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Abstract. Throughout the history of computer vision, while research
has explored the integration of images (visual) and point clouds (geo-
metric), many advancements in image and 3D object recognition have
tended to process these modalities separately. We aim to bridge this di-
vide by integrating images and point clouds on a unified transformer
model. This approach integrates the modality-specific properties of im-
ages and point clouds and achieves fundamental downstream tasks in
image and 3D object recognition on a unified transformer model by
learning visual-geometric representations. In this work, we introduce
Formula-Supervised Visual-Geometric Pre-training (FSVGP), a novel
synthetic pre-training method that automatically generates aligned syn-
thetic images and point clouds from mathematical formulas. Through
cross-modality supervision, we enable supervised pre-training between
visual and geometric modalities. FSVGP also reduces reliance on real
data collection, cross-modality alignment, and human annotation. Our
experimental results show that FSVGP pre-trains more effectively than
VisualAtom and PC-FractalDB across six tasks: image and 3D object
classification, detection, and segmentation. These achievements demon-
strate FSVGP’s superior generalization in image and 3D object recog-
nition and underscore the potential of synthetic pre-training in visual-
geometric representation learning. Our project website is available at
https://ryosuke-yamada.github.io/fdsl-fsvgp/.
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1 Introduction

Fusing images (visual) and point clouds (geometric) is crucial for developing
vision models that enhance understanding of the real world. This is because
the visual and geometric modalities are complementary. For example, a vision
model that relies only on point clouds cannot distinguish a picture and a poster
attached to the wall. However, the difference in texture between these two objects
can easily be identified by fusing images in the same 3D scene. Therefore, ex-
tracting visual-geometric representations by integrating images and point clouds
enhances the recognition capabilities of vision models.
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Fig. 1: FSVGP enables pre-training visual and geometric modalities on a unified
transformer model by constructing VG-FractalDB from a mathematical formula. VG-
FractalDB consists of fractal images, fractal point clouds, and cross-modal supervision
called formula-supervised consistency labels. FSVGP simultaneously inputs a fractal
image and a fractal point cloud and pre-trains in classification (CLS) tasks based on
a formula-supervised consistency label. We show that FSVGP improves six tasks of
image and 3D object CLS, detection (DET), and segmentation (SEG).

Despite the ongoing research in visual-geometric representation learning that
utilizes images and point clouds, a significant gap exists in developing a unified
vision model that effectively trains on both modalities, enhancing both image
and 3D object recognition capabilities. Within the realm of visual-geometric
representation learning, various studies [11,20,23,36] have pursued improvements
in image recognition by integrating visual and geometric data, while others [1,
22,30,33,40] have aimed to enhance 3D object recognition. In 2024, recognition
models have emerged that are limited to segmentation tasks yet can address both
image and 3D data [13]. The challenge is partly due to the scarcity of large-scale
datasets pairing images with point clouds, suggesting extensive paired data is
necessary to bridge visual and geometric modalities effectively.

However, given the scarcity of high-quality 3D data on the web, collecting
paired images and point clouds proves significantly more challenging and costly.
Furthermore, accurate annotations often necessitate manual labeling by experts
who can interpret complex spatial information of 3D data. In addition, aligning
images with point clouds requires significant correspondence and pre-processing
costs to address distortions in raw point clouds and their associated image projec-
tions, which are prone to distortion. Consequently, the construction of large-scale
datasets for visual and geometric modalities poses a formidable challenge, de-
manding substantial human resources and specialized expertise. Moreover, copy-
right and ethical biases are becoming an increasing concern on real datasets.

We facilitate visual-geometric representation learning by employing formula-
driven supervised learning (FDSL) to address these challenges. FDSL [16] auto-
matically generates synthetic data and supervision from a mathematical formula
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based on principles such as fractal geometry. Furthermore, FDSL helps circum-
vent common issues associated with real data, including manual labeling costs,
copyright concerns, and ethical biases.

Hence, we introduce a visual-geometric pre-training method called Formula-
Supervised Visual-Geometric Pre-training (FSVGP). FSVGP enables synthetic
pre-training through a unified transformer model by automatically generating
aligned synthetic images and point clouds, as shown in Figure 1. We first de-
veloped the visual-geometric fractal database (VG-FractalDB), which employs
fractal geometry to generate fractal point clouds and their corresponding fractal
images automatically, processed simultaneously by a unified transformer model.
VG-FractalDB provides a formula-supervised consistency label as cross-modality
supervision between visual and geometric modalities. The formula-supervised
consistency labels ensure correspondences between fractal images and fractal
point clouds, facilitating supervised pre-training for classification tasks on a uni-
fied transformer model. For the transformer model, we made minimal modifica-
tions to the input processing—drawing upon the Vision Transformer (ViT) [8]
and Point Transformer (PointT) [42]—to maintain its flexibility. Thus, FSVGP
achieves synthetic pre-training, effectively learning visual-geometric representa-
tions to integrate images and point clouds into a unified transformer model. This
facilitates image and 3D object recognition using a unified transformer model.

