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Figure 1: Comparison between the rendering-based 3D generation [49, 14] and our proposed X-Ray
generation. The competitors focus on the visible outer surface in multiple camera views. In contrast,
our model can sense both the visible and hidden surface in single camera view and generate the
outer and inner surfaces of objects. An example of missing mesh interior from rendering-based 3D
synthesis vs. complete mesh interior from our X-Ray generator are shown in the bottom row.

Abstract

We introduce X-Ray, a novel 3D sequential representation inspired by the pen-
etrability of x-ray scans. X-Ray transforms a 3D object into a series of surface
frames at different layers, making it suitable for generating 3D models from im-
ages. Our method utilizes ray casting from the camera center to capture geometric
and textured details, including depth, normal, and color, across all intersected
surfaces. This process efficiently condenses the whole 3D object into a multi-
frame video format, motivating the utilization of a network architecture similar
to those in video diffusion models. This design ensures an efficient 3D represen-
tation by focusing solely on surface information. Also, we propose a two-stage
pipeline to generate 3D objects from X-Ray Diffusion Model and Upsampler. We

*Co-second authors.

38th Conference on Neural Information Processing Systems (NeurIPS 2024).



demonstrate the practicality and adaptability of our X-Ray representation by syn-
thesizing the complete visible and hidden surfaces of a 3D object from a single

input image. Experimental results reveal the state-of-the-art superiority of our

representation in enhancing the accuracy of 3D generation, paving the way for
new 3D representation research and practical applications. Our project page is in
https://tau-yihouxiang.github.io/projects/X-Ray/X-Ray.html .

1 Introduction

General, accurate, and ef cient 3D representations are three of the most critical requirements for 3D
generation?3, 29, 32, 21]. The signi cance of this goal stems from the ever-expanding array of
applications reliant on 3D technology, ranging from virtual reality and augmented reality to computer-
aided design and beyond. Previous approaches to 3D representation such as meshes, point clouds,
voxels, Neural Radiance Fields (NeRBJ[ 45, 58, 24, 15] and 3D Gaussian Splatting ] possess

unique strengths respectively, but face challenges in concurrently satisfying the three requirements
for 3D synthesis. Speci cally, meshes are widely used in 3D modeling, while they are constrained by
their topology when describing complex objects, which limits their generative capacity. Point clouds
offer a more exible capture of the object geometries but lack continuous and dense feature extraction
[12, 42]. Voxels simplify spatial reasoning at the cost of signi cant rising memory complexity with
increasing resolution. Neural representations, such as Ne®RRrid 3D Gaussian Splatting]],

offer an impressive leap in rendering photorealistic scenes. Nevertheless, the 3D object are predicted
by multi-view images with a relatively long optimized period.

Recently, rendering-based 3D generative methadsd7, 48, 14, 53, 49, 18] have gained signi cant
attention for their ability to achieve general and even ef cient 3D generation by incorporating neural
representations3p, 21] with Transformers$2] or Diffusion Models §3, 2]. However, these methods

have a critical limitation: they cannot completely generate objects that include both visible and hidden
surfaces. This limitation arises from the methodological design of rendering-based 3D generation,
which relies on the 2D supervision of rendered images. As a result, these methods primarily focus on
reconstructing the visible external surfaces of objects, while neglecting the internal hidden surfaces.
This oversight leads to incomplete or unrealistic reconstructions, as shown in Fig. 1 (a).

In this paper, we propose the X-Ray representation to overcome this limitation of incomplete
generation while maintaining the ef ciency and generalization required for 3D generation. As
illustrated in Fig. 1 (b), our X-Ray, inspired by x-ray imaging in the medical eld, can see through
the entire object. It ef ciently captures and stores information about both visible and hidden surfaces.
Consequently, the hidden interior of the object can be fully reconstructed.

Our X-Ray is designed to capture the shape (depth and normal) and appearance attributes (color) along
all the sequentially intersected surfaces through ray casting. We transpose the collected slim grid
voxels into a multi-frame surface representation, which signi cantly reduces the data footprint while
preserving essential detail. Moreover, the compatibility of our X-Ray's data structure with sequential
3D representation in video formats, as illustrated in Fig. 2, opens novel pathways for leveraging video
diffusion models in 3D generation. Speci cally, by treating our X-Ray representation as sequences
of frames, we rst harness the power of the video diffusion modghbhd then utilize the video
upsamplerT] to generate 3D objects from low to high resolution. As a result, our approach yields
high-quality results while inheriting the advanced capabilities and ef ciency of video processing.

