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Abstract. Accurate reconstruction of complex dynamic scenes from just a sin-
gle viewpoint continues to be a challenging task in computer vision. Current
dynamic novel view synthesis methods typically require videos from many differ-
ent camera viewpoints, necessitating careful recording setups, and significantly
restricting their utility in the wild as well as in terms of embodied AI applica-
tions. In this paper, we propose GCD, a controllable monocular dynamic view
synthesis pipeline that leverages large-scale diffusion priors to, given a video
of any scene, generate a synchronous video from any other chosen perspective,
conditioned on a set of relative camera pose parameters. Our model does not
require depth as input, and does not explicitly model 3D scene geometry, in-
stead performing end-to-end video-to-video translation in order to achieve its
goal efficiently. Despite being trained on synthetic multi-view video data only,
zero-shot real-world generalization experiments show promising results in multi-
ple domains, including robotics, object permanence, and driving environments.
We believe our framework can potentially unlock powerful applications in rich
dynamic scene understanding, perception for robotics, and interactive 3D video
viewing experiences for virtual reality.

1 Introduction

Video generation has made tremendous progress in recent years. Results from Sora [7],
OpenAI’s recently released text-to-video generation model, have shown that generating
a high-quality video as long as one minute is possible. Following the scaling curve, video
models will most likely continue to improve in many aspects. However, one essential
capability is still missing from these video models to be useful for many downstream
applications – the ability to generate the same dynamic scene from an arbitrary camera
perspective based on an existing video.

In this paper, we aim to tackle the problem of dynamic novel view synthesis (DVS)
– given a video of a dynamic scene, we aim to generate a video of the same scene from
another viewpoint. Once we develop a solution for this problem, we can leverage it for
several impactful use cases, such as generating novel views of a live street scenario based
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Fig. 1: Spatial video translation of dynamic scenes. Given a single RGB video, we
propose a method that is capable of imagining what that scene would look like from another
viewpoint. Even for extreme camera transformations with large angles, our approach synthe-
sizes videos with rich visual details that are consistent with the input, demonstrating advanced
spatiotemporal reasoning capabilities.

on cameras mounted on an autonomous vehicle; seeing a cluttered environment from a
different viewpoint while a robot is performing dexterous manipulations; enabling geo-
metrically consistent video passthrough for mixed reality [79]; and immersively reliving
videos recorded in the past from different viewing angles.

However, this task is naturally extremely ill-posed and challenging. While yielding
promising results, prior works typically addressed it by assuming either that contempo-
raneous multi-viewpoint video is available [37,46,71,76,81], and/or by imposing that the
relative camera viewpoint changes must be small (i.e. limited to just a handful of de-
grees) [32,69]. These restrictions make them vastly insufficient for the aforementioned
applications, which require in-the-wild novel view synthesis pipelines with dramatic
camera viewpoint changes.

Free-viewpoint synthesis from a single video requires prior knowledge because it
is highly under-constrained. Modern video generative models, such as Stable Video
Diffusion [5], have learned rich priors for real-world dynamics, 3D geometry, and camera
motions, as they are trained on hundreds of millions of video clips from the Internet.
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In this work, we propose an approach to capitalize on these rich representations for the
task of DVS. We curate pairs of videos of dynamic scenes from simulation as training
data, and apply them to steer a pretrained video generative model towards the desired
behavior by means of finetuning.

Qualitative and quantitative results demonstrate that our model achieves state-of-
the-art results on the task of monocular DVS, and generalizes effectively to various out-
of-distribution scenes, including real-world driving videos, robot manipulation scenes,
and other in-the-wild videos with heavy occlusion patterns, as shown in Figure 1. Much
like a camera dolly in film-making [74], our approach essentially conceives a virtual
camera that can move around with up to six degrees of freedom, reveal significant
portions of the scene that are otherwise unseen, reconstruct hidden objects behind
occlusions, all within complex dynamic scenes, even when the contents are moving.

