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1. Background

Stable Diffusion (SD) and Stable Diffusion XL (SDXL).
We adopt Stable Diffusion [17] and Stable Diffusion
XL [15] as our base T2I models, since they have a well-
developed community with many powerful derivatives for
evaluation. SD and SDXL perform the diffusion process
within the latent space of a pre-trained autoencoder E(·)
and D(·). In training, an encoded image z0 = E(x0) is per-
turbed to zt at step t by the forward diffusion. The denoising
network ϵθ learns to reverse this process by predicting the
added noise, encouraged by an MSE loss:

L = EE(x0),ϵ∼N (0,I),c,t[∥ϵ− ϵθ(zt, c, t)∥22] (1)

where c denotes the conditioning texts. In SD, ϵθ is im-
plemented as a UNet [18] consisting of pairs of down/up
sample blocks and a middle block. Each block contains
pairs of spatial self-attention layers and cross-attention lay-
ers, which are serially connected using the residual struc-
ture. SDXL leverages a three times larger UNet backbone
than SD for high-resolution image synthesis and introduces
a refinement denoiser to improve the visual fidelity.

2. Implementation Details

2.1. Dataset
We trained MV-Adapter on a filtered high-quality subset
of the Objaverse dataset [3], comprising approximately
70,000 samples, with captions from Cap3D [13]. To ac-
commodate the efficient multi-view self-attention mech-
anism, we rendered orthographic views to train the the
model to generate n = 6 views per sample. For the
camera-guided generation, we rendered views of 3D mod-
els with the elevation angle set to 0◦ and azimuth angles
at {0◦, 45◦, 90◦, 180◦, 270◦, 315◦}. This distribution aligns
with the setting used in Era3D [11], facilitating the applica-
tion of a similar image-to-3D pipeline for 3D generation
tasks. For the geometry-guided generation, we included
four views at an elevation of 0◦ with azimuth angles of
{0◦, 90◦, 180◦, 270◦}, added two additional views from the
top and bottom. In addition to the target views, we rendered
five random views within a certain frontal range of the mod-
els to serve as reference images during training.

2.2. Training
During training, we only optimize the MV-Adapter, while
freezing weights of the pre-trained T2I models. We train
MV-Adapter on the dataset with pairs of a reference image,

text and n views, using the same training objective as T2I
models:

L = EE(x1:n
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where ct, ci and cm represent texts, reference images and
conditioning maps (i.e. camera or geometry conditions) re-
spectively. We randomly zero out the features of the refer-
ence image to drop image conditions, enabling classifier-
free guidance at inference. Similar to prior work [1, 7],
we shift the noise schedule towards high noise levels as we
move from the T2Is to the multi-view diffusion model that
captures data of higher dimensionality. We shift the log
signal-to-noise ratio by log(n), where n is the number of
generated views.

We utilized two versions of Stable Diffusion [17] as the
base models for training. Specifically, we trained a 512-
resolution model based on Stable Diffusion 2.1 (SD2.1)
and a 768-resolution model based on Stable Diffusion XL
(SDXL). During training, we randomly dropped the text
condition with a probability of 0.1, the image condition with
a probability of 0.1, and both text and image conditions
simultaneously with a probability of 0.1. Following prior
work [1, 7], we shifted the noise schedule to higher noise
levels by adjusting the log signal-to-noise ratio (SNR) by
log(n), where n = 6 is the number of the generated views.
For the specific training configurations, we used a learning
rate of 5× 10−5 and trained the MV-Adapter on 8 NVIDIA
A100 GPUs for 10 epochs.

2.3. Inference
At inference, for generation conditioned solely on text, we
set the guidance scale to 7.0. For image-conditioned gener-
ation, we set the guidance scale of image condition α and
text condition β to 3.0. Following TOSS [21], the calcula-
tion can be expressed as:
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where ct, ci and cm represent texts, reference images and
conditioning maps (i.e. camera or geometry conditions) re-
spectively. Since we did not drop cm during training, we do
not use the classifier-free guidance method for it.

2.4. Comparison with Baselines
We conducted comprehensive comparisons with baseline
methods across three settings: text-to-multiview genera-



tion, image-to-multiview generation, and texture genera-
tion. In these experiments, we evaluated both versions of
MV-Adapter based on Stable Diffusion 2.1 (SD2.1) [17]
and Stable Diffusion XL (SDXL) [15], demonstrating the
performance gains brought by MV-Adapter due to its effi-
cient training and scalability.

For text-to-multiview generation, we selected MV-
Dream [22] and SPAD [9] as baseline methods. MVDream
extends the original self-attention mechanism of T2I models
to the multi-view domain. SPAD introduces epipolar con-
straints into the multi-view attention mechanism. We tested
on 1,000 prompts selected from the Objaverse dataset [3].
We computed Fréchet Inception Distance (FID), Inception
Score (IS), and CLIP Score on all generated views to assess
the quality of the generated images and their alignment with
the textual prompts.