We demonstrate the advantages of our X-Ray representation through comprehensive experiments,
showcasing its superiority, especially completeness in 3D object generation. We train and evaluate
our method in image-to-3D reconstruction task and pure 3D generation task. The experimental
results reveal that the proposed X-Ray achieves a signi cant leap forward in the quality of 3D object
generation, positioning it as a feasible solution to longstanding challenges in the eld. The main
contribution of the paper can be summarized as follows:

1. We present X-Ray, a novel 3D representation that encode the whole visible and hidden
surfaces in to video format through ray casting algorithm for maintaining generalization,
accuracy and ef ciency.

2. We propose the generative model of our X-Ray via video diffusion model and video upsam-
pling model, enabling low-to-high generation of 3D objects from single images.


https://tau-yihouxiang.github.io/projects/X-Ray/X-Ray.html

Figure 2: Samples of our X-Ray 3D sequential representation. Given a viewpoint, we capture the 3D
attributes multi-layer surface frames, includingHit depthD , normalN , and colorC, in a video
format. Noted that the number of frames in an X-Ray varies depending on the complexity of the 3D
objects. The dotted yellow lines indicate the ray or sequence direction.

3. We showcase the state-of-the-art performance of our X-Ray in 3D generation quality, setting
a new benchmark for Image-to-3D modeling.

2 Related Work

2.1 Representation for 3D Models

Handling 3D data is much more complex and resource-intensive than dealing withd.Dekt

and voice) and 2Dg.g.image) data. This complexity makes it imperative to nd effective ways to
organize, process, and infer 3D information. Traditional methods for representing 3D data include
meshes, which are good for creating detailed visuals but hard to be generalized; point clouds, which
are simple and useful for capturing real-world scenes but lack consistent and dense structure in 3D
creation; Although, 3D Gaussian Splattifitil] smooths point cloud data into continuous surface but
requires additional an initial point cloud as shape, making them less exible for 3D synthesis; voxels
which are excellent for detailed volumetric data but require much computing resources. Multi-Plane
Images B5, 51] try to extent the depth concept to multi-layer with a xed distance, but they can only
describe the visible surface toward camera.

Recent advancements in 3D representation have primarily focused on point-level details and implicit
functions, such as Occupan@/], Signed Distance Fields (SDFY, 11], Triplanes [LO, 16], and

Neural representation8§, 21]. These methods have signi cantly enhanced modeling and rendering
capabilities. Occupancy models map the location of any 3D point to its probability of being inside
or outside an object, offering a probabilistic approach to shape de nition. SBF49] re ne

this concept by quantifying the nearest signed surface distance from any given point, improving
the precision of surface representations. Triplagefnploy intersecting 2D planes to provide

a more ef cient route to 3D representation, albeit with some detail loss. NeRFs and Gaussian
Splatting P1, 36] produce remarkably realistic renderings from a limited number of viewpoints
but require extensive computational effort. Despite these advancements, implicit function-based
models often face challenges in extracting full and high-resolution 3D features, hindering high-quality
generalization. Empirically, representations that focus on surface is more ef cient, and representations
with grid representation are more easily to be generali2éd Consequently, capturing all surface
attributes and organizing in a dense but lightweight data structure renders our X-Ray an accurate,
ef cient and generalized representation. Noted that our X-Ray is similar to Depth peeling méthod [
which is designed for rendering transparent surfaces, while X-Ray transform any 3D object in video
format. Besides, our main contribution is using video diffusion as generator to generate objects.



