SimVS: Simulating World Inconsistencies for Robust View Synthesis
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Figure 1. We show results of our model applied to a casual in-the-wild capture. (a) Given 8 unordered images of a scene with significant
motion and desired states marked in blue and orange, our model generates a 3D representation for each desired state shown in corresponding
colors in (b) and (c). The CAT3D baseline [15] in (d) cannot disentangle the different states, resulting in catastrophic failure.

Abstract

Novel-view synthesis techniques achieve impressive results
for static scenes but struggle when faced with the inconsisten-
cies inherent to casual capture settings: varying illumination,
scene motion, and other unintended effects that are difficult
to model explicitly. We present an approach for leveraging
generative video models to simulate the inconsistencies in
the world that can occur during capture. We use this process,
along with existing multi-view datasets, to create synthetic
data for training a multi-view harmonization network that
is able to reconcile inconsistent observations into a consis-
tent 3D scene. We demonstrate that our world-simulation
strategy significantly outperforms traditional augmentation
methods in handling real-world scene variations, thereby
enabling highly accurate static 3D reconstructions in the
presence of a variety of challenging inconsistencies. Project
page: https://alextrevithick.com/simvs

1. Introduction

View synthesis, the task of creating images from unobserved
camera viewpoints given a set of posed images, has seen
remarkable progress in recent years. Current algorithms are
able to render detailed photorealistic novel views of compli-
cated 3D scenes. However, these techniques tend to assume
that the provided input images are consistent — that the
geometry and illumination of the scene is static during cap-
ture. Typical captures of real-world scenes seldom obey this
constraint; people and objects may move and deform, and
lights may move or change brightness.

Moreover, casual captures outside of tightly-controlled
settings tend not only to be inconsistent but also sparse,
containing only a small number of observed views. Methods
for sparse view synthesis are usually trained on synthetic or
captured multiview datasets that are consistent by design,
and therefore fail to generalize to the inconsistencies seen in
real-world casual captures (see Fig. 6 as an example).
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Figure 2. A comparison of real world state changes, those simulated
through a video model, and heuristic augmentations (random sparse
flow fields for dynamics and random color tints for lighting).

We address the problem of robust view synthesis from
sparse captures in a new way by leveraging the ability of
video diffusion models to simulate plausible world incon-
sistencies that could arise during capture. There has been
considerable speculation about the usefulness of large video
models as simulators or “world models” [29, 45] and in this
work we demonstrate a new use case for their simulation
capabilities.

Our approach augments existing multiview datasets with
inconsistencies simulated by a video diffusion model and
trains a multiview harmonization model to sample sets of
consistent views of a scene conditioned on sparse inconsis-
tent captures. We can then use existing 3D reconstruction and
view synthesis techniques to synthesize novel viewpoints
from these consistent images.

In summary, our key technical contributions are:

* A generative data augmentation strategy that leverages
video diffusion models to sample world inconsistencies
(e.g. scene motion and lighting changes) that could arise
during capture (Section 3)

¢ A multiview harmonization model, trained on this gener-
ated data, that converts inconsistent sparse input images
into a set of consistent images (Section 4)

We demonstrate that our generative augmentation strategy
outperforms other alternatives such as using heuristic data
augmentation or synthetic rendered data, and that novel
views rendered from our harmonization model are superior
to those from existing approaches for sparse and robust view
synthesis. We encourage readers to view the video results on
the project page.

2. Related Work

We address the task of view synthesis from sparse and incon-
sistent images of a scene. While existing techniques address
view synthesis from densely-sampled inconsistent inputs
or sparse consistent inputs, to our knowledge no existing
method is capable of synthesizing novel views of full scenes
from images that are both sparse and inconsistent.

2.1. Robust view synthesis

Prior methods for robust view synthesis typically require
dense captures with hundreds of images. and focus on ex-
plicitly modeling a specific source of inconsistency (either
motion or lighting) as part of reconstruction.

