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ABSTRACT

Rendering scenes observed in a monocular video from novel viewpoints is a chal-
lenging problem. For static scenes the community has studied both scene-specific
optimization techniques, which optimize on every test scene, and generalized tech-
niques, which only run a deep net forward pass on a test scene. In contrast, for dy-
namic scenes, scene-specific optimization techniques exist, but, to our best knowl-
edge, there is currently no generalized method for dynamic novel view synthesis
from a given monocular video. To explore whether generalized dynamic novel
view synthesis from monocular videos is possible today, we establish an analy-
sis framework based on existing techniques and work toward the generalized ap-
proach. We find a pseudo-generalized process without scene-specific appearance
optimization is possible, but geometrically and temporally consistent depth esti-
mates are needed. Despite no scene-specific appearance optimization, the pseudo-
generalized approach improves upon some scene-specific methods. For more
information see project page at https://xiaoming-zhao.github.io/projects/pgdvs.

1 INTRODUCTION

Rendering (static or dynamic) 3D scenes from novel viewpoints is a challenging problem with many
applications across augmented reality, virtual reality, and robotics. Due to this wide applicability
and the compelling results of recent efforts, this area has received a significant amount of attention.
Recent efforts target either static or dynamic scenes and can be categorized into scene-specific or
scene-agnostic, i.e., generalized, methods.1 Scene-specific methods for static scenes, like neural ra-
diance fields (NeRFs) (Mildenhall et al., 2020) have been continuously revised and latest advances
attain compelling results. More recently, generalized methods for static scenes have also been devel-
oped and are increasingly competitive, despite the fact that they are not optimized on an individual
scene (Yu et al., 2020; Wang et al., 2021; Suhail et al., 2022; Varma et al., 2023).

While this transition from scene-specific optimization to generalized methods has been in progress
for static scenes, little work has studied whether generalized, i.e., scene-agnostic, methods are pos-
sible for dynamic scenes. As dynamic novel view synthesis from monocular videos is a highly
ill-posed task, many scene-specific optimization methods (Li et al., 2021; Xian et al., 2021; Gao
et al., 2021; Li et al., 2023) reduce the ambiguities of a plethora of legitimate solutions and generate
plausible ones by constraining the problem with data priors, e.g., depth and optical flow (Gao et al.,
2021; Li et al., 2021). With such data priors readily available and because of the significant recent
progress in those fields, we cannot help but ask a natural question:

“Is generalized dynamic view synthesis from monocular videos possible today?”

In this work, we study this question in a constructive manner. We establish an analysis framework,
based on which we work toward a generalized approach. This helps understand to what extent we
can reduce the scene-specific optimization with current state-of-the-art data priors. We find

∗Work done as part of an internship at Apple.
1“Generalized” is defined as no need of optimization / fitting / training / fine-tuning on test scenes.
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Figure 1: (a) We �nd that it is possible to get rid of scene-speci�c appearance optimization for novel
view synthesis from monocular videos, which could take up to hundreds of GPU hours per video,
while still outperforming several scene-speci�c approaches on the NVIDIA Dynamic Scenes (Yoon
et al., 2020). (b) Qualitative results demonstrate the feasibility of generalized approaches as our
rendering quality is on-par or better (see details of the dragon balloon), even though we do not use
any scene-speci�c appearance optimization. The face is masked out to protect privacy.

“A pseudo-generalized approach,i.e., no scene-speci�cappearanceoptimization, is
possible, but geometrically and temporally consistent depth estimates are needed.2”

Concretely, our framework is inspired from scene-speci�c optimization (Li et al., 2021; Xian et al.,
2021; Gao et al., 2021; Li et al., 2023) and extends their underlying principles. We �rst render static
and dynamic content separately and blend them subsequently. For the static part, we utilize a pre-
trained generalizable NeRF transformer (GNT) (Varma et al., 2023). As it was originally developed
for static scenes, we extend it to handle dynamic scenes by injecting masks, which indicate dynamic
content, into its transformers. For the dynamic part, we aggregate dynamic content with the help
of two commonly-used data priors,i.e., depth and temporal priors (optical �ow and tracking), and
study their effects.

