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Wow! They really 
can‘t see me under
my invisible cloak

Morning Hermione!
What are you doing?

Hi, Ron! I’m practicing my new spell

Woof-
woof!

“Kiss3DGen!”

🪄“A magic-ball!” and “A candle”

🪄“A Potter 
Shiba dog!”

🪄“A red sofa” and “An owl” 🪄“A magic book!”

🪄🪄

Figure 1. A 3D Harry Potter scene built with Kiss3DGen. Our proposed framework, KISS3DGen, is a unified 3D generation
framework that facilitates various 3D generation tasks, including text-to-3D, image-to-3D, 3D enhancement, editing and more.
Specifically, most of the assets in the figure is generated from text (captioned with abbreviated text prompts) or image (marked by
dash lines) conditions, while the main characters (Hermoine, Ron and Potter) are created using a hybrid pipeline that combines
image-to-3D and text-guided mesh editing. Please zoom in for details and refer to our main paper for a more introduction.

Abstract

Diffusion models have achieved great success in gener-
ating 2D images. However, the quality and generaliz-
ability of 3D content generation remain limited. State-
of-the-art methods often require large-scale 3D assets
for training, which are challenging to collect. In this
work, we introduce Kiss3DGen (Keep It Simple and
Straightforward in 3D Generation), an efficient frame-
work for generating, editing, and enhancing 3D objects
by repurposing a well-trained 2D image diffusion model
for 3D generation. Specifically, we fine-tune a diffusion
model to generate ”3D Bundle Image”, a tiled repre-
sentation composed of multi-view images and their cor-
responding normal maps. The normal maps are then
used to reconstruct a 3D mesh, and the multi-view im-
ages provide texture mapping, resulting in a complete
3D model. This simple method effectively transforms the
3D generation problem into a 2D image generation task,
maximizing the utilization of knowledge in pretrained

diffusion models. Furthermore, we demonstrate that our
Kiss3DGen model is compatible with various diffusion
model techniques, enabling advanced features such as
3D editing, mesh and texture enhancement, etc. Through
extensive experiments, we demonstrate the effectiveness
of our approach, showcasing its ability to produce high-
quality 3D models efficiently. Project page: https://ltt-
o.github.io/Kiss3dgen.github.io.

1. Introduction
In recent years, generative models have significantly

advanced the field of 3D object generation, transform-
ing computer vision and graphics. The rapid progress
of diffusion models led to remarkable improvements in
synthesizing highly realistic 2D images. These develop-
ments have opened new possibilities for creating com-
plex 3D objects, essential for applications such as vir-
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tual reality, gaming, and scientific simulations. How-
ever, extending these advancements from 2D to 3D re-
mains challenging due to the inherent complexity of 3D
geometry, the scarcity of high-quality datasets, and the
high computational costs involved.

Existing 3D generation methods generally fall into
two categories: optimization-based approaches and di-
rect generation approaches. Optimization-based meth-
ods, such as DreamFusion [38], ProlificDreamer [53]
and LucidDreamer [23], utilize pre-trained 2D diffusion
models to create 3D content. While these methods have
shown promising results, they are often time-consuming
during inference time because of the intensive iterative
optimization required to update the 3D representation.

In contrast, direct 3D generation aims to create 3D
models directly, without extensive optimization. Typ-
ical approaches include InstantMesh [60], Unique3D
[56], PRM [10], Clay [64], Craftsman [21], and Di-
rect3D [57]. These methods are favored in practical 3D
generation systems due to their fast generation speed.
However, despite their potential, these techniques rely
heavily on large-scale 3D datasets, which often suffer
from limitations in quality and availability. For example,
Objaverse-XL [7], the largest 3D dataset available, con-
tains approximately 10 million samples, but around 70%
of the data is compromised by missing textures, low res-
olution, or poor aesthetics. This lack of high-quality data
significantly hampers the effectiveness of these direct
3D generation methods. In contrast, 2D datasets such as
LAION-5B [44] contain billions of high-quality images,
underscoring the disparity in data availability between
2D and 3D content.