In summary, FSVGP is a novel supervised synthetic pre-training designed to
train the VG-FractalDB on a unified transformer model. Our contributions are
as follows: (i) Our experimental results show that FSVGP improves fine-tuning
performance across six tasks, including image and 3D object classification, detec-
tion, and segmentation. (ii) We demonstrate that FSVGP surpasses the latest
FDSL method (VisualAtom) in image classification, detection, and segmenta-
tion tasks. (iii) We show that FSVGP is superior to the latest FDSL method
(PC-FractalDB) in 3D object classification, detection, and segmentation tasks.

2 Related work

In this section, we limit the discussion of related work to that closely related to
the proposed FSVGP.

In image recognition, recent self-supervised learning (SSL) methods [2,5,10]
using massive datasets such as JFT-300M [31] or ImageNet-21k have begun to
surpass the longstanding de facto standard of ImageNet-1k for supervised pre-
training. Various SSL methods [21, 28, 41] in 3D object recognition, utilizing
ShapeNet [3], have been proposed, showcasing certain pre-training effects in
downstream tasks. In addition, large-scale 3D datasets such as Objaverse-XL [6]
have recently been introduced in 3D vision tasks. Nevertheless, using large-scale
real datasets raises ethical concerns, including manual labeling costs, copyright
issues, and biases. It is possible to delete 3D objects from the web by their cre-
ators in Objaverse-XL. The importance of open-source datasets becomes evident
as models like ViT-22B [5] are often trained with non-public datasets, under-
scoring the need for transparency and accessibility in computer vision.



4 R. Yamada et al.

Visual-geometric representation learning with images and point clouds aims
to improve recognition performance over a single modality vision model. This
research is categorized into two main areas: enhancing visual and geometric
recognition. For the former, the goal is to integrate geometric information from
3D data into visual representations to enrich the understanding of 3D scenes [11,
20,23,36]. For instance, Pri3D [11] utilizes contrastive learning to fuse the rela-
tionship between corresponding point clouds and pixels. Conversely, methods to
enhance 3D object recognition leverage visual knowledge derived from massive
images [1, 22, 30, 33, 40]. CrossPoint [1] uses contrastive learning between point
clouds and multi-view images.

Furthermore, FDSL is a notable method that addresses pre-training real
dataset limitations [15, 16, 32, 38]. Unlike SSL, which assigns pseudo-labels to
unlabeled data, FDSL uses a mathematical formula to generate synthetic data
and corresponding labels for pre-training. For instance, VisualAtom-21k [32] uti-
lizes FDSL to generate synthetic images with complex contours to pre-train ViT,
demonstrating effectiveness in image classification, detection, and segmentation.
Similarly, PC-FractalDB-1k [38], a synthetic 3D scene dataset, enhances fine-
tuning performance in 3D object detection through VoteNet [29] pre-training.
However, the previous FDSL mainly focused on specific modalities and tasks.

Thus, we introduce FSVGP, which extends FDSL to visual-geometric rep-
resentation learning, achieving supervised pre-training on a unified transformer
model. FSVGP can effectively serve as a backbone network for a broad image
and 3D object recognition spectrum through we develop vanilla transformers
with minimal modification. Moreover, since FSVGP utilizes synthetic data, it
circumvents the ethical issues of real data.

3 Formula-supervised visual-geometric pre-training
This section introduces FSVGP, a novel synthetic pre-training method designed
to learn visual-geometric representations for image and 3D object recognition.
Unlike previous visual-geometric representation learning methods that predom-
inantly focus on image or 3D object recognition in isolation, FSVGP trains
visual-geometric representations on a unified transformer model.

To implement FSVGP, we construct VG-FractalDB, which automatically
generates fractal images and fractal point clouds based on fractal geometry,
as shown in Figure 2. The generation process of fractal images and fractal point
clouds refers to previous research [38,39]. Our study’s key distinction from previ-
ous research [38,39] is the implementation of supervised pre-training on a unified
transformer model by utilizing formula-supervised consistency labels between vi-
sual and geometric modalities derived directly from a mathematical formula as
cross-modality supervision. As a result, our approach supports visual-geometric
learning within a shared label space. Furthermore, our study’s concept is based
on the fact that FSVGP learns the natural law of visual-geometric relationships
by using fractal geometry as a generation rule.

Furthermore, we do not develop special cross-modal modules and complex
multi-task learning. As a result, by implementing minimal modifications to
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Fig. 2: Overview of the fractal generation process and VG-FractalDB. The
fractal generation process creates paired fractal data and formula-supervised consis-
tency labels. Initially, fractal point clouds are generated using the 3D Iterated Func-
tion System (3D-IFS). The fractal point clouds are then projected onto 2D planes to
form fractal images. Simultaneously, formula-supervised consistency labels are auto-
matically generated based on the variance of 3D coordinates, serving as cross-modality
supervision. We construct the VG-FractalDB by repeating these generations.

the transformer model and employing a straightforward loss function for pre-
training, we not only facilitate visual-geometric representation learning but also
broaden the FSVGP’s range of applicability.

