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Figure 1. Completing casual captures. Fillerbuster takes an incomplete casual capture with many images (left) and conditions on these to
create consistent novel views (right). The original images and the new ones enable novel-view synthesis that is more complete than vanilla
Gaussian Splatting trained on only the incomplete casual capture. Project page: https://ethanweber.me/fillerbuster/.

Abstract

We present Fillerbuster, a unified model that completes un-
known regions of a 3D scene with a multi-view latent dif-
fusion transformer. Casual captures are often sparse and
miss surrounding content behind objects or above the scene.
Existing methods are not suitable for this challenge as they
focus on making known pixels look good with sparse-view
priors, or on creating missing sides of objects from just one
or two photos. In reality, we often have hundreds of input
frames and want to complete areas that are missing and
unobserved from the input frames. Our solution is to train a
generative model that can consume a large context of input
frames while generating unknown target views and recov-
ering image poses when camera parameters are unknown.
We show results where we complete partial captures on two
existing datasets. We also present an uncalibrated scene
completion task where our unified model predicts both poses
and creates new content. We open-source our framework for
integration into popular reconstruction platforms like Nerf-
studio or Gsplat. We present a flexible, unified inpainting
framework to predict many images and poses together, where
all inputs are jointly inpainted, and it could be extended to
predict more modalities such as depth.

1. Introduction

Photogrammetry has been around for decades [46] but only
recently has become mainstream with novel-view synthesis
techniques becoming high fidelity, such as NeRF [29] and
Gaussian Splatting [17]. Widely used apps like Polycam
[36] or Flythroughs [28] mean that everyday people can go
out and easily capture content. Many such captures are done
casually, which means the data is collected rather quickly and
may miss large portions of the scene where the camera never
looked. Sometimes, the capture is just a handful of sparse
photos, which makes obtaining camera poses challenging.

Reconstructing casually captured scenes is challenging
because there is missing content to complete and it is not
predictable where the missing content will be from capture
to capture. In contrast, the object-centric setting is much
simpler as one can assume a canonical coordinate frame and
sample missing views looking inward on a sphere. Instead,
we highlight the challenges of scenes and focus on this more
general setting, where the input camera poses can be incredi-
bly diverse. Our goal is to fill in the missing information to
enable an immersive view of the scene that feels complete,
and where the rendered content can go beyond what is seen
in training images, as illustrated in Figure 1. To address this
problem setting, we propose Fillerbuster, a unified model
that completes scenes by jointly denoising images and cam-
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era raymaps from many input frames (and predicts poses
when unknown). This content may be casual videos, where
a user quickly scans their phone through a scene, or this may
be a sparse set of photos with unknown poses, e.g. from a
vacation. Given this data capture as input, our unified model
jointly completes the unobserved content and recovers poses.

To improve casual captures, our key insight is to jointly
model the image and camera distribution of existing casual
captures by using a multi-view aware diffusion model. Our
approach is made possible by the large influx of captured
data being recorded and uploaded online.

We design our model to handle a large and variable num-
ber of input and output frames. Unlike typical generative
NVS methods that are autoregressive, our model performs
non-autoregressive joint denoising over long sequences to
generate many views at once. More specifically, our problem
setting is very different from the common settings of (1)
generation from text only (no images) [14, 44, 57] (2) from
just one image [24, 41], or (3) from two images with the
goal of interpolating between them [15, 68]. We present an
overview of related work in Figure 2. Concurrent work also
lacks the flexibility of our unified model. Our model can take
in many images and camera poses, e.g. 50 images, and the
user can specify which content is known, which is unknown,
and which should be completed. The model can also take in
partially complete images, unlike the current paradigm of
assuming the input images are fully intact and known [7, 24].
Fillerbuster could flexibly be extended with our open-source
release to inpaint more modalities such as depth, gaussians,
or semantics using our unified framework.

