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Figure 1. (a) Image captioning is a critical component for numerous assistive applications. However, current models often struggle to balance
computational efficiency with performance, facing either deployment constraints or limited capability. We introduce a framework inspired
by (b) the human visual process, which typically involves perceiving the global scene context before attending to local regions for specific
details. (c) This observation highlights the necessity for multimodal self-refinement, a process our framework is designed to perform.

Abstract

Systems such as video chatbots and navigation robots
often depend on streaming image captioning to interpret
visual inputs. Existing approaches typically employ large
multimodal language models (MLLMs) for this purpose, but
their substantial computational cost hinders practical ap-
plication. This limitation motivates our development of a
lightweight captioning model. Our investigation begins by
replacing the large-scale language component in MLLMs
with a compact 125M-parameter model. Surprisingly, this
compact model, despite a 93x reduction in size, achieves
comparable performance to MLLMs, suggesting that fac-
tual image captioning does not significantly require the
complex reasoning abilities of LLMs. Despite this promis-
ing result, our lightweight model still lacks reliability. To
address this, we draw inspiration from the human visual pro-
cess: perceiving a global and coarse understanding of the
scene before attending to finer details. Accordingly, we pro-
pose a multimodal self-refinement framework that guides
the model to utilize features from salient regions, identified
by referencing the previous coarse caption, and to produce
a refined description. Experimental results demonstrate the
superiority of our model in both single-sentence and detailed
captioning, extending even to long-range video QA tasks.

1. Introduction

Recent progress in image captioning has been driven by
the remarkable capability of Multimodal Large Language
models (MLLMs) [37, 41]. Building on these advances,
image captioning has become a crucial component in var-
ious applications. For example, video-based chatbot sys-
tems utilize frame-wise caption generation for temporal un-
derstanding [73, 75, 81], while navigation robots construct
graph-structured scene descriptions to operate in complex
environments [28, 80]. Despite this progress, the substantial
computational demands of MLLMs [29] pose a significant
barrier to their practical deployment.

In many industrial systems, detection and segmentation
models with fewer than 500M parameters are commonly
deployed. This gap led us to ask whether captioning is truly
so difficult that it must rely on MLLMs. To address this
question, we design a lightweight captioning model that fol-
lows the architectural pattern of recent MLLMs and evaluate
it on several captioning tasks. Specifically, we implement
our model within the LLaVA framework [41] by replacing
LLaMA-7B [64] with OPT-125M [90], a language model
that is 56x smaller in parameter count. Surprisingly, the
resulting model not only competes with MLLMs on the stan-
dard MS COCO [13] benchmark but also performs strongly
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on more challenging detailed captioning tasks [67], while
outperforming existing small captioning models [25, 57].
These results reveal the insight that the complex capabilities
of LLMs are less critical for tasks that focus on enumerat-
ing factual visual details. These results also suggest that
applying modern multimodal architectural designs to small
captioning models is required to unlock their potential for
deployment in real applications.

Despite the promising performance, the resulting model
still exhibits a reliability gap compared to MLLMs. We
attribute this gap primarily to visual blindness; prior work
[62, 63] has highlighted that MLLMs often suffer from am-
biguous visual features, which limits their ability to capture
fine-grained details. This finding necessitates a method to
supply the model with clearer and more informative visual
inputs. We address this limitation by adopting a process
similar to human visual perception, which begins with a
global understanding of the scene before attending to local
details. This multi-stage human approach contrasts with
conventional captioning models, which typically operate in
a single pass, processing the image only once to produce
a description. To this end, we design a new framework,
Multimodal Self-Refinement (MM-SeR), which enables the
lightweight model to emulate this multi-stage human process.
Specifically, MM-SeR enables the model to first generate
an initial caption. The model then leverages this caption to
guide its attention toward salient visual regions and extract
richer information from the multi-layer features of the vi-
sion encoder. This refinement process allows the model to
produce a more accurate final description.

In our experiments, we evaluate the MM-SeR frame-
work on diverse benchmarks, extending beyond standard
MS COCO [13] to include detailed captioning and long-
form VideoQA tasks. We compare our model with MM-SeR
against both existing small captioners and MLLMs, demon-
strating comparable or even superior performance. Partic-
ularly in the challenging long-form VideoQA setting, our
lightweight model not only outperforms other small special-
ists but also approaches the accuracy of MLLM generalists.
This is accomplished while utilizing 93% fewer parameters
and achieving 82% shorter inference time compared to the
MLLMs. These results indicate that the proposed baseline
and refinement framework offer a practical route toward
lightweight captioning suitable for resource-constrained and
on-device applications.

