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Abstract

Reinforcement Learning (RL) has demon-
strated significant gains in image captioning,
yet it is still limited in encouraging Large
Vision-Language Models (LVLMs) to explore
novel reasoning strategies. This limitation
leads to a performance gap between RL and
Supervised Fine-Tuning (SFT). In this paper,
we argue that multi-modal retrieval can serve
as an effective reasoning signal for caption re-
finement. Based on this insight, we present the
Retrieval-Guided Refinement for Image Cap-
tioning (Re®Cap), a retrieval-guided reasoning
strategy that enhances image captioning with-
out requiring additional annotations. Instanti-
ated by Caption Refinement Suggester (CRS)
and Caption Quality Assessor (CQA), this strat-
egy identifies hallucinations and omissions in
image captions, leading to more accurate and
detailed descriptions. Extensive experiments
demonstrate the superiority of our method in
image captioning, even compared with Super-
vised Fine-Tuning. Especially, Re3>Cap out-
performs GRPO with an average improvement
of 8.64% in relation reasoning on the COCO-
LN500 benchmark. The code will be released
when the paper is accepted.

1 Introduction

Image captioning (Karpathy and Fei-Fei, 2015;
Huang et al., 2019; Liu et al., 2017b) is a fundamen-
tal task in computer vision and plays an essential
role in various applications, such as text-image re-
trieval (Duan et al., 2025; Chen et al., 2024b), text-
to-image generation (Betker et al., 2023; Zheng
et al., 2024), and visual question answering (Cheng
et al., 2025; Hu et al., 2024; Miao et al., 2026). Re-
cently, the development of Large Vision-Language
Models (LVLMs) (Dai et al., 2023; Liu et al., 2023;
Dong et al., 2024; Bai et al., 2023; Ye et al., 2023)
has demonstrated notable success in multi-modal
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understanding and yielded significant performance
gains in image captioning. Nevertheless, image
captions generated by existing methods (Cornia
et al., 2020; Huang et al., 2019; Liu et al., 2017a,b;
Feng et al., 2019; Bahng et al., 2025; Tewel et al.,
2022; Xu et al., 2023) are prone to hallucinations
and often fail to capture fine-grained visual details.
Consequently, it remains challenging to generate
detailed and accurate image captions.

Previous studies have primarily leveraged rein-
forcement learning (RL) to post-train Large Vision-
Language Models (LVLMs) to enhance their image
captioning capabilities. For instance, CLIP-based
methods (Cho et al., 2022; Yu et al., 2023; Dz-
abraev et al., 2024) assess the correlation score
between images and LVLM-generated captions
based on Vision Language Models (VLMs). By
using this score as the reward signal, these methods
force LVLMs to generate more detailed image cap-
tions. Unfortunately, due to the constrained com-
positional reasoning capabilities of VLMs (Wang
et al., 2024a), these methods remain highly sus-
ceptible to reward hacking. Accordingly, SC-
Captioner (Zhang et al., 2025) annotates keywords
for each image and evaluates the quality of image
captions by checking whether the caption explic-
itly contains these words. However, RL-based ap-
proaches still lag behind Supervised Fine-Tuning
methods (Luo et al., 2024; Yang et al., 2025b; Li
et al., 2024b; Chen et al., 2024a).

Recent studies (Yue et al., 2025) reveal that re-
inforcement learning merely selects the highest-
reward caption from candidates that are pre-
generated by LVLMs. During training, LVLMs ex-
hibit limited exploration of novel reasoning strate-
gies, failing to produce diverse and previously unex-
plored caption candidates. In this case, the caption-
ing performance of RL-optimized LVLMs remains
bounded by the intrinsic reasoning capabilities of
the base model. Consequently, the crucial chal-
lenge in image captioning lies in exploring novel
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reasoning strategies that empower models to gener-
ate unexplored candidate captions for RL.

In this paper, we argue that multi-modal retrieval
can serve as an effective reasoning signal for cap-
tion refinement. Intuitively, visually similar im-
ages often share overlapping semantic content.
In this way, by using the source image as a query,
we can infer its semantic content from descriptions
of the retrieved similar images. Moreover, seman-
tically similar queries tend to yield consistent
retrieval results. Consequently, a detailed and ac-
curate image caption should induce retrieval results
similar to those obtained from the source image.
Any discrepancy between image-based and caption-
based retrieval descriptions signals the misalign-
ment between the image and the LVLMs-generated
caption, indicating hallucinations.

Building on these observations, we introduce
Re3Cap, a retrieval-guided reasoning strategy that
enhances image captioning through two compo-
nents: the Caption Refinement Suggester (CRS)
and the Caption Quality Assessor (CQA). Specifi-
cally, CRS identifies critical elements to preserve
in the image caption by verifying descriptions that
consistently overlap across retrieved similar images.
Furthermore, CQA analyzes discrepancies between
image-based and caption-based retrieval descrip-
tions to indicate hallucinations and omissions in
the generated caption. Through this process, we
determine which elements in LVL.M-generated cap-
tions should be retained, which hallucinated con-
tent needs to be removed, and which visual details
from the source image have been omitted. Dur-
ing RL training, such reasoning results will guide
LVLMs to refine their captions without requiring
additional annotations. By injecting this reasoning
strategy, LVLMs generate diverse, previously un-
explored caption candidates, thereby significantly
enhancing their image captioning capability. Ex-
tensive experiments demonstrate the effectiveness
of our proposed method across multiple LVLM ar-
chitectures under diverse reward functions. Our
contributions can be summarized as follows:

* We present a novel retrieval-based reasoning
strategy to indicate hallucinations and omis-
sions in captions without requiring additional
annotations.