2.2 Generative Models for 3D Generation

Recent 3D generative models can be primarily categorized into two types: diffusion-Baséd 39

and rendering-based{, 13, 49, 41, 34, 54, 33, 47]. Diffusion-based models fall under direct 3D
supervision, while rendering-based models belong to indirect 2D image supervision. Diffusion-based
generative models have emerged as powerful tools for 3D generation, leveraging stochastic diffusion
processes to gradually transition from noise to structured 3D objects. These models, such as DPM
[30], DIT-3D [37], and Point-E B8], have demonstrated remarkable ability in generating high-quality

3D point clouds. They operate by iteratively re ning a random noise distribution into a coherent
structure that resembles the target 3D shape, capturing complex geometries and surface details with
high delity. The strength of these models lies in their capacity to model the distribution of 3D points

in a continuous space, allowing for the generation of 3D objects with nuanced variations and detailed
textures. However, both point-based netwoik 37, 17] and voxel-based network8T] is limited

by generating high-resolution objects. Another group of methé@is3y, 54, 33, 47] adopt Score
Distillation Sampling (SDS) as prior to train a NeRFo] or 3D Gaussian Splatting?[l] for 3D
generation. However, it is not ef cient for optimizing a number of different views over a short period.

On the other hand, rendering-based generative models focus on the visible aspect of 3D generation,
transforming abstract 3D representations into detailed and photorealistic images or videos. Models
such as LRM 14], Open-LRM [L3], LGM [48], DMV3D [57], and TripoSR {9 employ advanced
rendering techniques to achieve this. However, rendering-based models are optimized only for the
visible surfaces of objects, making it dif cult to synthesize the invisible or internal surfaces.

In response to these challenges, our approach utilizes a video diffusion model as the foundation
for developing 3D X-Ray. This strategy bene ts from the strengths of existing video diffusion
models while innovatively addressing the limitations of rendering-based techniques, offering a more
comprehensive solution for 3D generation that is sensitive to both visible and hidden parts of objects.

3 Our X-Ray Representation

In this section, we detail our X-Ray representation, which includes both encoding and decoding pro-
cess to facilitate the conversion between 3D mesh formats and our X-Ray representation. Speci cally,
the encoding process converts a 3D mesh into our proposed X-Ray format, and the decoding process
converts our X-Ray back into a 3D mesh.

3.1 Encoding

Given a 3D object under an arbitrary camera view, we apply the ray casting algorithm to encode a 3D
object mesh into the proposed X-Ray representation. The ray casting algorithm plays a crucial role in
both computer graphics and computational geometry, where it is used for scene rendering, visibility
determination, and addressing geometric queries. Speci cally, a ray is emitted from camera center into
the environment and all the interactions of this ray with target 3D objects are captured sequentially. For
each ray 2 R within the eld of view that intersects witlh. sequential faces in the mesh, we record
their 3D attributes which include depth (distance to camera cedtes (dq;dy;:;d ) 2 RE 1,
normalN, = (nqy;ny;:ng) 2 R 3, and colorC, = (c1;¢p;::¢0) 2 RY 3. To indicate
surface presence, we denote Hit = (hy;hy;::;;h ) 2 RY ! toindicate whether there is a surface.
SincelL is usually very small (Sec. 5.3), we denote the ef cient and thin grid voxeisR? W L 8

as the object representation, where theXgy with image coordinatg; j ] can be represented as:

Xij =X =(H;Di;Np;Cr) 2R 2 1

Note thatX [i; j;k ] = 0 when there is no surface for th& layer at the image ray coordindigj ].
Examples of X-Ray encoding are shown in Fig. 2. Through the encoding process, we can transform
any mesh into a sequential representation with varying lengths, same as a video with different numbers
of frames. Finally, we transpose the voxels@Ray X 2 Rt 8 H W resembling a video format

with L frames, each with a resolution BHf W and 8 feature channels.



Figure 3: Overview of our proposed generative pipeline for the X-Ray 3D representation. There are
three main components: (a) The X-Ray diffusion model, which generates a low-resolution X-Ray
from an image input. (b) The upsampler, which enlarges the low-resolution X-Ra¥ intogh
resolution. (c) The mesh decoding model, which decodes the high-resolution X-Ray into a point
cloud with color and normal, and then converts it into the nal generated mesh.

3.2 Decoding

The decoding process converts the X-Ray representation back into a 3D mesh. To achieve this, we
rst convert the video format of X-Ray into a point cloud and subsequently apply the Screened
Poisson algorithm [20] to transform the point cloud into a 3D mesh.