We demonstrate our problem setting and the usefulness
of our Fillerbuster model on multiple tasks. First, we show
our model can complete casual captures by hallucinating
large unknown regions. Second, we introduce the task of
“uncalibrated scene completion”, where the goal is to recover
both the image poses and completed novel views. Notably,
we perform both tasks with our unified model. Third, we
show the multi-view inpainting task on the NeRFiller dataset
[60], where we surpass prior work in quality and consistency.
Finally, we present an ablation of our modeling decisions
and show our model’s ability to gracefully handle different
numbers of input images. All code will be released.

2. Related work
Few-view reconstruction. Our problem setting is not few-
view, but we highlight the differences here. These methods
focus on deleting reconstruction artifacts [8, 40, 59], using
sparse-view losses [33], leveraging depth and normal priors
[51], or using generative models [16, 25, 62, 63], to complete
sparse captures. In contrast, our goal is scene completion
from realistic casual captures with many input images: gen-
eratively completing unobserved scene content beyond the
captured views (optionally recovering poses), which is not

Figure 2. Problem setting. We illustrate our problem setting with
respect to a non-exhaustive set of related work. Many works focus
on scene synthesis (left) where one generates data from text or
from a single image. Similarly many tackle novel-view synthesis
(bottom) to synthesize new views of the input image content. Fewer
works focus on scene completion where the task is to complete
missing content in captures (top right).

directly addressed by sparse-view reconstruction methods.
Multi-view generative models. Many single-view to single
new-view models exist where an input image is known and a
target image is unknown [24, 41, 43, 50, 55]. A few methods
have increased the input context to multiple input images
but still generate just one output view [15, 62]. Even fewer
methods have increased both the number of inputs and the
number of outputs. CAT3D [7] uses 1 or 3 input images
and generates 7 or 5 images, but never goes beyond a total
sequence size of 8 (described in their supplemental mate-
rial). It also remains closed-source, which limits its impact.
Our model, in contrast, supports a larger and flexible num-
ber of input and output images, and will be open-sourced.
Concurrently, multi-view diffusion systems have explored
related directions [20, 27, 70], but we target a distinct goal of
scene completion with large-sequence conditioning and joint
image–pose denoising to generate many views for down-
stream 3D reconstruction, which complements these works.
We emphasize the importance of large sequence sizes to fit
the entire casual capture in context, which helps keep gener-
ative completion consistent with the observations and more
stable for downstream reconstruction. Some video models
have been fine-tuned for camera control [12, 52, 58] or use
geometry conditioning [23, 32, 49, 68], but these models
generate smooth temporal videos, so can neither condition
on the entire capture nor generate the many well-distributed
views typical for the 3D reconstruction setting. [26, 61] clean
up 3DGS artifacts in captures using diffusion priors.
LRMs conditioned on cameras. Large reconstruction mod-
els (LRMs) that predict 3D have become popular to directly
predict Gaussians [38, 64, 71]. Most methods assume camera
poses as input, which may come from traditional methods
like COLMAP [34, 42] or data-driven methods [19, 56].
LRMs are excellent at predicting pixel-aligned geometry but
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Figure 3. Model overview. Fillerbuster is trained on a large collection of multi-view images and poses (top and bottom of stacked images,
respectively), which makes it useful for completing casual captures at inference time. More specifically, we are interested in four primary
uses of the model: (1) conditioning on known images which have pose, (2) predicting new views where poses are provided, (3) predicting
partial images where some pixels are known, or (4) recovering the camera poses when unknown. Our model is a latent DiT trained to jointly
model images and poses for any mixture of the input. In practice, our poses are 6-channel raymaps encoding ray origins and directions.