» We propose Re?Cap, which guides LVLM:s to
generate previously unexplored caption candi-
dates, thereby enhancing model performance
in image captioning.

» Extensive experiments demonstrate that our
method improved the performance on various
LVLMs, outperforming state-of-the-art meth-
ods by a large margin, even compared with
Supervised Fine-Tuning.

2 Related Work

Image captioning is a fundamental task in computer
vision, serving as a key bridge between the visual
and linguistic modalities. Recent works can be
broadly categorized into two lines: supervised fine-
tuning (SFT) and reinforcement learning (RL).

2.1 Supervised Fine-Tuning

Previous approaches typically adopt an en-
coder—decoder paradigm, where an encoder ex-
tracts visual representations from the image, and
a decoder autoregressively generates the cap-
tion (Cornia et al., 2020; Huang et al., 2019; Liu
et al., 2017a,b; Vinyals et al., 2015; Wang et al.,
2022; Mokady et al., 2021; Luo et al., 2023). Build-
ing upon the encoder—decoder paradigm, several
works further incorporate retrieval-augmented gen-
eration (RAG), where the captioner is conditioned
not only on the image but also on relevant texts re-
trieved from external corpora (Ramos et al., 2023;
Li et al., 2024a; Kim et al., 2025). Complemen-
tary approaches substitute human annotations with
synthetic data for supervision (Luo et al., 2024;
Yang et al., 2025b; Li et al., 2024b; Chen et al.,
2024a). In addition, some approaches perform
self-supervised training by leveraging the shared
multimodal embedding space of vision—language
models (Fei et al., 2023; Tam et al., 2023; Lee
et al., 2025). Controllability has also been explored
by fine-tuning captioning models to obey user-
specified control signals (Kornblith et al., 2023;
Saito et al., 2025). Despite substantial gains in cap-
tion accuracy and detail, these methods still heav-
ily depend on large-scale image—caption datasets,
which are expensive and time-consuming to collect.

2.2 Reinforcement Learning

Increasingly, researchers adopt reinforcement learn-
ing to improve image captioning in LVLMs by
optimizing task-specific reward signals. For in-
stance, CLIP-based methods (Cho et al., 2022;
Yu et al., 2023; Dzabraev et al., 2024) assess
the correlation score between images and LVLM-
generated captions based on Vision Language Mod-
els (VLMs) (Radford et al.,, 2021). Some ap-
proaches impose cycle-consistency by regenerating
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Figure 1: Reasoning strategy of Caption Refinement Suggester (CRS) and Caption Quality Assessor (CQA).
We leverage k-core subgraph computation to analyze critical textual content in the retrieval results. Specifically,
CRS extracts overlapping sentences S* from the image retrieval results and uses them as signals to guide LVLMs to
incorporate these key elements into their generated descriptions. By analyzing the discrepancy between S* and
caption-retrieved results S¥, CQA identifies hallucinations (S¥ — S* ) and omissions (S¥ — S¥) in this caption.

the image from the caption and using the recon-  Leveraging the above guidance, our method finally
struction fidelity as the training signal (Feng et al.,  encourages LVLMs to generate previously unex-
2019; Bahng et al., 2025). Additionally, some meth-  plored caption candidates.

ods use a self-retrieval objective, encouraging cap-
tions that can successfully retrieve originating im-
ages (Liu et al., 2018; Gaur et al., 2024; Dessietal.,  Visually similar images often share overlapping se-
2023). Furthermore, reinforcement learning has  mantic content. Based on this insight, the Caption
been used to promote self-correction in captioning  Refinement Suggester (CRS) analyzes semantic el-
models (Zhang et al., 2025). Additionally, some  ements that consistently appear across visually sim-
work uses caption-conditioned downstream VQA ilar images. It then suggests LVLM:s to incorporate
accuracy as a reward signal (Xing et al., 2025).  these elements to refine their generated captions.
More recent work boosts the precision and detail As shown in Figure 1, let v denote the image.
richness of captions by minimizing information = The dataset D = {pz} ', consists of N image-
loss in modality conversion (Jia et al., 2026). How-  text pairs p;, each containing an image x; and

3.1 Caption Refinement Suggester

ever, RL-based methods still lag behind SFT. its corresponding text ¢;. With v as query, we
perform image retrieval over the dataset D to ob-
3 Method tain the top-K retrieval results denoted as 'R, =