Applying our analysis on the challenging NVIDIA Dynamic Scenes data (Yoon et al., 2020) we �nd:
1) we are unable to achieve acompletelygeneralized method with current state-of-the-art monocular
depth estimation or tracking; but 2) with the help ofconsistentdepth (CD) estimates, we can get rid
of scene-speci�cappearanceoptimization, which could take up to hundreds of GPU hours per video,
while still outperforming several scene-speci�c approaches on LPIPS (Zhang et al., 2018) as shown
in Fig. 1. Such CD estimates can come from affordable scene-speci�c optimization approaches (Luo
et al., 2020; Kopf et al., 2020; Zhang et al., 2021b; 2022), taking around three GPU hours per video.
All in all, we are able to achievepseudo-generalizeddynamic novel view synthesis. We use the
word p̀seudo' due to the required scene-speci�c CD optimization, and `generalized' because of no
need for costly scene-speci�c appearance �tting. Note, such a pseudo-generalized approach does
not `cheat' by exploiting additional information, because CD estimates are also required by many
scene-speci�c approaches (Xian et al., 2021; Li et al., 2023). We hence refer to CD as asuf�cient
condition for generalized dynamic novel view synthesis from monocular videos.

Moreover, we verify that our �nding holds when consistent depth from physical sensors is avail-
able,e.g., from an iPhone LiDAR sensor, as we still outperform several scene-speci�c baselines
with respect to mLPIPS on the DyCheck iPhone data (Gao et al., 2022a). Note, sensor depth obvi-
ates the need for scene-speci�c optimizations, enabling a completely generalized process.

To summarize, our contributions are:

1. We carefully study the use of current state-of-the-art monocular depth estimation and track-
ing approaches for generalized dynamic novel view synthesis from monocular videos, sug-
gesting an assessment of the downstream usability for those �elds.

2. We �nd a suf�cient condition and propose a pseudo-generalized approach for dynamic
novel view synthesis from monocular videos without any scene-speci�c appearance op-
timization. We verify that this approach produces higher-quality rendering than several
scene-speci�c methods that require up to hundreds of GPU hours of appearance �tting.

2 RELATED WORK

Scene-speci�c static novel-view synthesis.Early work on static scene-speci�c novel-view syn-
thesis reconstructs a light �eld (Levoy & Hanrahan, 1996; Gortler et al., 1996) or a layered repre-
sentation (Shade et al., 1998). Recent works (Suhail et al., 2021; Attal et al., 2021; Wizadwongsa

2We borrow the de�nition of “geometrically and temporally consistent depth estimates” from Zhang et al.
(2021b): “the depth and scene �ow at corresponding points should be consistent over frames, and the scene
�ow should change smoothly in time”.
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et al., 2021) extend such representations to be data-driven. Also recently, neural radiance �elds
(NeRFs) (Mildenhall et al., 2020) were proposed to represent the scene as an implicit neural net-
work. Follow-up works further improve and demonstrate compelling rendering results (Barron et al.,
2021; 2022; Verbin et al., 2022; Barron et al., 2023). All these works focus on static scenes and re-
quire scene-speci�c �tting,i.e., a learned NeRF cannot be generalized to unseen scenes. Different
from these efforts, we focus on dynamic scenes and aim for a scene-agnostic approach.