2. Motivation & Scope

Image Captioning as Foundational Technology. Image
captioning converts visual content into natural language de-
scriptions [24, 50]. Beyond being a standalone task, it serves
as a core component in various vision—language applications.
In video-grounded chatbot systems [60, 74, 81, 92], cap-

tioning generates textual representations of multiple frames,
which are then integrated into LLMs as prompts to guide
instruction following. Similarly, exploration robots [28, 80]
operating in disaster environments rely on captioning to
encode observed scenes, enabling navigation and human in-
teraction. In this work, we study image captioning as a key
enabler for these applications.

Real-World Deployment Challenges. Recent studies on the
above applications often employ open-source MLLMs [73]
or cloud-based APIs (e.g., OpenAl API) [80] as image cap-
tioners. In practice, these approaches face two major lim-
itations: (1) open-source MLLMs demand computational
resources beyond the capacity of edge devices [7, 61] as
shown in Table 1, and (2) cloud-based APIs rely on stable
network connectivity, which may be unavailable in disaster
environments. Moreover, repeated captioning across multi-
ple scenes [89] further increases the computational burden,
making real-world deployment more difficult.

Table 1. Available memory on edge devices and GPU usage of
recent MLLMs by parameter size under FP16 precision.

Edge devices LLaVA-1.5 7B, LLaVA-NeXT 34B, LLaVA-OA 72B,
iPhone 16 Galaxy S25! mPLUG-OwI3 8B InternVL 40B Qwen2-VL 72B
8GB 12GB 16GB + 68GB + 140GB +

3. Exploring Lightweight Captioning

Motivated by the challenges discussed above, we explore a
lightweight captioning model and examine its performance
through extensive evaluation.

Model construction. To construct a lightweight captioning
model, we aim to reduce the dependence on LLMs, which
account for most of the computational cost in MLLMs (e.g.,
96% in LLaVA-7B [41] arises from LLaMA [64]). Ac-
cordingly, we replace the LLaMA-7B in LLaVA-1.5 with
OPT-125M [90], a 56x smaller language model.

Experimental details. We adopt the publicly available
LLaVA-1.5 codebase [42]. Except for replacing the lan-
guage model, all training configurations remain consistent
with the original setup, including batch size and learning rate.
More implementation details are provided in Section I.1. To
train our model, we first pretrain the multimodal connector
on the Caption Concept-balanced 558K dataset [42], fol-
lowed by fine-tuning on task-specific datasets such as MS
COCO [13], DCI [67], and ShareGPT4V [11]. We evaluate
our model using standard metrics like CIDEr [68] as well as
MLLM-as-a-Judge [8, 9] with GPT-40-mini [1].
Generalist vs. Specialist. Following prior studies [78, 84],
we define generalists as MLLMs trained on diverse datasets
for broad objectives and evaluated in a zero-shot manner. In
contrast, specialists refer to compact captioning models such
as SmallCap [57] and Tag2Text [25], which are trained only
on captioning datasets.
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Table 2. Comparison of captioning performance. We evaluate our model and existing captioning models. Despite not introducing any
newly proposed methods, our model achieves strong performance. Here, ‘G’ represents a MLLM generalist, while ‘S’ denotes the small
captioning model. ‘*’ indicates models that are fine-tuned in this study, as they were not trained for detailed captioning tasks.