TopK ({SIM (v, z;)}¥,) = {p?}E,. SIM(v, ;)
In this section, we introduce Retrieval-Guided Re- means the correlatlon score between v and x; cal-
finement for Image Captioning (Re*Cap), a rea-  culated by the image retrieval model (Cherti et al.,
soning strategy to enhance the image caption- 2023). Through this process, we obtain a set of
ing of LVLMs. Specifically, Caption Refinement  image-text pairs R,. Each image in R, shares
Suggester (CRS) first identifies critical semantic ~ similar visual representations to the query image
elements within image captions. Subsequently, v. Moreover, we construct a graph G, to model
the Caption Quality Assessor (CQA) identifies  descriptions corresponding to images in R,. In
omissions or misrepresentations in image captions. G, each sentence is treated as a node. The textual



similarity score between every pair of nodes is com-
puted by SBERT (Reimers and Gurevych, 2019).
When the similarity score exceeds a predefined
threshold 7, we establish an edge between these
two nodes. Following algorithm (Seidman, 1983),
we compute its k-core subgraph GF = (S¥, EF)
to analyze semantically consistent elements in G,.
EF and S* denote edges and nodes in the graph. By
decomposing the k-core, CRS filters out long-tail
descriptions in R, and retains semantically consis-
tent elements across image retrieval results.

In this way, our method leverages k-core analy-
sis in visually similar images to identify semantic
content (i.e., S¥) corresponding to the query image.
During caption refinement, CRS suggests LVLMs
to incorporate these descriptions, thereby improv-
ing the accuracy of the refined image caption.

3.2 Caption Quality Assessor

Semantically similar queries tend to yield consis-
tent retrieval results. Motivated by this observation,
the Caption Quality Assessor (CQA) evaluates dis-
crepancies between the query image and its caption
by comparing their respective retrieval results. By
prompting LVLMs with the identified discrepan-
cies between the image and its description, CQA
guides LVLMs to generate more accurate captions.
Let c be the caption generated by the LVLM for
the query image v, as illustrated in Figure 1. We
then perform text retrieval over the dataset D, using
c as the query, to obtain the top- K retrieval results:
Re = TopK({SIM(c, t;)}Y,) = {p$}E . Simi-
lar to CRS, we construct a graph G over sentences
in the caption-retrieved results R and compute its
k-core subgraph G* = (S¥, E¥). Each node in G¥
corresponds to a sentence that appears densely in
caption retrieval results. We further construct a bi-
partite graph over R, U R, and compute its k-core
subgraph G¥, = (S¥., E¥.), which captures the se-
mantically consistent content shared by the image
and its corresponding caption. In this way, we can
characterize the discrepancy between the image
and its caption from two perspectives: hallucinated
content in the caption is measured as S¥ — S¥ |
while S¥ — Sk _represents critical semantic content
omitted by the LVLM in its generated caption.
Through information retrieval, CQA reformu-
lates the complex cross-modal task of image cap-
tion quality assessment as an analysis of textual
discrepancies within the retrieved results. As a
result, the module can identify hallucinations and
omissions in image captions without requiring ad-

ditional annotations.

3.3 Overview of Re3>Cap

Based on the above reasoning strategy, we present
the Retrieval-Guided Refinement for Image Cap-
tioning (Re3Cap), a reinforcement learning frame-
work that enhances image captioning without re-
quiring additional annotations. As shown in Fig-
ure 2, given an input image v and a prompt ¢, we
firstly sample a group of initial captions {c;}2,
using LVLMs. With input image and initial cap-
tions as the queries, we perform image-conditioned
retrieval and caption-conditioned retrieval. In this
way, we leverage k-core analysis over retrieval re-
sults to generate guidance for caption improvement
based on the Caption Refinement Suggester and the
Caption Quality Assessor. The guidance {f;}},
identifies the correct elements, hallucinations, and
omitted semantic content in LVLM-generated cap-
tions. Using the guidance, we further prompt the
LVLMs to produce refined captions {c;}}, that
are more accurate and detailed. The reward func-
tion scores each refined caption with a reward ;.

To enable the model to generate higher-quality
captions directly from images during inference,
Re3Cap removes the initial caption and guidance
used in the rollout stage from the policy input dur-
ing policy optimization. This creates an off-policy
optimization setting: the sampled captions are gen-
erated by a behavior policy conditioned on the im-
age, the initial caption, and the guidance, whereas
the optimized policy is conditioned only on the im-
age. To correct for this distribution mismatch while
still preserving a trust-region center for regulariz-
ing the policy update, we decouple the proximal
policy from the behavior policy, following the de-
coupled PPO formulation (Hilton et al., 2022; Fu
et al., 2026). Specifically, we optimize the follow-
ing objective:
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Figure 2: Overview of Retrieval-Guided Refinement for Image Captioning (Re®Cap). Re3Cap begins by
sampling initial captions {c;}, for each image v. Next, it performs image-conditioned retrieval and caption-
conditioned retrieval, and leverages k-core analysis to generate guidance {f;}}, based on Caption Refinement
Suggester and Caption Quality Assessor. Finally, the method incorporates the guidance into prompts to obtain
refined captions {c}}*, and optimizes the policy model with reinforcement learning.

As a result, the optimized policy is conditioned
solely on the image, eliminating the need for re-
trieval or k-core analysis at inference time.

4 Experiment

In this section, we first introduce our experimental
settings. We then present a reasoning capability
analysis. Subsequently, we demonstrate the effec-
tiveness of our method by comparing it with GRPO
and state-of-the-art image captioning methods. Fi-
nally, we present an ablation study to investigate
the contribution of each component. Additional ex-
periments, including robustness across diverse en-
coders, sensitivity to hyperparameter choices such
as the retrieval number K and the similarity thresh-
old 7, and computational overhead, are provided in
the Section B.