Recent research has indicated that 2D diffusion mod-
els inherently possess powerful 3D priors that can be
utilized for 3D understanding and generation [12, 17].
However, these methods focus on producing 2.5D rep-
resentations like depth or normal maps, which provide a
partial view of the 3D structure and insufficient for full
3D generation. This raises an important question: Can
we leverage the expressive priors learned by 2D diffu-
sion models to create complete 3D representations?

In this work, we introduce Kiss3DGen, a simple yet
effective framework for 3D asset generation. Our ap-
proach involves fine-tuning a powerful diffusion trans-
former model (DiT), such as Flux [1], for 3D generation
tasks. Specifically, given a set of 3D objects for training,
we first render each object into four distinct views along
with their corresponding normal maps, forming a com-
prehensive representation we call the “3D Bundle Im-
age”, which captures both geometry and texture. Note
that 3D Bundle Image is essentially an image, making
it highly compatible with the existing knowledge of pre-
trained diffusion models, thus ensuring easy training and
strong generalization capabilities.

Concretely, we use GPT-4V(ision) to generate de-
scriptive captions for these 3D Bundle Images based
on their RGB portion. These caption-image pairs
are then used to fine-tune the Flux Model with Low-
Rank Adaptation (LoRA) [15], resulting in our core
model: Kiss3DGen-Base. During testing, given a user-
provided caption, Kiss3DGen generates a 3D Bundle
Image, which is subsequently optimized using exist-
ing mesh reconstruction approaches (e.g., NeuS [30],
MeshFormer [26], ISOMER [56]) produce a final 3D
mesh. Thanks to the generative power of the Flux model,
Kiss3DGen is capable of generating 3D content beyond
the training distribution.

Since Kiss3DGen is fundamentally a diffusion
model, it is naturally compatible with various diffusion-
based techniques. In this work, we demonstrate this by
incorporating ControlNet [63] to extend Kiss3DGen’s
capabilities, which is termed Kiss3DGen-ControlNet.
Given a 3D mesh, Kiss3DGen first renders a 3D Bun-
dle Image, which serves as a condition for Control-
Net to perform tasks such as mesh enhancement or
editing tasks. Leveraging ControlNet, Kiss3DGen effi-
ciently handles Image-to-3D generation (e.g., enhancing
a coarse mesh), 3D editing (e.g., via ControlNet-Canny),
and quality enhancement via ControlNet-Tile, which re-
builds low-quality 3D meshes to higher-quality.

Our contributions can be summarized as follows:
• We propose Kiss3DGen, a simple yet effective ap-

proach that retargets 2D diffusion models for 3D asset
generation tasks.

• We show that Kiss3DGen can be seamlessly inte-
grated with ControlNet, enabling diverse functional-
ities such as text-to-3D generation, image-to-3D gen-
eration, 3D editing, and 3D asset enhancement.

• Extensive experiments demonstrate that the
Kiss3DGen model achieves state-of-the-art per-
formance across various tasks.