cannot inpaint unobserved areas of the scene. Furthermore,
they rely on camera poses, which may be unknown in ca-
sual captures. We present a unified model for both tasks,
such that when the camera is unknown, we can perform the
“uncalibrated scene completion” task of making a camera
fly-through of the scene from a set of sparse unposed photos.
We model our camera pose prediction inspired by other data-
driven approaches [69], but use a raymap latent space, with
ray origins and directions instead of Plücker coordinates.
3D inpainting. Current 3D inpainting methods such as SPIn-
NeRF [31] or NeRFiller [60] rely on using 2D inpainting
models within the NeRF 3D reconstruction framework to
complete scenes [45]. Most methods [1–3, 21, 30] focus on
the SPIn-NeRF dataset, which is forward-facing and has
much less camera motion than a typical casual capture. NeR-
Filler has more challenging camera movement, so we con-
sider this dataset for experiments. However, none of these
methods are conditioned on camera views when inpainting.
This makes it impossible for them to complete scenes with
large unknown content. This is because some of the gener-
ated views will be completely unknown, and without having
context of the existing scene, it is unclear how to fill in the
image. In contrast, our approach is camera-pose conditioned.

3. Method
We first explain our model’s details for jointly modeling
image completion and poses (Section 3.1), and then explain
how to use Fillerbuster for casual scene completion with our
model being helpful for 3D reconstruction (Section 3.2).

3.1. Fillerbuster Model
We propose a latent diffusion transformer that denoises
multiple input images and calibrated camera poses with
masks indicating known and unknown regions. There are
N elements in a sequence with images Ii ∈ RH×W×3,
raymaps Ri ∈ RH×W×6 with origin and direction per pixel,

valid image masks MI
i ∈ RH×W , and valid ray masks

MR
i ∈ RH×W , where 1 indicates known conditioning infor-

mation and 0 indicates unknown pixels. Our goal is to predict
all images and raymaps given only the known information,
i.e., p(I,R | I ⊙MI, R⊙MR). We use “sequence” to refer
to multiple images and cameras from the same capture, and
“sequence size” for how many images are denoised together.
Model architecture. The architecture is designed for latent
inpainting [39], taking in any combination of known and
unknown images and raymaps, and predicting the missing
values. We use a DiT architecture [35] and train with the
flow matching objective [22]. We train separate VAEs for
images and poses encoded as raymaps, where E I denotes the
image encoder and ER denotes the raymap encoder. Both
encoders compress the spatial resolution by a factor of 8×
and output a d-dimensional representation. We set d = 16
for both encoders. Let zI

i = E I(Ii) and zR
i = ER(Ri) denote

the compressed latent image and raymap, respectively. Let
D denote a downscaling operation that reduces the spatial
resolution by the same factor as the encoders. We add noise
to zi as z̃i,t = (1− t)z + tϵ, then prepare the sequence as

si,t = z̃I
i,t ⊕ E I(Ii ⊙MI

i)⊕D(MI
i)⊕

z̃R
i,t ⊕ ER(Ri ⊙MR

i )⊕D(MR
i ),

(1)

where ⊕ denotes concatenation of the noisy latents, known
image and ray latents, and the masks themselves. The noisy
sequence st ∈ RN×H×W×(4d+2) is patchified, and position-
ally embedded (described later), then passed through the
transformer model F to predict the denoised latent images
and raymaps as {zI, zR} = F(s). Our VAEs have a convolu-
tional architecture [39] and train with KL [18], adversarial
[9], and L1 reconstruction losses. Our transformer architec-
ture is “DiT-L/2” [35] with a latent patch size of 2×2 and
24 layers of multi-head self-attention. Our model only has
650M parameters – small enough to fit on most GPUs and
fast enough to use with open-source 3D reconstruction tools.
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Figure 4. Model samples. Here we show generations from our model. For this setting, we provide pose input for all images. The “Masked”
rows indicate which pixels are known, with yellow indicating unknown regions. This is the model conditioning signal. The “Inpainted” rows
show the inpainted images after passing the entire sequence of size 16 (top rows) into the model for 24 denoising steps. The “GT” rows show
the ground truth, but note that this is not necessarily the only correct solution if the newly generated pixels are unobserved according to the
masks. Notice that in the top example, the generations are self-consistent but different from the GT, which is entirely plausible.