Our core contribution is the design and evaluation of a framework, Generative Cam-
era Dolly (GCD), for learning to generate videos from novel viewpoints of a dynamic
scene, using an end-to-end video-to-video neural network. Section 2 provides a brief
overview of related work. Section 3 introduces the approach including the model ar-
chitecture, and a description of how to achieve precise camera control within the video
diffusion model. Section 4 discusses training data, benchmarks, and task details. Sec-
tion 5 investigates important hyperparameter decisions with regard to the conceptual
implementation of camera control. Section 6 provides both quantitative and qualitative
evaluation of the system as well as several examples of our model generalizing to out-
of-distribution data. We believe the ability to perform free-viewpoint video synthesis
for a dynamic scene from one video will have a significant impact on 3D/4D computer
vision research, as well as other related areas, including content creation, AR/VR, and
robotics.

2 Related Work

Dynamic scene reconstruction. The landscape of dynamic scene novel view synthesis
has been primarily dominated by techniques that rely on multiple synchronized (i.e.
contemporaneous) input videos [2, 4, 8, 30, 46, 71, 81, 86], which limits their practical
usage in real-world scenarios. The emergence of Neural Radiance Fields (NeRF) [40]
has catalyzed a revolution in dynamic view synthesis, presenting state-of-the-art results
in this domain [14, 31, 42, 43, 47, 62, 78]. Most such methods represent scenes through
time-evolving NeRFs, for handling complicated, dynamic 3D scene motions in casual
videos, for example in neural scene flow fields [10,16,17,31,68,78].

A notable trend in recent advancements involves the synthesis of novel views from
a single camera perspective [17, 32, 69, 82]. DynIBaR adopts a volumetric image-based
rendering framework that, instead of encoding and compressing the entire scene within
a single representation (for example an MLP), aggregates features from nearby views
in a camera motion-aware manner, which enables synthesizing novel views for long
videos with uncontrolled camera paths [32]. DpDy leverages an image-based diffusion
model to iteratively distill knowledge coming from diffusion priors into a hybrid 4D
representation, consisting of a static and dynamic NeRF [69].
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It is worth noting that essentially all aforementioned methods optimize per-scene
representations independently of each other. Therefore, they are (1) largely unable to
share any knowledge between di�erent reconstructions, such as to generalize to unseen
environments; and (2) largely unable to infer or extrapolate from incomplete obser-
vations, such as to recover fully occluded regions. Moreover, failure modes are often
observed when the monocular input video lackse�ective multi-view cues, for example
as enabled implicitly thanks to a moving, especially a fast-moving, camera [17]. Excep-
tions include [64], where dynamic scene completion is performed through a conditional
neural �eld based on a single, static RGB-D input video.

Video di�usion models. Recent work has rapidly improved the state of video generation
models. Most generative models focus on di�usion-based approaches [5,6,18,24,26,57],
though important exceptions exist, particularly with autoregressive training [73, 84].
Following recent work which shows image-based di�usion models can be re-purposed
for computer vision tasks including monocular depth estimation [53], 3D reconstruc-
tion [35] and amodal segmentation [41], our work adopts a public video di�usion model
for dynamic view synthesis. We rely on Stable Video Di�usion [5] as it generates high
quality videos, and provides a public image-to-video model checkpoint with code, al-
though our framework can generalize to any video generation approach.

3D and 4D generation. Most of the works enabling successful 3D generation via genera-
tive models hence rely on channelling the representational power of 2D di�usion models
towards a single 3D representation that is iteratively optimized over time, for example
through score distillation [45]. This multiview 2D-to-3D paradigm is exempli�ed by
many text-to-3D and image-to-3D works [11,23,27,33,35,44,45,66,70,72,77,87].