Generalized static novel-view synthesis.Prior works for scene-agnostic novel-view synthesis
of static scenes utilized explicit layered representations,e.g., 3D photography (Shih et al., 2020)
and multiplane images (Tucker & Snavely, 2020; Han et al., 2022). Works like free view syn-
thesis (Riegler & Koltun, 2020) and stable view synthesis (Riegler & Koltun, 2021) require a 3D
geometric scaffold,e.g., a 3D mesh for the scene to be rendered. Recently, static scene-agnostic
novel-view synthesis has received a lot of attention in the community. Prior works tackle it with
either geometry-based approaches (Rematas et al., 2021; Yu et al., 2020; Wang et al., 2021; Chibane
et al., 2021; Trevithick & Yang, 2021; Chen et al., 2021; Johari et al., 2022; Liu et al., 2022; Wang
et al., 2022a; Du et al., 2023; Lin et al., 2023; Suhail et al., 2022; Varma et al., 2023) or geometry-
free ones (Rombach et al., 2021; Kulhánek et al., 2022; Sajjadi et al., 2022b;a; Venkat et al., 2023;
Bautista et al., 2022; Devries et al., 2021; Watson et al., 2023). Differently, we focus on generalized
dynamic view synthesis while the aforementioned approaches can only be applied to static scenes.

Scene-speci�c dynamic novel-view synthesis.Various scene representations have been developed
in this �eld, e.g., implicit (Pumarola et al., 2021; Li et al., 2021; Xian et al., 2021), explicit (Broxton
et al., 2020; Fridovich-Keil et al., 2023), or hybrid (Cao & Johnson, 2023; Attal et al., 2023). Prior
works in this area can be categorized into two setups based on the input data: multiview input
data (Lombardi et al., 2019; Bemana et al., 2020; Bansal et al., 2020; Zhang et al., 2021a; Wang et al.,
2022b; Li et al., 2022; Attal et al., 2023; Wang et al., 2023a) and monocular input data (Park et al.,
2021b; Du et al., 2021; Tretschk et al., 2021; Gao et al., 2021; Park et al., 2021a; Cao & Johnson,
2023; Fridovich-Keil et al., 2023; Li et al., 2023; Liu et al., 2023; Fang et al., 2022; Yoon et al.,
2020; B̈usching et al., 2023).3 All these approaches require scene-speci�c optimization. Different
from these efforts, we focus on a scene-agnostic method using monocular input data.

Generalized dynamic novel-view synthesis.To our best knowledge, few prior works target novel-
view synthesis of dynamic scenes from monocular videos in a scene-agnostic way. In the �eld of
avatar modeling, some methods are developed for generalizable novel-view synthesis for animatable
avatars (Wang et al., 2023b; Kwon et al., 2023; Gao et al., 2022b). However, these approaches re-
quire multiview input and strong domain geometric priors from human templates,e.g., SMPL (Loper
et al., 2015). Differently, we care about dynamic novel-view synthesis in general, which domain-
speci�c approaches are unable to handle. The concurrent work of MonoNeRF (Tian et al., 2023)
tackles this challenging setting via 3D point trajectory modeling with a neural ordinary differential
equation (ODE) solver. Notably, MonoNeRF only reports results for a) temporal extrapolation on
training scenes; or b) adaptation to new scenes after �ne-tuning. Both setups require scene-speci�c
appearance optimization on test scenes. Thus, it is unclear whether MonoNeRF is entirely general-
izable and can remove scene-speci�c appearance optimization. In contrast, we show improvements
upon some scene-speci�c optimization methods without scene-speci�c appearance optimization.

3 METHODOLOGY FORSTUDYING THE QUESTION

3.1 OVERVIEW

We assume the input is a monocular video ofN frames f (I i ; t i ; K i ; E i )gN
i =1 , where I i 2

[0; 1]H i � W i � 3 is an RGB image of resolutionH i � Wi recorded at timet i 2 R with camera intrin-
sicsK i 2 R3� 3 and extrinsicsE i 2 SE(3). Our goal is to synthesize a viewI tgt 2 [0; 1]H tgt� W tgt� 3,
given camera intrinsicsK tgt 2 R3� 3, extrinsicsE tgt 2 SE(3), and a desired timet tgt 2 [t1; tN ].