For image-to-multiview generation, we compared our
method with ImageDream [25], Zero123++[20], CRM[26],
SV3D [24], O3D [27], and Era3D [11]. ImageDream,
Zero123++, CRM, and Era3D generally fall into the cate-
gory of modifying the original network architecture of T2I
models to extend them for multi-view generation. SV3D
and Ouroboros3D fine-tune text-to-video (T2V) models to
achieve multi-view generation. We selected 100 assets cov-
ering multiple object categories from the Google Scanned
Objects (GSO) dataset [5] as our test set. For each asset,
we rendered input images from front-facing views, with in-
put views randomly distributed in azimuth angles between
−45◦ and 45◦ and elevation angles between −10◦ and 30◦.
We evaluated the generated multi-view images by comput-
ing Peak Signal-to-Noise Ratio (PSNR), Structural Similar-
ity Index Measure (SSIM), and Learned Perceptual Image
Patch Similarity (LPIPS) between the generated images and
the ground truth, assessing both the consistency and quality
of the outputs.

For 3D texture generation, we compared our text-based
and image-based models with project-and-paint methods
such as TEXTure [16], Text2Tex [2], and Paint3D [30], the
synchronized multi-view texturing method SyncMVD [12],
and the optimization-based method FlashTex [4]. We ran-
domly selected 200 models along with their captions from
the Objaverse [3] dataset for testing. Multiple views were
rendered from the generated 3D textures, and we computed
FID and Kernel Inception Distance (KID) of them to eval-
uate the quality of the generated textures. Additionally, we
recorded the texture generation time to assess the inference
efficiency of each method.

2.5. Community Models and Extensions

To ensure a comprehensive benchmark, we selected a di-
verse set of representative T2I derivative models and exten-
sions from the community for evaluation. As illustrated in
Table 1, these models include personalized models that en-

compass various domains such as anime, stylistic paintings,
and realistic photographic images, as well as efficient dis-
tilled models and plugins for controllable generation. They
cover a wide range of subjects, including portraits, animals,
landscapes, and more. This selection enables a thorough
evaluation of our approach across different styles and con-
tent, demonstrating the adaptability and generality of MV-
Adapter in working with various T2I derivatives and exten-
sions.

3. Additional Discussions

3.1. MV-Adapter vs. Multi-view LoRA

LoRA (Low-Rank Adaptation) [8] offers an alternative ap-
proach to achieving plug-and-play multi-view generation.
Specifically, using a condition encoder to inject camera rep-
resentations, we extend the original self-attention mecha-
nism to operate across all pixels of multiple views. Dur-
ing training, we introduce trainable LoRA layers into the
network, allowing these layers to learn multi-view consis-
tency or, optionally, generate images conditioned on a refer-
ence view. This approach requires the spatial self-attention
mechanism to simultaneously capture spatial image knowl-
edge, ensure multi-view consistency, and align generated
images with reference views.

However, the multi-view LoRA approach has a notable
limitation. The “incremental changes” it introduces to the
network are not orthogonal or decoupled from those in-
duced by T2I derivatives, such as personalized T2I mod-
els or LoRAs. Specifically, layers fine-tuned by multi-view
LoRA and those tuned by personalized LoRA often over-
lap. Note that each weight matrix learned by both repre-
sents a linear transformation defined by its columns, so it is
intuitive that the merger would retain the information avail-
able in these columns only when the columns that are be-
ing added are orthogonal to each other [19]. Clearly, the
multi-view LoRA and personalized models are not orthogo-
nal, which often leads to challenges in retaining both sets of
learned knowledge. This can result in a trade-off where ei-
ther multi-view consistency or the fidelity of concepts (such
as style or subject identity) is compromised.

In contrast, our proposed decoupled attention mecha-
nism encourages different attention layers to specialize in
their respective tasks without needing to fine-tune the origi-
nal spatial self-attention layers. In this design, the layers we
train do not overlap with those in the original T2I model,
thereby better preserving the original feature space and en-
hancing compatibility with other models.

We conducted a series of experiments to test these ap-
proaches. We trained two versions of multi-view LoRA,
targeting different modules: (1) inserting LoRA layers only
into the attention layers, and (2) inserting LoRA layers into
multiple layers, including the convolutional layers, down-



Table 1. Community models and extensions for evaluation.