4.1 Experimental Settings

Training settings. Following (Zhang et al., 2025)
and CIM (Jia et al., 2026), we use images from
the RefinedCaps dataset (Zhang et al., 2025) as
the training set, consisting of 6.5K images sam-
pled from the COCO training split (Lin et al.,
2014). For both image-conditioned and caption-
conditioned retrieval, we retrieve the top-K can-
didates (K = 3) from a dataset constructed by
augmenting RefinedCaps (Zhang et al., 2025) with
DenseFusion-1M (Li et al., 2024b). To avoid

data leakage, we ensure that the retrieval corpus
is disjoint from all evaluation benchmarks. We
use SBERT (Reimers and Gurevych, 2019) with
MPNet-base backbone (Song et al., 2020) as the
text encoder and OpenCLIP ViT-H/14 (Cherti et al.,
2023) as the image encoder, respectively. For
CRS and CQA, we set the k in the k-core to
k = [K/2] = 2, and use a threshold 7 = 0.7. We
adopt the VERL framework (Sheng et al., 2025) for
training. For hyperparameters, we utilize the Adam
optimizer and train for two epochs with a constant
learning rate of 1 x 1075, For rollout, the prompt
batch size is 256, and we sample M = 5 responses
for each prompt. For training, the mini-batch size
is set to 64. We set the clipping ratio to ¢ = 0.2
and the KL penalty coefficient to 3 = 0.001.

Models. To validate the generalizability of Re3Cap,
we evaluate its performance across representative
Large Vision-Language Models (LVLMs): LLaVA-
1.5-7B (Liu et al., 2023), Qwen2-VL-7B (Wang
et al., 2024b), and Qwen2.5-VL-7B (Bai et al.,
2025b). Additional evaluations on InternVL3-
8B (Zhu et al., 2025) and Qwen3-VL-8B (Bai et al.,
2025a) are provided in Section B.1.

Benchmarks. We use COCO-LN500 (Pont-
Tuset et al., 2020) and DOCCI500 (Onoe et al.,
2024) as the evaluation benchmarks to vali-

date the effectiveness of our proposed Re3Cap.
COCO-LN500 (Pont-Tuset et al., 2020) consists
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Figure 3: Capability boundary analysis with max@*%.

of 500 image—caption pairs from the Localized-
narratives test set in COCO02017 (Lin et al., 2014).
DOCCIS500 (Onoe et al., 2024) is a random sample
of 500 image-caption pairs from DOCCI test split,
where images largely lack human-centric content.
Metrics. Following SC-Captioner (Zhang et al.,
2025), we evaluate caption quality using the F1
score from three aspects: objects, attributes, and
relations. For relations, we measure relational
correctness via VQA-based accuracy based on
Qwen3 (Yang et al., 2025a).

Baselines. We adopt Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024) as the base-
line with multiple reward functions. We consider
CLIP (Cho et al., 2022), which uses the CLIP (Rad-
ford et al., 2021) image-text similarity score as the
reward; SC (Zhang et al., 2025), which rewards
keyword-level self-correction; and CIM (Jia et al.,
2026), which rewards the similarity between im-
ages retrieved by the caption and original image.

4.2 Reasoning Capability Analysis

Inspired by Yue et al. (2025), we further evalu-
ate whether our retrieval-guided reasoning strategy
enables the LVLM to explore caption candidates
beyond those already covered by the base model.
Specifically, for each image, we sample multiple
candidate captions from each model and evaluate
them on COCO-LN500 (Pont-Tuset et al., 2020) us-
ing the BLEU-4 (Papineni et al., 2002) score. Since
BLEU-4 is a continuous metric, we adopt max @£,
a continuous generalization of pass@k (Bagirov
et al., 2025), to measure the best achievable caption
quality under a large sampling budget. We compute
max @Fk using the unbiased low-variance estimator
proposed by Walder and Karkhanis (2026).

As shown in Figure 3, the reinforcement learn-
ing method using CIM (Jia et al., 2026) as the
reward function achieves strong performance at
k =1, indicating that conventional RL effectively
improves sampling efficiency. However, as k in-
creases, it grows more slowly and eventually falls

below the base model, suggesting that it tends to
narrow the output distribution and does not pre-
serve sufficient exploration diversity. In contrast,
our retrieval-guided reasoning strategy, without
any training, consistently benefits from larger sam-
pling budgets and surpasses the base model as &
increases. This trend indicates that our method en-
courages the model to generate more diverse and
previously unexplored caption candidates. There-
fore, the results demonstrate that our method can
expand the capability boundary of the base model.
The experiments in Section 4.3 further validate this
conclusion by showing that, when incorporated
into reinforcement learning, our strategy brings
consistent improvements across different LVLMs,
benchmarks, and reward functions.

4.3 Reinforcement Learning on Base Model

We verify the generalization of our method via
various LVLMs and evaluate performance on
benchmarks (Pont-Tuset et al., 2020; Onoe et al.,
2024). In tables, Base means the LVLMs with-
out any task-specific training, and SFT denotes
the LVLMs supervised fine-tuned on the Refined-
Caps dataset (Zhang et al., 2025). GRPO and Ours
denote models trained from the base model with
GRPO and Re?Cap, respectively.