Scene dynamics In the case of scene dynamics, some
works handle only transient occluders in dense, multiview
captures [39-41]. Most existing methods start with a dense
video and attempt to recover motion flows or trajectories
to explain the observed motion. Early approaches based on
Neural Radiance Fields [34] optimized time-varying flow
fields to explain observed motion as deformations of an
underlying consistent scene representation [12, 24, 35, 36,
38, 53]. Later NeRF-based methods improved quality further
through prior integration [25, 30]. The most recent state-of-
the-art methods have adopted 3D Gaussian representations
and optimized explicit motion trajectories for this particle-
based scene representation [22, 50, 56], often leveraging
strong priors from pretrained monocular depth [13, 20, 64],
optical flow [52], or tracking models [10, 19, 62]. These
temporal priors have been crucial for rendering high-quality
novel views in the dense capture setting, but tend to break
down when applied to sparse or unordered captures.

Lighting inconsistencies Existing structure-from-motion
pipelines display remarkable robustness to lighting varia-
tion [42—44], enabling 3D reconstruction from large-scale
in-the-wild images [1]. To model inconsistencies due to
changing scene lighting, 3D reconstruction and view syn-
thesis techniques use per-image “appearance embeddings”
that allow for the appearance of scene content to vary across
observations [8, 21, 32, 33, 58, 63, 67]. This strategy can suc-
cessfully model lighting inconsistencies given dense captures
with smoothly-varying appearance changes, but is unable to
reconcile large changes in appearance in sparsely-sampled
captures. Some methods [37, 69] assume consistent captures
and generate inconsistencies with generative models for re-
lighting. Others [17, 66] can perform object-level relighting
from one image, but cannot incorporate information from a
sparse set of views.

2.2. Sparse view synthesis

In novel view synthesis settings with only a few captured
views, most methods rely on strong priors learned from
large multiview datasets. Some methods train feedforward
models to directly predict 3D representations that can be
used for view synthesis [7, 16, 18, 54, 65, 71]. Others
rely on pretrained monocular depth, multiview stereo, or
inpainting networks and rely on test-time optimization to
fit a scene [11, 47, 48, 55, 59]. A recent class of meth-
ods has achieved high visual quality by directly generat-
ing images from novel viewpoints using diffusion mod-
els conditioned on observed image(s) and target camera
poses [15, 27, 28, 31, 46, 61]. In particular, the multiview
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Figure 3. Our method’s overall pipeline. (a) Given a dataset of multiview images z;, we simulate inconsistencies by (b) prompting a (c)
video model and then (d) selecting inconsistent frames ;. We feed these images along with a held-out reference image xo under the original
condition to a (e) multiview generative model to predict (f) a set of corresponding consistent outputs &;. This output is supervised by the

original multiview images x;.

diffusion model CAT3D [15] has emerged as the state-of-
the-art in view synthesis from sparse image inputs. However,
as they are trained only on consistent multiview image sets,
CAT3D and other sparse view synthesis techniques are not
robust to the inconsistencies observed in real-world casual
captures. Concurrent work CAT4D [60] extends CAT3D
with a temporal axis. Among other training data, it leverages
the generative augmentation strategy proposed in this paper.

3. Simulating World Inconsistencies with Video
Models

Training a robust view synthesis model is challenging due to
the lack of paired training data of inconsistent captures and
target consistent images. Most existing multiview datasets
only contain captures of consistent scenes, so simply scaling
such data is not sufficient for robust view synthesis. Gather-
ing images from multiple viewpoints, each under multiple
scene deformations or lighting settings, would be extremely
onerous. Heuristic data augmentation strategies such as ran-
dom transformations, tints, and sparse flow fields cannot
adequately capture the diversity and 3D nature of scene
motions and lighting changes, as displayed in Fig. 2. Con-
versely, synthetic datasets like Objaverse [9] only contain
simple object-level motion and fail to enable generalization
to real-world scenes.

The key idea in our work is to leverage generative video
models to create a robust view synthesis dataset from existing
consistent multiview image datasets. For each 3D scene, we
desire a dataset that contains (1) a set of consistent multiview
images x;, (2) inconsistent images x; where the scene has
undergone some transformation such as a deformation or
lighting change, and (3) camera poses ; for each image.

