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The supplementary document provides 1) Error correction of the main paper 2) the full architecture1

specification of correspondence attention; 3) the impelementation details of MVDiffusion system;2

and 4) additional experimental results in the same format as the figures in the main paper.3

1 ERRATA4

We list several typos or unclarities in the main paper, and provide the corresponding corrections:5

• Equation (3): The correction equation should be:6

F̄(s) = F(s) + γ(0), F̄(tl∗) = Fl(tl∗) + γ(sl∗ − s) (1)

2 Network Architecture of correspondence-aware attention block7
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Figure 1: The architecture of
the correspondence-aware at-
tention block.

The correspondence-aware attention block, depicted in Figure 1, com-8

prises a transformer block and a ResNet block. The architecture of9

the transformer block is similar to vision transformers [3], with the10

inclusion of zero convolutions as suggested in ControlNet [16] and11

GELU [5] activation function. C, H , W are channel numbers, height12

and width respectively.13

3 Implementation details of MVDiffusion14

3.1 Homographic image generation15

Data processing. Matterport3D dataset consists of 10,912 panorama16

images, each containing six skybox perspective images that can be17

converted into panoramic RGB visualizations. To ensure geometric18

consistency, we project each panorama into eight perspective images19

with a resolution of 1024 x 1024, a field of view (FoV) of 90 degrees,20

and a rotation angle of 45 degrees, resulting in eight images with21

known correspondences. In the first stage of training, the images are22

downsampled to a resolution of 256 x 256 to fit into the memory of23

a single GPU. We allocate 9,820 panoramas for training and reserve24

1,092 panoramas for evaluation purposes.25

Generation model. The generation model in our approach is built26

upon Stable-diffusion-v2 [13]. In the initial phase, we train the model27

on perspective images with a resolution of 256× 256 for 20 epochs.28
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The training is performed using the AdamW optimizer with a batch size of 256 and a learning rate29

of 1e−5, utilizing four A6000 GPUs. In the second stage, we introduce the correspondence-aware30

attention block. Each image set consists of eight homographic images with a field of view (FOV) of31

90 degrees and a rotation angle of 45 degrees. The correspondence-aware attention block is trained32

for 20 epochs with a batch size of eight and a learning rate of 1e−4 on four A6000 GPUs. During33

inference, we utilize the DDIM sampler with a step size of 50 to perform parallel denoising of the34

eight generated images. Additionally, we employ blip2 [7] to generate texts for each perspective35

image, and during both training and inference, we use the corresponding prompts.36

Super resolution model. Our super-resolution model is derived from the publicly available Stable-37

diffusion-x4-upscaler[15] framework. In the first stage, we fine-tune the stable diffusion model on38

perspective images at a resolution of 1024 × 1024 for 20 epochs. This process uses the AdamW39

optimizer [8] with a learning rate of 1e−6 and a batch size of 64, utilizing four A6000 GPUs. In40

the second stage, we focus on multi-view homographic images. Each image set consists of eight41

homographic images, which are centrally cropped to a resolution of 512× 512. We then train the42

correspondence-aware attention block for 20 epochs, using a batch size of four and a learning rate of43

1e−4.44

3.2 Implementation details of baselines45

We introduce implementation details of baseline in the following.46

• Text2Light [1] We combine the prompts of each perspective image and use the released pretrained47

model to generate the panorama.48

• Stable Diffusion (panorama)[10] We fine-tuned Stable Diffusion using the panorama images within49

our training dataset, which contains 9820 panorama images at resolusion 512×1024. We fine-tuned50

the UNet layer of the Stable diffusion while keeping VAE layers frozen. We use AdamW optimizer51

with a learning rate of 1e−6 and batch size is 4, utilizing four A6000 GPUs.52

• Inpainting methods [4, 6] In our approach, we employ Stable-diffusion-v2 [13] to generate the53

first image in the sequence based on the corresponding text prompt. For each subsequent image in54

the sequence, we utilize image warping to align the previous image with the current image. The55

warped image is then passed through Stable-diffusion-inpaint [14] to fill in the missing regions and56

generate the final image.57

• Stable diffusion (perspective) In our approach, we utilize the model trained in the first stage of the58

generation module to generate the perspective images. During testing, each perspective image is59

associated with its own text prompt.60

3.3 Multi-view depth to image generation61

Data processing. ScanNet is an RGB-D video dataset containing over 1,500 indoor scenes with62

known camera parameters. We selected 200 scenes as training data. To construct our training63

sequence, we first select keyframes and ensure that each consecutive keyframe pair have an overlap64

of approximately 85%. Ultimately, we obtained 29,136 training keyframes. We use 26,222 randomly65

selected keyframes for training, while the rest serves for evaluation. Each training sample contains 666