Category Model Name Domain Model Type

Personalized T2I

Dreamshaper1 General T2I Base Model
RealVisXL2 Realistic T2I Base Model
Animagine-xl3 2D Cartoon T2I Base Model
3D Render Style XL4 3D Cartoon LoRA
Pokemon Trainer Sprite PixelArt5 Pixel Art LoRA
Chalk Sketch SDXL6 Chalk Sketch LoRA
Chinese Ink LoRA7 Color Ink LoRA
Zen Ink Wash Sumi-e8 Wash Ink LoRA
Watercolor Style SDXL9 Watercolor LoRA
Papercut SDXL10 Papercut LoRA
Furry Enhancer11 Enhancer LoRA
White Pitbull Dog SDXL12 Concept LoRA
Spider spirit fourth sister13 Concept LoRA

Distilled T2I
SDXL-Lightning14 Few Step T2I Base Model
LCM-SDXL15 Few Step T2I Base Model

Extension

ControlNet Openpose16 Spatial Control Plugin
ControlNet Scribble17 Spatial Control Plugin
ControlNet Tile18 Image Deblur Plugin
T2I-Adapter Sketch19 Spatial Control Plugin
IP-Adapter20 Image Prompt Plugin

sampling, up-sampling layers, etc. For both settings, we set
the LoRA rank to 64 and alpha to 32. As shown in Fig. 1
and Fig. 2, while the multi-view LoRA approach can gen-
erate multi-view consistent images when the base model is
not changed, it often struggles to maintain multi-view con-
sistency when switching to a different base model or when
integrating a new LoRA. In contrast, as demonstrated in
Fig. 3, our MV-Adapter, equipped with the decoupled at-
tention mechanism, maintains consistent multi-view gener-
ation even when used with personalized models.

Compared to the LoRA mechanism, our decoupled
attention-based approach proves more robust and adaptable
for extending T2I models to multi-view generation, offering
greater �exibility and compatibility with various pre-trained
models.

3.2. Image Restoration Capabilities

During the training of MV-Adapter, we probabilistically
compress the resolution of reference images in the train-
ing data pairs to enhance the robustness of multi-view gen-
eration from images. We observed that the model trained
with this approach is capable of generating high-resolution,
detailed multi-view images even when the input is low-
resolution, as depicted in Fig. 4. Through such training
strategy, MV-Adapter has inherent image restoration capa-

bilities and automatically enhances and re�nes input images
during the generation process.

3.3. Details of Arbitrary View Synthesis

In the main text, we introduced a novel adapter archi-
tecture—comprising parallel attention layers and a uni�ed
condition encoder—to achieve multi-view generation. We
implemented ef�cient row-wise and column-wise attention
mechanisms tailored for two speci�c applications: 3D ob-
ject generation and 3D texture mapping, generating six
views accordingly. However, our adapter framework is not
limited to these con�gurations and can be extended to per-
form arbitrary view synthesis. To explore this capability,
we designed a corresponding approach and conducted ex-
periments, training a new version of MV-Adapter to handle
arbitrary viewpoints.

Following CAT3D [6], we perform multiple rounds of
multi-view generation, with the number of views generated
each time set ton = 8 . Starting from text or an initial sin-
gle image as input, we �rst generate eight anchor views that
broadly cover the object. In practice, these anchor views
are positioned at elevations of0� and30� , with azimuth an-
gles evenly distributed around the circle (e.g. every45� ).
For generating new target views, we cluster the viewpoints
based on their spatial orientations, grouping them into clus-



Figure 1. Results of multi-view LoRA (set target modules to attention layers). The azimuth angles of the images from left to right are
0� ; 45� ; 90� ; 180� ; 270� ; 315� , corresponding to the front, front-left, left, back, right, and front-right of the object.

Figure 2. Results of multi-view LoRA (set target modules to attention layers, convolutional layers, etc.). The azimuth angles of the images
from left to right are0� ; 45� ; 90� ; 180� ; 270� ; 315� , corresponding to the front, front-left, left, back, right, and front-right of the object.



Figure 3. Results of MV-Adapter, which introduces decoupled attention mechanism rather than LoRA. The azimuth angles of the images
from left to right are0� ; 45� ; 90� ; 180� ; 270� ; 315� , corresponding to the front, front-left, left, back, right, and front-right of the object.

ters of8. We then select the4 nearest known views from
the already generated anchor views to serve as conditions
guiding the generation of each target view.

In terms of implementation, the overall framework of
our MV-Adapter remains unchanged. We adjust its inputs
and speci�c attention components to accommodate arbi-
trary view synthesis. First, we set the number of input im-
ages to either1 or 4. When using four input views, we
concatenate them into a long image and input this into the
pre-trained T2I U-Net to extract features. This simple yet
effective method allows the images from the four views to
interact within the pre-trained U-Net without requiring ad-
ditional camera embeddings to represent these views. Sec-
ond, we utilize full self-attention in the multi-view atten-
tion component, expanding the attention scope to enable the
generation of target views with more �exible distributions.