3.1 Visual-geometric fractal database (VG-FractalDB)

VG-FractalDB is a pre-training dataset that consists of fractal images and fractal
point clouds with formula-supervised consistency labels (see Figure 2). Specifi-
cally, the VG-FractalDB is defined by D = {(Xj , Ij , yj)}Nj=1, where Xj represents
a fractal point cloud, Ij indicates a fractal image, and yj is a formula-supervised
consistency label that relates to both visual and geometric modalities. Here, N
signifies the total number of pre-training data. The formula-supervised consis-
tency labels are categorized discretely within {1, 2, · · · , C}, where C denotes the
number of categories. Note that the number of data in VG-FractalDB is N , since
the fractal image is not generated by the other formulas but by simply projecting
a fractal point cloud onto a 2D image plane.
Geometric modality – fractal point cloud. A fractal point cloud is gen-
erated using the 3D Iterated Function System (3D-IFS), a method rooted in
fractal geometry for creating complex, self-similar structures. The 3D-IFS for
generating a fractal point cloud of category c, denoted as Θc, is defined as
Θc = {X ; tc1, t

c
2, · · · , tcn; pc1, pc2, · · · , pcn}, where each tci : X → X represents an

affine transformation function within the space X , and {pci} are the associated
probabilities of each transformation, with n = 7 denoting the number of trans-
formations. A fractal point cloud is represented as a set of coordinates, {xt}Tt=1,
within the complete metric space X , here employing the 3D Euclidean space
X = R3. The point cloud is generated by a series of affine transformations ti ap-
plied within this space. Each affine transformation ti is defined by the equation
ti(x) = rix+ bi, where ri is a transformation matrix within R3×3, x represents
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the coordinates within R3, and bi is a bias vector. The initial point x1 is con-
ventionally set to the origin (zero vector). The number of affine transformations,
n, along with the elements of each rotation matrix ri and bias vector bi, are
determined through random sampling from specified uniform distributions. The
transformation probability, pi, is calculated proportionally to the determinant
of ri, normalized by the sum of determinants for all transformations. The fi-
nal coordinate set, X, comprises the sequence of coordinates generated up to a
predetermined limit T = 8192.

Visual modality – fractal image. We detail transforming a fractal point
cloud into a fractal image by projecting it onto an image plane. This conversion
employs a mapping, FRGB, which interprets the coordinates in Xj as white dots
against a black background, effectively rendering the fractal geometry visually in
two dimensions. To facilitate this transformation, we introduce a virtual camera,
c, designed to map the 3D coordinate set into a fractal image, Ij . The mapping
process is succinctly represented as Ij = FRGB(Xj ; c).

To ensure a precise alignment between the fractal images and their corre-
sponding fractal point clouds—thus maintaining a coherent pairing of visual
and geometric data—we allocate one virtual camera, cv, per fractal point cloud,
where v = 1. The chosen method for projection is perspective projection, offer-
ing a realistic spatial representation. The positioning of the virtual camera is
determined randomly but is strategically placed on a sphere that centers around
the fractal object’s center of gravity, optimizing the view of the fractal’s intricate
structures. The fractal image size is set to (W,H) = (224, 224).

Formula-supervised consistency label. We introduce a new approach that
assigns formula-based supervision, termed “formula-supervised consistency la-
bels,” to fractal images and fractal point clouds, originating from a unified math-
ematical formula (see Figure 2 Left). These labels emerge from mathematical
formulas, enabling the definition of common labels across modalities—a process
traditionally requiring costly and specialized pre-processing to map images to
point clouds and vice versa. Moreover, formula-supervised consistency labels fa-
cilitate the simultaneous input of fractal images and fractal point clouds into a
unified transformer model, promoting learning within a shared label space.

As described above, a fractal category c is defined by 3D-IFS Θc. A 3D fractal
point cloud is generated by the 3D-IFS and is projected onto a 2D image plane
to generate a 2D fractal image. Therefore, the 2D fractal image and 3D fractal
point cloud share the consistent label. To remove ineffective fractal categories,
we employ a variance threshold criterion. This algorithm assesses whether the
variance of a fractal category exceeds a predefined threshold (0.05) along each
coordinate axis. We determined the threshold with reference to [38]. In other
words, we only define fractal point clouds that are above the threshold as a
fractal category. To enrich the diversity of instances within each fractal category,
we implement a technique named FractalNoiseMix, as described in [38]. This
method integrates an additional 20% of points generated from randomly selected
fractal point clouds in VG-FractalDB, enhancing the dataset’s robustness and
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Fig. 3: VG-FractalDB pre-training. Left: We trains VG-FractalDB on a unified
transformer model. After pre-training, we can fine-tune the image and 3D object recog-
nition by using the same unified transformer model. Right: FSVGP learns visual and
geometric modalities by supervised pre-training based on a formula-supervised consis-
tency label. Therefore, FSVGP can train different modalities within a common label
space on a unified transformer model.

variability. Further details on VG-FractalDB, including examples and parameter
specifications, are available in the Supplementary Material.

3.2 VG-FractalDB Pre-training on a unified transformer model
To train VG-FractalDB with a unified transformer model, we modified the ViT
and PointT to input a fractal image and a fractal point cloud simultaneously,
as shown in Figure 3 Left. Our modifications were limited to the input process-
ing, ensuring the transformer model remains as straightforward as possible. This
approach maintains the model’s adaptability to various tasks without compro-
mising its pre-training flexibility.