To study to what extent we can reduce scene-speci�c optimization and to develop a generalized ap-
proach, we separate rendering of static and dynamic content as shown in Fig. 2. Note that this is also
a common principle exploited in prior scene-speci�c works, either through explicitly decomposed
rendering (Li et al., 2021; Gao et al., 2021; Li et al., 2023) or via implicit regularization (Xian et al.,

3Cao & Johnson (2023); Fridovich-Keil et al. (2023) operate on either multiview or monocular input.
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Figure 2: Framework overview (Sec. 3.1). Our analysis framework separately renders static
(Sec. 3.2) and dynamic content (Sec. 3.3). We focus on exploiting depth and temporal data pri-
ors, which are commonly utilized in scene-speci�c optimization methods.

2021; Yoon et al., 2020). Formally, we obtain the target rendering as follows:

I tgt = M tgt, dy � I tgt, dy + (1 � M tgt, dy) � I tgt, st; (1)

whereM tgt, dy 2 f 0; 1gH tgt� W tgt is a binary mask indicating the dynamic content on the target render-
ing. I tgt, st; I tgt, dy 2 [0; 1]H tgt� W tgt� 3 are target static and dynamic content renderings respectively.

For the static rendering, we want to bene�t from the compelling progress in the �eld of generalized
static novel view synthesis. Speci�cally, to handle static content in dynamic scenes, we adapt the
recently proposed generalizable NeRF transformer (GNT) (Varma et al., 2023) (see Sec. 3.2 for
more). For rendering of dynamic content, we study how to exploit depth and temporal data priors
(see Sec. 3.3 for more). This is inspired by the common practice of scene-speci�c approaches which
distil priors from optimization losses,e.g., depth consistency (Xian et al., 2021; Li et al., 2021; 2023)
and 2D-3D �ow consistency (Gao et al., 2021; Li et al., 2021; 2023). Notably, to understand the
limitations of data priors, we intentionally avoid any (feature-based) learning for dynamic content
rendering which would hide issues caused by data priors.

3.2 STATIC CONTENT RENDERING

In many prior scene-speci�c methods for dynamic novel view synthesis from monocular videos,
re-rendering the static content often already requires costly scene-speci�c appearance optimization.
Given the recent progress of generalized static novel view synthesis, we think it is possible to avoid
scene-speci�c appearance optimization even if the monocular video input contains dynamic objects.
However, this is non-trivial. Generalized approaches for static scenes usually rely on well-de�ned
multiview constraints,e.g., epipolar geometry (Ma et al., 2004), which are not satis�ed in the pres-
ence of dynamic content,e.g., due to presence of new content and disappearance of existing objects.
Therefore, modi�cations are required. For this, in this study, we carefully analyze and adapt a
pretrainedGNT (Varma et al., 2023), a transformer-based approach that is able to synthesize high-
quality rendering for unseen static scenes. In the following, we brie�y describe GNT's structure and
our modi�cations. Please see Sec. A for a formal description.

GNT alternatingly stacksP = 8 view and ray transformers to successively aggregate information
from source views and from samples on a ray respectively. Concretely, to obtain the RGB values
for a given pixel location in the target rendering, GNT �rst computes the pixel's corresponding ray
r with the help ofK tgt andE tgt (Sec. 3.1). It then uniformly samplesN r points f x r

1; : : : ; x r
N r

g
on the ray. Given desired camera extrinsicsE tgt, GNT selectsNspatial source views with indices
Sspatial = f sj gN spatial

j =1 . In thep-th iteration (p 2 f 1; : : : ; Pg), GNT �rst uses thep-th view transformer
to update each sample's representation based on the raw feature fromSspatial as well as the feature
from the previous(p � 1)-th iteration. It then utilizes thep-th ray transformer to exchange repre-
sentations betweenf x r

1; : : : ; x r
N r

g along the ray. The �nal RGB values for the rayr are obtained by
transforming the aggregated feature afterP iterations.