Raymap coordinate convention. Raymaps comprise per-
pixel ray origins and world-space unit directions. At training
time, we randomly choose one camera from our sequence
to be at the origin and oriented upright. We also randomly
rotate and rescale the cameras for augmentation, and ensure
that origins are always within the cube [−1, 1]3.

Masking out regions. During training, we mask out informa-
tion from the images and/or the raymaps; the task is to predict
the denoised sequence from partial noise. We apply masking
at the pixel level before VAE encoding (Equation (1)) to
enable precise control over which pixels are known or un-
known. We use a mixed masking strategy: some images are
known, some are unknown, and some are partially unknown
with randomly rotated rectangles, as illustrated in Figure 4.
We dropout image and raymap masking with a 10% chance
to enable classifier-free guidance [13].

Token positional embeddings. We use two forms of posi-
tional embeddings to enable varying sequence lengths to be
generated at inference time. 1) 2D layout embeddings encode
the layout of the image with fixed sinusoidal embeddings. 2)
Index embeddings are more unique for our setting, where we
add an unordered index descriptor to each token coming from
the same image. More specifically, the full sequence s is first
patchified and projected into patches p. It is then augmented
with positional embeddings as p′ = ψ2D(p)+ψIdx(p), where
ψ2D is sinusoidal embeddings to encode the 2D layout of
each patch within the image itself [53], and ψIdx to encode
which index in the sequence the patch is from. During train-
ing, ψIdx(p) randomly samples a frequency for each image
and then adds that value to each patch of the same image.
During inference, the frequencies are chosen with uniform

spacing and applied in the same way so each image has
a unique identifier. Concretely, for a sequence of length
n, we set a scalar per-image index uk = k

max(n−1,1) for
k ∈ {0, . . . , n−1} and use standard sinusoidal embeddings
ψIdx(uk) added to all patches belonging to image k. This
helps support generating longer sequences at inference time
beyond the training lengths, which we show in Section 4.4.
We show that this is useful for generating longer sequences
beyond the length that we train with.
Training and inference details. We train our model from
scratch on a collection of datasets including ScanNet++
[66] and a corpus of Shutterstock data including 2D images
and 3D asset renderings. We train our final model on 64
A100 GPUs for approximately a month. We first train at
256×256 resolution for 1M iterations, and then fine-tune
for 100K iterations with resolutions varying from 64×64
to 1024×1024 with sequence lengths between 20 and 2,
depending on how many images fit in GPU memory for a
given resolution. See our supplement for additional details.

3.2. Multi-View Scene Completion
Here we explain how to use our model to complete scenes.
Variable sequence lengths. Our index embedding enables
changing the sequence length at inference time. We leverage
this property to generate many images at the same time
for inpainting incomplete scenes, since NeRF and Gaussian
splatting typically require many views to create a scene.
Multi-view inpainting for scene completion. We complete
scenes by generating novel views and adding them to our
existing dataset, then optimizing 3DGS [17]. We avoid the
need for an SDS-like optimization approach [10, 37] be-
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Figure 5. Completing casual captures. Here we demonstrate our ability to complete casual captures from the training splits of the
Nerfbusters dataset [59]. On the left, we show the input captures and some representative images. 3DGS (Splatfacto) cannot add missing
details so the capture remains incomplete. Our CAT3D baseline conditions on 3 images and generates 6 images at a time, so it cannot
produce consistent content. Fillerbuster conditions on 16–40 images to generate 24 novel views and obtains the most consistent results.

cause our model can generate many consistent images with
a large sequence size. To complete scenes with large camera
movement, we add new views to the scene that look in all di-
rections. We first inpaint many (∼25) “anchor” frames, and
then condition on these frames to generate more novel views,
as in CAT3D [7]. The key difference is that we can handle
much larger sequence sizes than CAT3D, which operates
on at most 3 images for conditioning. Furthermore, unlike
CAT3D, we can also complete scenes with partial masks.
To complete these scenes, we inpaint the images themselves
and update the dataset with the new pixels.