For embedding vectors specific to each modality, we utilized ViT for frac-
tal images and PointT for fractal point clouds. Specifically, a fractal image
and a fractal point cloud are divided and embedded into the image tokens
zi = [xclass, z

1
i , z

2
i , . . . , z

Mi

i ] and point cloud tokens zp = [xclass, z
1
p, z

2
p, . . . , z

Mp
p ],

where Mi and Mp are the numbers of image and point cloud tokens, respec-
tively. Moreover, a class token xclass is added to the tokens of each modality.
The fractal image and fractal point cloud tokens are then input into the trans-
former encoder. The class token xclass and the MLP layer used for classification
are shared between the two modalities.

In addition, for the pre-training task of VG-FractalDB, we train our trans-
former model f using cross-entropy (CE) loss for the classification task (see
Figure 3 Left), which is given by

Lce(f(D)) = − 1

N

N∑
j=1

C∑
c=1

yj,c log ŷj,c (1)
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Table 1: Details of fine-tuning datasets, fine-tuning task, model type, number of classes
(#classes), training data (#train), validation data (#val), and evaluation metrics.
Fine-tuning dataset Fine-tuning task Table Model type #classes #train #val Metrics

CIFAR10 (C10) [19] Image CLS 3, 4 ViT-B 10 50k 10k Acc.
CIFAR100 (C100) [19] Image CLS 3, 4 ViT-B 100 50k 10k Acc.
Stanford Cars (Cars) [18] Image CLS 3, 4 ViT-B 196 8k 8k Acc.
Oxford Flowers (Flowers) [27] Image CLS 3, 4, ViT-B 102 6k 818 Acc.
PascalVOC 2012 (VOC) [9] Image CLS 3, 4 ViT-B 20 13k 13k Acc.
Places30 (P30) [43] Image CLS 3, 4 ViT-B 30 150k 3k Acc.
ImageNet100 (IN100) [7] Image CLS 2, 3, 4, 10, 11, 12 ViT-B 100 120k 5k Acc.
MS COCO 2017 (COCO) [34] Image DET / SEG 2, 5 ViTDet-B 80 118k 5k AP
ImageNet-1k [7] Image CLS 6 ViT-B 1000 1.2M 50k Acc.

ModelNet40 (M40) [37] 3D object CLS 3, 7, 8, 10, 11, 12 PointT-S 40 9.8k 2.4k Acc.
ScanObjectNN (SONN) [35] 3D object CLS 2, 3, 7, 8 PointT-S 15 2.3k 581 Acc.
ShapeNet-Parts [35] 3D object (parts) SEG 2, 9 PointT-S 15 14k 2.8k mIoU
ScanNet [4] 3D object DET 2, 9 3DETR 18 1.2k 312 mAP

where ŷj = f(Xj , Ij) is the output vector. FSVGP trains a unified transformer
model on VG-FractalDB to minimize CE loss using AdamW [24]. Our approach
to supervised pre-training distinguishes itself from conventional visual-geometric
learning methods in several key ways. Whereas the visual-geometric represen-
tation learning method [22] focused on pixel-point correspondence for training,
FSVGP facilitates learning across different modalities within a common label
space (see Figure 3 Right). This unified label space allows for optimizing a uni-
fied transformer model, the learning process across modalities.

4 Experiments
In this section, we evaluate the effectiveness of FSVGP by comparing it with pre-
vious pre-training methods. First, Section 4.1 outlines our experimental setup.
In addition, Section 4.2 briefly describes the main experimental results in image
recognition and 3D object recognition with FSVGP. Subsequently, Sections 4.3
and 4.4 compare FSVGP with established pre-training methods across six vision
tasks, explicitly focusing on visual recognition and geometric recognition, respec-
tively. Finally, Section 4.5 presents an ablation study to explore the fundamental
components of FSVGP.

4.1 Experimental setting

Pre-trainig. We use VG-FractalDB-1k (1000 categories, 1000 instances per cat-
egory), ensuring equitable comparison with the existing FDSL methods. Follow-
ing the approach of previous SSL and FDSL methods, we conduct pre-training
using a unified transformer (Base) for image recognition and a unified trans-
former (Small) for 3D object recognition. The Warm-up Cosine Scheduler is
employed for scheduling during pre-training. The batch size is 64 for each GPU,
the initial learning rate is 5e-4, the momentum is 0.9, the weight decay is 5e-2,
and the number of epochs is 200. For example, training on VG-FractalDB-1k
uses 16 NVIDIA V100 GPUs and requires about 60 hours.
Comparison methods. For image recognition, we evaluate FSVGP against
transformer-based pre-training methods, including supervised pre-training on
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Table 2: Comparison of the latest FDSL methods in image and 3D object classification
(CLS), detection (DET), and segmentation (SEG). The best score is shown in bold.