MS COCO [13]
model venue #data #params B@4[54] MET][16] CIDEr[68] BERT[91] CLAIR[8] GPT [9]
InstructBLIP [15] NewlPs23 = >130M 82B 380 29.4 127.8 69.1 - -
Unified-IOXL [45] ICLR23 130M 7.3B 37.0 29.5 123.6 68.2 - -
G Shikra [10] arXiv23 - 7.2B - - 117.5 - - -
Qwen-VL [2] arXiv23 >1.5B 9.6B 39.1 30.1 131.9 69.8 77.8+£3.4 2.89+0.11
LLaVA-1.5 [42] CVPR24 IM 7.3B 394 29.5 133.7 69.4 78.1£3.8 2.93+0.10
Cambrian [62] NeurIPS24 2M 10.5B 40.1 30.9 137.5 - 78.2+32 3.02+0.13
I-Tuning [47] ICASSP23 0.5M 250M 35.5 28.8 120.0 - - 2.50+0.10
CapPa [65] NeurIPS23 1B 650M - - 125.8 - - 2.6740.08
LocCa [69] NeurPS24 1B 600M - - 127.1 - - 2.66+0.11
N SmallCap [57] CVPR23 0.5M 450M 37.6 28.7 122.7 67.2 737439  2.46+0.10
Tag2Text [25] ICLR24 4M 900M 38.4 30.0 128.7 69.3 76.1+3.1 2.78+0.08
ViPCap [31] AAAIRS IM 225M 37.7 28.6 122.9 - - -
Ours 1M 450M 394 30.3 129.6 69.4 76.3+30  2.74+0.06
ShareGPT4V [11] & DCI [67]
model venue #data #params B@4[54] CIDEr[68] BERT[91] CAPT[18] CLAIR[8] GPT [9]
Qwen-VL [2] arXiv23 1.5B 96B 108 35.6 372 484  57.5%32  3.05+008
Qwen3-VL [3] arXiv23 >1.5B 2B - - 46.8 50.4 - 3.14
G SmallVLM?2 [49] arXiv23 - 2.2B - - 47.2 47.8 - 3.05
LLaVA-1.5 [42] CVPR24 IM 7.3B 10.6 36.1 36.6 48.6 + +
EyesWideShut [63] CVPR24 IM 7.6B 11.6 36.5 37.2 49.0 - -
Cambrian [62] NeurIPS24 2M 10.5B 13.3 38.7 38.1 50.1 58.2+3.1 3.03+0.09
SmallCap* [57] CVPR23 0.5M 450M 14.5 20.1 28.9 23.3 - -
S Tag2Text* [25] ICLR24 4M 900M 17.8 32.5 40.7 40.1 542431  2.7240.14
Ours M 450M 18.0 40.5 43.1 459 54.6+34  2.74+0.12
GLaMM [59]
model venue #data #params B@4[54] CIDEr[68] BERT[91] CAPT[18] CLAIR[8] GPT [9]
G. LLaVA-1.5[42] CVPR24 IM 73B 8.8 23.4 35.1 400 538440  3.02+0.10
N Ours IM 450M 16.5 29.1 38.7 42.0 51.8+4.1 2.64+0.09
m further analyze in Section E.1. Moreover, when compared
put Response

What are we having for dinner? A nice dinner with a friend. I’'m going to have

to go to bed. I'm going to <EOS>

What should we eat for a snack? ~ We eat for snack. We eat for snack. <EOS>

a man and a woman in a car, with a manin a
car, with a woman in a car<EOS>

A Italian street scene features

A garden scene centers on a garden of a garden of a garden <EOS>

Figure 2. Examples generated by OPT-125M show its limited
capacity. However, we found that with slight fine-tuning, the model
exhibits a surprisingly strong captioning ability.

3.1. Results on Single Sentence Captioning

We use the MS COCO Captions dataset [ 13], the most widely
adopted benchmark for image captioning, where each cap-
tion consists of a single sentence, with an average length of
about ten words. As shown in Table 2, our model outper-
forms previous small-scale captioning methods [25, 69] that
contain fewer than 1B parameters. In particular, it achieves
a CIDEr score 6.9 points higher than SmallCap [57], which
also employs OPT-125M as its language backbone. Despite
the absence of any newly introduced techniques, the model
demonstrates unexpectedly strong performance, which we

with generalist MLLMs [2, 14], our model attains compara-
ble results while requiring far less computational resources.

3.2. Results on Detailed Captioning

For this experiment, we fine-tune our model on the DCI [67]
and ShareGPT4V [11] datasets, and additionally include
GLaMM [59]. We initially expected the lightweight model
to underperform on this task, as OPT-125M offers limited
language capacity due to its small parameter size, as shown
in Table 2. However, the results in Table 2 and Figure 3 show
that our model achieves unexpectedly strong performance
on detailed captioning, contrary to our assumption.

3.3. Key Insight

Although MLLMs depend on the advanced reasoning ca-
pabilities of large language models for tasks such as visual
question answering and instruction following, our experi-
ments reveal a contrasting trend in factual image captioning.
We find that accurate caption generation can be achieved
without such reasoning-intensive processes, as a lightweight
125M-parameter language model attains comparable per-
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LLaVA-OneVision (7.3B)

Our lightweight model (450M)

A woman is holding up her cell phone to take a photo of a
Christmas tree. The tree is decorated with bright, colorful
lights that create a festive atmosphere. Other people can be
seen in the background, possibly enjoying the holiday season.

A person's hand is seen holding a white smartphone, displaying a photo
of a Christmas tree decorated with red and gold ornaments. The blurred
background of red and gold lights creates a festive atmosphere,
emphasizing the holiday spirit. The person's face is not visible.

The image shows a blue butterfly resting on the top of a small
green plant. Its wings are spread open, making the butterfly
clearly visible near the center of the scene. The plant is
located on the left side of the image, and the butterfly
appears to be resting on it.

A tranquil scene features a blue butterfly perched on a green stem, its
wings spread wide. The butterfly's striking blue and orange wings
contrast beautifully with the stem, while the blurred background
enhances the focus on the butterfly and its natural habitat. The image
captures a peaceful moment in nature.