Emphasizing the temporal component, text-to-4D and image-to-4D papers have
begun appearing as well, although the results currently remain mostly limited to ani-
mations of single objects or animals [1, 34, 58, 88]. Video-to-4D, which is likely harder
because every frame of the observation must be respected, has remained less explored
so far. In [64], a video-to-4D scene reconstruction task and framework is proposed,
although the model requires depth input, and only works in narrow domains as it is
trained from scratch.

Object permanence and amodal completion.The problem of reasoning about the invis-
ible parts of a scene has been studied extensively in the literature, but so far almost
exclusively from an object-centric perspective. For example, in the image world, amodal
completion [15, 41, 85] studies the problem of reconstructing the occluded parts of an
object based on its visible parts and the scene context. However, these methods are
naturally restricted to partial occlusions. In contrast, for videos, some object track-
ing methods can capitalize on the temporal context to successfully reason about the
location [55,60,61] or even shape [65] of fully occluded instances.

While abstracting the full complexity of a dynamic scene into a compact set of
objects allows these methods to be relatively data- and compute-e�cient, it also limits
their applicability. In this work, we propose a more general approach that is capable
of revealing any parts of a scene, together with their dynamics, similar to [64]. This
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Fig. 2: Method. Our model, GCD, is an end-to-end video translation pipeline that maps an
input video from any viewpoint into an output video from any other perspective, with the
objective of respecting all objects and dynamics occurring within the observed dynamic scene,
and faithfully reconstructing the corresponding visual details from this novel viewpoint. The
relative camera extrinsics matrix � E guides the relationship between the two camera poses.

includes not only occluded objects, but also `stu�' regions [9], such as natural or man-
made surfaces, liquids, and so on.

We note that at least one concurrent work also tackles dynamic view synthesis: in
Exo2Ego [38], authors propose a framework that translates third-person (exocentric)
to �rst-person (egocentric) videos on a per-frame basis, incorporating priors for hand-
object interactions and focusing primarily on those scenarios.

3 Approach

First, we formally introduce the task of monocular dynamic novel view synthesis from
unconstrained video input. Let x 2 RT � H � W � 3 be RGB frames captured from a
single camera perspective, that encode the visual observation of a dynamic scene of
interest. We denote its associated camera extrinsics matrix asEsrc 2 RT � 4� 4, and
de�ne Edst 2 RT � 4� 4 to be the desired target camera extrinsics matrix over time. Our
model f is then tasked with predicting a video y 2 RT � H � W � 3, that plausibly depicts
the same dynamic scene from the speci�ed new viewpoint. For simplicity, and without
loss of generality, we assume that (1) the output video is temporally synchronized with
the input, and (2) the camera intrinsics matrix K 2 R 3� 3 stays constant over time as
well as across pose changes; notably, the virtual camera fory assumes the same focal
length as the actual camera does forx .

Since novel view synthesis is an inherently under-constrained, challenging problem,
our approach will use existing large-scale video generative models. Di�usion models
have been shown to excel at image-to-3D tasks [35, 36, 56, 77], justifying our attempt
to perform video-to-4D. Moreover, they have shown remarkable zero-shot abilities in
generating realistic, diverse videos from user-given text descriptions and/or initial
frames [3,5,26]. However, they are typically not trained to accept video as a condition-
ing signal, and �ne-grained control over camera transformations is also not available
by default. To overcome these obstacles, we must make a few architectural changes.
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3.1 Camera viewpoint control

Given a single RGB videox of a dynamic scene, our goal is to synthesize another video
y of the scene from a di�erent viewpoint. Since large-scale video di�usion models have
been trained on hyper-scale data, their support of the natural video distribution most
likely covers a wide range of realistic scenes and viewpoints. To this end, given a dataset
of paired videos and theirrelative camera extrinsics� E = fE � 1

src;t �Edst;t gT � 1
t =0 2 RT � 4� 4

over time, we teach a latent di�usion model f to learn controls over camera parameters
within any video x :

y = f (x ; � E) (1)

