of personal grounding ability (see Figure A.12). We pose that this emergence is
encouraged by the GRPO on learning from relatively better responses rather than relying on
absolute rewards, thereby improving sample efficiency and training stability.

3. How is reference policy established?: In GRPO, the reference policy is typically established
as a frozen copy of the initial pretrained MLLM, denoted as ,.s, and remains fixed
throughout training. This frozen policy serves as a stable anchor point for regularizing the
current policy 7y via an explicit KL divergence penalty, which helps prevent policy drift.

C.3 Copy-And-Paste Analysis

We assume that current MLLMs often overlook visual information and rely solely on textual cues
without a thorough understanding. To address this issue, we conducted the following experiments.
The metrics employed are commonly used in image captioning evaluation, such as BLEU [38],
ROUGE-L [28], METEOR [5], SPICE [3], BERTScore [63], and measure the similarity between
the generated output and the reference text, skip-retrieved from the database. In this context, a
higher score indicates greater similarity between the two sentences, which implies a higher degree of
copy-and-paste behavior.
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Table A.3: Multi-concept copy-and-paste analysis on wrong textual demonstrations.

Models BLEU (/) ROUGE-L(]) METEOR (|) SPICE () BERTScore (})
RAP-LLAVA  0.143 0.649 0.284 0.335 0.404
RAP-Qwen 0.012 0.259 0.110 0.025 0.195
Qwen2.5VL  0.008 0.080 0.028 0.014 0.179
Ours 0.015 0.240 0.093 0.034 0.188

Table A.4: Comparison of text diversity under different query prompt designs.

Query Prompt \ Models Self-BLEU ()  Distinct-1 (1)  Distinct-2 (1)
. RAP-LLaVA 0.444 0.486 0.677
wio detailed | p AP Qwen 0.521 0.383 0.588

prompt

Zero-Shot 0.409 0.613 0.542
Ours 0.271 0.539 0.803
/ dotailed RAP-LLaVA 0.324 0.483 0.730
Prompt RAP-Qwen 0.137 0.523 0.815
Zero-Shot 0.359 0.542 0.782
Ours 0.128 0.624 0.850

In Table A.2, we investigate the extent of copy-and-paste behavior of MLLMs. In detail, we use
skip-retrieval of reference texts, which corresponds to the setting where wrong textual demonstrations
are intentionally provided with the reference image. To elaborate, Table A.2 evaluates the extent to
which the output of RePIC overlaps with the incorrect information given in the reference texts in a
single-concept setting. In other words, it assesses whether RePIC copies the misleading text verbatim
rather than grounding its description in the actual visual content when the demonstration contains
information that contradicts the image. As a notable result, despite being fine-tuned on large-scale
datasets, SFT-based methods are more vulnerable to the copy-and-paste problem than the zero-shot
baseline. In contrast, our RL-based method consistently achieves significantly better performance
across all metrics. This suggests that, unlike other SFT-based approaches that often produce templated
responses without thoroughly recognizing the query image, our proposed RePIC method enables the
post-tuned MLLM to generate personalized captions grounded in proper visual understanding of the
query image.

In Table A.3, we present the copy-and-paste results for a multi-concept setting using the RAP-MLLM
dataset. In this experiment, we feed incorrect textual demonstrations for both concepts. Our method
achieves the second-best performance after the zero-shot baseline and shows consistently lower copy-
and-paste behavior compared to other SFT-based models. It is important to note that these metrics
do not reflect image captioning quality. Upon analyzing the outputs, we observed that the zero-shot
baseline, despite producing the lowest overlap scores, frequently fails to generate meaningful captions
and instead outputs only its names or irrelevant responses in this specific scenario.

