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Abstract

Multimodal large models have made significant progress,
vet fine-grained understanding of complex scenes remains
a challenge. High-quality, large-scale vision-language
datasets are essential for addressing this issue. How-
ever, existing methods often rely on labor-intensive man-
ual annotations or closed-source models with optimal per-
formance, making large-scale data collection costly. To
overcome these limitations, we propose a self-bootstrapped
training pipeline that leverages the model’s own multi-
modal capabilities to recursively refine its understanding.
By decomposing existing multimodal data into localized
sub-regions and generating hierarchical scene descriptions
and multi-faceted question-answer pairs, we construct a
dataset based on 1.4M image-task instances. We further
utilize this dataset to train the base model, significantly en-
hancing its ability to interpret complex visual scenes and
perform various vision-related tasks. Our OURO model,
fine-tuned on Qwen2-VL-7B-Instruct using LoRA, achieves
substantial improvements over both the base model and
similarly-sized counterparts across multiple multimodal
benchmarks. Our self-bootstrapped training pipeline of-
fers a novel paradigm for the continuous improvement of
multimodal models. Code and datasets are available at
https://github.com/tinnel123666888/OURO. git.

1. Introduction

The development of large language  models
(LLMs) [66] [68] [14], exemplified by GPT [2] and
similar architectures, has driven significant advancements
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Figure 1. Comparison of our OURO with existing methods across
multiple evaluation metrics.

in natural language processing [50], achieving state-of-the-
art performance across various linguistic tasks. Building
on the success of these models, VLMs [73] [75], such as
CLIP [52], Flamingo [3], and BLIP [33], have emerged
to address multimodal challenges by jointly modeling
textual and visual information. These models benefit from
vast amounts of multimodal data, which provides rich
visual-contextual information [29, 74], and enables models
to learn intricate object relationships, spatial configurations,
and context, leading to their ability to reason over complex
multimodal tasks.

Despite advancements, current VLMSs primarily rely on
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whole-image descriptions, overlooking fine-grained object
attributes and spatial relationships. Existing annotations of-
ten provide broad scene summaries like “many cups and
other items on the table,” rather than structured descrip-
tions that differentiate individual objects, their properties,
and interactions. This lack of hierarchical organization pre-
vents models from capturing multi-level scene representa-
tions, making it difficult to reason about spatial dependen-
cies.

To address these shortcomings, recent efforts have ex-
plored various strategies to enhance multimodal under-
standing, often requiring additional annotation efforts or
integrating multiple models to improve performance. Ap-
proaches like SPHINX [37] and mPLUG-OwI2 [70] em-
ploy joint weight mixing, visual embedding integration, and
task-specific tuning to refine representation learning, yet
they still struggle to capture fine-grained spatial relation-
ships across objects of different scales. On the other side,
methods such as FlexCap [16], Monkey [36], and Visual
CoT [57] leverage external models to generate hierarchi-
cal descriptions, region-specific annotations, or visual rea-
soning cues, improving interpretability but relying heavily
on large-scale annotated datasets and pre-trained models,
making them costly and difficult to scale. Additionally,
they often provide annotations at a fixed granularity, either
whole-image descriptions or isolated object labels, without
a unified framework for modeling hierarchical relationships
and spatial dependencies. This inconsistency in abstraction
limits structured scene representation and requires extensive
manual intervention or pre-processing, reducing feasibility
for large-scale data generation. A self-supervised approach
is needed to automatically structure fine-grained scene de-
scriptions while ensuring scalability and adaptability.