A large group of people is running along a street. The runners
| are spread out along the road, with some closer to the

I8 foreground and others farther back. The scene appears to be
) taking place on a cloudy day.

A group of runners in vibrant athletic wear is captured mid-stride on a
concrete path, with a clear blue sky overhead. The scene features
houses nestled on a hill in the background, enhancing the sense of
community and tranquility in the setting. The low-angle perspective
emphasizes the scale of the race.

Figure 3. Qualitative results on detailed captioning. Despite its small size, our lightweight specialist produces captions that are competitive
with those generated by large-scale MLLMs [34] These results highlight that effective detailed captioning are achievable even with a
lightweight language model. Qualitative results across various MLLM models are also presented in Figure 14, Figure 10, and Figure 11.

formance to full-scale MLLMs. This result implies that
image captioning primarily relies on perceptual grounding
rather than abstract reasoning, suggesting that a compact
model can serve as an efficient and practical alternative for
captioning-based applications.

4. MM-SeR: Multimodal Self-Refinement

Despite the impressive performance of our lightweight cap-
tioner, we still observe a capacity gap relative to large-scale
MLLMs in certain evaluations. To address this limitation,
we introduce a new framework, Multimodal Self-Refinement
(MM-SeR), illustrated in Figure 1, which improves caption
quality through self-guided refinement. First, we draw from
the human description process: forming an initial global
understanding before attending to salient details. Following
this principle, MM-SeR adopts a multi-stage generation pro-
cedure. The model first produces an initial caption capturing
the overall scene, and then uses this possibly coarse output to
guide the extraction of clearer and more informative visual
features, which support subsequent refinement.

4.1. Proposed Framework

As illustrated in Figure 4, our framework extends the con-
ventional single-pass captioning approach by incorporating a
self-refinement stage. Although the same language model is
used for both the initial caption and the refinement step, the
refinement process operates with a dedicated connector (i.e.,
SeR-Connector). This connector is specifically tasked with
integrating the following inputs: the previously generated
caption and multi-layer features from the vision encoder.
These inputs each serve a distinct purpose, as detailed below.

Looking at what matters. When asked to refine a caption
such as “A cat relaxing on a brown chair,” humans naturally
attend to the key elements referenced in the text, like the cat
and the chair. Following this intuition, we feed the initial
caption into the SeR-Connector and Language models, al-
lowing the modules to identify visually relevant regions and
direct their attention toward them during refinement.

Looking in detail. Coarse visual features often limit
fine-grained description quality. While some prior stud-
ies [27, 62, 63] address this by adding auxiliary vision en-
coders, this strategy increases model size; for instance, Inter-
leaved MoF [63] introduces DINOv2 [52], adding 300M pa-
rameters—a 66.7% increase relative to our 450M-parameter
model. Instead of expanding the architecture, we aim to
maximize the utility of the existing encoder by leveraging
multi-layer features, which provide richer and more detailed
representations. Although earlier works [39] have explored
multi-layer features, our approach uses them specifically to
supply finer-grained visual cues for the refinement stage.

Novelty of MM-SeR. This refinement paradigm parallels
the concept of self-refinement explored in LLM research [33,
48, 53]. By extending this idea to the multimodal domain,
our framework integrates visual evidence directly into the
refinement. To the best of our knowledge, this is the first
attempt to realize self-refinement within multimodal models.

4.2. Training Strategy

For the proposed framework to operate effectively, the model
needs to be trained to produce reliable initial captions and to
extract the refined visual features described in Figure 4. To
achieve this, we adopt a two-stage training strategy.

In the first stage, the model is trained to generate the ini-
tial caption following the standard LLaVA procedure [42].
In the second stage, the model learns how to perform re-
finement. Let the training set be X = {x1,22,...,25},
where each z, = (i, ¢ ) contains an image and its ground-
truth caption. A straightforward strategy might treat the
model’s momentary first-pass caption as the refinement in-
put and the corresponding ground-truth caption c¢j, as the
target. However, this setup often produces pairs with little
semantic alignment. For example, if the initial caption is “a
table in front of a window” while the ¢, is “a cat sitting on
a table,” the two descriptions offer no meaningful basis for
progressive refinement. Training on such mismatched pairs
would likely lead the model to disregard the initial caption
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Figure 4. Overview of the Multimodal Self-Refinement (MM-SeR) framework. (left) The model first generates an initial caption, which
guides the extraction of refined visual features for a second-stage generation. Fine-tuning is performed in two stages (right): (1) supervised
training using ground-truth captions, and (2) refinement training using pseudo-initial captions that slightly deviate from the ground-truth to
encourage self-correction. Here, ‘SeR-Con.” denotes the SeR-Connector, which differs from the connector used for generating the initial
caption. It processes additional inputs and is utilized in the refinement process.

and simply regenerate a new one, rather than learn how to
refine it. Further discussion is in Section E.5.

