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Abstract

Recently, text-to-image generation with diffusion models
has made significant advancements in both higher fidelity
and generalization capabilities compared to previous base-
lines. However, generating holistic multi-view consistent
images from prompts still remains an important and chal-
lenging task. To address this challenge, we propose a diffu-
sion process that attends to time-dependent spatial frequen-
cies of features with a novel attention mechanism as well
as novel noise initialization technique and cross-attention
loss. This Fourier-based attention block focuses on features
from non-overlapping regions of the generated scene in or-
der to better align the global appearance. Our noise initial-
ization technique incorporates shared noise and low spatial
frequency information derived from pixel coordinates and
depth maps to induce noise correlations across views. The
cross-attention loss further aligns features sharing the same
prompt across the scene. Our technique improves SOTA
on several quantitative metrics with qualitatively better re-
sults when compared to other state-of-the-art approaches
for multi-view consistency.

1. Introduction

In recent years, significant breakthroughs have been
made in text-conditional image generation [14,19,21,21,23,
30]. However, when extending single-view image genera-
tion to multi-view and video generation from text prompts
[1,6–8,11,12,17,20,24,27] there remains considerable chal-
lenges, particularly around the consistency of a scene’s ge-
ometry and appearance. To this end, recent works [1, 2, 24]
implement attention modules that process all views simul-
taneously [2, 24]. This aims to align features across views
by incorporating cross-attention modules into the standard
diffusion model architecture. Moreover, MVDiffusion [24]
uses known camera pose and depth information in order
to find corresponding points for attention across different
views. Similarly, ConsistI2V [20] proposed changes to
cross attention between views, such as attending to the local
neighborhood around a query index for each view, but per-
formance seems constrained to video sequences with high

temporal sampling. In the case of more general multi-view
image generation (e.g., panoramas), such a method may not
adequately handle larger changes in camera pose between
views. Specifically, for methods relying on high overlap
between frames, the appearance in areas with less overlap
across the scene often exhibit stark changes (see Figure 1).
Improving consistency in non-overlapping regions is there-
fore important for ensuring consistency in the global ap-
pearance.

Another exciting direction to improve the multi-view
consistency of text-to-image is through the role of noise ini-
tialization by using shared noise [6], correlated noise [17],
or low spatial frequency components of images [27]. These
studies have shown that overall appearance can be improved
by combining shared and independent components when
initializing noise for multi-view generation. One possible
explanation for this effect is the recently observed gap be-
tween noise used during training and inference [13]. At the
noisiest time step during training, low spatial frequency in-
formation regarding the image is still present; however, dur-
ing inference, this information is missing when sampling
from Gaussian noise. In this work, we leverage this initial-
ization gap in order to improve consistency across gener-
ated images by inducing low-frequency correlations across
noise samples without requiring access to ground truth im-
ages [20] or costly sampling steps to generate a starting lay-
out [27].

We address the challenge of multi-view consistent
text-to-image generation through a novel diffusion-based
method that combines noise initialization with Fourier-
based attention to guide image generation toward a con-
sistent appearance. Building on recent work highlight-
ing the gap in signal-to-noise ratio between noise samples
used during training and inference, we propose a method
for coordinate-based noise initialization that induces low
spatial frequency correlations in the noise samples across
views. We further propose an attention module that aligns
non-overlapping regions across views by attending to pro-
gressively higher spatial frequency features across denois-
ing time steps. Finally, we introduce a prompt-based cross-
attention loss that ensures attention between prompt to-
kens and each view is consistent with the ground truth
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Figure 1. We propose a method that addresses the lack of consistency in multi-view image generation by aligning appearance in non-
overlapping regions of multi-view scenes (left). Compared to MVDiffusion, our approach improves the consistency of textures and geom-
etry, particularly in non-overlapping regions (e.g., floor and walls; right).

scene. Overall, our method improves multi-view consis-
tency by initializing with pose-dependent noise, attend-
ing to frequency-dependent features in non-overlapping re-
gions, and ensuring consistent semantic relationships via a
prompt-based cross-attention loss.