3.1. Video model augmentation

We propose to generate a realistic and diverse dataset of
inconsistent conditioning images by simulating dynamic mo-
tion and lighting inconsistencies with pretrained image-to-
video generative models. Starting with a multiview capture
(taken from existing large-scale multiview image datasets),
we first generate, for each view, a video from a static cam-
era with simulated scene changes (motion or lighting). By
sampling frames from these videos, we can obtain inconsis-
tent observations for each captured viewpoint. Other image
editing approaches such as InstructPix2Pix [6] could poten-
tially be used to perform this inconsistency transformation,
but these methods often fail to produce substantial variation
in the layout of the image which are needed to simulate
dynamic inconsistency.

To generate videos with simulated scene changes, we
use an image- and text-conditioned video diffusion model
that samples from p(V'|I,c), where V is a video, I is a
conditioning frame that V' should include, and c is a text
caption. By setting I to an image from a multiview capture
z; and choosing ¢, we may simulate inconsistencies on top
of the image. Note that the video must not contain camera
motion in order to preserve the accuracy of existing camera
parameters.

We simulate the two most prominent inconsistencies: dy-
namic motion and lighting changes. For dynamics, we use
the Mannequin Challenge dataset [23]. This dataset is a nat-
ural choice as it includes static multiview captures of scenes
with content that would typically be dynamic in casual cap-
tures. For our lighting-robust model, we simulate lighting
changes on the RealEstate 10k [70] dataset, which contains
scenes in diverse indoor and outdoor illumination conditions.

We generate the captions ¢ with a multimodal large lan-
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Figure 4. Samples from our multiview diffusion harmonization
model, visualized for scene dynamics. Given the reference image
and inconsistent input image, our model directly generates multi-
view images consistent with the state of the reference.

guage model, Gemini [51]. For each clip in the dataset, we
randomly choose a representative frame x;. We prompt Gem-
ini with this frame and a meta-prompt m, designed to elicit
simple but specific prompts, e.g., “the woman swings the
pillow” or “the two children dance.” We also ensure the gen-
erated prompts are sufficiently specific and concise through
m (see the supplement for the meta-prompt in its entirety).
We generate the complete inconsistency prompt as:

¢ = “static shot, ” @ Gemini(z;, m), (1)

where @ denotes string concatenation. Since the inconsis-
tencies observed in casual captures of dynamic content are
highly correlated across views, we use the same inconsis-
tency prompt for all frames in the corresponding clip.

We find that incorporating a negative prompt [2] Cpegative
is extremely important for generating the desired inconsis-
tencies without changing the camera viewpoint. We include
phrases such as “panning view” and “orbit shot” in cpegative-

Given a multiview image x; and generated inconsistency
prompt ¢, we sample a video:

V = VideoModel(z;, ¢, Cnegative) - 2)

We assume all frames in the sampled video are inconsistent
with respect to the original image x;. Therefore, we get a
set of T' inconsistent frames corresponding to x; for each
sample from the video model, where T is the number of
frames in the output video. At training time, we randomly
sample one of the T' frames as inconsistent conditioning
for a given z;. In our experiments, we generate 640 total
“inconsistent” frames per multiview capture, giving us a total
of about 6 million frames for the dynamics dataset and about
12 million frames for the lighting dataset. Figs. 2 and 3
visualize example frames from our synthesized videos.

3.2. Video model details

For all experiments in this paper, we use Lumiere [3], a pixel-
space video diffusion model which operates in two-stages
for high-resolution generation. We find that the Lumiere
model struggles to generate lighting changes when given
non-generic prompts, so for our lighting-robust model, we
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Figure 5. Samples from our multiview diffusion harmonization
model, visualized for lighting. Given the reference image and in-
consistent input image, our model directly generates multiview
images consistent with the state of the reference.

sample ¢ uniformly from a set of predetermined lighting
prompts found to generate large lighting variations instead
of using a large language model. Please refer to Fig. 3 and
the supplement for example prompts.

4. Harmonization through multiview diffusion

We use our multiview simulated world inconsistencies
dataset (x,Z, ) to learn a generative model that can map
from sparse inconsistent captures to a consistent set of im-
ages, as displayed in Figs. 4 and 5. We call this model a
“harmonization” model as it brings the inconsistent input
images into harmony.