As shown in Table 1, the results demonstrate that
our method consistently outperforms GRPO across
multiple LVLMs and with various reward func-
tions, especially on the more challenging relation
reasoning task. For instance, on the QA score of the
Relations evaluation, our method achieves improve-
ments by 8.64% on COCO-LN500 (Pont-Tuset
et al., 2020) and 7.57% on DOCCI500 (Onoe et al.,
2024), averaged across multiple base LVLMs and
reward functions. Moreover, the gains are particu-
larly pronounced when using weaker base LVLMs
and reward functions. With CLIP (Cho et al., 2022)
as the reward function, our method achieves gains
0f 4.39% in Objects F1, 2.44% in Attributes F1, and
6.74% in Relations QA, averaged across multiple
base LVLMs and both benchmarks. For LLaVA1.5-
7B (Liu et al., 2023) as the base LVLM, our method
yields gains of 5.91% in Objects F1, 2.06% in At-
tributes F1, and 8.95% in Relations QA, averaged
across multiple reward functions and both bench-
marks. Notably, using LLaVA1.5-7B (Liu et al.,
2023) as the base LVLM, our method even outper-
forms SFT across multiple reward functions and
both benchmarks, whereas GRPO underperforms
SFT. This demonstrates that GRPO is constrained



Base Reward Method . COCO-LN500 . . DOCCI500 .
Model Objects Attributes Relations Objects Attributes Relations
Fl Fl QA Fl Fl QA
Base 67.56 42.34 14.38 59.41 48.01 9.19
N SFT 73.45 54.25 28.59 68.44 53.93 19.87
CLIP GRPO  66.66 53.15 22.58 61.77 53.62 18.42
LLaVAL.5 eOurs 72.03 (15.4) 54.73 (11.6) 30.38 (17.8) 68.51 (16.7) 57.68 (14.1) 23.86 (15.4)
-1B sC GRPO  69.49 50.44 21.77 62.52 53.80 17.86
eOurs  74.08 (14.6) 54.57 (14.1) 35.17 (113.4) 70.25 (17.7) 56.21 (12.4) 26.92 (19.1)
M GRPO  69.80 54.38 24.98 63.38 56.28 19.87
eOurs 74.74 (14.9) 54.73 (10.4) 34.93 (110.0) 69.49 (16.1) 56.13 (}0.2) 27.93 (18.1)
Base 69.47 48.68 20.47 66.47 52.65 17.57
N SFT 75.37 56.54 36.39 69.50 55.50 27.65
CLIP GRPO  69.04 53.37 26.48 67.30 54.63 26.28
Qwen2 eOurs 75.33 (16.3) 58.35 (15.0) 35.26 (18.8) 71.88 (14.6) 58.37 (13.7) 32.73 (16.5)
-VL-7B SC GRPO  76.80 57.49 30.46 72.49 57.75 23.50
eOurs 77.77 (11.0) 58.79 (11.3) 44.60 (114.1) 73.29 (10.8) 58.88 (11.1) 36.40 (112.9)
CIM GRPO  75.80 58.22 38.71 71.43 59.18 32.12
eOurs 78.18 (12.4) 59.28 (11.1) 44.19 (15.5) 73.51 (12.1) 58.99 (10.2) 40.15 (18.0)
Base 65.37 46.25 23.76 65.06 5227 24.35
- SFT 75.72 57.09 39.64 71.94 58.28 34.38
- GRPO  68.32 53.90 23.80 68.21 55.32 24.79
Qwen2.5 eOurs  70.52 (12.2) 53.80(10.1) 30.26 (16.5) 69.39 (11.2) 55.70 (10.4) 30.27 (15.5)
-VL-7B Sc GRPO 77.52 56.71 31.19 72.81 57.93 28.01
eOurs 76.85(}0.7) 58.96 (12.3) 41.06 (19.9) 72.81 (10.0) 58.51 (10.6) 36.80 (18.8)
CIM GRPO  77.59 58.51 44.15 71.88 59.08 34.70
eOurs 77.80 (10.2) 59.26 (10.8) 46.02 (11.9) 72.80 (10.9) 59.77 (10.7) 38.65 (14.0)

Table 1: Performance comparison of Reinforcement Learning with GRPO and Re?>Cap across multiple
reward functions on COCO-LN500 (Pont-Tuset et al., 2020) and DOCCI500 (Onoe et al., 2024). Constrained
by the reasoning capacity of base models, GRPO struggles to surpass the performance of task-specific SFT models,
especially on weaker LVLMs such as LLaVA-1.5-7B (Liu et al., 2023). In contrast, our method introduces a novel
reasoning strategy to generate unexplored caption candidates, consistently improving image captioning performance
across weaker and stronger base models, including Qwen2-VL-7B (Wang et al., 2024b) and Qwen2.5-VL-7B (Bai
et al., 2025b). Moreover, using a more accurate reward further improves the performance of ours.

by the reasoning capacity of base models, making
it difficult to surpass the performance of models
supervised fine-tuned on task-specific datasets. In
contrast, our method can generate previously un-
explored caption candidates from base LVLMs by
injecting a novel reasoning strategy, leading to sub-
stantial gains. For Qwen2-VL-7B (Wang et al.,
2024b) and Qwen2.5-VL-7B (Bai et al., 2025b) as
the base LVLMs, GRPO can surpass SFT when
using CIM (Jia et al., 2026) as the reward function.
Even on these strong base LVLMs, our method fur-
ther improves performance, indicating its effective-
ness. The above results demonstrate that Re>Cap
significantly enhances the image captioning capa-
bility of LVLMs with distinct architectures.