Speci�cally, we modify Stable Video Di�usion (SVD) to accept a new form of micro-
conditioning, a term coined in [5], which is designed for the purpose of communicating
low-dimensional metadata (such as the desired frame rate of the output video, and
the amount of optical �ow) to the network. We decompose � Et 2 SE(3) into a series
of camera rotation matrices Rt 2 SO(3) and translation matrices Tt 2 R3 over time,
project this �attened information through an MLP m, and add the resulting embedding
to the feature vectors at various convolutional layers placed throughout the network,
similarly to the concurrent work SV3D [66]. The di�usion timestep, FPS, and motion
strength are also passed to the network this way. To preserve the existing priors of SVD
as much as possible, we initialize the network weights based on the publicly available
image-to-video model checkpoint. The new embedderm that processesf (Rt ; Tt )g is
randomly initialized with default parameters. After training the network end-to-end to
tackle this new task, the resulting model is capable of imagining unseen videos from
any chosen perspective, as illustrated in Figure 2 (high-level) and Figure 10 (detail).

3.2 Video conditioning

To accurately perform dynamic view synthesis, both low-level perception (to analyze
the visible geometry, shapes, appearance, etc.) and high-level understanding (to infer
the occluded regions, based on world knowledge as well as other observed frames) of the
input video is required. We adopt the same hybrid conditioning mechanism as SVD [5],
where the visual signal is processed in two ways. In case of image-to-video, the �rst
stream calculates the CLIP [48] embeddingc(x 0) of the incoming image to condition
the U-Net � via cross-attention, and the second stream channel-concatenates the VAE-
encoded imagex 0 with all frames of the video sampleŷ that are being denoised.

We keep this mechanism almost entirely intact when moving from the pretraining
to the �netuning stage, but we propose to simply substitute the �rst frame x 0 for the
entire input video x from the source viewpoint, such that the conditioning information
now becomes a function of time. This ensures that our model has the opportunity to
watch how the dynamic scene unfolds over time, and hence must learn to respect the
dynamics and physics of the objects within.

In architectural terms, the output sample ŷ has contemporaneous input frames from
x attached to it for every video timestamp t, such that at di�usion noise timestep u
during inference:

ŷ u� 1 = w� (ŷ u k x ; � E) � (w � 1)� (ŷ u ) ; (2)
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Fig. 3: Qualitative ablation study results for Kubric-4D. We show inputs, predictions,
ablations, and ground truths. The input and output videos both consist of T = 14 frames, but
we show the �rst and last frame of the input video for conciseness, and only the last frame of
the output and target. Whereas the ablations tend to look blurry with incorrect shape and/or
appearance characteristics (especially for moving objects), our main model (gradual, max 90°,
�netuned) faithfully reconstructs the scene layout and dynamics from the input video. In
addition, it often hallucinates plausible backgrounds in unseen regions.

where w 2 [1; 1 ) is the guidance strength for classi�er-free guidance [25]. The U-Net
� accepts input feature maps of dimensionality2D � T � H

F � W
F , where D and F are

the VAE embedding size and downsampling factor respectively, and produces output
feature maps of dimensionalityD � T � H

F � W
F that represent a less noisy sample.

Note that the SVD architecture consists of a factorized 3D U-Net that interleaves
convolutional, spatial, and temporal blocks, of which the latter two establish corre-
spondences between features across locations (per frame), and across time (per spatial
position) respectively. Spatiotemporal attention can consequently take place between
all pairs of input and output frames, as well as any pair of regions within both videos.
Moreover, there are nowT di�erent CLIP embeddings f c(x t )g that appropriately con-
dition the U-Net layers at each matching frame.

4 Datasets

While the availability of multi-view video data has been growing [13, 19, 20, 49, 54, 63,
64, 90], it is still relatively sparse compared to conventional image or video datasets.
In order to train and evaluate our model, we require a decent amount of multi-view
RGB videos from highly cluttered dynamic scenes. To this end, we contribute two
high-quality synthetic datasets, shown in Figures 3, 4, and 5 and brie�y describe them
below.
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