4.1. Architecture

We build our harmonization model on top of CAT3D [15], a
latent multiview diffusion model that directly predicts target
images conditioned on posed input images and target camera
poses. To incorporate inconsistent observed images as con-
ditioning, we simply concatenate latents of the inconsistent
images Z; = £(Z;), encoded by the VAE encoder &, to the
target raymaps and noisy latents. Additionally, we concate-
nate a binary image mask (either all ones or all zeros) to
each input to denote the reference image, i.e., the “desired
state” with which all other outputs should be consistent.

4.2. Training

Our goal is to learn a generative model that produces con-
sistent output image sets with /N images, given a reference
image latent zg signifying the desired scene state and n < N
observed inconsistent image latents Z;:

p(z1:n | 205 215 TO:N) - 3)

Given a reference conditioning latent £(z¢) = zp andup to 7
inconsistent posed latents z;, our model predicts latents 2.7
corresponding to the ground-truth consistent image latents.
We finetune our model parameters from CAT3D [15], with
additional parameters in the first layer to account for the
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Figure 6. Given the reference and inputs in Fig. 4, we show the outputs of our model versus the CAT3D baselines. We display both the
diffusion samples and learned NeRF representations with the depth maps inset. Note the 3D consistency of our samples in comparison to the
changing articulation of the scene displayed by CAT3D taking all images as input. The single-image conditional CAT3D has no notion of
scene scale, cannot use multiview cues to reason about the static parts, and must hallucinate all scene content outside of the input image’s

frustum.

additional conditioning channels. We train the model with
the same diffusion loss and weighting as [15]:

Bt 20,200 (W) f (w217 + 0065 20, Z1.7) — 217 )7] 5 (D)

where f is our multiview diffusion “harmonization” model.
Given noisy versions of the target consistent latents z1.7,
the target conditioning latent zg, and the inconsistent inputs
Z, we aim to produce a denoised estimate output by f that
is as close as possible to the consistent latents z1.7. We
additionally uniformly drop out the number of conditioning
frames Z to allow the model to handle between 1 and 8 input
images at test time.

4.3. 3D reconstruction

Having trained the harmonization model, we can sample con-
sistent latents 21.7 and decode them into images 2.7 with
the VAE decoder (visualized in Figs. 4, 5, and 6). We then
have a total of 8 consistent images: the initial observed target
xo and model outputs Z;.7. While 3D reconstruction from
such a small image collection is infeasible, we can use mul-
tiview diffusion models trained on consistent images such
as CAT3D [15] to “densify” the sparse consistent capture
into a dense consistent capture with enough views to train
a NeRF. Instead of directly sampling the original 3-image
conditional CAT3D model, we finetune it to condition on
5-frames, finding that the additional context improves the
original 3-image conditional model in our setting.

5. Experiments

We evaluate our method for the two most common sources
of inconsistency during casual multiview capture: scene dy-
namics and lighting changes. For all generative methods, we

Method PSNRT SSIMT LPIPS|
CAT3D (single image) | 14.61 0.382 0.473
CAT3D (all images) 15.59 0.448 0.462
Our Model 16.73 0.463 0.413

Table 1. View synthesis results on the DyCheck dataset [14] com-
paring our model to CAT3D taking one or all conditioning images.
Our model outperforms CAT3D by all metrics.

sample the models exactly once.
5.1. Scene Dynamics

Dataset For scene dynamics, we evaluate our method on
DyCheck [14], a dataset of 7 multiview videos where the
assumed input is a monocular video with significant scene
and camera motion. In this setting, we select 7 sparse frames
uniformly in time as a consistent conditioning set, and uni-
formly select 4 target time images (top left of Fig. 4) per
scene for which to compute metrics. Note that prior works
which handle scene dynamics assume an ordered dense cap-
ture [22, 30, 56].