4.4 SOTA Comparison

To further verify the superiority of our method, we
conduct experiments to compare it with state-of-

the-art methods. As shown in Table 2, VCD (Leng
et al., 2024) and INTER (Dong et al., 2025) are
training-free methods designed to mitigate hallu-
cinations in LVLMs. SC-Captioner (Zhang et al.,
2025) and SFT+CIM (Jia et al., 2026) both per-
form reinforcement learning with their respective
reward functions after first applying Supervised
Fine-Tuning (SFT) to the base LVLMs. In contrast,
Ours refers to the base model solely optimized by
Re?Cap via reinforcement learning, without super-
vised fine-tuning on task-specific datasets.

The results demonstrate that our approach
achieves superior performance in image captioning,
even compared with SFT-based methods. Specifi-
cally, on the more challenging relation reasoning
task, our method improves Relations QA by 4.08%
on COCO-LN500 (Pont-Tuset et al., 2020) and
4.86% on DOCCI500 (Onoe et al., 2024), averaged
across multiple reward functions. Additionally, our



Base Reward Method . COCQ—LNSOO . . DOCCISOO ‘
Model Objects Attributes  Relations Objects Attributes  Relations
Fl1 Fl QA Fl Fl QA
VCD 69.85 48.71 26.77 67.57 53.80 25.03
- INTER 69.81 48.58 26.93 67.42 53.70 24.67
Qwen2 e SC-Captioner 76.37 57.56 38.51 71.63 57.67 30.51
-VL-7B e Ours 77.77 (11.4) 58.79 (11.2) 44.60 (16.1) 73.29 (11.7) 58.88 (11.2) 36.40 (15.9)
CIM SFT+CIM 76.65 58.09 42.12 73.87 58.68 36.32
e Ours 78.18 (11.5) 59.28 (11.2) 44.19 (12.1) 73.92 (10.1) 58.99 (10.3) 40.15 (13.8)

Table 2: Performance comparison with state-of-the-art methods on Qwen2-VL-7B (Wang et al., 2024b)
over COCO-LN500 (Pont-Tuset et al., 2020) and DOCCI500 (Onoe et al., 2024). The results demonstrate the
superiority of our proposed reinforcement learning framework when compared with state-of-the-art methods.

method achieves gains of 1.47% in Objects F1 and
1.21% in Attributes F1 on COCO-LN500 (Pont-
Tuset et al., 2020), averaged across multiple reward
functions. Notably, our method achieves these im-
provements with only a single-stage RL training,
whereas SC-Captioner and SFT+CIM rely on a two-
stage pipeline (SFT followed by RL). Moreover,
our method outperforms the training-free methods
across all metrics by a large margin. Such results
indicate that by injecting the reasoning strategy dur-
ing reinforcement learning, our method achieves
superior performance in image captioning.

4.5 Ablation Study

In this section, we present an ablation study to
quantitatively evaluate the effectiveness of each
core component (CRS and CQA) within our frame-
work. As shown in Table 3, the first row denotes
the model trained solely with GRPO (Shao et al.,
2024). The middle two rows refer to models opti-
mized by reinforcement learning that use CRS and
CQA as their reasoning strategy, respectively. The
last row denotes the model trained using Re®Cap,
combined with CRS and CQA.

The results in Table 3 show that each core com-
ponent achieves consistent performance improve-
ments. Specifically, CRS achieves improvements
of 1.03% in Objects F1, 0.76% in Attributes F1, and
2.19% in Relations QA on COCO-LN500. More-
over, CQA achieves improvements of 1.34% in Ob-
jects F1,0.82% in Attributes F1, and 3.98% in Rela-
tions QA. Such results indicate CRS improves per-
formance by guiding the LVLM to retain accurate
descriptions, and CQA guides the LVLM to miti-
gate hallucinations and reduce omissions, thereby
further improving performance. Most importantly,
our method achieves the best performance by com-
bining the complementary CRS and CQA.

Components Objects Attributes Relations
CRS CQA F1 F1 QA
X X 75.80 58.22 38.71
v X 76.83 58.98 40.90
X v 77.14 59.04 42.69
v v 78.18 59.28 44.19

Table 3: Ablation study of core components on
COCO-LN500 (Pont-Tuset et al., 2020) using Qwen2-
VL-7B (Wang et al., 2024b) with CIM (Jia et al.,
2026) as the reward function.