To further examine copy-and-paste behavior without considering the textual attack scenario, in
Table A.4, we measured the textual diversity between output responses generated for each concept.
Here, Self-BLEU [65] treats each caption as a hypothesis and the others as references, computing
BLEU scores accordingly. Distinct-n [26] calculates the ratio of unique n-grams to the total number
of generated tokens, offering an intuitive measure of lexical diversity. In this context, low diversity,
indicated by high S-B and low D scores, suggests that the generated captions for a given concept
are similar to each other, implying copy-and-paste behavior. Conversely, lower S-B and higher D
scores indicate greater diversity in generated captions for each concept. Note that the “detailed
prompt” refers to appending the phrase ‘‘output the response without duplicating the
given information’’ directly to the system prompt. As shown in Table A.4, our proposed method
consistently produces more diverse personalized captions compared to other methods in all settings.
These results further reinforce our main claims that RePIC demonstrates strong robustness in distin-
guishing between objects and effectively avoids simply replicating the provided information when
generating personalized captions.
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General Captioning Quality General Captioning Quality

Ours Zero-Shot Zero-Shot

Ours RAP-Qwen RAP-Qwen

Ours RAP-LLaVA RAP-LLaVA
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Preference [%] Preference [%]
(a) Single-Concept (b) Multi-Concept

Figure A.11: Additional preference evaluation using Gemini-2.0-Flash on single and multi-concept
personalized image captioning tasks.
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Figure A.12: Distributions of mean verifiable rewards during training for each task: (a) OCT, (b—c)
ICT, and (d) VLT.

C.4 Additional Preference Evaluation Results

We acknowledge the potential bias in ChatGPT-style preference scoring, where responses that are
overly polite or “sweet” may be favored. To address this issue, we enhance the evaluation in Figure 3
in our paper by incorporating results from multiple proprietary MLLMs (e.g., Gemini 2.0 Flash)
to validate our superior performance. This multi-model evaluation strategy mitigates single-model
bias and provides a more reliable assessment of overall caption quality. As shown in Figure A.11, the
results are consistent with the preference rankings measured by GPT-4o , further reinforcing RePIC’s
priority in both single- and multi-concept settings.

C.5 How Efficiently Does RL Maximize Rewards During Post-Training?

Figure A.12 illustrates how efficiently our proposed method achieves personalization of the model.
To analyze this, we divide the sections with the criterion of seen data during training into bins and
count the number of responses with a verifiable reward of 1 within each bin. These counts are then
normalized by the total number of responses that include both rewards of 0 and 1, which we call this
score as normalized occurrence. The results show a clear upward trend in performance across both
OCT, single and multi-ICT, once the proportion of seen data exceeds 50%. Here, the total number of
seen data is 2K. Notably, ICTs both begin with a low occurrence rate of approximately 0.2 but show
a sharp emergence towards 1.0 once the seen data surpasses 50% (i.e., 1K samples). These results
suggest that our method effectively guides MLLM personalization in a data-efficient and effective
manner, armed with our carefully designed verifiable rewards, data construction, and instruction
compositions. Note, VLT shows relatively stable performance regardless of the amount of seen data.

C.6 Can Length Regularization Reward Guides To Prolong Output Completions?

Figure A.13 presents ablation results on output completion lengths of the image captioning task across
the evaluation datasets. In all cases, applying our length regularization proves as a simple yet effective
strategy for increasing output lengths, consistently yielding longer completions, surpassing those
generated by both zero-shot and SFT (i.e., RAP-Qwen) baselines, which often generate uninformative
captions such as ‘This is <name>’.
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Figure A.13: Ablation studies on output length distributions of image captioning across single and
multi-concept evaluation datasets.
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Figure A.14: Visualization of results: (a) measured output response length (e.g. between <answer>
and </answer> tokens), (b) output length measured within the reasoning template (e.g. between
<think> and </think> tokens), and (c) ablation studies.

C.7 Does Reasoning Template Matter for Personalization?

We further conduct an experiment to investigate whether the reasoning templates have a meaningful
impact on personalization. Specifically, we examine the effects of using special tokens and measure the
output completion length when no reasoning template is used. Interestingly, as shown in Figure A.14,
our ablation results reveal the following: (a) Even without a reasoning template, the model is capable
of producing sufficiently long and informative answer responses. (b) In contrast, when using a
reasoning template, we observe a similar tendency toward overthinking [36], which is a decline in
accuracy as the average reasoning time increases, where the model focuses primarily on the reasoning
process at the expense of informative answers. Thus, in the same context as our experiments in the
main paper, for post-training with RL, eliminating the reasoning template contributes to enhancing
the personal grounding.

