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

1 Introduction

The emergence of Large Language Models (LLMs) has greatly propelled the advancement of
AI, particularly in natural language understanding and generation [1, 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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Multi-Concept Image Captioning with 3-Concepts

<ball> 

<otter> 

Q) Give a personalized caption for the image.

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

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

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

Identity Missing

Identity Missing

Faithful Captioning

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

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

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

<monster_toy>  <sloth> 

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

Identity Missing

Identity Missing

Faithful Captioning

<plush>  

Q) Give a personalized caption for the image.

Name: <thao>

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

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

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

Missing Name!

Does not contain any personal information!

<monster> 

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-4o [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 [15] 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
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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 MLLM 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 MLLMs.
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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. Speci�cally, we outline the design of veri�able 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. Speci�cally, 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 taskq is sampled from the
distributionQ, and the policy model� � old generates a set ofG responses, denoted asf oi gG

i =1 , which
are referred to as rollouts. Then, each response is assigned with a corresponding rewardf r i gG

i =1 . This
process can be formulated as follows:
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where the importance of sampling ratior i
t (� )= � � (oi;t j q;oi;<t )

� � old (oi;t j q;oi;<t ) , Â i
t is the normalized advantage with

� and� being the mean and standard deviation of a group of rewards. Here,� controls the strength
of the KL-regularization.

We leverage averi�able 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 Veri�able 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
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model respondsyes for a positive pair andno for a negative pair. Incorrect responses receive a VR
of 0. Based on these pairs, we design a reward template called OCT, as de�ned in Eq. (2).

r OCT =
�

1; if correctly answer withyes or no
0; else

(2)

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 suf�cient 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 than0:5, as described in Eq.(3):

r VLT =
�

1; if IoU � 0,5
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. Speci�cally,
we use Refcoco/+/g datasets [35, 59] commonly used for the general visual reasoning task of referring
expression comprehension (REC). Notably, our empirical �ndings 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):

rSingle-ICT =
�

1; if <name>appears in the output
0; otherwise

(4)

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

r Multi-ICT =
�

n=m; if <name 1>; <name 2>; � � � ; <name n>appears in the output
0; otherwise

(5)

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

BaselineWe compare our method with other post-training-based approaches. As baseline models,
we �ne-tuned PVIT-LLaVA [40] using a 210K subset of the 3M dataset. We also consider pre-
trained RAP-LLaVA [15], which is �ne-tuned using LoRA [19] from LLaVA-1.5 Vicuna 13B [30].
In addition, we �ne-tune RAP-LLaVA using only 2K samples randomly selected from the full
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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 3.3 20.1 2.1 3.8 26.5 16.5 20.3
RAP-LLAVA 210K 100 92.9 96.3 100 95.5 97.7 97.3 91.8 94.5
RAP-LLAVA 2K 100 49.4 66.1 50.6 48.6 49.6 68.4 65.8 67.1
RAP-Qwen 210K 100 98.8 99.4 100 99.8 99.8 100 100 100
Qwen-2.5 VL 0 100 56.8 72.4 100 33.3 50.0 96.0 76.6 85.2
Ours 2K 100 96.2 98.1 99.7 96.1 97.9 100 98.1 99.0

Retrieval Setting
Retrieval (Top-2) 97.6 95.9 96.7 83.6 82.9 83.3 99.3 96.2 97.7
RAP-LLAVA 210K 95.6 79.1 87.8 82.7 79.9 81.2 96.0 91.1 93.5
RAP-LLAVA 2K 79.2 53.8 64.1 71.2 52.2 64.4 69.5 66.5 68.0
RAP-Qwen 210K 95.5 87.9 91.6 79.2 75.1 76.2 98.7 94.3 96.4
Qwen-2.5 VL 0 91.5 50.6 65.2 77.4 42.3 55.2 95.2 75.3 84.1
Ours 2K 99.0 83.2 90.4 84.4 69.7 76.3 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. F1

RAP-LLaVA 210K 100 93.9 96.9 99.3 89.6 94.5 52.9 4.3 7.9 16.7 3.1 5.2
RAP-LLaVA 2K 100 90.2 94.9 95.7 81.1 87.8 36.4 1.9 3.6 22.4 0.7 1.4
RAP-Qwen 210K 100 82.9 90.7 100 73.2 84.5 49.6 13.6 21.3 12.6 2.6 4.3
Qwen-2.5 VL 0 100 75.0 85.7 98.1 64.0 77.5 73.3 22.9 34.8 22.5 6.4 10.0
Ours - Full 2K 100 98.8 99.4 97.5 93.9 95.7 88.0 59.5 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 �ne-tune
it using LoRA on the 210K instruction dataset [15], with data templates adapted for Qwen-VL
compatibility. The resulting model, �ne-tuned using LLaMA-Factory [64], is referred to as RAP-
Qwen. Hyperparameter sensitivity details are provided in Appendix C.

DatasetWe 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 [15] 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 DetailsFor 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 �rst and second rows, respectively. In (a), our model outperforms all other baseline models,
while in (b), it surpasses all ablation variants.

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 Nameor nameappears 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 thepersonal grounding
performance of the post-tuned MLLM. Here, recall re�ects 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 ofn=m
if the model correctly includedn target names in the response from givenm 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
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Table 3: Image caption quality evaluation results with reference captions.

Types Metrics RAP-LLaVA RAP-Qwen Zero-Shot Ours

Reference-
based

BLEU [38] (10� 2) 0.260 0.170 0.210 0.290
CIDEr [53] 0.193 0.185 0.208 0.194
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-
free

CLIPScore [18] 0.332 0.316 0.323 0.339
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 signi�cant 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
signi�cantly 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 withGPT-4o[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 �rst 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 signi�cantly 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 �rst 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
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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 95.2 90.8 92.4
RAP-Qwen 210K 100 69.7 82.1 98.2 82.6 89.4 85.0 71.5 77.7
Qwen-2.5 VL 0 100 55.6 72.4 99.0 60.4 75.0 97.2 88.6 92.7
Ours 2K 98.9 54.4 71.5 93.8 64.0 76.1 82.6 63.3 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 77.5

Reasoning Template Ablations
Ours<think> 2K 100 90.9 95.2 97.2 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 73.2 84.2 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 22.7 97.4 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 99.4 97.5 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 usingGPT-4o
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 signi�cantly 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 over�t to dominant patterns and struggles to learn from rare or diverse
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data [12]. Our experimental results further highlight why RAP-Qwen performs well in single-concept
settings but fails signi�cantly in OOD scenarios. These �ndings underscore the necessity of RL-based
approaches to perform robust and generalizable personalized image captioning.

Figure 5: Visualization of
training stability.

Ef�cacy 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, con�rming its critical role in personal grounding. Removing
the VLT also leads to a performance drop, suggesting that reinforcing
visual localization contributes to enhancing personal grounding. These
�ndings emphasize that the integration of all proposed components is
essential to achieve state-of-the-art performance. For the ablation results
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.

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 veri�able 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-4o and human re�nement.

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].
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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].

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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