Visual recognition Geometric recognition
Pre-training dataset CLS DET SEG CLS DET SEG

Acc. AP50 AP50 Acc. mAP25 mIoUcat

VisualAtom-21k 91.3 66.3 63.3 ✗ ✗ ✗

PC-FractalDB-1k ✗ ✗ ✗ 83.3 63.0 83.7
VG-FractalDB-1k 92.0 68.3 65.6 83.7 63.7 84.1

ImageNet and SSL methods such as MAE [10] and DINO [2]. Additionally, we
compare with FDSL methods, including ExFractalDB-21k [15], RCDB-21k [15],
and VisualAtom-21k [32]. SAM [17] is also included in comparisons for image
detection and segmentation. For 3D object recognition, we focus on transformer-
based pre-training methods suited to point clouds, comparing SSL approaches
such as PointBERT [41], PointMAE [28], and MaskPoint [21] to evaluate FSVGP’s
effectiveness. For 3D object recognition, we specifically compare with the latest
FDSL method, such as PC-FractalDB-1k [38]. However, since PC-FractalDB-1k
proposed pre-trained on VoteNet [29], to ensure a fair comparison, we also pre-
train PC-FractalDB-1k using 3DETR [25]. For fine-tuning in geometric classifica-
tion and segmentation, we utilize the backbone network of the PC-FractalDB-1k
pre-trained model on 3DETR.
Fine-tuning datasets and evaluation metrics. Table 1 describes the de-
tailed settings of fine-tuning datasets used in the experimental section. For de-
tailed information on each fine-tuning dataset, the hyperparameters employed in
the pre-training and fine-tuning processes, and the comparison baselines, please
refer to the Supplementary Material.

4.2 FSVGP effects on image and 3D object recognition

In the beginning, we begin by presenting in Table 2 a comparison against the lat-
est FDSL methods across all six tasks in both image and 3D object recognition
classification (CLS), detection (DET) and segmentation (SEG). In image recog-
nition, CLS signifies fine-tuning accuracy on ImageNet100, while DET and SEG
refer to fine-tuning performance on MS COCO for detection and segmentation
tasks. In 3D object recognition, CLS represents fine-tuning accuracy in ScanOb-
jectNN (PB-T50-RS). DET involves fine-tuning performance on ScanNet, and
SEG involves fine-tuning performance on ShapeNet-parts.

Table 2 demonstrates FSVGP (VG-FractalDB-1k) performs equally or better
than VisualAtom-21k and PC-FractalDB-1k in all tasks of classification, detec-
tion, and segmentation for image and 3D object recognition. VisualAtom-21k or
PC-FractalDB-1k pre-trained models are designed to fine-tune datasets of the
same modality, and it is considered difficult to apply them to datasets of different
modalities. However, our FSVGP performs better on both visual and geomet-
ric recognition. This result shows FSVGP’s capability to process image and 3D
object recognition using a unified pre-trained model by supervised pre-training
with the formula-supervised consistency label.
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Table 3: Comparison of performance on pre-training on either visual or geometric
modality with FSVGP (VG-FractalDB-1k, visual (V) + geometric (G)).
Dataset Modal #data C10 C100 Cars Flowers VOC12 P30 IN100 Avg. M40 SONN Avg.

ImageNet V 1M 99.0 89.6 81.9 99.1 86.5 82.1 93.1 90.2 92.2 82.0 87.1
ShapeNet G 50k 82.1 65.4 8.25 74.8 53.1 79.3 79.7 63.2 92.7 83.3 88.0

VG-FractalDB-1k V 1M 98.0 84.3 88.7 99.5 82.7 80.9 91.2 89.3 92.7 83.3 88.0
VG-FractalDB-1k G 1M 87.5 68.4 11.2 82.1 57.6 80.6 82.8 67.2 92.6 83.3 88.0
VG-FractalDB-1k V+G 1M 98.1 85.9 89.2 99.5 83.5 81.7 92.0 90.0 92.9 83.7 88.3

In addition, we investigate the pre-training effects of learning visual-geometric
representations. We evaluate the performance of pre-trained models on either
visual or geometric modality compared to pre-trained models on both modal-
ities. Table 3 shows the results of pre-trained models on both real (ImageNet,
ShapeNet) and synthetic (VG-FractalDB-1k) datasets. All pre-training utilized
the same supervised learning to conduct a fair comparison. FSVGP (VG-FractalDB-
1k, V + G), which uses both modalities, improves the recognition performance in
both modalities and achieves similar performances to ImageNet and ShapeNet
in visual and geometric recognition, respectively, even though VG-FractalDB
consists of synthetic data. These results indicate the effect of FSVGP, which
bridges the modality gap over single-modality pre-trained models.

In the following sections, we show the detailed analyses of FSVGP and com-
parisons with other pre-training on real datasets, such as SSL.

4.3 Comparative analysis in image recognition
Image classification. Table 4 compares the fine-tuning results with exist-
ing pre-training methods (SL, SSL, and FDSL) in image classification. Table 4
shows that the FSVGP (VG-FractalDB-1k) improvement compared with train-
ing from scratch (random initialization) in all datasets. In addition, the FSVGP
(VG-FractalDB-1k) pre-trained model shows improvement compared with previ-
ous FDSL methods. In particular, FSVGP (VG-FractalDB-1k) improves perfor-
mance by Avg. +0.3% from VisualAtom-21k despite the number of pre-training
data is 1/21. However, FSVGP did not surpass the fine-tuning performance of
SL, DINO, and MAE. Nevertheless, given real dataset issues associated with
copyright, privacy, and social bias, we demonstrate the benefits of FSVGP.
Object detection and instance segmentation. We compare FSVGP with
existing pre-training models for the fine-tuning results on average precision (AP)
to COCO object detection and instance segmentation in Table 5. We employ
ViT-B as the backbone network and use MaskR-CNN as the detection head, re-
ferring from ViTDeT. Table 5 reports that FSVGP has superior results to train-
ing from scratch (random initialization) for COCO object detection and instance
segmentation. In comparison to VisualAtom-21k, FSVGP (VG-FractalDB-1k)
provides 2.5% and 2.0% higher AP in visual detection and segmentation, re-
spectively. FSVGP (VG-FractalDB-1k) is inferior to SAM and MAE. However,
FSVGP (VG-FractalDB-1k) outperforms ImageNet supervised pre-training and
DINO despite synthetic pre-training. From these results, ViT has a lower induc-
tive bias, but because FSVGP is trained with visual and geometric modalities,
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Table 4: Comparison of the latest supervised learning (SL), SSL, and FDSL methods in
2D image classification. ‘Modal’ indicates a modality with ‘V’isual and/or ‘G’eometric
inputs. The best scores for each learning type are shown in bold.
Method #Data Modal Supervision C10 C100 Cars Flowers VOC12 P30 IN100 Avg.