In order to understand the effect of various design
choices for more disparate views, we evaluate performance
for multi-view consistency using two settings: panoramic
and depth-conditioned image generation. We demonstrate
quantitatively and qualitatively that these design choices
improve image quality and multi-view consistency over
state-of-the-art approaches. We summarize our contribu-
tions as follows:

• We introduce a novel noise initialization technique,
which incorporates shared noise and low spatial
frequency information across views without time-
prohibitive diffusion inversion or access to real images.

• We introduce a novel attention mechanism (Fourier-
based Attention) that attends to shared-noise features
across non-overlapping regions of a scene.

• Finally, we introduce a novel cross-attention loss that
aligns multi-view prompt cross-attention maps with
the ground truth attention maps, improving alignment
of features sharing the same prompt across views.

2. Related Work

2.1. Text-to-Image Diffusion Models

The field of text-to-image diffusion models has under-
gone considerable advancements, with significant contri-
butions from models like DALL-E 2 [19], GLIDE [15],
Latent Diffusion Models (LDMs) [21], and Imagen [23].
These models excel in generating photo-realistic images
from text prompts, combining the efficiency of large-scale
diffusion models with the sophistication of pre-trained lan-
guage models. Additional control over the image output
is possible through manipulation of model cross-attention
layers, as demonstrated in Prompt-to-Prompt [9], Attend-
and-Excite [4], and FreestyleNet [28]. This cross-attention
control has also lead to improvements in multi-view con-
sistency. Our model extends the single-view text-to-image
LDM into the multi-view domain with additional condition-
ing on camera pose and/or depth.

2.2. Multi-view Consistency in Image Diffusion
Models

The pursuit of multi-view consistency in image gener-
ation has led to several noteworthy advancements. Mul-
tiDiffusion [1] focused on fusing diffusion paths for con-
trolled image generation, addressing the seamless integra-
tion of multiple views. SyncDiffusion [12] synchronizes
joint diffusions for coherent montage creation, using gra-
dient descent from perceptual similarity loss to align mul-
tiple diffusions. DiffCollage [31] generates large content
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by merging results from overlapping nodes represented by
a factor graph. However, all these techniques either do not
generate true panorama (left and right corners mismatch)
or have visible artifacts in the generated images. Token-
Flow [7] generates multi-view consistent edits in videos by
propagating features based on inter-frame correspondence,
but needs access to ground truth noise samples. MVDif-
fusion [24] improved multi-view image generation by em-
bedding correspondence-aware attention in diffusion mod-
els, optimizing for consistency across multiple views. How-
ever, MVDiffusion struggles to generate multi-view consis-
tent images in non-overlapping regions. Our method explic-
itly attends to such regions to align appearance.

2.3. Noise Initialization in Diffusion Models

Recent works have investigated the gap in noise initial-
ization between training and inference for diffusion mod-
els [13, 29], noting that there is an information leak that
occurs even at highest noise levels during training. Other
works have leveraged this information leak as a way to im-
prove consistency in appearance by incorporating low spa-
tial frequency information [20, 27] or the mean of images
from a given class [29]. In video diffusion models, initializ-
ing with a weighted combination of shared and independent
noise across frames [6] or inducing long-range correlations
via noise rescheduling [17] have similarly achieved greater
global consistency. Our method instead leverages 3D coor-
dinate information to inform spatial structure of the scene.

3. Method

The method section is organized as follows: we first
cover the preliminaries regarding diffusion models, then we
propose our method for noise initialization, Fourier-based
attention, and prompt-based cross-attention loss. We end
the section with a description of the full training paradigm.

3.1. Preliminary

Image diffusion models are trained to model a data dis-
tribution pdata by iteratively denoising an image x from a
random Gaussian noise sample across a sequence of T time
steps. Latent Diffusion Models (LDMs) instead operate on
a latent representation z from a pre-trained VAE autoen-
coder (i.e., z := E(x) and x := D(z)). During the forward
diffusion process, noise is added to the latent z0 at each time
step t:

q(zt|zt−1) = N (zt;
√
αtzt−1, σ

2
t I), (1)

where the noise schedule is defined by parameters αt and
σ2
t derived from a predefined variance schedule β1, . . . , βT

with σ2
t = βt and αt = 1 − βt. In practice, the forward

diffusion can be determined in a single step:

q(zt|z0) = N (zt;
√
ᾱtz0, (1− ᾱt)I) (2)

where ᾱt =
∏t

i αi. Therefore, the noisy latent zt can be
directly sampled with Gaussian noise ϵ ∼ N (0, I):

zt =
√
ᾱtz0 +

√
1− ᾱtϵ. (3)