We introduce OURO (derived from ouroboros, a ser-
pent eating its own tail), a multimodal model designed to
enhance scene understanding through a self-bootstrapped
training approach. Unlike conventional VLMs that rely
on static datasets with whole-image annotations, OURO
refines its own training data by decomposing images into
structured sub-regions and leveraging hierarchical rela-
tionships for a more granular understanding of object at-
tributes and spatial dependencies. As shown in Fig. 1, our
model demonstrates outstanding performance across mul-
tiple tasks, outperforming 15 other models in a compre-
hensive evaluation. At the core of OURO is an automated
dataset construction process that generates structured scene
descriptions and diverse VQA question-answer pairs. The
model first employs a Region Proposal Network (RPN) [53]
to segment images into hierarchical sub-regions. Each sub-
region is then processed by a VLM to produce localized
descriptions, which are recursively linked back to parent re-
gions based on their relative positions. This ensures that
fine-grained details are not only captured at the object level

but also contextualized within their broader scene compo-
sition. The model then integrates these structured descrip-
tions into a unified representation, which serves as the foun-
dation for generating diverse VQA question-answer pairs,
ensuring comprehensive reasoning over both object-level
details and broader scene context.

To maximize the utility of this enriched dataset, OURO
employs a multi-region joint training strategy that processes
both full images and their sub-regions in parallel. Unlike
prior approaches that treat sub-regions as independent sam-
ples, our method explicitly models hierarchical dependen-
cies, allowing the model to learn fine-grained visual repre-
sentations while maintaining a coherent global scene under-
standing. This training paradigm enhances the model’s abil-
ity to generate structured image captions, answer complex
visual queries, and reason over intricate object relationships
with greater accuracy and interoperability.

Our contributions are as follows:

* We propose a novel bootstrapped training pipeline that
leverages only a base model along with a simple
RPN. Without requiring additional human annotations or
closed-source model costs, our method recursively con-
structs multi-granularity scene annotation data. Through
this training process, we significantly enhance the base
model’s capabilities in scene understanding and multi-
modal question answering.

* Building upon publicly available multimodal datasets, we
construct an augmented dataset based on 1.4M image-
task instances. Each image in this dataset is accom-
panied by highly detailed descriptions, multi-level sub-
image segmentations, and multiple question-answer pairs
covering various aspects.

* The model we trained, OURO, demonstrates enhanced
capabilities in visual understanding and question an-
swering. It achieves significant improvements over the
base model across four major multimodal tasks: im-
age captioning, general VQA, scene text-centric VQA,
and document-oriented VQA, evaluated on 20 bench-
mark datasets. Moreover, OURO outperforms other open-
source models of similar scale on most evaluation met-
rics. Notably, in document-oriented VQA, our model
even surpasses leading closed-source multimodal models.

2. Related Work

RPNs in Multimodal Learning. RPNs [53] are widely
used in object detection to generate candidate regions effi-
ciently. They predict object locations directly from feature
maps, offering a fast and scalable alternative to traditional
region selection methods. Recent multimodal models, in-
cluding GLIP [35], Grounding DINO [40] [54], and OV-
DINO [63], incorporate RPN’ to automate object region ex-
traction. While segmentation-based methods like SAM [30]
focus on precise object boundaries, an RPN retains contex-
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tual information around objects, making it better suited for
hierarchical scene decomposition. Given its efficiency and
ability to preserve spatial relationships, we adopt an RPN
in our framework to enhance structured scene understand-
ing and VQA dataset generation.

VLMs for Scene Understanding. VLMs have advanced
to handle tasks such as image descriptions, VQA, and mul-
timodal reasoning by integrating visual and linguistic data.
Early models like CLIP [52] leveraged contrastive learning
for image-text alignment, while subsequent models such as
Flamingo [3] and BLIP [33] introduced improved attention
mechanisms to enhance cross-modal understanding. More
recent architectures, including Qwen [5] and LLaVA [62],
integrate vision transformers to refine few-shot learning and
reasoning abilities. However, these models struggle with
capturing fine-grained spatial relationships and structured
scene representations, limiting their ability to understand
complex environments.