To address this issue, we generate pseudo-initial cap-
tions ¢ by prompting GPT-40-mini [1] to introduce small
perturbations to entities, attributes, or relations in the c.
For example, given the c¢; “a cat sitting on a chair,” the
pseudo-initial ¢ version may become “a dog sitting on a
chair.” During training, the SeR-Connector receives multi-
layer visual features together with the ¢; and learns to extract
features that are more informative for caption refinement.
The language model takes the visual embeddings and ¢, as
an additional textual prompt and predicts a refined caption,
which is supervised to match cy.

Rationale for refinement training. Let 7y denote the
language model. Each pseudo-initial caption ¢; deviates
from the ground truth cj at only a few token positions
Ey = {t | é, # cx,}. Under the sequence-level objective

L(0) = —E{Zlogﬂe(ck,j|ik7@k,ck,<j)], (1
J

gradients are likely to be primarily concentrated on tokens
in Ey, leading to a form of fargeted optimization, in which
the model retains the correct parts of ¢, while rewriting
only the erroneous ones. Writing A (6) = logmy(ck |
ik, Cr) — logme(éx | ik, Cr), we have L£(0) x —E[Ag];
hence, minimizing £ is equivalent to maximizing the ex-
pected margin Ay, thereby directly increasing the likelihood
of the refined caption relative to its flawed precursor. In ef-
fect, each gradient step encourages SeR-Connector to focus
on visual regions likely responsible for errors in the initial
caption and guides the language model to better interpret
these refined features, resulting in more accurate captions.
This targeted optimization resembles the philosophy of Di-
rect Preference Optimization (DPO) [56], if we consider ¢y,
and ¢, as preferred and less-preferred responses. In con-
trast to DPO, which treats both responses symmetrically
during optimization, our method offers a new perspective by
assigning them distinct roles as input and target.

viT L LM J
t
@41 I OEE
N vectors of dimension d
extracted from m layers
m x(Nxd) SeR-Connector

l self-attention 1

MLP =L 0] MLP

@ visual representations + .
positional Nx(md) @ olztnma
embeddings

Figure 5. Details of the SeR-Connector. Unlike the standard two-
layer MLP connectors used in typical MLLMs, the SeR-Connector
is designed to support the refinement process and to effectively
incorporate the inputs described in Section 4.1.

S. Experiments

5.1. Implementation Details

We train the framework in two stages. The first stage runs
for 10 epochs to learn initial caption generation, and the
second stage runs for 2 epochs to train the refinement process.
Both stages use a batch size of 256 and a learning rate of
2 % 1075, While our primary experiments use OPT-125M as
the language model, we additionally validate generalizability
by replacing it with Qwen2.5-500M [82]. All experiments
are conducted on two NVIDIA A6000 GPUs. Additional
training settings are described in Section I.1.

SeR-Connector. The SeR-Connector is simply implemented
with a set of Transformer blocks [17]. As shown in Figure 9,
it receives two inputs: @ the previously generated caption,
encoded as token embeddings, and @ multi-layer features
from the vision encoder. From the vision encoder, we col-
lect N visual token vectors of dimension d from m selected
layers. The features are concatenated along the channel di-
mension, yielding a representation of size N x (md) that
preserves hierarchical visual information. The resulting out-
put is then forwarded to the language model for refinement.
The ablation study is discussed in Section D.1.
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Table 3. Quantitative results of MM-SeR. The results demonstrate the effectiveness of extending single-pass captioning with a self-
refinement stage. Refinement relies on two key inputs: @ the initially generated caption and @ multi-layer features from the vision encoder.
MM-SeR yields consistent performance gains on single-sentence and detailed captioning tasks.

MS COCO [13]