The LDM is then trained to approximate the reverse dif-
fusion process, in order to obtain the latent z0 from Gaus-
sian noise zT :

pθ(z0:T ) = p(zT )

T∏
t=1

pθ(zt−1|zt) (4)

pθ(zt−1|zt) = N (zt−1;µθ(zt, t),Σθ(zt, t)), (5)

where µθ and Σθ are predicted by the denoising network
ϵθ, typically implemented using the U-Net [22] architec-
ture. The denoising network ϵθ is then trained to predict the
ground truth noise ϵ by minimizing the following objective
function:

LLDM = Et,z0,ϵ∥ϵ− ϵθ(zt, t)∥22. (6)

3.2. Coordinate-based Noise Initialization

During inference, the noisy latent zT is sampled from
N (0, I) and the denoised sample z0 is decoded using the
pre-trained decoder D to obtain the generated image x̂.
However, as noted in recent works [13,29], there is an SNR
gap between the noisy latent zT used during training and
inference that leads to a information leak provided to the
model during training but not during inference. This sug-
gests that consistency in multi-view image generation may
be improved by incorporating shared noise and/or low spa-
tial frequencies from a target image when initializing the
noise latent zT . Indeed, rather than using the latent sampled
from N (0, I), previous works have observed that incorpo-
rating latent features from real images [20, 27] into zT can
improve the consistency when generating multiple images
(e.g., a video sequence). In our experiments, we explore the
use of noise initialization methods that do not require access
to the diffusion-inverted latent features z0 of real images
during inference.

Based on the aforementioned gap between the latent zT
used during training and inference, it is intuitive to initialize
noise using Equation 3 by replacing the original latent z0
with some shared noise or image features ϵshared:

ẑiT =
√
ᾱT ϵshared +

√
1− ᾱT ϵ

i, (7)

where ϵshared is shared across all views and ϵi ∼ N (0, I) is
sampled independently per view. Setting ϵshared to random
Gaussian noise has the effect of providing similar shared
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Figure 2. Overview of our proposed technique. (Left) We initialize noise by sampling Gaussian noise shared across views as well as
independent per view. We combined the shared noise with depth or transformed pixel coordinates to obtain Coordinate Noise (Sec. 3.2),
which provides a low spatial frequency bias to inform the overall structure of the scene. (Center) We add our Fourier-based Attention
(FBA) blocks (blue, see right panel) within the U-Net architecture and introduce a cross-attention loss (Sec. 3.4) to ensure consistent
spatial relationships across views. (Right) Finally, our novel attention module (Sec. 3.3) time-dependent spatial frequencies of features
generated from the Coordinate Noise in non-overlapping regions to better align the global appearance across the scene.

statistics across views, but does not necessarily provide in-
formation about the scene generally.

In order to provide information about the scene, we pro-
pose incorporating depth maps (where available) and trans-
formed pixel coordinates based on camera pose information
between each view and a reference (e.g., center view of a
panorama). By utilizing the camera pose and (optionally)
depth information of the scene, we are able to induce low
spatial frequency correlations implicitly across the scene.
We then combine the coordinate-based component with the
shared noise to obtain our noise initialization:

ϵ̂i = w ∗ ci + (1− w) ∗ ϵshared, (8)

ẑiT =
√
ᾱT ϵ̂

i +
√
1− ᾱT ϵ

i, (9)

where ci represents the low-frequency coordinate/depth-
map information for view i, which is linearly combined
with the shared noise ϵshared using weight w. For depth con-
ditioning, we set ci as the normalized depth maps per view,
whereas for panoramic images we use the normalized coor-
dinates for each view transformed into the coordinate space
of the center view (see supplemental material for further
detail). We refer to this combination of coordinate-based
information and shared noise as coordinate noise. When
w = 0, there is no low-frequency condition – a setting we
refer to as simple shared noise. The updated latent ẑT is
then used in place of zT when initializing noise for image

generation.