To address these challenges, several strategies have
been explored. Modular multi-modal models such as
mPLUG-OwI2 [70] and SPHINX [37] improve vision-
language alignment through weight-mixing strategies and
task-specific tuning, particularly benefiting high-resolution
image interpretation. Meanwhile, Img2Prompt [22] and
QAC [43] enhance VQA performance by generating
question-guided prompts, yet they rely on predefined rea-
soning structures and lack adaptability to complex visual
dependencies. Another class of approaches, including Flex-
Cap [16], FUSECAP [55], CAPSFUSION [72], Visual
CoT [57] and Monkey [36], leverages synthetic data or
pseudo-annotations to enhance training. However, reliance
on external models or additional human annotations can be
high-cost, underscoring the need for a scalable approach to
enhance the scene understanding ability of VLMs.

3. Methods

This method involves two main stages: data generation and
model training. In the first stage, we use an RPN to extract
hierarchical sub-regions, and descriptions are generated for
each. These sub-region descriptions are sequentially inte-
grated into their parent regions through object name match-
ing, forming a multi-level scene description. Then the gen-
erated descriptions, along with predefined questions, are in-
put into the base VLM to produce VQA data. In the second
stage, the original image, its sub-regions and the generated
question-answer pairs are fed into the VLM for continuous
improvement, leveraging both global and local features.

3.1. Recursive Multi-Level Scene Annotation

Previous models, such as Monkey [36], CAPSFU-
SION [72], and Visual CoT [57], have explored sub-region
descriptions to enhance scene understanding and VQA in-
terpretability. Additionally, methods like FUSECAP [55]

Algorithm 1 Recursive Scene Annotation with VLM

Require: Image I, Prompt P, Confidence threshold 7

Ensure: Hierarchical descriptions d(®) and QA pairs QA
1: function RECURSIVEANNOTATE([])

d®) + RecursiveDescribe(I, 0)

3: QA «— VLM(I, P,d) > Generate QA pairs

using descriptions

4 return d©), QA

5: end function

6: function RECURSIVEDESCRIBE(r() | t)

7

8

9

»

d® «— VLM(r®) > Generate description
R« RPN(r(1) > Generate sub-regions
if R £ () then

10: DD ()

1: for each r{' ") € R(+1) do

12: dgtH) — RecursiveDescribe(rgtH), t+1)
13: DD« DYy {a{V}

14: end for

15: d®) < Merge(d®, D(t+1))

16: end if

17: return d®)

18: end function

and others [56] [31] [18] use synthetic data to improve scene
comprehension. However, these approaches struggle to
fully capture spatial relationships and ensure interpretability
between descriptions and question-answer pairs, and also
incur additional annotation costs. To address these gaps, we
integrate hierarchical scene understanding and multi-level
description generation to enhance spatial awareness and in-
terpretability in VQA. Fig. 2 and Algorithm | illustrate our
pipeline.

The annotation process follows a recursive strategy, be-
ginning with an RPN or an OCR [27] module that col-
laboratively extract candidate sub-regions from the origi-
nal image I. The RPN focuses on visual object proposals,
while the OCR processes text-containing regions if neces-
sary. Only sub-regions with confidence scores above a pre-
defined threshold are retained. Each retained region is then
recursively processed in the same manner until no further
subdivisions can be made.

Formally, the recursive segmentation can be defined as
follows:

R©® = RPN(I), (1)

where R(®) denotes the initial set of sub-regions obtained
from the original image. At recursion step ¢, each sub-

region 7' Y € R=1) is further subdivided:

RO~ |

r{t=DeRri-1

RPN(r{"™), 2)
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Step 1 :Multi-Level
Sub-Region Generation

Step 2 :Hierarchical
Caption Generation for Sub-Regions

Step3 :Caption and QA Pair
Generation for the Original Image

o,
4 A Atrans
€ parent --
- glass..

[Caption Prmnpl]l

[Caption Prompt]

s A
o A A'soft, J4A ( VLM ]‘J
O brown --- p potted -- l
** cushion * plant ...