From scratch – – – 78.3 57.7 16.1 77.1 64.8 75.7 73.2 63.3

ImageNet-1k 1.2M V SL 99.0 89.6 81.9 99.1 86.5 82.1 93.1 90.2
ImageNet-1k 1.2M V SSL (DINO) 98.9 88.9 92.5 99.6 89.4 82.3 93.2 92.1
ImageNet-1k 1.2M V SSL (MAE) 99.1 90.1 91.3 99.8 90.2 82.8 94.1 92.5

ExFractalDB-21k [15] 21M V FDSL 97.8 85.2 88.1 99.5 82.7 81.6 90.1 89.3
RCDB-21k [15] 21M V FDSL 96.8 82.9 85.9 99.0 81.2 81.2 90.2 88.2
VisualAtom-21k [32] 21M V FDSL 97.7 86.7 89.2 99.0 82.4 81.6 91.3 89.7
VG-FractalDB-1k 1.0M V + G FDSL (FSVGP) 98.1 85.9 89.2 99.5 83.5 81.7 92.0 90.0

Table 5: Comparison of representative pre-
trained models in image object detection and
instance segmentation. The best values for
each learning type are in bold.
Method COCO Det COCO Ins Seg

AP50 / AP / AP75 AP50 / AP / AP75

From scratch 65.7 / 45.5 / 49.3 62.8 / 40.4 / 43.7

ImageNet-1k (SL) 63.9 / 43.1 / 47.4 60.9 / 38.9 / 41.7
ImageNet-1k (DINO) 65.0 / 44.6 / 48.8 62.3 / 39.9 / 42.8
ImageNet-1k (MAE) 70.7 / 50.5 / 55.4 68.1 / 44.8 / 48.6
SAM-1B (SAM) 70.7 / 50.5 / 55.3 68.4 / 45.0 / 48.5

ExFractalDB-21k 66.8 / 46.1 / 50.3 63.8 / 40.7 / 43.4
RCDB-21k 64.5 / 44.1 / 48.1 61.7 / 39.1 / 41.5
VisualAtom-21k 66.3 / 45.4 / 49.8 63.3 / 40.4 / 42.9
VG-FractalDB-1k (FSVGP) 68.3 / 47.9 / 51.6 65.6 / 42.4 / 45.3

Table 6: Comparison of fine-tuning ac-
curacy on ImageNet-1k. The best value
for each image resolution is in bold.
Method Res. Image ImageNet-1k

From scratch 2242 Real 80.5
ImageNet-1k (DINO) [2] 2242 Real 82.8
ImageNet-1k (MAE) [10] 2242 Real 83.6
ExFractalDB-21k [15] 2242 Synthetic 82.7
RCDB-21k [15] 2242 Synthetic 82.4
VisualAtom-21k [32] 2242 Synthetic 82.7
VG-FractalDB-1k (FSVGP) 2242 Synthetic 82.7

From scratch 3842 Real 81.2
ImageNet-21k (SL) [8] 3842 Real 83.0
JFT-300M (Dosovitskiy et al.,) [8] 3842 Real 84.2
VisualAtom-21k [32] 3842 Synthetic 83.7
VG-FractalDB-1k (FSVGP) 3842 Synthetic 83.6
VG-FractalDB-21k (FSVGP) 3842 Synthetic 83.8

it has the potential to give ViT a stronger inductive bias regarding spatial in-
formation and object shape than ImageNet supervised pre-training.
ImageNet-1k classification. Table 6 presents the fine-tuning accuracy on
ImageNet-1k with different image resolutions (224 × 224 or 384 × 384), com-
pared with representative conventional approaches. Table 6 reveals that FSVGP
(VG-FractalDB-1k) performs comparably to the VisualAtom-21k pre-trained
model in image resolution, respectively. Moreover, it is noteworthy that the
large-scale FSVGP (VG-FractalDB-21k; 21000 categories, 1000 instances per
category) achieves a similar performance of JFT-300M [8] pre-training (83.8%
vs. 84.2%), even though FSVGP using about 1/14 of the pre-training data when
fine-tuning with image resolutions of 384 × 384. We consider that the result is
worthwhile because JFT-300M is a non-public dataset. However, VG-FractalDB
is more transparent and has fewer copyright, privacy, and social bias issues.