C.8 Does RePIC Enhance The General Image Captioning Ability of MLLM?

In this section, we compare the captioning performance of our proposed method with the zero-shot
baseline on a general image captioning task. The evaluation does not consider both skip-retrieval
and retrieval settings, as it focuses solely on captioning a single query image using general prompts
without any reference images.

As aresult, in Figure A.15, our method consistently generates more faithful and accurate descriptions
for the image compared to the zero-shot model under general query settings. In Figure A.16, we
further compare results using detailed query prompts. In this case, the results of both our method
and the zero-shot model show nearly equivalent performance in caption generation. This suggests
that RL-based post-training does not enhance a model’s ability to perform detailed image captioning
beyond what the zero-shot model can already achieve. Rather, our RL-based post-training method
reinforces the frequency of more faithful and preferable captions in the output under general query
prompt settings. These observations align with the results reported in concurrent studies [62, 14], and
quantitative results for the preference evaluations with GPT4o0 across the MyVLM, YoLLaVa, and
DreamBooth datasets are presented in Figure A.17.

Importantly, these results also demonstrate that our RePIC does not degrade the original model’s
general captioning capabilities after post-tuning. Unlike SFT approaches, our GRPO-based RL
training maintains the model’s generalization ability. This is achieved by applying KL-divergence
regularization between the reference and target models during training, ensuring that the target
model remains close to the reference. Thus, by maximizing a verifiable reward while preserving
instruction-following ability through KL-divergence, RePIC generates the preferable personalized
image captions without compromising the original model’s zero-shot capabilities.

25



Q) Can you provide a caption of this photo?

Ours
A cheerful animated dog with a big smile and expressive eyes lies on a grassy lawn, surrounded by colorful toys, including a purple pig and a
vellow duck. The scene exudes warmth and playfulness.

Zero-Shot
A cheerful animated dog enjoys some playtime with colorful toys in a grassy backyard setting.

YoLLaVA Dataset

Ours

A playful and quirky scene inside a car, featuring a small figurine with glasses sitting on the dashboard, looking out through the
windshield. The interior of the vehicle includes a modern steering wheel with a Kia logo, and the view outside shows a mix of greenery
and a textured wall.

Zero-Shot

Steering into adventure with a quirky companion behind the wheel!
MyVLM Dataset

Ours
A serene tea setting featuring a traditional clay teapot and saucer, accompanied by a delicate cup filled with tea, all resting on a rustic
wooden surface. The scene evokes a sense of calm and tradition.

Zero-Shot
A serene tea setting featuring a traditional clay teapot and saucer, accompanied by a delicate cup of tea on a rustic wooden surface.

DreamBooth Dataset

Ours

A vibrant scene featuring three parrots perched on a railing in a lush, green outdoor setting. The birds include a bright yellow parrot
on the left, a green parrot with a pink beak in the center, and a blue parrot on the right. The back d st a dense forest,
adding depth and natural beauty to the image.

Zero-Shot
Three colorful parrots perched on a railing, showcasing vibrant hues against a lush green backdrop. RAP-MLLM Dataset

Figure A.15: Visualization of image captioning results for general query prompts.

Q) Describe the image in detail.

Ours

The image features a person standing outdoors, smiling warmly at the camera. They are wearing a light blue cap with a small logo on the front
and glasses. The individual is dressed in a white, short-sleeved button-up shirt with a relaxed fit. A gray jacket is casually draped over their left
arm. The background showcases vibrant red flowers, likely salvia, with green foliage, suggesting a garden or park setting. The lighting appears
natural, indicating daytime, and the overall is cheerful and serene.

Zero-Shot

The image features a person standing outdoors, smiling at the camera. They are wearing a light bluc cap with a small log
glasses. The individual is dressed in o white. short-sleeved. button-up shirt that appears to be made of a lightweight fabric. They have a ora
jacket draped over their left arm. The background is lush with vibrant red flowers. likely sal and green foliage, suggesting a garden or park
setting. The lighting indicates it might be dayiime, possibly late afternoon given the softness of the light. The overall atmosphere is cheerful
and relaxed.

on the front anc

YoLLaVA Dataset

Q) Describe the image in detail.