A modern living room features a soft beige A
sofa with earthy-tone cushions and a cozy
blanket. A sleek coffee table .. Two warm
table lamps ...

+ ... (objects in sub-regions)

On the table,

there is a

transparent
glass jar...

N

(
I
I
|

Merge
Captions

Forward — il d

[QA Prompt]

o
—————— "~ RS\ [ VLM ]‘J
On the sofa, ! On the side "
there are ! table, there <: | _
brown, - is a potted r
cushion... plant ) Generate question-answer pair dataset

[Caption Prompt] "Generate a detailed caption for the given image."

[QA Prompt] "Generate five questions and corresponding answers based on
the provided caption, covering these aspects: Objects, Relationship, Style,
Scene, and Details."

Figure 2. The process of multi-level scene understanding and VQA dataset generation in the OURO framework.

until the termination condition is met, i.e., when no sub-
region can be further divided.

Once the final set of sub-regions is obtained, a VLM is
used to generate descriptions for each sub-region. The de-

scription for a region r( ) at level t is given by:
d\" = vLm(r{"). 3)
If a sub-region r( ) contains further subdivisions REHD,

their descriptions are recursively generated and integrated
into the parent region’s description via object name match-
ing:

d( ) = = Merge (d(t), {d(t'H | 74 (t+1) ¢ R(t+1)}> “4)

(t+1) (®

Here, r; represents a sub-region of r; 7, ensuring that
all ﬁner—level details are recursively embedded into higher-
level descriptions, resulting in a comprehensive hierarchical
representation of the image.

With the comprehensive multi-level descriptions d(®),
along with the original image I and predefined question
prompt P, we generate question-answer pairs through the
same VLM, focusing on different aspects of the scene, such
as object details, spatial relationships, style, scene context,
and interactions:

QA = VLM(I, P,d©). (5)

By structuring the annotation process in this recursive
manner, we ensure that both fine-grained and high-level

contextual information is captured, leading to a more de-
tailed and context-aware dataset.

3.2. Joint Bootstrapping Training

In the second stage, we refine the VLM using the self-
bootstrapped dataset, enhancing its ability to generate struc-
tured scene descriptions and answer complex visual ques-
tions, as shown in Fig. 3. During training, the model pro-
cesses a full image along with k£ randomly selected sub-
regions. This multi-granularity input encourages the model
to attend to both global layouts and localized details, pro-
moting better contextual alignment across scales.

For scene description generation, the model is trained to
predict a description that includes its own details along with
the combined descriptions of all its child regions, optimized
by:

T

»Cdesc = - ZIOgP(Ct | Ivc<t)'
t=1

(6)

For VQA, the model takes the full image, its sub-regions,
and a set of up to five diverse questions as input, predicting
answers using:

(7

k
‘an = - Z Yi IOg(gz)
=1

To encourage mutual enhancement, both tasks are
trained jointly. The final loss function is Laese + Lqas
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Figure 3. The overall architecture of the OURO model training process. The original image and its sub-regions are input into the Visual
Encoder, which extracts both region and global image features. These features are then passed to the LLM Decoder to generate answers to

the given questions, while simultaneously training descriptions.

enabling shared visual-language representations to benefit
from both generation and reasoning objectives.

Training Data. Several widely recognized datasets
have been used to train and validate our model. These
datasets span a variety of tasks, including image captioning,
general VQA, scene text-centric VQA, and doc-oriented
VQA. The Image Caption task utilizes datasets such as
COCO Caption [71], TextCaps [58], and Detailed Caption
with 404k samples. For General VQA, we make use of
VQAV2 [20], OKVQA [44], GQA [26], ScienceQA [42],
and VizWiz [24], collectively adding up to 306k sam-
ples. The Scene Text-centric VQA task is supported by
datasets like TextVQA [59], OCRVQA [28], and AI2D [7],
which provide a total of 308k samples. For Doc-oriented
VQA, datasets such as DocVQA [47], ChartQA [45], In-
foVQA [48], and others, with 423k samples, are employed.
The distribution of these datasets across tasks is illustrated
in Fig. 4. Based on them, we utilize our pipeline to construct
a multimodal dataset with 1.4 million samples, each en-
riched with detailed annotations and question-answer pairs.