sequential keyframes. The test set contains 486 non-overlapping image samples.67

Generation model. Our generation model is derived from the stable-diffusion-2-depth frame-68

work [12]. In the initial phase, we train the model on a dataset of 290421 perspective images at a69

resolution of 192 × 256 for 50 epochs. This training process employs the AdamW optimizer [8]70

with a learning rate of 1e−5 and a batch size of 256, utilizing four A6000 GPUs. In the second71

stage, we introduce the correspondence-aware attention block. We preprocess the perspective images,72

yielding 29136 training sets of multi-view images, each comprising six perspective images. The73

correspondence-aware attention block is subsequently trained for 20 epochs, with a batch size of74

eight and a learning rate of 1e−4, using the same four A6000 GPUs. During the inference stage, we75

deploy the DDIM [11] sampler with a step size of 50 to perform parallel denoising on eight images.76

Super resolution model. Our super-resolution model, same as for homographic image generation, is77

based on the publicly available Stable-diffusion-x4-upscaler framework [15]. Additionally, we enrich78

the model with depth information. The output is then summed with the latent features. The training79

process is also split into two stages. In the first stage, we fine-tune the stable diffusion model on80

perspective images at a resolution of 768× 1024 for 20 epochs. This process employs the AdamW81
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optimizer [8] with a learning rate of 1e−6 and a batch size of 64, utilizing four A6000 GPUs. In82

the second stage, we work with multi-view homographic images. Each image set is composed of 683

multi-view images, which we central crop to a resolution of 384× 512. The correspondence-aware84

attention block is then trained for an additional 20 epochs, with a batch size of four and a learning85

rate of 1e−4. During inference, we utilize the DDIM sampler with a step size of 50 for generating86

images.87

3.4 Implementation details of baselines88

We introduce the implementation details of baselines in the following.89

• RePaint[9]: In our method, we utilize depth-conditioned Stable-diffusion-v2 [13] to generate the90

first image in the sequence. For each subsequent image, we condition it on the previous image by91

applying latent warping. This helps align the generated image with the previous one. To complete the92

remaining areas of the image, we employ the Repaint technique [9] for inpainting.93

• Depth-conditioned ControlNet: We use the same method to generate the first image as the above94

method. Next, we warp the generated images to the current frame and use Stable-inpainting95

model [14] to fill the hole. To incorporate depth information into the inpainting model, we utilize a96

method from a public codebase [2], which adds the feature from depth-conditioned ControlNet [16]97

into each UNet layer of the inpainting model. For more detailed information, please refer to their98

code repository. In order to reduce the domain gap, the Stable-inpainting model has been fine-tuned99

on our training dataset. Similar to other fine-tuning procedures, we only fine-tuned UNet layers while100

keeping VAE part fixed. The fine-tuning was conducted on a machine with four A6000 GPUs. The101

batch size is 4 and the learning rate is 1e−6. We used AdamW as the optimizer. During inference, we102

utilize the DDIM sampler with a step size of 50 for generating images.103

3.5 Visualization results104

Figures 2-14 present supplementary results for panorama generation. In these figures, we showcase105

the output panorama images generated by both Stable diffusion (panorama) and Text2light methods.106

To compare the consistency between the left and right borders, we apply a rotation to the border107

regions, bringing them towards the center of the images. These additional visualizations provide108

further insights into the quality and alignment of the generated panorama images.109

Figures 15-20 show additional results with two baseline methods (depth-conditioned ControlNet [16]110

and Repaint [9]).111

Figure 21 shows additional results of interpolated frames. The keyframes are at the left and the right,112

the middle frames are generated by applying our Interpolation module (see Sec. 4.2 in the main113

paper). The consistency is maintained throughout the whole sequence.114
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Figure 2: Addition results for panorama generation
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Figure 3: Addition results for panorama generation
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Figure 4: Addition results for panorama generation
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Figure 5: Addition results for panorama generation
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Figure 6: Addition results for panorama generation
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Figure 7: Addition results for panorama generation
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Figure 8: Addition results for panorama generation
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Figure 9: Addition results for panorama generation
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Figure 10: Addition results for panorama generation
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Figure 11: Addition results for panorama generation
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Figure 12: Addition results for panorama generation
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Figure 13: Addition results for panorama generation
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Figure 14: Addition results for panorama generation
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Figure 15: Addition results for depth-to-image generation.
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Figure 16: Addition results for depth-to-image generation.
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Figure 17: Addition results for depth-to-image generation.
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Figure 18: Addition results for depth-to-image generation.
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Figure 19: Addition results for depth-to-image generation.
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Figure 20: Addition results for depth-to-image generation.
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Figure 21: Addition results for interpolated frames.
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