X-Ray ! Point Cloud. Given an X-Ray, we rst compute the 3D object's point cloBd =
fPy;Pn;PcgforRayr, including locatiorP, colorP ., and normaP , de ned by the equation:

Px:ro+Dr rd, Pn:Nr; P(;:Cr; When Hr:].: (2)

ro andr4 denote the origin and direction of the camera ray, respectively. FurtherBprdl, ; C,
andH, are the depth, surface normal, color and hit attributes of the ray de ned in Eq. 1. Upon
processing all camera rays, we obtain a comprehensive point Bloud P, g, ,r representation

that includes location, normal, and color attributes of the 3D object.

Point Cloud! Mesh. The Screened Poisson algorith&0] for converting point clouds with color

and normal into 3D colored meshes is a classic method that leverages the mathematical principles of
the Poisson equation. The core idea involves solving a variation of the Poisson equation to interpolate
a smooth surface that ts the input point cloud. The Poisson equation is a partial differential equation
of the form:r 2 = f, wherer 2 denotes the Laplace operator (which represents the divergence of
the gradient of a function), is the potential eld to be solved, arfdis a scalar function representing

the divergence of the vector eld derived from the input point cloud. In the context of point cloud

to 3D mesh conversion, the algorithm rst employs the given normal to de ne a vector eld that
suggests the orientation of the surface at each point. The divergence of this vector eld serves as the
functionf the Poisson equation.

Encoding-Decoding Intrinsic Error. The encoding-decoding process will introduce a intrinsic and
minor reconstruction error that varies with the number of ldyand the frame resolutiofH; W ).

To explore this, we conduct an experiment in Sec. 5.3 aimed at analyzing these variables to identify
their optimal values. Our goal is to achieve a balance where all pertinent information is preserved
while maintaining a lightweight model.

4 X-Ray for 3D Generation

Our primary objective of introducing a new 3D representation model is to facilitate the generation of
3D objects from single images. The challenge lies in accurately predicting the characteristics that are
not immediately visible on the rst surface when only a single image is available. To overcome this
challenge, we utilize diffusion and upsampling models for X-Ray synthesis. Given that our proposed
X-Ray is in video format, we leverage advanced Video Diffusion models as our backbone. To exploit
this structure for high-resolution X-Ray synthesis, we incorporate principles from advanced video



diffusion models as our foundational framework. Notable models in this domain include Stable Video
Diffusion (SVD) [2], VideoFusion B1], and the state-of-the-art Sora. To ef ciently train the diffusion
model, we begin by training a low-resolution X-Ray diffusion model that generates X-Ray from

a single image. Subsequently, we employ an upsampler to enhance these synthesized X-Rays to
high resolution. This two-step approach ensures a more manageable and ef cient training process,
gradually improving the quality of the output.

Framework Overview. Fig. 3 presents an overview of our generative model using X-Ray rep-
resentationdf. Sec. 3.1) for 3D generation. Our X-Ray diffusion modgfl (Sec. 4.1) operates

at the core of the framework, transforming random Gaussian noise into a low-resolution X-Ray
representation conditioned by an input image. These low-resolution X-Rays are then enhanced to
high resolution through the application of a 3D Spatial-Temporal UpsamglleSéc. 4.2). Fi-

nally, the high-resolution X-Rays are decoded into 3D meshes using a combination of point cloud
transformation and the Screened Poisson algoritfnsec. 3.2).

4.1 X-Ray Diffusion Model

Diffusion models[43] are generative models that transform a random noise distribution into a data
distribution through a reverse process, counteracting a forward process that incrementally adds
gaussmn noise to the data. The forward process is a Markov chain descriked by ¢x; 1 +

t , Wherex; represents the data at step ; controls the noise level, and N (0;1) is
sampled noise. The reverse process, aimed at reconstructing the original data from noise, is modeled
by a neural network predicting the noise added at each step or directly denoising the data, following

Xt 1= p% Xt pll—'z (X¢;t) , with  (X;t) being the predicted noise. Training involves
t

optimizing the network to minimize the difference between the original and reconstructed data,
effectively learning to invert the noise addition process given by:

Lam = Ex; N (0;1):t k (Xt;t)k2 ; 3)
wheret is uniformly sampled from the set {1, .. T}.