4. Experiment

To evaluate the effectiveness of our model, we conduct ex-
tensive experiments on a series of tasks, including image
caption and VQA. These tasks are chosen to assess the
model’s ability to generate detailed, contextually rich de-
scriptions and accurately answer questions that require rea-
soning over both global and local visual features.

4.1. Model details

Model Configuration. We use the Qwen2-VL [64]
model as the vision encoder and the LLM decoder. This
configuration enables efficient processing of both global

Image Caption 404

General VQA 306

Scene Text-centric | 308
VQA

Doc-oriented | 423
VQA

0 100 200 300 400 500
Number of Samples (in k)

Figure 4. Training dataset distribution across different tasks

image features and fine-grained sub-region features. Dur-
ing training, the original image and its selected sub-regions
are processed together through the shared encoder-decoder
framework. The model leverages a robust attention mecha-
nism with 28 attention heads, distributed across 28 hidden
layers. Key-value head sharing is used with 4 key-value
heads, and the root mean square normalization epsilon is
setto 1 x 1076,

Training Parameters. The model is trained across 8
NVIDIA H100 GPUs, with each device using a batch size of
4, resulting in a total batch size of 32. Gradient accumula-
tion steps are set to 8. The learning rate is set to 1.0 x 1074,
and a cosine learning rate scheduler is employed, accom-
panied by a warmup ratio of 0.1. The training process is
conducted for 3 epochs using mixed precision (BF16 en-
abled) to enhance efficiency. Additionally, we incorporate
Low-Rank Adaptation (LoRA) [25] with a rank of 8, signif-
icantly reducing the number of trainable parameters while
maintaining model performance.
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Model OKVQA VQAV2 VizWiz GQA VSR ScienceQA IconVQA
BLIP-2-7B [34] 45.9 - 19.6 41.0 50.9 61.0 40.6
InstructBLIP-7B [12] - - 334 49.5 52.1 - 44.8
LLaMA-AdapterV2-7B [19] 49.6 70.7 39.8 45.1 - - -
Shikra-13B [9] 47.2 77.4 - - - - -
mPLUG-OwI2-7B [70] 57.7 79.4 54.5 56.1 - 68.7 -
Fuyu-8B [6] 60.6 74.2 - - - - -
MiniGPT-v2-7B [8] 57.8 - 53.6 60.1 62.9 - 51.5
FlexCap-LLM [17] 52.1 65.6 41.8 49.5 - - -
Qwen-VL-7B [5] 58.6 79.5 35.2 59.3 63.8 67.1 -
Qwen-VL-7B-Chat [5] 56.6 78.2 38.9 57.5 61.5 68.2 -
LLaVAL1.5-7B [39] - 78.5 50.0 62.0 - 66.8 -
LLaVA1.5-13B [39] - 80.0 53.6 63.3 - 71.6 -
VisCoT-7B [57] - - - 63.1 614 - -
Monkey-7B [36] 61.3 80.3 61.2 60.7 - 69.4 -
SPHINX-7B [37] 62.1 78.1 39.9 62.6 58.5 69.3 52.7
Qwen2-VL-7B [64] 57.9 75.5 64.7 71.3 - 954 -
OURO-7B 66.2 80.8 70.4 77.7 77.0 87.0 51.6
Table 1. Results on General VQA and other related tasks.
Model DocVQA ChartQA InfoVQA DeepForm KLC WTQ Model CoCo Caption  Flickr30K  TextCaps