2. Related Works
2.1. 3D Generation
Distillation-based 3D generation. The rapid advance-
ment of large-scale generative models, particularly the
remarkable success of 2D diffusion models [41–43], has
driven significant progress in 3D reconstruction. Pio-
neering methods like DreamFusion [38] and SJC [52] try
to distill a 3D representation like NeRF [35] or Gaussian
Splatting [18] from a 2D image diffusion by a Score Dis-
tillation Sampling (SDS) loss and its variants. Follow-up
distillation-based methods [4, 23, 24, 33, 40, 53] attempt
to improve the quality and efficiency. While these meth-
ods offer versatility and general applicability across di-
verse object categories, they frequently encounter chal-
lenges with convergence due to noisy and inconsistent
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gradient signals. This instability often results in incom-
plete reconstructions or artifacts, such as the “multi-
faced Janus problem”. Additionally, these methods
generally demand extensive optimization time, limiting
their practicality in real-world applications where speed
and efficiency are essential.
Multi-view generation. Multi-view generation aims
to generate multiple viewpoints of an object with a
given image or textual prompt. Early efforts in multi-
view generation models, such as MVDream [48], have
successfully adapted pretrained text-to-image diffusion
models [42] to generate object-centric multi-view im-
ages. Concurrent studies [27, 34, 47, 50] explore image-
conditioned multi-view generation, achieving impres-
sive quality in multi-view outputs. However, they pri-
marily focus on multi-view RGB generation and often
overlook the challenges of 3D reconstruction. While
some studies [32, 56] explore the separate generation of
color and normal maps, another line of research achieves
joint generation of both modalities with model con-
text switcher [20, 30]. The generation of normal im-
ages profoundly enhances the accuracy and quality of
3D shape formation. However, these approaches sig-
nificantly modify the network architecture or the input-
output patterns of the pretrained models and discard tex-
tural conditions, thus reducing their effectiveness for
general tasks like 3D refinement and editing. To our
knowledge, no existing model unifies color and geom-
etry generation with text conditions, a capability we be-
lieve is crucial for extending models to various 3D gen-
eration tasks, which we have achieved (see Sec. 3).
Feedforward 3D generation. Beyond multi-view im-
age generation, feedforward 3D generation refers to gen-
erating 3D representations of objects. Notably, sev-
eral models within the Large Reconstruction Model
(LRM) series, including MeshLRM [54], LGM [49],
Instant3D [19], InstantMesh [60], and GS-LRM [62],
use a single-image-to-multi-view generation approach
to produce fixed-pose multi-view images, followed by
a robust sparse-view reconstruction model to gener-
ate the final 3D assets. Distinct from the LRM se-
ries, another category of models incorporates diffusion
models, such as Craftsman [21] and Direct3D [57],
which typically follow a two-stage process: first, train-
ing a 3D variational autoencoder (VAE) to encode 3D
structural information, then applying a latent diffusion
model to generate 3D assets conditioned on input text
or images. While these models yield high-quality re-
sults, their generalizability and robustness are limited
due to constrained 3D training datasets. In contrast,
some studies leverage the strong priors of 2D diffusion
models. For example, methods such as ATT3D [31]
and LATTE3D [59] distill 2D diffusion model priors
to construct feed-forward text-to-3D generation models,

though the quality of 3D assets generated in these ap-
proaches remains suboptimal. Similarly, models such as
PI3D [29] employ 2D diffusion priors to generate tri-
plane representations; however, this approach modifies
the original training data structure of the stable diffu-
sion model, disrupting its intrinsic priors and signifi-
cantly limiting its applicability in open-domain gener-
ation. Kiss3DGen can seamlessly integrate with these
models in multiple ways. On the one hand, these models
can generate (coarse) meshes that contribute to enhanc-
ing the stability of Kiss3DGen’s reconstruction phase.
One the other hand, Kiss3DGen can refine and further
edit these meshes with prior knowledge inherited from
diffusion models. This largely improves their level of
detail and overall visual quality, as well as the capacities
to generate open-domain 3d assets.

2.2. 3D Enhancement and Editing
3D enhancement and editing means to repair and refine
initial low-quality objects, or add, delete and stylize ob-
jects using text or user interaction. Early works like Ed-
itNeRF [28] and CLIP-NeRF [51] achieves simple part
removal and colorization by feeding different codes into
pretrained conditional NeRF. For more fine-grained en-
hancement and editing, methods [11, 16, 36, 37, 45]
combine Instructpix2pix [2] and SDS to add precise
text editing instructions. However, these approaches are
often time-consuming due to their optimization-based
frameworks, and their implicit 3D representations are
not well-suited for mesh enhancement. DreamEditor
[65] and Focal Dreamer [22] propose to use mesh-based
neural field and DMTet [46] respectively for direct mesh
optimization. Progressive3D [5] and Focal Dreamer
[22] achieve convenient user interaction by spatial mask-
ing and 3D composition. Additionally, MVEdit [3]
proposes a text-to-3D diffusion model for 3D initial-
ization followed by a refining process guided by a 2D
diffusion prior. Coin3D [8] uses 3D volume adapter
and coarse proxy to aid score distillation process and
achieves stronger 3D control. Despite these advance-
ments, such methods primarily focus on sculpting the
3D representation in a view-independent manner, often
resulting in suboptimal global coherence in both geom-
etry and texture. In contrast, our proposed Kiss3DGen
naturally offers 3D enhancement and editing, achieving
high-quality results with a streamlined pipeline.