model #params B@4 [54] gain CIDEr [68] gain CLAIR [8] gain GPT [9] gain
LLaVA-1.5[42] 7.3B 394 - 133.7 - 78.1+3.8 - 2.9340.10 -
Our model 450M 394 - 129.6 - 76.343.0 - 2.7440.06 -
+ MM-SeR with @ +@ 500M 39.9 +0.5 133.5 +3.9 77.64+2.9 +1.3 2.8240.09 +0.08
+ MM-SeR with @ 500M 39.6 +0.2 131.9 +2.3 - - - -
+ MM-SeR with @ 500M 39.6 +0.2 132.3 +2.7 - - - -
Single pass with @ 450M 39.7 +0.3 130.6 +1.0 - - - -
ShareGPT4V [11] & DCI [67]
model #params CIDEr [68] gain CAPT [18] gain CLAIR [8] gain GPT [9] gain
Cambrian [62] 10.5B 38.7 - / 50.1 - 58.2+3.1 - 3.0040.10 -
Our model 450M 40.5 - 459 - 54.6+3.4 - 2.74+0.12 -
+ MM-SeR with @ +®@ 500M 43.6 +3.1 48.4 +2.5 57.743.0 +3.1 3.02+0.12 +0.28
+ MM-SeR with @ 500M 42.8 +23 47.1 +1.2 55.8+3.1 +1.2 2.78+0.11 +0.04
+ MM-SeR with @ 500M 43.1 +2.6 47.6 +1.7 56.8+3.4 +2.2 2.8840.12 +0.14
Single pass with @ 450M 42.5 +2.0 46.5 +0.6 56.342.9 +1.7 2.9040.11 +0.16
Ours (Qwen2.5-500M) 820M 44.2 - : 49.0 - 58.34+3.0 - 3.1040.10 -
+ MM-SeR with @ +®@ 870M 46.4 +2.2 50.8 +1.8 60.5+2.8 +2.2 3.1740.09 +0.07
GLaMM [59]
model #params CIDEr [68] gain CAPT [18] gain CLAIR [8] gain GPT [9] gain
LLaVA-1.5 [42] 7.3B 23.4 - 40.0 - 53.844.0 - 3.0240.10 -
Our model 450M 29.1 - 42.0 - 51.8+4.1 - 2.6440.09 -
+ MM-SeR with @ +®@ 500M 30.4 +1.3 42.8 +0.8 53.443.8 +1.6 2.88+0.11 +0.24

Initially generated captions After multimodal refinement

A striking blue and yellow train engine is stationed on a railway
track, ready for its next journey. A red and white train car is
visible in the background, set against a clear blue sky with a few
clouds. The scene captures the essence of railway travel.

A striking blue and yellow train engine is stationed on a railway
track, ready for its next journey. A black and grey car is visible
in the background, set against a clear blue sky with no visible
clouds. The scene captures the essence of railway travel.

A woman in a white t-shirt and blue jeans is feeding a light brown | A woman in a white t-shirt and blue jeans is petting a cream-

d sheep in a rustic barn. The sheep, with white coats and brown colored sheep in a rustic barn. The sheep, with thick woolly
spots, stand on straw, while a black bucket and a wooden fence coats, stand or lie on straw, while a black bucket and a wooden
frame the scene. The image captures a peaceful moment in rural ' fence frame the scene. The image captures a peaceful moment
life. in rural life.

A man in a white lab coat and black pants is standing in front of a | A man in a blue coat and black pants is standing in front of a
® line of orange cheese blocks, with a metal fence and people in line of round orange cheese wheels, with a red rope barrier and
< the background. The cheese blocks have different shapes and people in the background. The cheese blocks have different

== sizes, and the man's face is blurred out. shape and size, and the man’s face is blurred out.

Figure 6. Qualitative comparison of initial and refined captions. The examples demonstrate how the proposed MM-SeR improves the
descriptive quality of image captions. Through the refinement process, some entity- and attribute-level errors are corrected, and vague
expressions are replaced with more specific and visually grounded descriptions. More results can be found in Section F.

5.2. Results overhead, including roughly 50M parameters for the SeR-
Connector and one extra inference step with the language

Effect of MM-SeR. The results in Table 3 and Figure 6
demonstrate the effectiveness of our framework in improv-
ing caption quality. We present ablation studies on the two
key inputs of our framework, @ the initial captions and @
the multi-layer visual features, to examine their individual
contributions. The refinement stage improves the initial cap-
tions by +3.9 and +2.5 CIDEr points for the single-sentence
and detailed captioning tasks, respectively. We further eval-
uate the use of @ without applying the refinement stage,
observing that single-pass captioning provides only limited
gains, indicating the necessity of the step. In our framework,
adding the refinement stage inevitably introduces additional

model. Nevertheless, as shown in Table 5, the computational
overhead remains minimal compared with MLLMs.

Evaluation on long-range video question answering.
Since captioning models serve as core components in down-
stream applications, as discussed in Section 2, we assess
their utility in a practical setting by using our captioner as
the captioning baseline for the long-range VideoQA task
introduced in LLoVi [89]. (Setup:) For fair comparison, all
small specialists [25, 57], including ours, are trained on
ShareGPT4V [11] and DCI [67]. Following [89], we adopt
Qwen2.5-14B as the backbone LLM for answer generation
across all captioners to isolate the effect of caption quality.
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Original image During initial captioning During refinement

Original image During initial captioning During refinement

-
E

A colorful kite flying in the blue sky with a large tree and mountains.

a train travels through lush green countryside

Figure 7. Attention patterns during caption generation. The left panel shows the model’s attention when producing captions from a
first-pass view, where attention is broadly distributed. The right panel visualizes the refinement stage, in which the initial caption guides the
model to focus on more relevant regions associated with the highlighted words.