Closed-source Models Flamingo-80B [3] - 67.2 -
Palm-E-12B [15] 135.0 - -
GPT-40 [49] 92.8 85.7 66.4 384 299 466 BLIP-2 [34] - 716 )
GeminiPro-1.5 [13] 912 347 73.9 322 241 503 InstructBLIP (Vicuna-13B) [12] 1022 88 )
Claude-3.5 [4] 88.5 51.8 59.1 314 248 471 Shikra (Vicuna-13B) [9] 117.5 739 )
Open-source Models mPLUG-OwI2-7B [70] 137.3 85.1 -
LLaVA1.5 (Vicuna-7B) [39] - - -
InternVL-2.5-2B [11] 87.7 75.0 61.9 131 166 363 Qwen-VL (Qwen-7B) [5] N 85.8 65.1
DeepSeek-VL2-Tiny [67]  88.6 81.0 63.9 251 190 35.1 Qwen-VL-Chat-7B [5] 131.9 81.0 -
Phi3.5-Vision [1] 86.0 822 56.2 105 75 172 Monkey-7B[36] - 86.1 93.2
LLaVA-NeXT-7B [23] 63.5 52.1 30.9 13 54 201
Llama3.2-11B [21] 82.7 23.8 36.6 1.8 3.5 230 OURO-7B 1362 88.0 89.7
ALIGNVLM-8B [46] 81.2 75.0 53.8 633 355 453
Qwen-VL-7B [5] 65.1 65.7 354 4.1 159 21.6 .
Monkey [36] 66.5 651 361 106 328 253 Table 4. Results on Image Captions Tasks.
Qwen2-VL-7B [64] 914 735 76.8 426 306 579
OURO-7B 935 841 7M1 525 562 720 captioning to demonstrate the model’s capacity for detailed
ble 2 | nted and spatially-aware scene interpretation.
Table 2. Results on Doc-oriented VQA. VQA Results. We evaluate OURO across multiple VQA
benchmarks, covering general VQA, scene text-centric
Model TextVQA  AZD  STVQA  ESTVQA VQA, and document-oriented VQA. The general VQA
Pix2Struct-Large [32] - 42.1 tasks include OKVQA [44], VQAV2 [20], VizWiz [24],
BLIP-2 [34] 424 - :
InstruetBLIP [12] S0 ) GQA.[Z()], VSR [38], ScienceQA [42]', and IconVQA[41],
mPLUG-DocOwl-7B [69] 526 - focusing on diverse real-world scenarios. The scene text-
mPLUG-OwI2-7B [70] 54.3 - - - .
Qwen-VL.7B [5] 3.8 623 so.1 278 centric VQA tasks, such as TextVQA [59], AI2D [28],
Qwen-VL-Chat-7B [5] 61.5 57.7 - - STVQA [7], and ESTVQA [65], assess the model’s abil-
LLaVA-1.5 [39 58.2 - - - : e
Moikey-ml[z(aj] pi 626 617 826 1ty to process embedded text. Additionally, document-
Qwen2-VL-7B [64] 82.2 77.6 613 83.7 oriented VQA, evaluated on DocVQA [47], ChartQA [45],
OURO-7B 85.3 80.2 77.0 90.2 InfoVQAT[48], DeepForm [61], KLC [60], and WTQ [51],

Table 3. Results on Scene Text-centric VQA.

4.2. Results

Our evaluation covers general VQA, document-oriented
VQA, and scene text-centric VQA, as well as fine-grained

examines structured document reasoning. As shown in
Table 1, OURO surpasses previous similarly-sized mod-
els such as Monkey and SPHINX. Notably, in scene text-
centric VQA, OURO attains 85.3 on TextVQA and 80.2
on AI2D, significantly outperforming previous approaches
(Table 3). Additionally, in document-oriented VQA, OURO
achieves top-tier performance, outperforming or matching
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k OKVQA VQAvV2 VizWiz GQA ChartQA ScienceQA TextVQA AI2D STVQA ESTVQA Average