3.3. Fourier-based Attention Module

Based on the insights from works [6, 20, 27] incorpo-
rating shared noise or low spatial frequency information
when generating multi-view images, we hypothesize that
attending to coordinate noise features – particularly in non-
overlapping regions of multi-view images – will improve
the consistency in global appearance across a generated
scene. Building on MVDiffusion’s [24] correspondence-
aware attention (CAA) modules, we propose a Fourier-
based attention (FBA) module that incorporates coordinate
noise features with spatial frequencies selected dependent
on the denoising time step. Similar to the CAA blocks, each
FBA block contains the attention module and a residual
network with zero-initialized convolution layers. Whereas
the CAA modules are intended to attend to corresponding
points in overlapping image regions, the intuition of our ap-
proach is to inject shared noise to better align the overall
scene appearance in the non-overlapping image regions.

Specifically, for a given time step t and noise initial-
ization (i.e. Equation 9), let Fi

t be the feature maps of
the U-Net denoising network for the view indexed by i ∈
[0, N − 1]. Let Gi

t then be the features obtained when using
the coordinate noise ϵ̂ (i.e. Equation 8) to set zt in Equa-
tion 3. Since these feature maps are the target of the at-
tention module, we gather Gi

t from each preceding layer
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without applying the FBA blocks. We then apply the Fast
Fourier Transform (FFT; Equation 10) to obtain the spatial
frequency domain representations of features Gi

t, allowing
us to select and attend to higher-frequency features to align
appearance, where lower frequencies more represent image
structure [27]. The inverse transform F−1 is similarly ap-
plied to transform back to the image domain (i.e. FFT and
its inverse are applied to the height and width dimensions).

F(m,n) =
∑
h,w

x(h,w) exp−j2π

(
h

H
m+

w

W
n

)
, (10)

j2 = −1

To implement this method, we combine the
correspondence-aware attention within overlapping
regions and our Fourier-based attention in non-overlapping
regions. Using the known homography matrices relating
each view, we can obtain the mask of overlapping regions
Mi,j

ovr between views i and j. Formally, for the set of source
feature maps Fi

t, we select the corresponding features
F̄j

t in overlapping regions of each target view j and the
spatially-filtered features Ḡj

t in non-overlapping regions.
Following [24], the features in overlapping regions of target
views are interpolated from the target coordinate space
v to map onto the corresponding locations in the source
coordinate space u (see [24] for further detail):

F̄j
t (v

j) = Fj
t (v

j) + γ(uj
∗ − u), (11)

where γ(·) represents the positional encoding of the dis-
placement between corresponding coordinates uj

∗ and orig-
inal coordinates u in the source view.

The coordinate noise features Gj
t are spatially filtered by

masking portions of the frequency spectrum dependent on
the time step. Specifically, for each time step we select spa-
tial frequencies proportional to the noise level by creating a
mask with ones everywhere except within a central region
whose radius is dependent on the time step:

rt = 1− t

T
, (12)

Mrt
F =

(
1− 1(h,w)∈[−rtH:rtH,−rtW :rtW ]

)
, (13)

where H and W are the height and width of the U-Net fea-
tures, respectively. The mask Mrt

F therefore represents the
spatial frequencies corresponding to the coordinate noise
features Gj

t . The mask is then element-wise multiplied with
the frequency signal to obtain the non-overlapping features
to be attended, as shown in Equation 14 below.

Ḡj
t = F−1(Mrt

F ⊙F(Gj
t )) + γ(1− rt), (14)

where γ(1 − rt) represents the positional encoding of the
time step-dependent radius. Finally, the target features of

overlapping and non-overlapping regions are combined us-
ing the mask of overlapping regions Mi,j

ovr:

Vi,j
t = Mi,j

ovr ⊙ F̄j
t + (1−Mi,j

ovr)⊙ Ḡj
t . (15)

We then apply attention from each query source view Fi

to the set of target views Vi:

F̂i = SoftMax
(
[WQF

i] · [WKVi]
)
WV V

i, (16)

where WQ, WK , and WV are the weights corresponding
to the query, key, and value commonly used in attention
modules [25].