Ours

The image depicts an anime-style scene featuring two characters. On the left, there is a large, white, fluffy creature resembling a polar bear
with a friendly expression, characterized by its small black eyes and a gentle smile. The creature's fur appears soft and detailed, with a mix of
white and light gray tones. On the right, there is a young girl with pink hair and green eyes. She has a cheerful and content expression, with a
slight blush on her cheeks. Her hair is styled in a bob cut, and she is wearing a school uniform that includes a brown jacket with gold nts., a
white shirt, and a red tie. The background suggests an indoor setting, possibly a cl or a similar envi with wooden paneling
visible behind the characters. The overall atmosphere of the image is warm and friendly.

Zero-Shot

The image features two characters from an anime-style illustration. On the left. there is a large, (Tuffy white bear with a friendly expression
showing its snout and part of its body. The bear's fur appears soft and detailed, with a slightly darker shade around its mouth area. On the right,
there is a v« girlwith vibrant pink hair and oreen eves. She has a cheerful expression, with a wide smile and bright, lively eyes. Her hair is
styled in a bob cut with bangs that frame her face. She wears a school uniform consisting of a brown jacket with gold trim. a white shirt, and ¢
red ribbon or sash. The background suggests they are indoors, possibly in a hallway or room with wooden paneling. The overall tone of the
image is warm and inviting, with soft lighting enhancing the characters' expressions.

RAP-MLLM Dataset

Figure A.16: Visualization of image captioning results for detail query prompts.

Table A.5: Visualization of Recall scores (%) for 2-concept personal grounding.
| 2-Concept | AVG
‘ Skip-Ret. ‘ Ret. ‘

Ours-2K w/o multi-ICT 43.9 42.7 | 433
Ours-2K w/ multi-ICT 98.8 92.7 | 95.8

Models
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(a) General Captioning Quality (b) Detail Captioning Quality
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Figure A.17: Quantitative results of preference evaluations for the single-image captioning task
without reference images, using (a) general query prompts and (b) detailed query prompts. Note that
RePIC outperforms the zero-shot model in (a), and achieves comparable results in (b).
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Figure A.18: Visualization of KL-divergence and accuracy reward plots on the seen data.

C.9 Why Multi-ICT is Necessary?

We present the recall scores in the 2-concept settings to verify the need to contain multi-ICT in
the training data. As shown in Table A.5, models trained only with single-ICT fail to perform well
in a multi-concept setting. This highlights the necessity of our proposed multi-ICT for improving
multi-concept personal grounding performance.

C.10 Sensitiveness of the Quality of Synthetic Data

To assess the generalizability of our method to other synthetic data variants, we incorporated the
DreamBench++ dataset while keeping the data composition and hyperparameters consistent. Unlike
the FLUX-based Subject200K++ used in our main experiments, DreamBench++ contains images
from earlier diffusion models (e.g., SDXL [41]). As shown in Table A.6, our method achieved superior
performance in both S.R and R settings. We attribute this to the higher fidelity of Subject200K++,
which underwent extensive quality filtering, whereas DreamBench++ lacked sufficient refinement. We
conjecture that such image fidelity highly influences our OCT reward maximization during training.
Consequently, these results underscore the importance of using high-quality synthetic datasets for
effective RL training.

Table A.6: Additional results of varying synthetic data in the 2-concept image captioning task.
Models Skip-Retrieval Retrieval

Pre. Recall Fl ‘Pre. Recall F1
Ours w/ Subject200K++ [50] | 100 98.8 994 | 98.7 92.7 95.6

Ours w/ DreamBench++ [39] | 100 89.0 942 | 97.8 80.5 88.3

C.11 Analysis on Hyperparameter Sensitivity

Figure A.18 presents the results of various ablation studies. In (a), we compare three settings: using
only simple prompts, incorporating detailed prompts, and further applying length regularization based
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on a verifiable reward function. This reward assigns a value of 1 only when the output response
length exceeds a predefined cutoff. We set the cutoff length to 100, as the average length of personal
information in our database is approximately 100 tokens—roughly equivalent to at least one complete
sentence. To encourage more informative image captions, we regularize the model to generate outputs
of at least this length. In (b), we investigate how the expected reward changes with different values
of the KL-divergence regularization weight Sx; . We also observe that the convergence behavior is
influenced by the cutoff length used for length regularization. Our results indicate that the combination
of Skr, = 0.04 and a cutoff length of 100 yields the best performance.