0 61.3 1.7 733 69.0 76.8 86.7 83.0 83.5 723 89.4 713

1 62.5 753 76.4 66.0 62.4 85.8 71.3 76.3 69.8 87.7 74.0

2 66.0 79.7 75.9 73.6 80.5 80.8 85.1 86.0 724 88.4 78.8

3 65.9 79.9 71.5 71.1 79.1 79.5 84.6 86.5 735 89.2 78.7

5 66.2 80.8 704 71.7 84.1 87.0 85.3 80.2 77.0 90.2 80.0

7 70.3 78.1 79.2 712 63.5 79.7 77.1 76.6 722 87.7 75.6
Table 5. Ablation study on the number of sub-regions used during training.

k  Annot. | OKVQA VQAV2 ChartQA TextVQA AI2D STVQA consistently improves results, with the best performance

3 Org | 584 723 72.1 767 660 679 achieved when using k£ = 5 sub-regions, yielding the high-

3 Ous | 69 799 7 86 865 15 est average score. Using fewer than five sub-regions may

5 Org. | 662 796 802 81 &9 728 limit fine-grained detail capture, as the model has less lo-

5 Ous | 662 80.8 84.1 83 802 770

Table 6. Ablation study on enhanced annotations.

12 state-of-the-art models across six datasets, as shown in
Table 2. These results demonstrate OURO’s ability to cap-
ture fine-grained text details, spatial structure, and doc-
ument layout, leading to more accurate and interpretable
VQA responses. Furthermore, Fig. 5 (b-e) presents qual-
itative comparisons across different VQA aspects using
OURO, ChatGPT-4o0 [49], Qwen2-VL [64] and DeepSeek-
VL [67]. Specifically, (a) corresponds to scene reason-
ing, (b) to structured table understanding, (c) to spatial rea-
soning, and (d) to knowledge-based question answering.
OURO successfully answers all questions, demonstrating
its strong ability to integrate spatial, structural, and contex-
tual information for accurate and interpretable responses.

Image Captioning Results. We evaluate OURO on
image captioning tasks using the CoCo Caption [10],
Flickr30K [71], and TextCaps [58] datasets. As shown in
Table 4, OURO achieves the best performance on Flickr30K
while maintaining competitive results on CoCo Caption
and TextCaps. This highlights its ability to generate struc-
tured and contextually rich descriptions by leveraging hier-
archical scene understanding and spatially aware captioning
mechanisms. Fig. 5 (e) compares responses from OURO,
ChatGPT-40 [49], Qwen2-VL [64] and DeepSeek-VL [67]
to the prompt, “Please describe the sculpture in the image
in details.” OURO provides a more structured and precise
description, accurately identifying each of the seven sculp-
tures, detailing their posture, movement, and abstract forms,
while other models offer more generic responses.

4.3. Ablation Study

We conduct ablation experiments to verify the effectiveness
of our method.

Impact of sub-region number. We analyze the ef-
fect of sub-region selection on performance across multiple
datasets. As shown in Tab. 5, incorporating sub-regions

calized information to refine its understanding. Meanwhile,
using more than five sub-regions, particularly seven, results
in performance degradation, likely due to an excessive fo-
cus on small regions, reducing the model’s ability to main-
tain global context. Interestingly, using only one sub-region
performs worse than using none at all (74.0 vs. 77.3), possi-
bly because randomly selecting a single region risks exclud-
ing crucial information, leading to inconsistencies in scene
interpretation. These results emphasize the importance of
balancing local and global context through an optimal num-
ber of sub-regions, with five providing the most effective
trade-off.

Impact of enhanced annotations. To assess our re-
cursive annotation pipeline, we compare models trained on
original (i.e., dataset-provided human-written annotations)
vs. enhanced annotations using ¥ = 3 and £ = 5 sub-
images per sample ( Tab. 6). Note that all models are trained
with multi-subregion inputs; the only difference lies in the
supervision: original annotations use individual human-
written captions and QA, while enhanced annotations em-
ploy structured merged descriptions and self-generated QA.