Table 4. Evaluation on Long-Range VideoQA. We follow the baseline setup of LLoVi [89], replacing the captioner with our model or
MLLMs. Frame-level captions are aggregated and provided to Qwen2.5-14B for answering video-related questions. Our specialist delivers
competitive accuracy with significantly fewer parameters, demonstrating its applicability even in long-range video understanding.

LLM Captioner LLaVA-1.0 [41] BLIP-2[37] LLavA-1.5[42]:SmallCap* [57] Tag2text* [25]  Our specialist + MM-SeR
#params 7.3B 7.4B 450M 900M 450M 500M
Qwen2.5 14B [82] accuracy 47.6 50.6 41.8 47.1 493 50.8
time 29m 20s 29m 44s 29m 20s 4m45s Tm 14s 4m 53s 5m 10s

Table 5. Inference time required to generate captions for 100
streaming images. Given the captioning performance in Table 3,
our model demonstrates remarkable efficiency.

LLaVA-1.5 [42] Ours
time 27449 s 5.555(97.97%.)

+ MM-SeR
7.445 (97.28%.)

Inference time is measured end-to-end, accounting for both
caption generation and LLM reasoning under a 10-minute
video scenario. (Results:) As shown in Table 4, our specialist
achieves 49.3 accuracy, outperforming prior small caption-
ers such as SmallCap (41.8) and Tag2Text (47.1). When
equipped with MM-SeR, performance further increases to
50.8, approaching the best generalist pipeline LLaVA-1.5
(51.1) despite using over 14x fewer parameters. In terms of
efficiency, our specialist requires only 4m 53s, and 5Sm 10s
with MM-SeR, which is substantially faster than generalist
MLLMs (= 29m). These results indicate that our lightweight
captioner, combined with MM-SeR, offers strong suitability
for real-world applications.

Visual analysis of initial caption utilization in MM-SeR.
A key input to our MM-SeR framework is the initial caption,
which may reflect a rough and first-pass view of the image.
To understand how this caption guides refinement, we ex-
amine the model’s visual attention during the generation
process. (Setup:) We analyze the regions the model attends
to when generating specific words and visualize attention
maps using code adapted from API [86]. Further implemen-
tation details are provided in Section [.3. (Results:) As shown
in Figure 7, the single-pass captioner often distributes its
attention broadly across the image, struggling to localize

fine-grained regions. This behavior reflects the limitation
of describing an image in a single glance, where the model
attempts to process all information at once without focus-
ing on details. In contrast, when the model performs the
refinement step using the previously generated caption, the
attention patterns become more concentrated on the relevant
regions associated with each word. This suggests that the
model leverages the initial caption as a guide, enabling it to
“look at what matters” during refinement.

MM-SeR with larger language models. We extend MM-
SeR to larger language models (LMs), including OPT-1.3B
and LLaMA-2-7B, to examine whether the framework gen-
eralizes beyond lightweight models. To build captioning
specialists, we first trained these LMs on the ShareGPT and
DCI datasets. We then integrated MM-SeR and applied an
additional refinement stage using the procedure described in
Section 4.2. Our results in Table 6 show that MM-SeR pro-
vides consistent gains over these stronger baselines. Specif-
ically, the framework improves CAPT [18] scores by 1.2
points for OPT-1.3B and 0.9 points for LLaMA-2-7B, indi-
cating that MM-SeR remains effective when applied to larger
LMs. Although larger LMs such as OPT-1.3B and LLaMA-
2-7B offer stronger captioning capability as observed in prior
scaling studies [24, 30, 76], their scale, approximately 10x
and 56x larger than OPT-125M, can limit practical deploy-
ment. Developing captioning models that balance accuracy
and efficiency, therefore, remains an important direction.

Iterative self-refinement. We also examine whether MM-
SeR benefits from iterative refinement rather than a single
refinement pass. As shown in Table 7, applying multiple
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Table 6. MM-SeR on larger language models. We evaluate detailed captioning performance on ShareGPT4V [11] and DCI [67] using
captioning specialists built from OPT-1.3B and LLaMA-2-7B. Across both models, MM-SeR consistently improves performance over their
respective baselines, demonstrating that the refinement framework generalizes beyond lightweight LMs.