Normal regularization. We find that regularizing Gaus-
sian splat geometry towards the end of optimization can
help improve results. Specifically, we apply a total-variation

smoothness loss on rendered normals [6], and we also align
our depth-derived surface normals with rendered normals
(similar to Verbin et al. [54] but using Gaussians instead
of NeRF). This second loss is Lalign = ∥sg(Nr) − Nd∥22 +
∥Nr − sg(Nd)∥22, where Nr are rendered normals from 3D
Gaussians, oriented towards the camera, and Nd are normals
derived from rendered depth maps. We apply our normal
regularizations after the initial geometry has taken form, at
approximately 10K steps. The supplement has more info.

4. Evaluation
We first show our casual scene capture completion results
on the Nerfbusters dataset, and then demonstrate the “uncal-
ibrated scene completion” task on data captured ourselves.
Next, we show results on the NeRFiller dataset, where we
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Figure 6. Novel-view sampling. We start with a casual capture (top
left) and condition on 16 of the images to generate 24 anchor views
simultaneously (top right). We then condition on the casual capture
and anchors to densify views (bottom). We repeat the dense stage
for multiple rounds to reach ∼100 novel views in total.

surpass prior work in quality and consistency. Finally, we
evaluate our model design choices. Note that we choose to
use 3D Gaussian splatting [17] for our reconstruction experi-
ments rather than NeRF [29] because 3DGS is fast to train
and thus gaining popularity among casual capture users.

4.1. Completing Casually Captured Scenes
Setting. Here we show results for completing casually cap-
tured scenes. We choose the Nerfbusters dataset [59] for this
setting because it mimics the casual captures of an inexperi-
enced user. Our goal is to take these partial captures and to
complete them – either by completing geometry or adding
context to the capture. We compare the following methods:
(1) 3DGS (Splatfacto [48], which uses the gsplat library [65],
with no inpainting), (2) NeRFiller [60] (NeRFiller inpainting,
which we note is not suitable for this setting where the new
views do not have partial masks), (3) CAT3D-sequence-size
(ours with CAT3D-sized conditioning, where we condition
on 3 images and generate 6 images a time, further described
in the appendix), and (4) Fillerbuster (our complete method,
where we condition on 16 views and generate 24 images at
a time). We perform multiple rounds of inpainting to reach
∼100 new views that are added to the scene. For anchors
(Figure 6), we sample cameras on a cylinder looking at ran-
dom directions. CAT3D [7] is not open-sourced so we use
our own baseline.
Results. We show qualitative results in Figure 5. We find
that 3DGS cannot add any additional detail, leading to large
unknown regions when rendering novel views away from
the training images. Naı̈vely adapting NeRFiller to this chal-
lenging setting fails drastically because the inpainting is not
conditioned on pose, so it is random and adds incorrect col-
ors to the scene. CAT3D-sequence-size is more consistent
but introduces artifacts due to the limited context size. Our
proposed method Fillerbuster, with large sequence sizes for
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Figure 7. Completing casual captures metrics. We report relative
rotation accuracy for nearby frames in a novel-view video. We
use off-the-shelf correspondences [47] to estimate camera rotation
and compare with the ground truth. Fillerbuster produces the most
consistent videos from a pose-estimation perspective.

conditioning and generation, is the most consistent. We de-
sign a metric for this task without ground truth, inspired
by reconstruction error [5] and epipolar geometry [32, 67].
We render a novel-view trajectory, estimate relative rota-
tions between nearby frames using correspondences [47] and
classical methods [11], and report relative-rotation-accuracy
(RRA): the percentage of pairs whose angle error is below
a threshold. RRA captures geometric stability but does not
measure perceptual realism.