Results show consistent improvements from enhanced
annotations across benchmarks. For example, & = 3 (Ours)
surpasses k = 3 (Orig.) by +7.6 on VQAv2 and +20.5
on AI2D, highlighting the value of hierarchical and QA-
augmented supervision. Moreover, kK = 3 (Ours) performs
comparably to £k = 5 (Orig.), indicating that annotation
quality outweighs mere increases in subregion count. These
results validate the effectiveness of self-bootstrapped anno-
tation in enhancing scene understanding and reasoning.

4.4. Limitations

Our approach to multi-level scene understanding introduces
challenges related to description length and consistency. As
the hierarchical generation process expands across multiple
levels, captions may become excessively long, leading to re-
dundancy or potential misalignment between different lev-
els of descriptions. Future research should explore strate-
gies to generate concise yet comprehensive scene descrip-
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Please describe the sculpture in the image in details.

There are seven sculptures in the central exhibition area. The leading sculpture leans forward dynamically, with
one leg extended as if in motion. The second sculpture is slightly hunched, with a twisted torso and extended
limbs, creating a sense of movement. The third sculpture stands more upright, with arms reaching forward and a
rough, textured surface enhancing its depth. The fourth sculpture bends at the waist with fragmented limbs,
appearing to brace against an unseen force. The fifth sculpture has an angular stance, with one leg extended
backward and arms positioned as if pushing forward. The sixth sculpture is compact and crouched, with its head
tilted downward and an abstract, layered surface. The seventh sculpture stands tall and rearing, with arms
slightly lifted and a jagged form that conveys tension and energy. They resemble a group of people wearing
heavy clothing, appearing to be walking forward dynamically.

@

The intermediate sculpture in the image appears to be a modern or

The intermediate sculpture in the image is a modern and artistic installation located in a shopping mall. The
sculpture features a group of figures that appear to be made from various materials, including metal and fabric.
The figures are designed to resemble humanoid shapes with exaggerated features, such as large heads and
expressive eyes. They are arranged in a dynamic pose, giving the impression that they are dancing.

{;’

avant-garde installation featuring several human-like figures. These
figures are positioned dynamically, as if in motion, and are adorned
with elaborate, textured materials resembling fur or heavy fabric.

The color scheme of the sculpture contrasts with the sleek and

modern mall interior, drawing attention to its artistic expression. @

The sculptures in the center appear to be made from metallic materials with intricate designs that resemble
animal forms or abstract figures. They have shiny surfaces reflecting light, giving them an eye-catching
appearance against the blue carpeted platform they stand upon. The ar
creatures were captured mid-action within their display.

as if these

¥

suggests

Figure 5. Qualitative comparison of scene descriptions and VQA responses across different datasets, illustrating outputs from our model,

ChatGPT-40, Qwen2-VL and DeepSeek-VL .

tions while ensuring accurate alignment between hierarchi-
cal representations and their corresponding VQA pairs. Ad-
ditionally, our current method selects sub-regions randomly,
which lacks interpretability and may not always focus on
the most relevant areas for question answering. This ran-
domness in region selection can impact the model’s ability
to prioritize informative regions effectively. Future work
could explore more structured selection mechanisms that
enhance interpretability, allowing for a more deliberate and
explainable sub-region selection process.

5. Conclusion

We introduce a self-bootstrapped approach for enhancing
scene understanding in multimodal models, and develop
a multimodal model, OURO. By generating hierarchical
scene descriptions and structured VQA data, our method
captures detailed object attributes and spatial relationships
without relying on costly manual annotations. Addition-
ally, our joint training strategy integrates both full-image
and sub-region features, improving the model’s ability to
balance local and global context.
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