Language model vision encoder LoRA [23] total # params
OPT-1.3B [90] CLIP ViT-L X 1.6B
LLaMA-2-7B [64] CLIP ViT-L v 7.3B

CIDEr [68] CAPT [18]
initial gen. + MM-SeR initial gen. + MM-SeR
50.2 53.1 (+2.9) 49.0 50.2 (+1.2)
57.3 61.7 (+4.4) 52.7 53.6 (+0.9)

Table 7. Effect of iterative refinement. We compare initial cap-
tions and one to three refinement steps on the detailed captioning
benchmarks ShareGPT4V [11] and DCI [67].

Language model Stage CAPT [18] GPT [9]
initial caption 45.9 2.7440.12
OPT-125M [90] refinement X 1 48.4 3.02+0.12
refinement X2 47.8 3.0140.10
refinement X3 48.1 3.031+0.10
initial caption 49.0 3.04+£0.10
OPT-13B [90] refinement X 1 50.2 3.1440.11
refinement X2 50.5 3.1640.10
refinement X3 50.3 3.20+0.10

refinement steps to the smallest LM, OPT-125M, provides
no measurable improvement. In contrast, two or three refine-
ment iterations yield meaningful gains for OPT-1.3B. This
gap suggests that smaller LMs lack the capacity required
to leverage multi-step refinement, whereas larger LMs are
able to utilize the additional refinement signal effectively.
The trend aligns with recent findings in LLM-based self-
refinement [32, 48, 58, 79], which report increasing benefits
as model capacity grows. Future work could explore scal-
able strategies, such as dynamically adjusting the iteration
count, which remains a challenge in LLM refinement. We
note that our core contribution is the demonstration that
self-refinement can be an effective paradigm for MLLMs.

Remarks. We also evaluate our model on a resource-
constrained device, Jetson Nano, in Section B.2. The strat-
egy for generating pseudo-initial captions is detailed in Sec-
tion G.1, and we discuss the limitations of our specialist
captioner and existing MLLMs in Section E.

6. Related Work

Multimodal Large Language Models (MLLMs) have at-
tracted considerable research attention due to their versatile
applications, such as chat-bots [77]. Early approaches inte-
grated contrastive image-language pretrained models [71]
with powerful LLMs, enabling complex reasoning. The de-
velopment of instruction-based datasets [41] and innovative
training strategies [35, 84] has further accelerated progress,
substantially improving MLLM performance and broaden-
ing their capabilities. Despite these achievements, most
MLLMs heavily depend on large-parameter LLMs, making
deployment on memory-constrained devices unfeasible.

Image Captioning Models. Recent advances in image cap-
tioning have improved training efficiency and descriptive

fidelity. Approaches such as CaMEL [6] and SmallCap [57]
emphasize minimizing trainable parameters by leveraging
mean-teacher distillation and employing retrieval augmenta-
tion, while Tag2Text [25] and LoCCa [69] introduce novel
mechanisms such as dedicated tagging and location-aware
refinement to improve caption quality. Unlike existing ap-
proaches that focus on reducing trainable parameters, or rely
on single-pass inference, our method prioritizes inference ef-
ficiency, considering on-device operation and systematically
addressing the limitations of single-pass generation.

Self-Refinement in LLMs. Humans often refine their writ-
ing through iterative review to enhance clarity and preci-
sion [19, 48]. Recent research has applied this refinement
concept to LLMs, introducing techniques. For instance,
Self-Refine [33, 53, 58] enabled models to autonomously
critique and iteratively enhance their outputs. Unlike such
approaches limited to the LLM domain, our method intro-
duces refinement in a multimodal context, guided by both
language and vision.

7. Conclusion & Broader Impact

We introduced a lightweight captioning approach with mul-
timodal self-refinement, motivated by the need for efficient
visual understanding systems on edge devices. Our study be-
gan with an OPT-125M-based captioner, which surprisingly
achieved performance comparable to large MLLMs despite
a substantial reduction in parameters (93%.) and inference
time (97%.). To further enhance this lightweight model, we
proposed a multimodal self-refinement framework, the first
refinement-based approach explored in the MLLM commu-
nity. Through extensive experiments, we demonstrated that
the proposed architecture and framework provide more ac-
curate and informative captions. These improvements hold
consistently across single-sentence captioning, detailed cap-
tioning, and practical downstream tasks such as long-range
video question answering. We hope that the model explored
in this work serves as a practical solution for on-device ap-
plications and that our findings on visual self-refinement
inspire deeper investigation in future multimodal research.

Broader Impact. Future research may explore integrating
external tools (e.g., zoom or crop, as in GPT-03 [51]), and
designing a unified multimodal connector for both the initial
and secondary glance. More research questions that aim
to enhance both captioning performance and efficiency in
real-world applications are provided in Section E.6.
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