4.2. Uncalibrated Scene Completion
Here we consider a new task of “uncalibrated scene comple-
tion”, starting from a collection of 16 unposed photos. Our
unified image-and-pose model supports such casual captures
by predicting camera poses and then generating a fly-through
of the scene, completing unknown content where missing.
Setting. Given the set of images, we can denoise the raymaps
conditioned only on the images. We use joint denoising
tiling with a window size of 8 images and average 8 times
per denoising step (see appendix). Then, we solve for the
pinhole camera parameters that match backprojected rays to
the denoised rays, taking only 5 seconds to converge for 16
images. Next, we condition on our predicted rays to generate
novel views to complete the scenes. We create a camera
path by fitting a 2D ellipse to our posed images and point
cameras inward. Here we use a sequence size of 48: 16 input
images with generated poses, plus 32 generated images with
specified poses, but note that this decision is flexible.
Results. Our joint modeling of poses and images is con-
venient because we do not rely on external structure-from-
motion; instead, our unified model can handle both tasks
gracefully. We show qualitative results of our video poses
in Figure 8. Please see our supplement for video results. We
do not compare with COLMAP or SfM methods because
they do not complete scenes, meaning they don’t infill the
missing areas outside the provided input images context.

4.3. Completing Masked 3D Regions
Figure 9 shows results where we inpaint scenes from the
NeRFiller dataset and compare against the NeRFiller method
[60]. For both NeRFiller and Fillerbuster, we inpaint 32
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Figure 8. Uncalibrated scene completion. We capture some scenes with an iPhone 14 Pro and run our framework. We start from 16
uncalibrated and unposed images (left), and we use our model to both predict camera pose (middle) and generate completed views (right).
We show our predicted cameras in red compared to unknown views we will sample in black. Our cameras are plausible and useful for
conditioning on to generate new views. We show just 4 views here and the full videos in the supplement.
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Figure 9. NeRFiller dataset novel-views. We complete NeRFiller
scenes [60] with higher quality and control than their method.

equally-spaced training images and then train 3D Gaussian
splatting with our normal regularization. Notably, unlike
in NeRFiller, we do not use depth supervision or iterative
dataset updates. We instead inpaint once at the start of train-
ing to directly assess multi-view inpainting quality, regard-

Table 1. Completing masked 3D regions. On the NeRFiller dataset
[60], we report novel-view synthesis metrics where we compare
the rendered images with the inpainted images. In parentheses, we
report numbers without using our normal regularizations. No nor-
mal regularization lets the network cheat to explain inconsistencies,
leading to slightly improved but misleading metrics. Overall, we
find Fillerbuster is much more consistent than NeRFiller.

Method PSNR ↑ SSIM ↑ LPIPS ↓

NeRFiller 25.57 (25.94) 0.89 (0.88) 0.182 (0.194)
Fillerbuster 29.60 (30.65) 0.92 (0.93) 0.096 (0.069)

less of any SDS-style optimizations that encourage consis-
tency. We also report reconstruction metrics in Table 1 by
comparing our 32 inpainted images with the final renderings
from the same 32 viewpoints. Our method is more consistent
than NeRFiller, with and without our normal regularization.
4.4. Model Design Ablations
We evaluate with the Nerfstudio dataset [48]. In Table 2,
we report novel-view synthesis metrics for 256×256 reso-
lution images for varying sequence lengths. For each scene,
we randomly sample a sequence of size N image crops of
this resolution. We condition on N/4 full crops and N/4
partial crops, and generate all the missing information (see
Figure 4 for examples). We repeat this procedure 50 times
for sequences of length N ∈{8, 16, 32}, and report averaged
metrics. Each model is trained from scratch for 100K iter-
ations with sequences of N =8 images. Inspired by Esser
et al. [4], we also report validation losses (“VAL”) on these
samples for 20 equally-spaced time steps. This metric cap-
tures generation quality unlike the other metrics that evaluate
reconstruction.