3. Proposed Method
In this section, we present an in-depth explanation
of Kiss3DGen, which repurposes a powerful diffusion
transformer model (DiT) for 3D generation tasks. In
Sec. 3.1, we explain how to train the base model to
generate 3D Bundle Images, ultimately enabling text-
to-3D generation, termed as Kiss3DGen-Base. No-
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Figure 2. The overview of our text-to-3D training and gen-
eration framework. In this work, we curate a high-quality
text-3D dataset, then train a LoRA [15] layer for text to 3D
bundle image (Sec. 3) generation upon a pretrained text-to-
image diffusion transformer model with flow matching [25].
After training, our framework generates 3D assets with text
condition in two stages: the 3D-Bundle-Image (Sec. 3) gener-
ation (Stage I) and the 3D reconstruction (Stage II). In Stage I,
we generate 3D bundle image with our Kiss3DGen base model
guided by text prompts. In Stage II, we reconstruct the geom-
etry and texture of the 3D asset via LRM [14, 60] or sphere
initialization followed by optimization-based mesh refinement
and texture projection approach, i.e., ISOMER [56]. Please
zoom in for details.

tably, Kiss3DGen-Base is essentially an image gener-
ation model that can be combined with many exist-
ing techniques to achieve more advanced functionalities,
which will be discussed in Sec. 3.2.

3.1. Kiss3DGen-Base
Kiss3DGen-Base is designed to generate high-quality
3D Bundle Images that encapsulate both the geometry
and texture information of 3D objects. Then, we lever-
age ISOMER [56] to generate textured 3D meshes with
these 3D Bundle Images. The overarching design prin-
ciple is to align the 3D Bundle Image with the prior dis-
tribution of pre-trained image diffusion models, thereby
preserving the original generative capabilities of the pre-
trained model to the greatest extent possible.
3D Bundle Image. Given a 3D object, we render it into
four distinct views along with their corresponding nor-
mal maps, creating a comprehensive multi-view repre-
sentation called the 3D Bundle Image, as shown in Fig.
2(b). This approach is based on two key insights. First,
the combination of normal and RGB images from mul-

tiple views capture all necessary information to form a
complete 3D object, which is then converted into a 3D
mesh with ISOMER [56]. Second, since the 3D Bun-
dle Image is essentially a 2D representation, it naturally
aligns with the prior information in pre-trained 2D dif-
fusion models, allowing us to leverage their generative
capabilities without altering the input-output structure.
This ensures the model effectively integrates and utilizes
the learned priors.
Model. Learning the 3D Bundle Image is a non-trivial
task, as the model must capture the relationships be-
tween different views and the correspondences between
RGB images and normal maps, which are inherently
complicated. Given the spatial distances between RGB
images and normal maps, modeling long-range depen-
dencies is crucial. To address this, we employ a DiT
model, i.e., Flux [1], whose attention blocks are partic-
ularly effective at capturing these long-range dependen-
cies, ensuring coherent multi-view and cross-modal re-
lationships are properly modeled.
Captioning. To enhance the training process and lever-
age text-image correspondence, we generate descriptive
captions for each 3D Bundle Image. We use GPT-4V
to provide detailed captions that describe the content of
each Bundle Image, including visual attributes such as
color, shape, and surface properties. These captions help
encode semantic information about the 3D objects, pro-
viding an additional supervisory signal during training
that ensures the model learns to associate textual de-
scriptions with specific geometric and visual features.
An example caption can be found in Fig. 2(a).
Training and Inference. With the 3D bundle images
and the captions, we train a LoRA to retarget the pre-
trained Flux [1] model to generate the 3D Bundle Image
(Fig. 2(b)). As a result, the model can generate a 3D
Bundle Image from text prompt, producing a set of im-
age and normal map pairs from four distinct viewpoints.
Then, we can employ ISOMER [56] to optimize a mesh,
which could be initialized with a sphere, as shown in
Fig. 2. In practice, we also found that initializing the
mesh with LRM [60] is more robust with a bit more in-
ference time. Thus we adopt this strategy in this paper.
A detailed study will be shown in the supplementary file.
This process enables Text-to-3D Generation.