Baselines Considering this task as view synthesis from 8
inputs, we compare our performance to the state-of-the-art
method for sparse view synthesis, CAT3D [15]. We evaluate
variants of CAT3D which take all of the images as input
CAT3D (all images), and only one of the images as input
CAT3D (single image). For CAT3D (all images), we find
that a finetuned model which conditions on 5 images and pre-
dicts 3 instead of conditioning on 3 and predicting 5 works
slightly better for this setting. When sampling target views,
we always include the reference image in the conditioning
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Figure 7. Qualitative results for the DyCheck [14] dataset for our model, two CAT3D baselines, and two of our ablations. The depth maps
are inset on the bottom left. Images are cropped for visualization. Compared to CAT3D (all images), our method generates coherent 3D
scenes despite the scene motion, while leveraging the information from multiple input views unlike CAT3D (single image). In comparison to

the ablations, the quality of our approach is superior.

set, along with the 4 closest of the 7 views to the current
target camera set. CAT3D (single image) simply receives
only the ground truth reference image.

Due to noisy camera poses and the underdetermined na-
ture of our task, we recompute the poses per method using
COLMAP on the samples and train a Zip-NeRF [4] to eval-
uate novel view synthesis quality. In 4 of the 28 timesteps,
COLMAP was unable to register the test images for at least
one of the baselines; we discard those scenes from the cal-
culation. Note that COLMAP never fails to register the test
images for our method’s results. See the supplement for a
comparison to Shape of Motion [56].

Results The quantitative results shown in Tab. 1 demon-
strate that we significantly outperform CAT3D across all
metrics. Qualitatively, we can see in Figs. 1, 6 and 7 that
CAT3D simply cannot handle inconsistencies. Their dif-
fusion samples display high variance, typically changing
state based on proximity to the input views. Training a 3D
representation such as NeRF from these samples leads to
undesirable averaging over all of the states and significant
blur in inconsistent regions.

5.2. Lighting Changes

Dataset For lighting inconsistencies, we are not aware of
an existing dataset of posed images that contains multiple
illumination conditions and multiple “ground truth” images
under a consistent lighting. Note that the widely-used Pho-

Method PSNRtT SSIMfT  LPIPS)
WildGaussians 14.80*  0.494*  0.463*
CAT3D (single image) | 15.06 0.526 0.552
CAT3D (all images) 18.26 0.625 0.419
Our Model 20.98 0.707 0.357

Table 2. View synthesis results on our lighting dataset. We compare
to WildGaussians [21] and CAT3D [15] taking all images as input,
along with CAT3D taking one image as input. Our model outper-
forms all baselines. * indicates comparison on rectified images.

totourism dataset [49] contains only one image under each
lighting. Therefore, we collect a new dataset of 5 real-world
scenes each captured under 3 separate lighting conditions.
To construct this dataset, we take 3 monocular videos of a
scene in 3 different lighting conditions, using approximately
the same camera trajectory for each.

Using 3 frames (one from each inconsistent video) as in-
put, we evaluate renderings of the held-out images from one
of the lighting conditions. For each collected scene, we se-
lect a target illumination condition and evaluate the method’s
ability to do novel-view synthesis for that illumination (from
the three images). See Fig. 8 for example inputs and targets.
We use Hierarchical Localization [42] with SuperGlue [43]
feature matching to jointly pose all images.
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Figure 8. Qualitative results for 3 scenes from our captured lighting dataset. For each scene, we display the renders from the learned NeRFs
given the 3 input images on the left. We show two states for each scene, with renders outlined in blue corresponding to the upper input
image, and renders outlined in orange corresponding to the bottom input image. Although all methods are rendered with the appearance
embedding of the corresponding states on the left, baselines struggle to generate plausible novel views, and often generate completely
degenerate geometry. The bottom rows are brightened for visualization.

Baselines Methods which handle lighting changes typi-
cally assume a large number of captured images [32] and
rely on latent embeddings [5] to parameterize per-image vari-
ations in appearance. In this line, we compare to WildGaus-
sians [21]. For other baselines, we first generate a large
number of novel views using CAT3D conditioned on the 3
inconsistent images, and then train a Zip-NeRF with latent
appearance embeddings. At test-time, for all methods, we

use the embedding of the reference image with the target
illumination. We again evaluate against CAT3D (all images)
and CAT3D (single image). Since there are only 3 input
images, CAT3D (all images) is the original CAT3D model
conditioned on the three input images.