3.4. Prompt Cross Attention Loss

In order to improve the spatial consistency of features
across views, we propose a novel loss that ensures that
the cross attention maps between each prompt and view
are consistent with those in the ground truth scene. This
method takes inspiration from the cross attention loss pro-
posed in [16], which was shown to improve structural con-
sistency during image-to-image editing with diffusion mod-
els. We extend this cross attention loss to multi-view image
generation by computing it on the attention between each
view’s prompt and all other view features. This ensures that
the prompt-based attention between disparate views is con-
sistent with the ground truth scene.

We implement the cross attention loss at each 16 × 16
resolution cross attention module. In order to obtain the
ground truth attention maps Ml

t, we first pass the clean la-
tent views z1:n0 through the U-Net to collect the noise-free
attention maps. The cross attention loss is then computed at
each applicable layer l as follows:

Ll
XA = ∥Ml

t −Ml
0∥. (17)

3.5. Training Paradigm

In order to train our FBA blocks, we start from a dif-
fusion model trained on single views. For depth-to-image
training, the diffusion model is first fine-tuned to generate
images at the 192 × 256 image resolution. This training
is done using single-view images only. During training of
the FBA blocks, we randomly select a sequence of n par-
tially overlapping views from the dataset and a single time
step for all views t ∼ U [1, T ]. During this stage, we keep
the original U-Net model parameters frozen and train the
proposed FBA blocks end-to-end to minimize the following
overall loss function:

L = LLDM + λ
∑
l∈L

Ll
XA, (18)

where L denotes the set of layer indices corresponding to
attention maps processing 16 × 16 spatial resolution and λ
is set to 10.
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Figure 3. Qualitative comparison for panoramic image generation.
Colored boxes highlight misalignment with prompt “a house with
a pool in the backyard”. See Section 4.4 for further detail.

Method FID ↓ CLIP Score ↑
Baseline LDM [21] 45.6 25.6
MVDiffusion [24] 30.3 24.3
SyncDiffusion [12] 51.4 20.0

Ours 22.36 24.7

Table 1. Quantitative evaluation of image quality in panoramic
experiments compared with baseline.

Method PSNR ↑ Ratio ↑ I-LPIPS ↓
GT 37.7 1.00 0.71

Baseline LDM [21] 9.10 0.24 0.80
MVDiffusion [24] 22.2 0.60 0.79
SyncDiffusion [12] - - 0.64

Ours 24.7 0.66 0.75

Table 2. Quantitative evaluation of multi-view consistency. Bold
text indicates best performance among methods addressing multi-
view consistency.

4. Experiments
We evaluate our method in two settings: multi-view

panoramic and depth-conditioned image generation. To
evaluate panoramic image generation, we use the Matter-
port3D1 dataset [3] consisting of 10,912 panoramic indoor
scenes. Following [24], we separate the dataset into 9820
panoramic sequences used for training and 1092 for eval-
uation. To evaluate performance of multi-view depth-to-
image generation, we use the ScanNet dataset [5], contain-
ing 1513 scenes for training and 100 scenes for evaluation.
We discuss method implementation details in Section 4.1,

1https://matterport.com/legal/matterport-end-user-license-agreement-
academic-use-model-data

baselines in Section 4.2, quantitative, qualitative and abla-
tion results in Section 4.3, Section 4.4 and Section 4.5 re-
spectively. Additional results and implementation details
can be found in the Supplementary Materials.

4.1. Implementation Details

We implement our method with PyTorch using the latent
diffusion model architecture provided from Diffusers [26].
During training, we freeze the parameters of the denoising
U-Net and train only our newly added modules. We train
each method using 4 nodes with 8 x A100 GPUs each for
20 epochs in the depth-to-image experiment and 10 epochs
in the panoramic experiment. We use a per-GPU batch
size of 1 and a learning rate 1e−4 and 2e−4 for the depth-
conditioned and panoramic experiments, respectively.