3.2. Kiss3DGen-ControlNet

To extend the capabilities of Kiss3DGen beyond di-
rect generation, we introduce Kiss3DGen-ControlNet,
which incorporates ControlNet [63] to handle a vari-
ety of 3D-related tasks such as enhancement, editing,
and image-to-3D generation. In this section, we start
with 3D enhancement as a basic application and ex-
pand into multiple use cases, providing examples of how
Kiss3DGen-ControlNet can be applied for the afore-
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Figure 3. 3D enhancement and editing with Kiss3DGen. In
order to achieve high-quality image-to-3D generation, we in-
corporate the existing image-to-3D pipeline [60] with our gen-
eral 3D enhancement pipeline. Please zoom in for details.

mentioned tasks. It should be noted that its potential
usages are far more extensive.
3D Enhancement. Given a low-quality mesh (e.g.,
Fig. 3(b)), which may suffer from geometry lacking de-
tail or overly blurred textures, we can render it into
a 3D Bundle Image and then process it through the
ControlNet-Tile and ControlNet-Normal model within
Kiss3DGen. Originally, ControlNet-Tile was used for
super-resolution of images, preserving color and content
while leveraging diffusion model priors to enhance de-
tails. We found that this approach is also suitable to en-
hance our 3D Bundle Images, including the RGB images
and normal maps. Note that 3D enhancement requires
retaining the semantic integrity of the original mesh as
much as possible. To facilitate this, we use the Florence-
2 [58] to generate captions for the RGB portion of the
3D Bundle Image. With the enhanced 3D Bundle Im-
ages, we use ISOMER [56] to further refine the input
mesh. The enhanced RGB images and normal maps en-
rich the details of texture and geometry respectively.

It should be noted that incorporating ControlNet can
limit changes to the edited model, potentially constrain-
ing improvements in geometry and texture details. To
address this, we introduce two hyperparameters, λ1 and
λ2. λ1 ∈ [0, 1] represents the ControlNet Strength, de-
termining how strongly the ControlNet Branch adds to
the original network, i.e., y = F (x) + λ1Fc(c), where
F (x) is the feature of main branch, Fc(c) is the feature
of the control branch. λ2 ∈ [0, 1] represents the frac-
tion of diffusion steps during which ControlNet is active.
Specifically, ControlNet is applied from step 0 to λ2T ,
and is not used from step λ2T + 1 to T . Empirically,
λ1 values between 0.05 and 0.8, and λ2 values between
0.1 and 0.7, yield good results. In most experiments,
we set λ1 = 0.6 and λ2 = 0.3 for a balance between
enhancement and flexibility.
3D Editing. Similar to the 3D enhancement men-

tioned above, by decreasing the weight of Control-
Net and allowing users to provide customized captions,
Kiss3DGen-ControlNet can effectively perform 3D edit-
ing. As shown in Fig. 3(c, d), this pipeline allows
users to alter specific attributes of the 3D object, such
as shape or texture, while maintaining overall coherence
with the original model. Note that this is not the only
way to achieve 3D editing. We have tried to convert
the 3D Bundle Image with Canny operation, then apply
ControlNet-Canny, or simply use SDEdit to edit the 3D
Bundle Image; both work well. In this paper, we simply
adopt ControlNet-Canny and ControlNet-Normal, then
apply λ1 = 0.3, λ2 = 0.5.
Image-to-3D Generation. Kiss3DGen-ControlNet
supports Image-to-3D Generation. By using existing
methods (e.g., InstantMesh [60]) to generate a coarse
mesh from a given 2D image, Kiss3DGen-ControlNet
can refine this initial output, transforming it from a low-
quality, rough mesh into a high-quality 3D model. In
Fig. 3(a, b), we demonstrate an example of image-to-
3D generation by reusing our 3D enhancement pipeline,
where we further replace one of the RGB views in the
rendered 3D Bundle Image with the input image. This
two-stage approach allows for the efficient transforma-
tion of 2D inputs into detailed 3D objects, utilizing the
enhancement capabilities to improve mesh quality.