Results The quantitative results in Tab. 2 show that
our method significantly outperforms WildGaussians and



CAT3D in all metrics. Qualitatively, Fig. 8 displays our
method’s superior visual results. In some scenes, such as the
stone bear shown in the bottom two rows, baselines fail to rec-
oncile inconsistent input images into any coherent 3D scene.
In other cases, the baselines reconstruct inaccurate “cloudy”
scene geometry attempting to explain away changes in light-
ing. In contrast, our method reconciles highly disparate and
sparse observations into a consistent 3D scene, allowing the
generation of a high-fidelity NeRF with coherent geometry
as demonstrated in the inset depth maps.

5.3. Ablations

In this section, we ablate key design decisions. Specifically,
we demonstrate the importance of using our simulated incon-
sistency data by evaluating against heuristic augmentations
and a synthetic data alternative. For dynamics, we compare
to a warping-based heuristic augmentation where we ap-
ply sparse flow fields; an example can be seen in Fig. 2.
The resultant model simply copies all “real-looking” pixels,
indicating that such warping does not bridge the domain gap.

We also compare to generating a synthetic training dataset
by animating 40k+ Objaverse assets [9, 26] with associated
motions. Due to the small motion magnitude and the do-
main gap from object-level renderings to real scene-level
data, the method significantly underperforms. The quantita-
tive ablation results can be seen in the top of Tab. 3, where
our method outperforms all ablated methodologies. For dy-
namics, a qualitative comparison is provided on the right
of Fig. 7.

For lighting, we compare against heuristic augmentation
whereby the input images are tinted inconsistently as seen
in Fig. 2, and the targets images are tinted consistently.
This method slightly outperforms the vanilla CAT3D as it
requires the model to get the mean color correct; however, it
cannot resolve lighting phenomena like shadows, nor local-
ized changes in lighting. Results can be seen quantitatively
in Tab. 3 and qualitatively on the right of Fig. 8.

Ablation PSNR?T SSIMfT LPIPS|
é Heuristic Augmentation | 15.52 0.448  0.466
& | Animated Objaverse 1492 0380 0.524
& | Our Complete Model 16.60 0.462 0.409
£ | Heuristic Augmentation | 18.96 0.645  0.406
3 | Our Complete Model 2098 0.707 0.357

Table 3. Ablations. Heuristic augmentation and synthetic datasets
lead to significantly worse performance for robust view synthesis.
For both inconsistencies in dynamics and lighting, our complete
model vastly outperforms the baselines due to the underlying video
model’s ability to simulate physics.

6. Discussion

We have proposed SimVS, a method for high-quality 3D
generation from casual captures even in the presence of

Sample 1

Sample 2

vy,
P

Figure 9. Two representative samples showing limitations of our
method. On the left, in the presence of the large dynamic motions
of the block, our model may synthesize degenerate scene content.
On the right, for areas observed only once such as the background
on the top right, our model sometimes outputs poor quality halluci-
nations.

severe illumination changes and significant scene motion.
We believe this represents a step forward in simplifying the
capture and creation of 3D scenes.

Limitations Our method requires accurate camera poses,
which can be difficult to compute for sparse captures using
traditional techniques such as COLMAP. However, recent
methods such as DUST3R [57] and the dynamics-robust
follow-up MonST3R [68] have shown tremendous promise
for camera pose estimation. Also, when there is significant
inconsistency or little overlap between views, our method
can struggle to reconcile the observations as seen in the
samples in Fig. 9.

Conclusion Our work demonstrates the power of using
video models to generate data for challenging tasks where
collection is expensive and challenging. We believe the ap-
proach proposed here will scale well with the ever-improving
quality of video models. Moreover, our method is not spe-
cific to a particular architecture or task: our method may be
applied to make DUSt3R [57]-style models more robust to
inconsistency and our harmonization network could be im-
plemented with a camera-controlled video model to directly
synthesize multiview-consistent videos in one sampling pass.
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