3.2.1 GNT ADAPTATION

Our goal is to adapt a pretrained GNT so as to render high-quality static content appearing in a
monocular video with dynamics. For this, we need to identify when GNT fails and what causes
it. In order to build a direct connection between the GNT-produced rendering and source views,
inspired by MVSNet (Yao et al., 2018), we compute the standard deviation between features from all
source views for each samplex r

i and aggregate them along the ray. Fig. 3.(c).(i) and (c).(ii) provide
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Figure 3: Static content rendering (Sec. 3.2). Samples on a target ray (shown in (a)), project to
epipolar lines in source views (see (b)). Vanilla GNT does not consider dynamic content,i.e., no
utilization of dynamic masks (green arrows) in (b), and produces artifacts as shown in (c).(i),e.g., the
rendering for static walls is contaminated by the foreground balloon. We �nd those artifacts correlate
with the standard deviation of sampled features across source views as visualized in (c).(ii). Our
proposal of using masked attention (Sec. 3.2.1) based on dynamic masks in GNT's view transformer
improves the static content rendering as shown in (c).(iii). The face is masked to protect privacy.

the qualitative result when GNT is naively applied on a video with dynamics and the visualization
of the standard deviation. A strong correlation between high standard deviations and low-quality
renderings is apparent. In other words, GNT aims to �nd consistency across source viewsSspatial.
Due to dynamic content and resulting occlusions on some source views, GNT is unable to obtain
consistency for some areas in the target rendering, resulting in strong artifacts. However, occlusions
may not occur on all source views, meaning consistency can still be obtained on a subset ofSspatial.

Following this analysis, we propose a simple modi�cation: usemasked attentionin GNT's view
transformer for dynamic scenes. Essentially, if the samplex r

i projects into potentially dynamic
content of a source viewI sj , that source view will not be used in the view transformer's attention
computation and its impact along the ray through the ray transformer will be reduced. As a result,
the probability of �nding consistency is higher. To identify potentially dynamic areas, we compute
a semantically-segmented dynamic mask for each source view based on single-frame semantic seg-
mentation and tracking with optical �ow (see Sec. C.4). Fig. 3.(c).(iii) shows the result after our
modi�cation. We observe that we successfully render more high-quality static content than before.
We use the adapted GNT to produce the static renderingI tgt, st which is needed in Eq. (1). In an
extreme case, ifx r

i is projected onto potentially dynamic content in all source views, it is impossible
to render static content and we rely on dynamic rendering for the target pixel.

3.3 DYNAMIC CONTENT RENDERING

One of the key challenges in dynamic novel view synthesis from monocular videos (even for scene-
speci�c methods) is arguably modeling of dynamic motion. This is a highly ill-posed problem
as plenty of solutions exist that explain the recorded monocular video. Via regularization, prior
works encourage consistency between 1) attributes induced from learned motions; and 2) generic
data priors. Two typical such priors are depth (Xian et al., 2021; Li et al., 2021; 2023) and optical
�ow (Gao et al., 2021; Li et al., 2021; 2023). Notably, even scene-speci�c approaches heavily rely
on such priors (Gao et al., 2021; Li et al., 2021; Gao et al., 2022a). This encourages us to exploit
generic data priors for a generalized approach.

3.3.1 USING DEPTH AND TEMPORAL PRIORS

We utilize depth and optical �ow for dynamic content rendering. For each frameI i , we com-
pute a depth estimateD i 2 RH i � W i . Note, for scene-speci�c optimizations, learned motions
can only be supervised at observed timef t1; : : : ; tN g. To produce renderings for temporal in-
terpolation,i.e., t tgt =2 f t1; : : : ; tN g, previous works assume that motion between adjacent ob-
served times is simplylinear (Li et al., 2021; 2023). Inspired by this, for any desired timet tgt,
we �rst �nd two temporally closest source viewsi �

tgt = max f i jt i � t tgt; i 2 f 1; : : : ; N gg and
i +
tgt = min f i jt i � t tgt; i 2 f 1; : : : ; N gg. We then compute two associated point clouds fromI i �

tgt
and

I i +
tgt

with the help of dynamic masks, depths, and optical �ows. Formally, we use point cloudsP =
� �

Lift i �
tgt

(u1); Lift i +
tgt

(u2)
� �

�
�
�M i �

tgt;dy[u1] > 0; M i +
tgt;dy[u2] > 0; Flow i �

tgt$ i +
tgt

(u1; u2)
�

; (2)

whereu1 2 [0; Wi �
tgt

] � [0; H i �
tgt

] and u2 2 [0; Wi +
tgt

] � [0; H i +
tgt

] mark pixel coordinates.R3 3

Lift i (u) = D i [u] � E � 1
i � K � 1

i � u> computes a 2D coordinateu's corresponding 3D point. Here
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Figure 4: Dynamic content rendering (Sec. 3.3). (a) For two temporally closest source views
(indicesi �

tgt and i +
tgt), with the help of depth, dynamic mask, as well as camera information, 2D

dynamic content,e.g., human and balloon in this �gure, is lifted into two point clouds. They are then
connected based on optical �ow betweenI i �

tgt
andI i +

tgt
(Sec. 3.3.1). Correspondences are highlighted

as “rainbow” lines in the point cloud setP. We then obtain the point cloudPtgt for target timet tgt
based on the linear motion assumption.(b) We utilize temporal priors of 2D tracking and liftvisible
trajectories to 3D with depth priors (Sec. 3.3.2). A complementary target point cloud is obtained
based on the linear motion assumption as well and aggregated withPtgt. For example, for the shown
3D track, we linearly interpolated 3D positions fromi +

tgt � 1 andi +
tgt+2 as they are temporally closest

to i tgt in the visible tracking (track oni +
tgt + 1 is invisible). The face is masked to protect privacy.

we slightly abuse notation by omitting homogeneous coordinates.D i [u] denotes the interpolated
depth value at coordinateu. M i; dy[u] is the interpolated value atu from the semantically-segmented
dynamic maskM i; dy (Sec. 3.2.1), whose positive value denotes thatu belongs to potentially dynamic
content. Besides,Flow i $ j (u1; u2) indicates that coordinatesu1 on I i andu2 on I j are connected
by optical �ow and they pass a cycle consistency check. Essentially,P refers to a paired set of two
point clouds, lifting dynamic content from 2D to 3D (see Fig. 4.(a)).

For target timet tgt, based on the linear motion assumption, we obtain dynamic content by interpo-
lating between the two point clouds inP if t i �

tgt
6= t i +

tgt
:

Ptgt =

(
t tgt � t i �

tgt

t i +
tgt

� t i �
tgt

� x2 +
t i +

tgt
� t tgt

t i +
tgt

� t i �
tgt

� x1

�
�
�
�(x1; x2) 2 P

)

: (3)

In the case oft i �
tgt

= t i +
tgt

= t tgt, P contains two identical point clouds and we de�nePtgt =

f x1j(x1; x2) 2 Pg. Further, we conduct statistical outlier removal forPtgt to mitigate inaccura-
cies in depths and masks. We then render the point cloudPtgt with either SoftSplat (Niklaus & Liu,
2020) or point/mesh-based renderer to obtain the dynamic RGBI tgt, dy and maskM tgt, dy in Eq. (1).
See Sec. C.3 for more details about the renderer.

3.3.2 USING MORE TEMPORAL PRIORS

Sec. 3.3.1 uses at most two source views to render dynamic objects. To study the use of information
from more views we track a dynamic object's motion and integrate tracked points for �nal rendering
based on the linear motion assumption. Please see Fig. 4.(b) and Sec. B for more details.

4 EXPERIMENTS

We aim to answer: 1) how far is the performance from scene-speci�c methods (Sec. 4.2); 2) to what
extent can scene-speci�c optimization be reduced by which priors (Sec. 4.3).

4.1 EXPERIMENTAL SETUP

Dataset. We conduct quantitative evaluations on the NVIDIA Dynamic Scenes data (Yoon et al.,
2020) and the DyCheck iPhone data (Gao et al., 2022a). The former consists of eight dynamic

4TiNeuVox needs consistent depth to compute 3D points of static background for the background loss:
https://github.com/hustvl/TiNeuVox/blob/d1f3adb/lib/load_hyper.py#L79-L83 .
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