4. Experiments

4.1. Dataset
Due to the inconsistent quality of the original Objaverse
dataset [6], we initially excluded objects that lacked
texture maps or had low polygon counts. We then
conducted meticulous manual curation to remove low-
quality samples, such as incomplete objects, scanned
flat surfaces, and large-scale scene samples. Addition-
ally, given the irregular orientations of objects in the
Objaverse dataset, we manually annotated and corrected
the front-facing angle for each object. This rigorous re-
finement process resulted in a collection of 147k high-
quality objects, which we used to train the Kiss3DGen-
Base model. In addition, we curated a specialized
dataset of 4k high-quality 3D cartoon-style human body
models from the internet. This dataset was used to
train the Kiss3DGen-Doll model, specifically designed
to support cartoon-style character generation. To render
these objects, we used Blender with a camera distance
set to 4.5 units and a field of view (FoV) of 30 degrees.
For each object, we used Blender to render four views
separated by 90 degrees in azimuth, with the first view
aligned to the front-facing angle of the object. The ele-
vation is fixed as 5 degree. Both RGB and Normal maps
were rendered for each view at a resolution of 512×512.
The four view images were then used as inputs for 3D-
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Table 1. The quantitative comparison with MVDream in text-
to-multi-view synthesis shows that our method outperforms
MVDream [48] by a large margin. Notably, our method even
surpasses the “Real Data” in both “Quality” and “Aesthetic”
metrics, where “Real Data” refers to the multiple views used
to generate text by GPT-4V.

Method Dataset size CLIP↑ Quality↑ Aesthetic↑
Real Data N/A 0.884 3.138 1.911
MVDream 350K 0.809 2.509 1.526
Ours-Base 147K 0.844 3.248 1.94
Ours-50K 50K 0.804 2.972 1.879

aware caption annotation in GPT-4V.

4.2. Implementation Details

For the training of Kiss3DGen-Base, we utilized
FLUX.1-dev [1] as our base model, training it with
Low-Rank Adaptation (LoRA) [15] on 8 NVIDIA A800
80GB GPUs for 3 days, completing 16 epochs with a
batch size of 4. The Adam optimizer was employed with
a fixed learning rate of 8× 10−4, and training was con-
ducted with bf16 precision. The LoRA rank (network
dimension) was set to 128.

4.3. Evaluation

For evaluation dataset, we conducted quantitative com-
parisons using the Google Scanned Objects (GSO)
dataset [9]. For the text-to-3D evaluation, we randomly
sampled 100 objects, rendering four orthogonal views
per object and then annotated using GPT-4V to generate
text inputs for the test set. For the image-to-3D eval-
uation, we sampled 200 objects and rendered a single
front-facing view for each, serving as the input for quan-
titative assessment.

For the evaluation protocol, we assessed alignment
with text descriptions and the visual quality of the gen-
erated results. For the text-to-3D task, without precise
3D ground truth, we measured alignment using CLIP
score [39] by rendering four orthogonal views of each
generated object. Also, we used Q-Align [55], a large
multi-modal model, to evaluate the quality and aesthet-
ics of the rendered images. For the image-to-3D task,
we evaluated both 2D visual quality and 3D geomet-
ric quality. For the 2D visual evaluation, we rendered
novel views from the generation 3D mesh and compared
them to the ground truth views using PSNR, SSIM, and
LPIPS as metrics. For the 3D geometric evaluation, we
focused on comparing the generation 3D meshes to the
ground truth. First, we aligned the coordinate systems
of the generated and ground truth meshes. Next, we
repositioned and rescaled all meshes into a cube of size
[−1, 1]3. We reported Chamfer Distance (CD) and F-
Score (FS) at a threshold of 0.1, calculated by uniformly
sampling 16K points from the mesh surfaces.

Table 2. Quantitative comparison of text-to-3D generation
results after rendering, evaluated in terms of CLIP-score,
Quality, and Aesthetic metrics. Our method outperforms
3DTopia [13], Direct2.5 [32], and Hunyuan3D-1.0 [61] across
all metrics, indicating a significant improvement in alignment
with textual descriptions and visual quality.

Method Dataset size CLIP↑ Quality↑ Aesthetic↑
3DTopia 320k 0.694 2.145 1.538
Direct2.5 500k 0.773 2.158 1.459

Hunyuan3D-1.0 N/A 0.792 2.517 1.504
Ours-Base 147k 0.837 2.700 1.800
Ours-50K 50k 0.804 2.716 1.601

Table 3. Quantitative comparison of image-to-3D genera-
tion methods across multiple metrics. Since CraftsMan gener-
ates only geometry without textures, the comparison with this
method is limited to 3D geometry metrics (Chamfer Distance
(CD) and F-Score (FS)).