Diffusion Model for X-Ray. A prevalent technique in diffusion models is the utilization of latent
spaces with a VQ-VAET] to perform the initial data transformation to compress the data. This
method poses a signi cant challenge for our X-Ray representation as it requires the development
of a VQ-VAE model from scratch due to the absence of a suitable off-the-shelf latent model for
X-Ray, which would consequently increase our training burden. Another promising approach for
ef ciently training high-resolution generators is the cascaded synthesis pipeline. This method,
exempli ed by works such as Imagen4], DeepFloyd IF 1], and Stable Cascaded(], involves
progressively training the diffusion model or upsampling network from lower to higher resolutions.
Given our limited computing resources, we opted to implement this cascaded upsampling strategy.
This technique facilitates a more gradual and controlled enhancement of X-Ray quality, providing a
more exible and ef cient alternative to traditional latent space diffusion models.

Speci cally, we use the Spatial-Temporal 3D U-Net network from Stable Video Diffusibfof

our diffusion model to generate low-resolution X-Rays, with modi cations to the input and output
channels. As shown in Fig. 3, the input image is sent to the en&daroducing an image lateat

via image VAE [/] and an embedding via a ViT [5]. z is concatenated with the X-Ray latent as
input, ande interacts with the 3D U-Net through cross attentightp nally output the denoised

latent. This model employs spatial-temporal attention mechanisms to alternately extract features from
2D frame spaces and 1D surface layer sequences, enhancing its ability to process and interpret the
different layers of the X-Ray. This approach allows for nuanced handling of the temporal information
inherent in sequential X-Ray data, crucial for achieving high-quality diffusion results.

4.2 X-Ray Upsampler

The X-Ray upsampler focuses on enhancing previously generated X-Rays to a higher resolution.
We considered two potential methods: point cloud up-sampling and video up-sampling. Encoding
low-resolution X-Rays into a point cloud with color and normal information is straightforward (see
Sec 3.1). However, point cloud up-sampling often increases only the number of points without
effectively enhancing attributes like texture and color due to its unstructured nature. To improve



ef ciency and consistency, we adopted a video up-sampling approach using a spatial-temporal VAE
decoder from Stable Video Diffusion (SVDJ}][ We concatenate the previous image latentith the
low-resolution X-Ray as input and output the high-resolution X-Ray. The model upsamples previously
synthesized low-resolution X-Ray frames fourfold while preserving the original layer numbyer
applies attention at both the 2D surface frame and 1D surface layer levels, enhancing frame resolution
and overall quality. This makes the X-Ray diffusion model, followed by the upsampler, a more
integrated and effective solution.

Loss. The loss function for the Upsampler differs notably from that of the diffusion model. While
the diffusion model loss typically addresses volumetric or textural aspects, the Upsampler loss
concentrates speci cally on the surface area accuracy, re ecting the critical importance of maintaining
high delity in the enhanced images. The loss function we use for the Upsampler is given by:

Lup = kKX gi[Hgt] Xup[Hglk? + KHge  Hypk?; 4)

whereX 4 [H 4¢] represents the ground-truth high-resolution X-Ray at hit surfaceXapdH 4]

denotes the Upsampler's output at hit surface, ldn¢, H ., denotes the ground-truth and upsampled

Hit, respectively. The loss is computed as the squared Euclidean distance between these two matrices,
quantifying the pixel-wise discrepancy in surface details. This metric effectively ensures that the
upsampling process preserves essential surface features, thereby optimizing the quality and utility of
the resulting high-resolution X-Ray.

5 Experiments

5.1 Dataset and Implementation

Datasets. We train our X-Ray pipeline using a subset of the Objaverse datélsattiich have

been removed entries with missing textures and inadequate prompts as outlined in [48]. This subset
consists of more than 60,000 3D objects. For each object, we select 8 random camera views, covering
azimuth angles from -180 to 180 degrees and elevation angles from 0 to 45 degrees with camera
distance to object center xed at 1.2. The images are then rendered using Blender Software, and the
corresponding X-Rays are generated through the ray casting algorithm provided by the trimesh library
[50]. Through these processes, we create a dataset of approximately 480,000 paired images and
X-Rays to train the generative model. For the evaluation datasets, we adopt two commonly adopted
datasets: Google Scanned Objeé{sahd OmniObject3D56], to assess generative performance via
single-view reconstruction tasks.