During inference, we generate 8 views simultaneously
for both depth-to-image and panoramic experiments. For
panoramic image generation, each view is separated by a
rotation angle of 45 degrees. For depth-to-image genera-
tion, we follow the method described in [24] for generating
key frames and interpolation for denser image generation.
The key-frame views are curated to maintain approximately
65% overlap between each pair of key frames. For inter-
polating between views, the generated key frames are used
to condition the generation of the interpolated views as de-
scribed in [24].

4.1.1 Evaluation Metrics

We utilize multiple metrics to evaluate image quality and
multi-view consistency. To evaluate the image quality of
generated multi-view scenes, we compute the following
metrics:

• Frechet Inception Distance (FID) [10]: measures the
distribution gap between generated and real images.

• CLIP Score (CS) [18]: measures the text and generated
image similarity using the CLIP model.

In order to evaluate consistency of generated multi-view
images, we use the following metrics:

• Overlap Peak Signal-to-Noise Ratio (PSNR) [24]:
PSNR between all overlapping regions, compared as
a ratio between generated and real images.

• Intra-LPIPS [32]: measures the coherence of
panoramic images, computed as the average LPIPS
distance of all combinations of generated image pairs
for a scene.

We use the same evaluation method for each experiment
as described in [24]. In brief, to evaluate multi-view consis-
tency we compute overlapping PSNR ratios between con-
secutive generated images relative to the ground truth com-
parisons.
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Figure 4. Qualitative comparison for multi-view depth-to-image generation. Colored boxes highlight inconsistencies in baselines relative
to our method. Blue, red and white boxes demonstrate how small objects, large objects and environment (i.e. non-overlapping regions)
resp. change appearance in our baselines. We qualitatively outperform our baselines. See Section 4.4 for further detail.

Method FID ↓ CLIP Score ↑
ControlNet [30] 38.3 20.5

MVDiffusion [24] 23.7 24.3
Ours 27.0 23.8

Method PSNR ↑ Ratio ↑ Intra-LPIPS ↓
GT 15.4 1.00 0.58

ControlNet [30] 9.05 0.62 0.70
MVDiffusion [24] 13.0 0.87 0.67

Ours 13.9 0.94 0.64

Table 3. Quantitative comparison with baseline methods for depth-conditioned experiments. Left: image quality, right: multi-view consis-
tency. Bold text indicates best performance.

4.2. Baselines

We evaluate our performance against the following base-
line methods for the panoramic experiment:

• MVDiffusion [24] uses the correspondence-aware at-
tention module to attend to a nearby set of views for
panoramic experiments.

• Baseline LDM [21] constitutes the baseline pre-trained
model upon which MVDiffusion is trained.

• SyncDiffusion [12] is a training-free method designed
for panoramic image generation with diffusion models.

To evaluate performance for the depth-to-image experi-
ment, we compare against the following baselines:

• MVDiffusion [24] incorporates a correspondence-
aware attention module (CAA) that attends to nearby
views with corresponding points. As described above,
we utilize this CAA mechanism within our own atten-
tion module.

• ControlNet [30] is a popular method for conditioning
LDMs, which in our experiments can be used for eval-
uating depth-to-image generation.

Whereas our and other baseline methods generate n
views in parallel, SyncDiffusion [12] generates a single
panoramic image with 512 × 3072 resolution using a sin-
gle text prompt. In order to compare against the other base-
lines, we first combine the per-view text prompts used in our
method into a single prompt describing the full scene. Then
following image generation, we split the panoramic image
into six non-overlapping views with resolution 512 × 512
as described in [12]. We use these views for quantitative
evaluations of FID, CLIP Score, and Intra-LPIPS.

4.3. Quantitative Evaluation

4.3.1 Panoramic Experiment

We report quantitative results for the panoramic image
generation experiment in Tables 1 and 2. As shown in
the tables, our method consistently outperforms the base-
lines across most metrics, particularly FID and overlapping
PSNR. Although SyncDiffusion achieves a lower Intra-
LPIPS, the value is far lower even than the ground truth
images (0.64 vs. 0.71). This is likely due to the fact that
their method aims to increase coherence across all views,
resulting in similar content repeated across the scene (e.g.,
see Figure 3). This is also supported by their relatively low
CLIP Score (20.0 vs. 24.7 in our method), which indicates
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that their generated images do not respect the provided text
prompts. Meanwhile, among methods that aim to improve
multi-view consistency, ours has the highest CLIP Score.