D Used Templates

D.1 Evaluation Templates

In Table A.7, we present the evaluation prompts used for personalized image captioning.

Table A.7: Prompts used for evaluating the personalized image captioning experiments.

Single-Concept Caption Template:
* Give a personalized caption of this image.
* Give a caption of the image.
* Can you provide a personalized caption for this photo?
* Provide a caption of the given image.

Multi-Concept Caption Template:
* Give a personalized caption of this image.

* Give a personal caption of the image.

* Provide a personalized caption of the given image.

D.2 Preference Evaluation Templates

The template used for our preference evaluation is shown below. Rather than favoring captions that
merely duplicate retrieved content, we instructed the model to evaluate preferred captions that convey
meaningful and accurate information to satisfy the following criteria:

1. Reference Similarity: Measures how closely the generated caption matches the retrieved
reference sentence. A higher similarity indicates potential redundancy, and thus a lower
preference score is assigned.

2. Captioning Faithfulness: Assesses how accurately the generated caption describes the
visual content of the input image.
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Preference Evaluation Template

Retrieval-based Preference Evaluation: You are an evaluation expert. Your task is to
determine which answer best describes the given image accurately. Carefully analyze the
options and select the most appropriate one as your final choice.

Input: <Image>

The name of the object in this image is: {Name}.

The additional information for the given image is: {Info}.

The preferable caption is one that is not merely a duplication of the given information but
provides a meaningful and accurate description.

Which one is more preferable caption to the {Name}?

Options:

A: {stringl}

B: {string2}

Output the final answer by choosing one of the options with a single alphabet.

Answer: A, B

D.3 Instruction Templates

We further present the system prompts used for OCT and ICTs. In the following, in Tables A.8, A.9,
and A.10, we present the full instruction templates used for OCT, ICT, and VLT, respectively. Note,
we augment the instructions using GPT-4o.

System Prompt for OCT

As an evaluation expert, your task is to verify whether the object identified as <name> in the
first image is also present in the second image. Answer with yes or no. {Question}

System Prompt for Single-ICT

You are a captioning expert. Your task is to generate an accurate caption for the second image
while referencing the first image. Both images contain the same object. The object in the first
image is named <name>. {Question}

System Prompt for multi-ICT

You are a captioning expert. Your task is to generate an accurate caption for the last query
image while referencing the given reference images. The reference images each contain an
object, named respectively as <name1>, <name2>. {Question}

These are additional information about the given images except the last image: <name1>,
<name2>, and <name3>. {Question}

Each object in the images not including the last image has a name: <namel>, <name2>.
{Question}

Below is additional information about the object all images except the last one: <name1>,
<name2>. {Question}




Table A.8: Instruction templates used for OCT in training data.

Object Consistency Tuning (OCT) Template:

* Please verify whether the objects in these pictures are the same. An object is
considered the same if its consistency is maintained despite variations in lighting
or pose.

* [s <name> visible in this picture?

¢ Is <name> in this image?

* Do you see <name> in the photo?

¢ Is <name> present in this photograph?

* Can you identify if <name> is captured in this picture?
* Is <name> depicted in this image?

* Does the picture feature <name>?

* Can you confirm if <name> appears in this photo?
* Is <name> included in this shot?

* Is <name> shown in this image?

¢ Can you tell if <name> is part of this photograph?
e Is there any sign of <name> in this picture?

¢ Can you detect <name> in the photo?

¢ Is <name> captured in this image?

¢ Do you recognize <name> in this picture?

Table A.9: Instruction templates used for VLT in training data.