Metrics. Recent 3D generative model&d 18, 27, 14, 49] lack uni ed reconstruction evaluation
metrics due to the challenge of determining an object's size and orientation from a single #ilage [

To ensure fair comparisons with state-of-the-art methods, we align all methods before evaluation.
The predicted and ground-truth 3D objects will be normalized to a range of -0.5 to 0.5 along all
three axes and face forward the sameaxis. We then align them using the Iterative Closest Points
(ICP) algorithm and calculate Chamfer Distance (CDI. thnorm and F-Score (FS) at threshold 0.1
(FS@0.1) for reconstruction.

Implementation Details. Our X-Ray diffusion model is based on the Spatrial-Temporal 3D UNet
architecture used in Stable Video Diffusion (SVI2],[modi ed to synthesize 8 channels: 1 hit
channel, 1 depth channel, 3 color channels, and 3 normal channels, compared to the original 4
channels. During training, we maintain a learning rate of 0.0001 using the AdamW optimizer. Since
different X-Rays have varying numbers of layers, we pad or truncate them to a uniform 8 layers for
ef cient batching and training. Each layer's frame has dimensior&of 64. For the upsampler,

each layer's output remains at 8 channels, but the resolution of each frame is incre256d t256

to enhance detail and clarity in the upscaled X-Ray. The entire training pipeline is conducted on
8 NVIDIA A100 GPU servers for two weeks. During inference, the 3D generation process takes
approximately 7 seconds: about 1 second for the diffusion model, 1 second for the upsampler, and 5
seconds for mesh decoding. As for GPU usage during inference, the GPU memory required is 4.8
GB for X-Ray diffusion model and 2.5 GB for X-Ray Upsampler.



Table 1: Comparison with other 3D representations in Ef ciency.

. . Multi-View Depths MPI Point Cloud X-Ray
Metric 3D Grid (8 views) (8 planes) (200,000 points) (8 layers)
Memory &) 67.09 MB 1.57 MB 1.57 MB 0.90 MB 0.62 MB
Encoding Method ~ Voxlization Rendering Slicing & Rendering Sampling Ray Casting
Encoding Time #) 0.105s 0.045s 0.049s 0.013s 0.016s
Decoding Method Poisson Fusion & Poisson Poisson Poisson Poisson
Decoding Time #) 5s 10s 5s 5s 5s
CD#) 7.7e-3 1l.1le-2 8.9e-3 7.2e-3 7.8e-03

(a) The intrinsic error of layer numbek {, whenH = W = 256

(b) The intrinsic error of frame heighH() or width (W) whenL =8

Figure 4: The encoding-decoding intrinsic error of different frame resolutions and number of layers.

5.2 Ef cient Comparison with Different 3D Representation

We compared the ef ciency of different representations using 500 3D meshes from random selected
models. The results showed that both point cloud and X-Ray were highly ef cient, with lower memory,
faster encoding & decoding times. However, the X-Ray had the advantage of being reorganizable as
a video format for diffusion models, leading to better performance.

5.3 Analysis of Encoding-Decoding Intrinsic Error

Due to the nite number of layel and resolutiorH; W of X-Ray, a slight intrinsic error is inevitable

during the encoding of 3D meshes into X-Ray format and the subsequent decoding back into 3D
meshes. To quantitatively assess this error, we conducted an experiment to evaluate intrinsic error
via Chamfer Distance (CD)L(L norm) between the original (ground-truth) mesh and the encoding-
decoding mesh across various resolutions and layers. In the experiments, we set the frame resolution
through a series of prede ned valued2, 64, 128 256 512, andl; 024and vary the number of layers

from 1to 12. Fig. 4a indicates that the intrinsic error decreases as the number of layers in our X-Ray
representation increases, becoming convergent after 8 layers. Similarity as illustrated in Fig. 4b, the
intrinsic error decreases with increasing resolution and stabilizes after 256. Therefore, for a balance
between accuracy and ef ciency, we use a resolufion256 256withH = W =256 andL =8

in our experiments. Compared with the dense volume achievitpa 256 256resolution for
voxel-based methods, our X-Ray representation is signi cantly ef cient for focusing only on surfaces
and reducing the data volume by 96.88%.