5 Conclusion

In this paper, we present Re3Cap, a reinforce-
ment learning framework that consistently outper-
forms previous Supervised Fine-Tuning (SFT) ap-
proaches in image captioning. Our key observa-
tion is that discrepancies between retrieval results
reveal potential hallucinations and omitted visual
details in image captions, providing an informative
signal for assessing caption quality. Building on
this insight, we further propose a retrieval-based
reasoning strategy that guides LVLMs to gener-
ate previously unexplored caption candidates. By
performing reinforcement learning on these newly
explored candidates, the model effectively expands
the caption space and refines its generation behav-
ior. Extensive experiments demonstrate that our
proposed Re?>Cap enables LVLM:s to achieve con-
sistently superior performance in image caption-
ing, even compared with strong Supervised Fine-
Tuning (SFT) baselines. Overall, this work en-
hances the reasoning capabilities of LVLMs in rein-
forcement learning and offers a new perspective on
improving model performance in image captioning.
We hope the proposed framework provides more
insights for future research in both multimodal rea-
soning and caption generation.



Limitations

Specifically, the effectiveness of our method de-
pends on the quality and scale of the retrieval set.
When the dataset is too small, many image cap-
tions fail to retrieve relevant results. In such cases,
our method may degenerate into a simple reinforce-
ment learning approach. We believe that increasing
the scale and diversity of the retrieval set would
improve the robustness of our approach.

Ethical Considerations

This work aims to improve image captioning by
introducing a retrieval-guided refinement strategy
during reinforcement learning. All experiments
are conducted on publicly available image-caption
datasets and benchmarks. As in prior work, these
datasets and evaluation protocols may contain so-
cial biases, annotation artifacts, sampling biases,
or other imperfections that can affect model be-
havior and evaluation outcomes. Beyond the risks
already associated with multimodal model training,
retrieval, and evaluation on existing public datasets,
we do not identify additional ethical risks intro-
duced specifically by our method.
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A Prompt Templates

We use a concise prompt to generate the initial
caption. For Re3Cap, the model analyzes the initial
caption with the reasoning strategy and produces
guidance, which is then injected into the response
to prompt the model to generate a refined caption.
For Relation QA, we prompt Qwen3 (Yang et al.,
2025a) models to answer the given questions based
on the candidate captions. The detailed prompts
are shown in Figure 4.

B Additional Experiments

B.1 Reinforcement Learning on More LVLMs

We further adopt InternVL3-8B (Zhu et al., 2025)
and Qwen3-VL-8B (Bai et al., 2025a) as the base
LVLM to validate the effectiveness of our method.
As shown in Table 4, the results demonstrate that
our method consistently outperforms GRPO across
multiple reward functions, especially on the more
challenging relation reasoning task. Specifically,
for InternVL3-8B, Re3Cap improves the Relations
QA score over GRPO by an average of 6.59% on
COCO-LN500 (Pont-Tuset et al., 2020) and 5.12%
on DOCCI500 (Onoe et al., 2024) across multiple
reward functions. For Qwen3-VL-8B, Re3Cap also
brings consistent improvements, achieving aver-
age gains of 3.76% on COCO-LN500 and 2.42%
on DOCCIS500 in Relations QA over GRPO. More-
over, GRPO fails to surpass SFT under the CIM (Jia
et al., 2026) and SC (Zhang et al., 2025) reward
functions, whereas our method consistently outper-
forms SFT under these reward signals. The above
results demonstrate that our proposed Re?Cap sig-
nificantly enhances the image captioning capability
of LVLMs.

B.2 Robustness of the Choice of
Hyperparameters

We conduct experiments to evaluate the effects of
two hyperparameters on model performance: the
retrieval number K and the similarity threshold 7
used for edge construction. As shown in Figure 5
and Figure 6, we vary K from 3 to 11 and 7 from
0.5 to 0.9. The results show only minor perfor-
mance variations across different settings. Specif-
ically, on COCO-LN500 (Pont-Tuset et al., 2020)
with Qwen2-VL-7B (Wang et al., 2024b), the vari-
ations in Objects F1, Attributes F1, and Relation
QA are within 0.53%, 0.74%, and 1.44%, respec-
tively, across different K values, and within 1.32%,
1.48%, and 1.38%, respectively, across different 7

values. Overall, such results demonstrate that our
method is robust to the choice of hyperparameters.

B.3 Robustness across Diverse Encoders

We conduct experiments to evaluate the impact of
different encoders used in our method for retrieval
and graph edge construction. As shown in Table 5,
we use either DINOv3 ViT-L/16 (Siméoni et al.,
2025) or OpenCLIP ViT-H/14 (Cherti et al., 2023)
as the image encoder, and SBERT (Reimers and
Gurevych, 2019) with a MiniLM-base (Wang et al.,
2020) or MPNet-base (Song et al., 2020) backbone
as the text encoder. The results show only minor
performance variations across different encoders.
Specifically, the variations in Objects F1, Attributes
F1, and Relation QA are within 0.46%, 0.79%, and
0.94%, respectively, indicating strong robustness to
the choice of both image and text encoders. Overall,
such results demonstrate that our method is robust
to the potential information loss and representation
discrepancies introduced by different encoders.