4.4 Comparative analysis in geometric recognition
3D object classification. In Table 7, we evaluate the fine-tuning accuracy
on ModelNet40 and three subsets of ScanObjectNN, namely {OBJ-BG, OBJ-
ONLY, PB-T50-RS} in 3D object classification. Table 7 shows that FSVGP
(VG-FractalDB-1k) yields more accurate performance than training from scratch
(random initialization), similar to the experimental results in image classifica-
tion. Furthermore, FSVGP (VG-FractalDB-1k) improves the average accuracy
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Table 7: Comparison of the latest supervised learning (SL), SSL, and FDSL methods in
3D object classification. ‘Modal’ indicates a modality with ‘V’isual and/or ‘G’eometric
inputs. The best score for each learning type is in bold.
Method #Data Modal Supervision ModelNet40 ScanObjectNN Avg.

OBJ-BG / OBJ-ONLY / PB-T50-RS

From scratch – – – 92.1 86.6 / 86.9 / 81.1 86.7

ShapeNet 50k G SSL (Point-BERT) 93.1 90.5 / 89.5 / 85.0 89.5
ShapeNet 50k G SSL (Point-MAE) 93.1 90.4 / 88.1 / 85.8 89.4
ShapeNet 50k G SSL (MaskPoint) 92.8 89.5 / 88.1 / 83.8 88.6

PC-FractalDB-1k 1.0M G FDSL 92.6 88.3 / 88.3 / 83.3 88.1
VG-FractalDB-1k 1.0M V + G FDSL (FSVGP) 92.9 88.9 / 88.5 / 83.7 88.5

Table 8: Comparison of few-shot
learning. The best averaged accuracy
for each learning type is in bold.

Method ModelNet40 Classification
5-way 10-way

10-shot 20-shot 10-shot 20-shot

Scratch 94.8 96.2 91.2 92.8

PointBERT 94.6 96.3 91.0 92.7
PointMAE 96.3 97.8 92.6 95.0
MaskPoint 95.0 97.2 91.4 93.4

PC-FDB-1k 95.6 96.9 91.4 93.2
VG-FDB-1k 96.4 96.8 92.2 93.3

Table 9: Comparison of pre-training meth-
ods in 3D object detection and parts seg-
mentation. The best value for each learning
type is in bold.
Method ScanNetV2 Det ShapeNet PartsSeg

mAP25 / mAP50 mIoUcat / mIoUins

Scratch 62.7 / 37.5 83.3 / 85.4

PointBERT 61.0 / 38.3 84.1 / 86.0
PointMAE – / – 84.1 / 86.1
MaskPoint 63.4 / 40.6 84.4 / 86.0

PC-FDB-1k 63.0 / 42.5 83.7 / 85.7
VG-FDB-1k 63.7 / 42.0 84.1 / 85.7

in fine-tuning performance by +0.4% compared to the latest FDSL method (PC-
FractalDB). In contrast, FSVGP (VG-FractalDB-1k) has lower fine-tuning ac-
curacy than ShapeNet self-supervised pre-training methods (PointBERT, Point-
MAE, and MaskPoint). One reason for this result may be that there are many
overlapping categories, such as chairs, desks, etc., in the pre-training dataset
(ShapeNet) and the fine-tuning datasets (ModelNet40 and ScanOjectNN). How-
ever, the goal of FSVGP is not only to perform the highest result on a specific
task but also to achieve a superior pre-training effect for various tasks.
Few-shot learning. We compare and verify the performance of few-shot learn-
ing on ModelNet40 in Table 8. For few-shot learning, we randomly sample K
categories from ModelNet40 and N shots of training samples from each cat-
egory, following the experimental setting in [28]. FSVGP (VG-FractalDB-1k)
achieves inspiring performance, outperforming training from scratch (random
initialization) by a large margin in all few-shot settings despite different domain
ModelNet40. In addition, FSVGP (VG-FractalDB-1k) achieves equal or better
performance improvement over PC-FractalDB-1k in all few-shot settings. This
result shows the FSVGP can achieve few-shot learning.
3D object detection. Table 9 reports fine-tuning performance for 3D bound-
ing box mAP in 3D object detection. We fine-tune 3DETR on ScanNet. Our
FSVGP (VG-FractalDB-1k) performs better under mAP25 and mAP50 than
previous SSL methods. The FSVGP (VG-FractalDB-1k) is 1.4 points higher
than MaskPoint [21], the latest SSL method (42.0 vs 40.6, mAP50). More sig-
nificantly, FSVGP (VG-FractalDB-1k) outperforms the PC-FractalDB-1k pre-
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Table 10: ShapeNet vs.
VG-FractalDB (VG-FDB)
in visual geometric pre-
training. The datasets were
assigned visual and geomet-
ric modalities.

Method #data IN100 M40

ShapeNet 50k 87.3 92.7
VG-FDB 50k 87.9 92.8

Table 11: Effect of
generation rules. We
compared Perlin noise
(VG-PN-1k) with frac-
tal (VG-FDB-1k) in
FSVGP.

Method IN100 M40

VG-PN-1k 90.7 92.6
VG-FDB-1k 92.0 92.9

Table 12: Effect of supervisions
in SSL (MAE) and our FSVGP.
In both supervision settings, we
utilized VG-FractalDB-1k (VG-
FDB-1k) with visual and geo-
metric modalities.