4.3.2 Depth-to-Image Experiment

We report quantitative results for the depth-to-image exper-
iment in Table 3. As seen in the table, our method greatly
improves the multi-view consistency compared to MVDif-
fusion (0.94 vs. 0.87 ratio and 0.64 vs. 0.67). In addition
to non-overlapping improvements from FBA blocks, we
attribute improvements in overlapping regions to two pri-
mary differences: 1) coordinate-based noise initialization
better informs scene structure and 2) the prompt cross atten-
tion loss improves prompt-spatial alignment across views.
However, we do observe slightly lower performance in the
depth-to-image experiment in terms of FID, while CLIP
Score demonstrates competitive performance, which we
discuss in further detail in the supplemental material.

4.4. Qualitative Evaluation

4.4.1 Panoramic Experiment

We show qualitative results in Figure 3 for the panoramic
experiment. When compared with MVDiffusion and
SyncDiffusion, we observe several instances where gener-
ated views are missing attributes from the provided prompt.
In this case, the central views were conditioned on the
prompt “a house with a pool in the backyard”, but the gener-
ated scene from MVDiffusion’s method does not contain a
house. SyncDiffusion’s method generates a house but fails
to generate the pool. We hypothesize our method achieves
better prompt alignment in such cases due to the XA loss,
which trains the model to generate images that preserve the
attention maps between each prompt and all views.

4.4.2 Depth-to-Image Experiment

As shown in Figure 4, the other baseline methods exhibit
multiple inconsistencies across generated views. Specifi-
cally, the blue box in the first three columns demonstrate
how small objects may change appearance when generat-
ing with SD or MVDiffusion. The red box in the mid-
dle columns highlight changes in texture color for larger
objects, where MVDiffusion the desk color changes from
brown to white. Finally, the white box in columns 2 and
8 showcase our method’s ability to generate images with a
globally consistent appearance, whereas in MVDiffusion’s
scene the floor texture changes across the scene. We argue
that the incorporation of our FBA blocks, which attend to
the non-overlapping regions, help in achieving higher con-
sistency across more disparate views of a scene. This is
supported by Figure 5, which demonstrates that when us-

Figure 5. Color/texture inconsistencies using CAA (MVDiffusion)
vs. FBA (ours) blocks.

Method FID CS PSNR Ratio I-LPIPS
Shared Noise 22.1 24.7 23.6 0.63 0.79
Coord. Noise 19.5 24.9 24.2 0.65 0.78
FBA Blocks 21.0 24.9 23.9 0.64 0.78
Full Model 22.4 24.7 24.7 0.66 0.75

Table 4. Ablation of FBA Blocks.

ing MVDiffusion’s CAA blocks vs. our FBA blocks abrupt
changes in colors and textures are observed.

4.5. Ablation Studies

In Table 4, we report quantitative results of an ablation
study for the panoramic image generation experiment (see
supplemental material for qualitative comparisons). We
start by evaluating performance when only using Shared
Noise (Eqn. 7), which greatly improves FID relative to the
MVDiffusion baseline, but provides more modest improve-
ments in multi-view consistency. Using instead the Coor-
dinate Noise (Eqn. 8) for initialization provides further im-
provements in both image quality and multi-view consis-
tency. We observe similar performance when introducing
the FBA blocks (Sec. 3.3); however, when combined with
the cross-attention loss (Sec. 3.4), we observe our best over-
all performance. Figure 5 further shows the qualitative im-
provements when using FBA vs. CAA blocks.

5. Conclusion
In this paper we address the challenge of multi-view con-

sistent text-to-image generation. We propose a diffusion
model that utilizes the Fourier space to select features for
attention in non-overlapping regions. We further propose a
novel noise initialization technique and cross-attention that
ensure higher multi-view consistency in the overlapping re-
gions. As shown qualitatively and quantitatively we outper-
form SOTA baselines and achieve multi-view consistency
while maintaining the diversity in the generated images. In
the future, we want to extend this work to generate high-
fidelity, multi-view and temporally-consistent videos from
prompts, conditioned on depth-maps.
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