Method Dataset size CD↓ FS↑ PSNR↑ SSIM↑ LPIPS↓
CraftsMan 170k 0.178 0.739 N/A N/A N/A
Unique3D 50k 0.217 0.654 19.237 0.898 0.127

Hunyuan3D-1.0 N/A 0.153 0.768 16.652 0.885 0.123
Ours-Base 147k 0.149 0.769 20.348 0.902 0.116
Ours-50K 50k 0.151 0.766 20.215 0.884 0.131

4.4. Comparison with State-of-the-Art Methods
In this section, we compare our approach with sev-
eral state-of-the-art methods across three tasks: text-to-
multi-view synthesis, text-to-3D generation, and image-
to-3D generation. For text-to-multi-view synthesis, we
compare with MVDream [48], which introduces a multi-
view attention mechanism within its model to facilitate
multi-view information interaction. This approach aims
to improve consistency across generated views by al-
lowing information to be shared among them. For text-
to-3D generation, we compare our method with three
recent approaches—3DTopia [13], Direct2.5 [32], and
Hunyuan3D-1.0 [61]—that claim capabilities in text-to-
3D generation. 3DTopia trains a latent diffusion model
to generate Tri-plane representations for 3D object syn-
thesis. Direct2.5 takes a different approach by utiliz-
ing two separate diffusion models to generate Normal
maps and corresponding RGB maps, which are then
used to reconstruct the geometry and apply textures. In
contrast, Hunyuan3D-1.0 follows large reconstruction
model (LRM) that first generates a single image from
text and then expands this into six multi-view images
for sparse-view reconstruction. For image-to-3D gen-
eration, we compare the Hunyuan3D-1.0, the diffusion-
based model CraftsMan [21], and Unique3D [56], a two
stage generation method similar to ours.
Text-to-Multi-View Synthesis. As shown in Tab. 1,
we conducted a quantitative evaluation comparing our
method to MVDream. Our method demonstrates a sub-
stantial improvement over MVDream across all met-
rics, indicating enhanced consistency and quality across

5875
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featuring an image 
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snout, floppy ears.

Figure 4. Qualitative comparisons with MVDream [48] for
text-to-multiview generation. Within the context of text-
conditioned multi-view generation, our method produces sig-
nificantly better results in both text-image alignment and geo-
metric coherence.

multiple views. Notably, our approach outperforms the
“Real Data” in both “Quality” and “Aesthetic” scores,
which may seem counter-intuitive. However, this makes
sense considering that our model inherits a lot of knowl-
edge from Flux model which tends to produce high-
quality images. Furthermore, even the model trained on
a reduced dataset of just 50K samples achieves compet-
itive results, indicating that our approach is highly data-
efficient and can yield strong performance with limited
training data. Also, we performed qualitative compar-
isons in Fig. 4 which illustrate the superior multi-view
coherence and realism achieved by our approach.
Text-to-3D Generation. As shown in Tab. 2, we
quantitatively compared our approach with 3DTopia,
Direct2.5, and Hunyuan3D-1.0 in terms of alignment
with text, visual quality, and aesthetic appeal. Our
method consistently outperforms the others across all
metrics, particularly in CLIP-score, which reflects im-
proved alignment with the input text. Furthermore, we
achieve higher Quality and Aesthetic scores, showcas-
ing our method’s ability to generate not only accurate
but also visually pleasing 3D representations. Noticed
that these metrics are calculated by rendering the gener-
ated 3D results into four orthogonal views. In addition,
qualitative comparisons are provided in Fig. 5. In Fig. 6,
we show both our Base and Doll models can serve high-
quality text-to-3D generation, even for cases that are out
of the training domain. We also conducted qualitative
comparisons on 3D mesh enhancement and editing with
MVEdit [3] in Fig. 7, demonstrating our ability to per-
form more precise mesh enhancement or editing.
Image to 3D generation In Tab. 3, we present a quan-
titative comparison of various image-to-3D generation
methods across multiple metrics. Our approach demon-
strates superior performance, outperforming other meth-

A multi-pack of Nestle Pure Life 
Exotics sparkling water, with packaging, 

and vibrant fruit imagery. Visible
barcode, Prominent brand logo.