Method IN100 M40

VG-FDB-1k (MAE) 80.3 92.8
VG-FDB-1k (FSVGP) 92.0 92.9

trained model [38] by 0.7 points on mAP25, but falls short by 0.5 points on
mAP50. This result suggests that the potential of FSVGP works well when ap-
plied to backbone networks of 3DETR.
Parts segmentation. Table 9 also compares the performance of FSVGP (VG-
FractalDB-1k) with existing pre-training methods for parts segmentation. We
fine-tune PointT-S on ShapeNet-parts and evaluate the performance using the
mIoU for all categories (mIoUcat) and all instances (mIoUins). Table 9 shows
that our FSVGP (VG-FractalDB-1k) improves results over training from scratch
(random initialization), for example, by 0.8 points (84.1 vs. 83.3, mIoUcat). In ad-
dition, even though SSL duplicates pre-training and fine-tuning data, our method
achieved performance comparable to SSL. These results suggest that FSVGP is
even more effective for recognizing more detailed 3D object structures.

4.5 Ablation study
In this section, we conduct additional experiments to explore essential factors
of FSVGP guiding visual-geometric representation learning. Specifically, we in-
vestigate to answer the following questions: (i) Which is more effective, fractal
point clouds or CAD models? in FSVGP (ii) Can other generation rules be ef-
fective in FSVGP? Moreover, (iii) what is the effect of the pre-training task for
VG-FractalDB?
(i) Which is more effective, fractal point clouds or CAD models in
FSVGP? We investigate the pre-training effects in FSVGP using VG-FractalDB
and an existing 3D dataset, ShapeNet. Under the same conditions as VG-FractalDB,
we project point clouds from ShapeNet onto images to generate visual-geometric
data. Subsequently, the generated visual-geometric data from ShapeNet under-
goes pre-training under the same conditions as FSVGP. Please refer to the Sup-
plementary Material for instances of image and point cloud data generated from
ShapeNet. To equalize the number of instances for ShapeNet and pre-training
data, VG-FractalDB undergoes random sampling of data, with 50 instances per
category. Table 10 shows that the VG-FractalDB pre-trained model is more ac-
curate than the ShapeNet pre-trained model in ImageNet100 and ModelNet40
despite the same number of data.
(ii) Can other generation rules be effective in FSVGP? We verify the
pre-training effect regarding which generation rules (fractal and Perlin noise)
are more effective in FSVGP. We extended Perling Noise, effective as a dataset



14 R. Yamada et al.

generation function [12,14], to point clouds and constructed a Visual Geometric
Perlin Noise (VG-PN) dataset. Please consult the Supplementary Material for
additional details on the generation process of the VG-PN dataset and examples
of both point clouds and images. We pre-train VG-PN with the same config
and fine-tune it for image and 3D object classification. Table 11 shows that the
VG-FractalDB outperforms the VG-PN in ImageNet100 and ModelNet40.
(iii) Effect of pre-training tasks for VG-FractalDB. We explore the super-
vision types of VG-FractalDB by comparing the formula-supervised consistency
label with self-supervision adopted by MAE, a representative SSL method. The
implementations of decoders for the SSL are the same as MAE [10] and Point-
MAE [28], and the decoders reconstruct masked patches of 2D fractal images and
3D point clouds for pre-training based on the self-supervision. Table 12 shows
that utilizing the formula-supervised consistency label is more effective than
utilizing the self-supervision based on MAE in ImageNet100 and ModelNet40.

5 Discussion and Conclusion
This paper proposes FSVGP, which blends visual and geometric representa-
tions to achieve image and 3D object recognition on a unified transform model.
FSVGP automatically generates fractal images, fractal point clouds, and their
formula-supervised consistency labels based on fractal geometry.

In the beginning, contrary to previous visual-geometric representation learn-
ing transfer the one-way knowledge using visual and geometric modalities, we
show that FSVGP effectively achieved the pre-training effects in both image
and 3D object classification, detection, and segmentation. Furthermore, Table 10
and Table 11 show that VG-FractalDB pre-training is more effective than the
pre-training of ShapeNet and VG-PN dataset. We consider that these results
are attributed to VG-FractalDB being generated based on more parameters of
generation function, allowing it to pre-train on geometric shapes that are even
more complex than those in the ShapeNet and VG-PN dataset. Finally, Table 12
shows the effectiveness of the pre-training by simple classification task for VG-
FractalDB and suggests that FSVGP is sufficient to learn visual-geometric repre-
sentation in VG-FractalDB pre-training. These observations show that FSVGP
effectively improves fine-tuning performance in image recognition and 3D object
recognition despite synthetic pre-training. Furthermore, FSVGP can reduce real
dataset issues such as copyright, personal information, and social bias.
Technical limitations and future work. FSVGP is a pre-training method
using VG-FractalDB (i.e., synthetic data). A previous FDSL study [26] reported
that when FDSL is fine-tuning, a certain amount of real data regarding the do-
main gap between real and synthetic data is necessary. Therefore, compared to
MAE (ImageNet), FSVGP (VG-FractalDB) is more challenging to work well
with linear probing (Please consult the Supplementary Material for more de-
tails). Designing an efficient fine-tuning approach using FSVGP will be essential.
We consider it important to validate FSVGP in 3D shape retrieval and multi-
modal recognition involving bird’s-eye view images and point clouds for future
applications such as autonomous driving and search systems.
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