B.4 Analysis of Computational Overhead

Taking SC (Zhang et al., 2025) as the reward func-
tion as an example, GRPO requires 192 GPU
hours on the NVIDIA A100 to converge, whereas
our method converges in approximately 216 GPU
hours under the same experimental settings. This
corresponds to only an additional 24 GPU hours,
or about 12.5% more training time, while achiev-
ing significant performance gains. Moreover, the
memory overhead of our method is comparable to
that of GRPO.



Prompt for Initial Caption

User: Caption this image as accurately as possible, without speculation. Describe what you see.
Assistant:

Prompt for Re?Cap

User: Caption this image as accurately as possible, without speculation. Describe what you see.
Assistant: <Initial Caption>

Wait. Let me check this caption again against the image.

I should KEEP: <Correctness>

I should ADD: <Omissions>

I should REMOVE: <Hallucinations>

Final caption:

\

Prompt for Relation QA

User: I will give you a passage of caption. Please answer the following 5 questions with "Yes", "No",
or "n/a" based on the given caption. Output like this: 1: Yes, 2: No, 3: Yes, 4: n/a, 5: Yes. Don’t
output extra text.

Caption: <Caption>

Questions:1.<Question1> 2.<Question2> 3.<Question3> 4.<Question4> 5.<Question5>

Assistant:

Figure 4: Prompt example for initial caption, Re3Cap, and relation evaluation.

Base Reward Method . COCO-LN500 ' . DOCCI500 _
Model Objects Attributes Relations Objects Attributes Relations
F1 F1 QA F1 F1 QA
Base 71.00 50.66 26.44 66.08 53.72 25.11
N SFT 76.42 57.79 4232 72.72 58.59 35.31
CLIP GRPO  72.14 54.84 30.83 68.70 57.58 28.13
InternVL3 eOurs 74.79 (12.7) 54.42 (J0.4) 35.46 (14.6) 71.15 (12.5) 54.85 (|2.7) 28.81 (10.7)
-8B sc GRPO  75.77 57.14 35.58 70.72 57.78 28.38
eOurs 78.51 (12.7) 59.50 (12.4) 45.21 (19.6) 74.11 (13.4) 58.19 (10.4) 36.84 (18.5)
CIM GRPO  76.14 58.70 38.67 70.47 59.26 30.39
eOurs  78.68 (12.5) 58.99 (10.3) 44.19 (15.5) 73.34 (12.9) 59.78 (10.5) 36.60 (16.2)
Base 72.64 53.73 37.57 72.68 56.08 40.67
- SFT 76.59 57.14 4224 72.51 57.37 38.65
CLIP GRPO 7391 54.72 39.84 72.93 56.31 39.82
Qwen3 eOurs 74.86 (11.0) 55.83 (11.1) 41.37 (11.5) 73.24 (10.3) 56.73 (10.4) 41.36 (11.5)
-VL-8B sc GRPO  75.11 54.98 42.85 72.96 56.64 40.67
eOurs 7645 (11.3) 57.31 (12.3) 46.26 (13.4) 73.76 (10.8) 57.02 (10.4) 41.92 (11.3)
CIM GRPO 7521 56.03 39.52 72.27 57.39 38.17

eOurs  76.92 (11.7) 57.98 (12.0) 45.86 (16.3) 73.60 (11.3) 57.94 (10.6) 42.64 (14.5)

Table 4: Performance comparison of reinforcement learning with GRPO and Re>Cap on more LVLMs. We
evaluate InternVL3-8B (Zhu et al., 2025) and Qwen3-VL-8B (Bai et al., 2025a) with different reward functions on
COCO-LN500 (Pont-Tuset et al., 2020) and DOCCI500 (Onoe et al., 2024). Re3Cap consistently improves over
GRPO across most metrics, especially on the Relations QA task.



Objects F1 Attributes F1 Relations QA
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Figure 5: Robustness study of the retrieval number K. We evaluate Re>Cap with different retrieval numbers
K on COCO-LN500 (Pont-Tuset et al., 2020) and DOCCI500 (Onoe et al., 2024) across multiple LVLMs. The
performance remains stable across different values of K, demonstrating that our method is robust to the choice of
retrieval number.
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Figure 6: Robustness study of the similarity threshold 7. We evaluate Re3Cap with different similarity thresholds
7 for graph edge construction on COCO-LN500 (Pont-Tuset et al., 2020) and DOCCI500 (Onoe et al., 2024) across
multiple LVLMs. The results show only minor variations across different thresholds, indicating that our method is
robust to the choice of graph construction threshold.

Image Text Objects Attributes Relations
Encoder ~ Encoder Precision Recall F1 Precision Recall Fl QA
DINOv3 MiniLM 7924 7723 77.77 7048 55.89 59.03 45.13
VIT-L/16  MPNet  80.60 76.88 7823 7134 5482 5857 44.68
OpenCLIP MiniLM  79.77  77.03 7791 69.99 5529 5849 4504
VIT-H/14 MPNet  79.62 77.70 78.18 71.00 56.03 59.28 44.19

Table 5: Robustness study of diverse encoders on COCO-LN500 (Pont-Tuset et al., 2020) using Qwen2-VL-
7B (Wang et al., 2024b) with CIM (Jia et al., 2026) as the reward function. Our method maintains stable
performance in image captioning when leveraging various encoders as the retrieval model. The experimental results
indicate that our proposed Re3Cap is robust to diverse encoders.
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