To train an MV-Adapter capable of generating arbitrary
viewpoints, we rendered data from40 different views, with
elevations of� 10� ; 0� ; 10� ; 20� ; 30� , and azimuth angles
evenly distributed around 360 degrees at each elevation
layer. We trained the model for 16 epochs. During the �rst 8
epochs, the model was trained using a setting of one condi-
tional view and eight target anchor views. In the subsequent
8 epochs, we trained with an equal mixture of one condition
plus eight target views and four conditions plus eight target
views.

As shown in Fig. 5, the visualization results demon-
strate that MV-Adapter can generate consistent, high-
quality multi-view images beyond the six views designed
for speci�c applications. This extension further veri�es the
scalability and practicality of our adapter framework, show-
casing its potential for arbitrary view synthesis in diverse
applications. More results can be found in the supplemen-
tary materials.

3.4. Limitations and Future Works

Limitation: Dependency on image backbone.Within our
MV-Adapter, we only �ne-tune the additional multi-view
attention and image cross-attention layers, and do not dis-
turb the original structure or feature space. Consequently,
the overall performance of MV-Adapter is heavily depen-
dent on the base T2I model. If the foundational model
struggles to generate content that aligns with the provided
prompt or produces images of low quality, MV-Adapter
is unlikely to compensate for these de�ciencies. On the
other hand, employing superior image backbones can en-
hance the synthetic results. We present a comparison of
outputs generated using SDXL [15] and SD2.1 [17] mod-
els in Fig. 6, which con�rms this observation, particularly
in text-conditioned multi-view generation. We believe that
MV-Adapter can be further developed by utilizing advanced
T2I models [10, 23] based on the DiT architecture [14], to



Figure 4. Results on camera-guided image-to-multiview generation with low-resolution images as input.

Figure 5. Visualization results using MV-Adapter to generate arbitrary viewpoints.



Figure 6. Qualitative comparison of our MV-Adapter based on SD2.1 and SDXL.

achieve higher visual quality in the generated images.

Future works: 3D scene generation, dynamic multi-view
video generation, inspiration for modeling new knowl-
edge. This paper provides extensive analyses and en-
hancements for our novel multi-view adapter, MV-Adapter.
While our model has signi�cantly improved ef�ciency,
adaptability, versatility, and performance compared to pre-
vious models, we identify several promising areas for future
work:
• 3D scene generation. Our method can be extended to

scene-level multi-view generation, accommodating both
camera- and geometry-guided approaches with text or im-
age conditions.

• Dynamic multi-view video generation. Exploring dy-
namic multi-view video generation using a similar ap-
proach as MV-Adapter within text-to-video generation
models [28, 32] presents a valuable opportunity for fur-
ther advancements.

• Inspiration for modeling new knowledge. Our approach
of decoupling the learning of geometric knowledge from
the image prior can be applied to learning zoom in/out ef-
fects, consistent lighting, and other viewpoint-dependent
properties. It also provides valuable insights for modeling
physical or temporal knowledge based on image priors.

4. More Comparison Results

4.1. Image­to­Multi­view Generation

To provide a more in-depth analysis of our quantitative re-
sults on image-to-multi-view generation, we conducted a
user study comparing MV-Adapter (based on SD2.1 [17])
with baseline methods [11, 20, 24–27]. The study aimed
to evaluate both multi-view consistency and image qual-
ity preferences. We selected 30 samples covering a diverse
range of categories, such as toy cars, medicine bottles, sta-
tionery, dolls, and sculptures. A total of 50 participants

Figure 7. Results of user study on image-to-multi-view generation.

were recruited to provide their preferences between the out-
puts of different methods.

Participants were presented with pairs of multi-view im-
ages generated by MV-Adapter and the baseline methods.
For each pair, they were asked to choose the one they pre-
ferred in terms of multi-view consistency and image qual-
ity. The results of the user study are summarized in Fig. 7.
The �ndings indicate that, in terms of multi-view consis-
tency, MV-Adapter performs comparably to Era3D, with
preference rates of 25.07% and 22.33%, respectively. How-
ever, regarding image quality, MV-Adapter demonstrates a
signi�cant advantage, receiving a higher preference rate of
36.80% compared to the baseline methods. The improved
image quality can be attributed to MV-Adapter's ability to
leverage the strengths of the underlying T2I models without
full �ne-tuning, preserving the original feature space and
bene�ting from the high-quality priors of the base models.



Figure 8. Additional results on camera-guided text-to-multiview generation with community models.

5. More Visual Results

In Fig. 8 and Fig. 9, we show more visual results of
MV-Adapter on camera-guided text-to-multiview genera-
tion with community models and extensions, such as Con-

trolNet [31] and IP-Adapter [29]. In Fig. 10, we show more
visual results on camera-guided image-to-multiview gener-
ation. In Fig. 11, we show more visual results on text-to-
3D generation. In Fig. 12, we show more visual results on
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