A brown dog head. 3D shaped, 
contoured face, prominent ears, 
indented eyes, protruding nose, 

delineated mouth
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Figure 5. Qualitative comparisons with state-of-the-art
methods for text-to-3D generation. It demonstrates that
Kiss3DGen achieves the highest quality 3D mesh, delivering
more accurate texture generation from the input prompts com-
pared to others.

“A realistic photo of a cute cat, orange fur, smiling, 
sitting with body straight up, rich details”
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Figure 6. Text-to-3D comparison between our Base and Doll
models (Sec. 4.1). Each model generates different results with
different seeds. All images are rendered from 3D mesh.

ods in Chamfer Distance (CD), F-Score (FS), PSNR,
SSIM, and LPIPS scores. Notably, our model achieves
strong results even with a reduced training dataset
(Ours-50K), indicating its efficiency and robustness in
generating high-quality 3D representations from 2D im-
ages. In addition to these quantitative results, Fig. 8
provides qualitative comparisons that highlight the im-
proved texture fidelity, structural coherence, and overall
visual quality achieved by our approach.

4.5. Ablation Study
The mechanism of 3D Bundle Image As discussed ear-
lier, we propose a novel approach of combining RGB
and normal maps into a single image, referred to as the
“3D Bundle Image,” for model training. We compare
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Figure 7. Qualitative comparison on 3D mesh Enhance-
ment and Editing with MVEdit [3]. Our results (line 2)
maintain much better consistency with the input mesh in en-
hancement and better align with the given text in editing.
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Figure 8. Qualitative comparisons with state-of-the-art
methods for image-to-3D generation. We achieves the high-
est quality 3D mesh, delivering more accurate and realistic tex-
ture generation from input images compared to other models.

this approach with the “Switcher” mechanism used in
prior works [20, 30]. Unlike our model, which gener-
ates RGB images and normal maps concurrently, these
works employ a “Switcher” to selectively produce either
RGB images or normal maps. As illustrated in Fig. 9,
the “Switcher” mechanism fails to maintain coherence
between the two outputs. In contrast, our “3D Bundle
Image” achieves significantly higher consistency. This
improvement is due to the DiT model’s architecture, par-
ticularly its attention blocks, which effectively capture
long-range dependencies and interactions. However the
“Switcher” mechanism processes the modalities sepa-

rately and does not leverage this advantage.

a grid of 2x4 multi-view image. elevation 5. a small well with a roof and grass
around it. visible crank, circular base, rectangular roof tiles, angled roof.
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Figure 9. Ablating the mechanisms of generating multiview
RGB and normal maps. Both our “3D Bundle Image” and
“Switcher” [20, 30] are built upon Flux.1-dev [1] model.

Dataset scale In Sec. 4, we compare the Kiss3DGen-
Base model with baseline models, demonstrating that
it achieves state-of-the-art performance. However, we
note that the scale of datasets varies significantly across
different works. For instance, 3DTopia [13] was trained
on over 320k 3D objects, Direct2.5 [32] used 500k,
and Unique3D [56] employed only 50k objects. We
reduce our dataset to 50k objects and train a model
named Kiss3DGen-50k, and find that the model still per-
forms well in most tasks (Tab. 2), proving the effective-
ness of our framework. In comparison, we find that the
Kiss3DGen model trained on a small scale of data some-
times failed to generate a 3D Bundle Image. See more
details in our supplement.

5. Concluding Remarks
This work introduces Kiss3DGen, a straightforward yet
highly effective approach for a variety of 3D genera-
tion tasks. By leveraging knowledge from pretrained
2D diffusion models, it seamlessly integrates with ex-
isting techniques like ControlNet. Despite its sim-
plicity, Kiss3DGen excels across tasks such as text-to-
3D, image-to-3D, 3D enhancement, and 3D editing. It
also demonstrates strong performance even with limited
training data, benefiting from the preservation of knowl-
edge in Flux. Additionally, the model generalizes well,
enabling the generation of objects beyond its original 3D
training set.

There is significant potential for further improve-
ment, particularly in exploring the optimal representa-
tion of geometry (e.g., normal maps) and developing
efficient methods for generating high-resolution views.
These challenges will be addressed in our future work.
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