Visual Localization Tuning (VLT) Template:

* Please provide the bounding box coordinate of the region this sentence describes:
<name>.

* Give <name>’s bounding box in the image.

* Describe <name>’s position in the image.

¢ Please provide the coordinates of the bounding box for <name> in the given image.
* Specify the rectangular boundaries of <name> in the image.

* Give <name>’s position in the following image.

* Please provide <name>’s bounding coordinates in the image.

* Indicate the bounding box for <name> in the image.

» Show the bounding box for <name> in the picture.

* Specify <name>’s bounding box in the photograph.

* Mark <name>’s bounding box within the image.
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Table A.10: Instruction templates used for single and multi-ICT in training data.

Identity Consistency Tuning (ICT) Template:
» Give a caption of the image.
 Give a personalized caption of this image.
* Provide a general caption of the image.
¢ Summarize the visual content of the image.
* Create a detail caption of the image.
¢ Offer arich and clear interpretation of the image.
* Describe the image in detail.
¢ Render a summary of the photo.
* Provide a caption of the given image.
» Can you provide a personalized caption of this photo?
* Could you describe this image faithfully?
* Generate a detailed and accurate description of the image.
» Write a caption that reflects the contents and context of the image.
» Compose a meaningful caption that truly represents the image.
* Describe the image in a personalized and context-aware manner.
* Provide a natural-sounding caption that accurately conveys what is in the image.
* Craft a caption that authentically describes the scene in the image.
» Create a caption that captures the essence of the image.
* Write a caption that reflects what’s visually happening in the photo.
* Generate a human-like description that accurately represents the image.
» Describe this image as if you were explaining it to a friend.
¢ Produce a relevant and truthful caption based on the image.
* Give a caption that matches the visual elements in the image.
¢ Summarize the visual content of this image in a natural way.
* Write an image-grounded caption that remains faithful to the content.

* Provide a descriptive sentence that corresponds closely to the image.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA] .

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The paper clearly articulates its contributions and scope in both the abstract
and introduction, maintaining a consistent and comprehensive narrative throughout the
manuscript.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: Our paper discusses the study’s limitations and outlines future research direc-
tions to address them.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

 The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: Our paper introduces a novel post-training scheme and demonstrates its effec-
tiveness through extensive empirical evaluations rather than theoretical analysis.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Our paper provides the details for reproducing the main experiments related
to the proposed personalized image captioning approach. Additionally, we will release the
complete code for both training and inference.
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Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: The checkpoint of the pre-trained model is available on HuggingFace at
Yeongtak/RePIC_Qwen2.5VL_7B. The corresponding training and inference codes are
released as open-source on https://github.com/oyt9306/RePIC.

Guidelines:

The answer NA means that paper does not include experiments requiring code.
Please see the NeurIPS code and data submission guidelines (

) for more details.
While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).
The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (

) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Our paper presents detailed information on the experimental setup, including
data splits, hyperparameters, and design choices, which are described in both the main text
and the appendix.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: In Figure 5, we report the mean and standard deviation of rewards across
different random seeds to demonstrate the stability of our RL training, independent of the
data curriculum used during post-training.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the
experiments?

Answer: [Yes]
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Justification: We report the types and number of GPUs used in our experiments, along with
the software packages employed for training.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics ?

Answer: [Yes]

Justification: This research fully adheres to the NeurIPS Code of Ethics. All ethical guidelines
and standards have been rigorously observed throughout the study.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Our paper discusses the potential broader impacts of the proposed research in
the conclusion section.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).
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Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA|

Justification: Our model does not present such risks; therefore, safeguards for responsible
data or model release were not deemed necessary.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Yes, we have properly credited the original creators of all assets used in the

paper, including publicly available models and packages, with accurate and appropriate
citations.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets,
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This paper does not include new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

37


paperswithcode.com/datasets

14.

15.

16.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA|
Justification: This paper does not involve crowdsourcing.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This study does not involve any research involving human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA|
Justification: We affirm that no large language model (LLM) was used for any critical,

original, or non-standard component of the core methodology. LLMs were utilized solely
for general writing, editing, or formatting purposes.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy ( )
for what should or should not be described.
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