Figure 5: Quantitative Comparison in Image-to-3D Generation.

5.4 Quantitative Comparison

For image-to-3D mesh generation on the G&Pand OmniObject3D §6] datasets, we build a

new benchmark that randomly selects 500 image-mesh pairs from each dataset. We re-ran the
baselines using their released source code and used normalized Chamfer distance and F-score for a
fair comparison. The results, summarized in Tab. 2, show that our X-Ray method achieves signi cant
improvements over all previous rendering-based state-of-the-art mettigds3[ 8, 13, 49] on both

datasets, with a relativ@3% improvement (0.084 0.056) in Chamfer distance and also a signi cant
improvement in FS@0.1 (0.878 0.973, where the maximum is 1) on GSO dataset and similar
performance on OmniObject3D dataset. This demonstrates the superiority of our approach over
rendering-based methods.

Table 2: Quantitative reconstruction comparison on the GSO [6] and OmniObject3D [56] datasets

Datasets Metrics  One-2-3-45[25] ZeroShape [18] TGS[8] OpenLRM[13] TripoSR[49] X-Ray (Ours)
GSO [6] CD# 0.175 0.136 0.096 0.143 0.084 0.056
FS@0.1" 0.465 0.627 0.803 0.621 0.878 0.973
CD# 0.187 0.138 0.091 0.148 0.080 0.054

Omniobject3D [56] £5gq 1 0.490 0.619 0.822 0.664 0.892 0.972

5.5 Qualitative Comparison

A gualitative comparison effectively demonstrates the advantages of our proposed X-Ray generation
method. Using the three datasets mentioned, we selected single images as input and generated 3D
meshes without and with textures, as shown in Fig. 5. Our proposed method has three key advantages:
1. It can decompose shape and appearance to accurately reconstruct at surfaces (Rows 1 and 3); 2. It
can detect the sealing of containers (Rows 2 and 4); 3. It can generate the internal structure of objects
within their outer surfaces (Rows 5 and 6). These obvious advantages highlight the our effectiveness.

5.6 Failure Cases.

The failure cases highlight the limitations of the current generative model based on X-Ray representa-
tion when the number of frame layers is very large. As illustrated in Fig. 6, given an input image
containing a complex object, such as an exquisite hamburger, the number of framé.laj¢ne
encoded or generated X-Ray tends to exceed the maximum length of 8. Consequently, any surface



behind layer 8 will be omitted, resulting in missing parts of the reconstructed mesh. The solution is
to increase the value &f so that the X-Ray can represent more surfaces. However, this would also
increase computing resource requirements. We will reconsider the sparsity of deeper surface frames
and propose a more ef cient generative model to overcome these failure cases.

Figure 6: Failure cases. The generated meshes will miss behind parts because of the limited number
of frame layers.

6 Conclusion

In this work, we introduced a novel X-Ray representation for 3D objects that encompasses both visible
and hidden surfaces within the camera’s eld of view, unlike recent rendering-based methods that
typically focus only on the visible surface. We demonstrated the effectiveness of the X-Ray approach
in single-view 3D generation tasks. Our generative model shows that the underlying generator for
X-Ray shares foundational similarities with existing video diffusion models, allowing us to leverage
their advantages. Experimental results highlight the outstanding performance of our method.

Limitations. Our generator uses the Stable Video Diffusion (SVD) pipeline to produce high-quality
X-Ray. However, the X-Rays generated consist of an uncertain number of sequential layers, with
the posterior layers tending to be more and more sparse, which can be redundant. Additionally, the
generated mesh lacks enough smoothness and has missing part when X-Ray is truncated. We plan to
explore advanced network architectures, such as Large Language Model, that can better handle the
complexities of X-Ray data, including layer sparsity and sequential format. Additionally, we aim to
investigate further applications of the X-Ray representation to broaden its utility and impact in 3D
modeling and beyond.
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