Table 2 compares the following ablations (see Figure 10



Table 2. Model design ablations. We evaluate our model on posed images from the Nerfstudio Dataset [48]. We show a Fillerbuster
prediction above the table, where we compare the generation vs. the ground truth for reconstruction metrics (PSNR/SSIM/LPIPS). For
hallucination metrics, we report the conditional validation loss (VAL) as done by Esser et al. [4]. Notably, we focus on image generation
rather than pose prediction but find that not predicting pose (“no-pose-pred”) leads to worse results. See Section 4.4 for detailed descriptions.

Method Iters 8-views 16-views 32-views
PSNR ↑ SSIM ↑ LPIPS ↓ VAL ↓ PSNR ↑ SSIM ↑ LPIPS ↓ VAL ↓ PSNR ↑ SSIM ↑ LPIPS ↓ VAL ↓

no-index-emb 100K 11.10 0.431 0.456 0.2394 14.06 0.450 0.400 0.2417 12.38 0.467 0.422 0.2438
fixed-index-emb 100K 10.46 0.353 0.520 0.2517 12.14 0.390 0.491 0.2546 12.52 0.416 0.448 0.2556
no-poses 100K 11.63 0.413 0.426 0.2386 14.73 0.461 0.384 0.2411 13.39 0.476 0.389 0.2431
random-poses 100K 11.82 0.431 0.415 0.2384 16.18 0.487 0.333 0.2409 14.27 0.483 0.367 0.2430
Fillerbuster 100K 11.97 0.435 0.415 0.2383 15.81 0.481 0.329 0.2407 14.21 0.486 0.366 0.2426
Fillerbuster 1M 12.77 0.442 0.381 0.2365 17.20 0.485 0.281 0.2388 14.13 0.498 0.352 0.2396
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no-poses
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Figure 10. Qualitative results for model ablations. We provide
pose for all images and perform completion in the unknown regions
(yellow). Without index embeddings, the model fails to reason
about which image the tokens are coming from, so the results
are patchy and blurry. Without training for pose prediction, the
generations are worse than training for pose prediction (Fillerbuster
(100K)). The last rows show our final model and GT for reference.

for visual examples): “no-index-emb” does not use index
embeddings and instead relies on the raymaps to understand
the token relationships. This makes the task harder and the
model performs worse. “fixed-index-emb” uses a fixed num-
ber of index embeddings, preventing it from generalizing
to more than 8 images. To go beyond 8 images, more index
embeddings are introduced, which this model variant cannot
handle. Notice the low PSNR of this setting for 16-views.

“no-poses” does not denoise raymaps, and interestingly, we
find that when it does not learn to predict camera pose, the
model performs worse at image generation, indicating that
image and pose predictions are complementary tasks. Finally,

“random-poses” randomizes the poses instead of forcing them

to be upright with one camera at the origin. Our final model
is trained for much longer and is shown at the bottom of
the table, obtaining the best “VAL” results. We also note
that the metrics vary for 8, 16, and 32 views because each
section in the table has different image subsets, making them
non-comparable. The amount of known and unknown info
also changes based on number of views, as described earlier.

5. Conclusion

Many 3D casual captures miss scene content because the
camera does not look everywhere. We presented Fillerbuster,
a large-scale multi-view diffusion model that completes
missing regions and can recover camera poses when un-
available. We showed results on casual capture completion,
introduced the task of uncalibrated scene completion, and
outperformed NeRFiller on masked 3D region completion.
Looking ahead, choosing camera paths is challenging be-
cause cameras should not be sampled inside objects or be-
hind walls. Our generations also degrade when sampled far
outside the conditioning views, suggesting benefits from
more diverse training data and stronger priors. A method
that predicts where to sample next could be valuable. Render-
ing distant viewpoints in simulations may also help improve
robustness. We view this work as an initial step towards ca-
sual capture scene completion and expect quality to further
improve with larger models, bigger compute budgets, and
more diverse training data. We trained our diffusion model
from scratch due to legal constraints, but we expect lever-
aging pre-trained image/video diffusion models would lead
to higher quality results when feasible. We open-source our
model weights, training, and processing code.
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