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Abstract

In dynamic Neural Radiance Fields (NeRF) systems,
state-of-the-art novel view synthesis methods often fail un-
der significant viewpoint deviations, producing unstable
and unrealistic renderings. To address this, we introduce
Expanded Dynamic NeRF (ExpanDyNeRF), a monocular
NeRF framework that leverages Gaussian splatting priors
and a pseudo-ground-truth generation strategy to enable
realistic synthesis under large-angle rotations. ExpanDyN-
eRF optimizes density and color features to improve scene
reconstruction from challenging perspectives. We also
present the Synthetic Dynamic Multiview (SynDM) dataset,
which is the first synthetic multiview dataset for dynamic
scenes with explicit side-view supervision, created using
a custom GTA V-based rendering pipeline. Quantitative
and qualitative results on SynDM and real-world datasets
demonstrate that ExpanDyNeRF significantly outperforms
existing dynamic NeRF methods in rendering fidelity under
extreme viewpoint shifts. Further details are provided in
the supplementary materials. Code is available at ht tps :
//github.com/ostadabbas/ExpanDyNeRF.

1. Introduction

Novel view synthesis is essential in applications like mixed
reality [7, 31], medical supervision [30, 37], autonomous
driving [21, 40], and wildlife observation [20, 41]. Neural
Radiance Fields (NeRF) and their dynamic variants have
improved 3D reconstruction with high precision [24, 26,
32], speed [3, 4, 10], and style editing [I, 6]. Alterna-
tively, Gaussian splatting [27, 28, 34] offers an efficient and
flexible framework for high-quality rendering. While both
approaches produce sharp results from primary viewpoints,
renderings degrade with significant viewpoint shifts due to
the lack of diverse-view supervision during training, which
is a limitation of monocular settings (Fig. 1).

To overcome these limitations, we propose Expanded
Dynamic NeRF (ExpanDyNeRF), a dynamic NeRF frame-

work designed to expand reliable rendering to large-angle
novel views, even under monocular camera constraints.
This end-to-end pipeline, illustrated in Fig. 2, incorporates
a novel-view pseudo ground truth strategy that optimizes
model training from novel view by leveraging Gaussian pri-
ors [25], effectively refining dynamic object contours and
color consistency across frames.

One of the key challenges in novel view synthesis for
dynamic scenes lies in the lack of suitable datasets that of-
fer both dynamic motion and side-view supervision. Ex-
isting datasets either have dynamic camera motion without
side-view ground truth (e.g., NVIDIA [35]) or include ro-
tated views without camera motion (e.g., DyNeRF [11]).
This gap stems from the difficulty of capturing multi-view
dynamic scenes in the real world. To address this, we in-
troduce SynDM, a GTA V-based dataset with a novel dy-
namic camera dome that enables synchronized main-view
motion and side-view supervision. Our evaluation focuses
on SynDM, with only qualitative comparisons on existing
datasets. Our main contributions are:

* We identify and characterize the limitations of current
monocular dynamic NeRFs in rendering from signifi-
cantly deviated viewpoints, highlighting their inability to
preserve structure and appearance consistency under an-
gular shifts

* We propose ExpanDyNeRF, a novel dynamic NeRF ar-
chitecture that incorporates pseudo-novel view supervi-
sion using Gaussian splatting priors, enabling reliable
synthesis at large viewpoint deviations

* We introduce SynDM, the first synthetic dataset for dy-
namic monocular NeRFs with paired primary and rotated
views, captured via a custom GTA V pipeline to bench-
mark novel view synthesis under controlled angular per-
turbations

* We perform comprehensive experiments on the SynDM,
DyNeRF, and NVIDIA datasets, demonstrating improved
perceptual quality and geometric consistency over previ-
ous dynamic NeRF methods, especially when handling
large viewpoint deviations
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Figure 1. Comparison of novel-view rendering from constrained-pose monocular video. Leading dynamic NeRF and Gaussian splatting methods—DetRF
[39], RoDynRF [19], DecNeRF [36], and D3DGS [34]—all suffer from artifacts and depth errors at viewpoints distant from the training pose, whereas
ExpanDyNeRF (ours) maintains accurate shape and color consistency. The first column shows an example frame from the training video; the remaining
columns show novel-view renderings obtained by rotating that frame’s camera pose.

2. Related Work

NeRF-based Dynamic Novel View Synthesis. NeRF al-
gorithms have emerged as a powerful approach for high-
quality 3D scene reconstruction from sparse images. The
original NeRF [15] represents a scene using a fully con-
nected neural network that maps 3D coordinates and view-
ing directions to color and density, enabling novel view syn-
thesis via volume rendering. While NeRF excels in static
scenes, recent work has extended it to dynamic settings.
Dynamic NeRF methods, including HyperNeRF [17], De-
tRF [39], and DecNeRF [36], introduce temporal model-
ing to capture object motion and appearance variations, of-
ten leveraging motion fields and temporal consistency con-
straints. Despite their effectiveness, dynamic NeRFs remain
computationally expensive and typically require densely
sampled temporal data. For instance, Dynibar [12] reports
training times exceeding one day on 8 A100 GPUs for a
single scene, underscoring the scalability challenges of dy-
namic NeRFs for large-scale or real-time applications.

Gaussian Splatting-based Dynamic Novel View Syn-
thesis. 3D Gaussian splatting [9] offers an efficient alterna-
tive to NeRF by representing scenes with Gaussian blobs,
enabling real-time, high-resolution rendering. Recent meth-
ods like 4DGS [27] and D3DGS [34] extend this approach
to dynamic scenes using monocular inputs, capturing non-
rigid motion via deformation fields. While NeRF provides
high-fidelity reconstructions and Gaussian splatting excels
in speed, both struggle with novel view synthesis from de-
viated angles in monocular settings. Our method combines
their strengths to overcome these limitations.

3. Method

We present ExpanDyNeRF, a monocular dynamic NeRF
framework for synthesizing novel views of 3D scenes under
large viewpoint deviations. To address the lack of ground
truth in monocular settings, we combine a two-branch dy-
namic NeRF with pseudo-supervision from 3D Gaussian
priors. Section 3.1 details the dynamic NeRF backbone,
Section 3.2 describes pseudo-novel view supervision using
3D Gaussian priors, and Section 3.3 introduces our SynDM
dataset with multi-view dynamic scenes.

3.1. ExpanDyNeRF Model Architecture

Our preliminary experiments indicate that NeRF provides
greater visual consistency than Gaussian Splatting, espe-
cially for distant elements like the sky (shown in Fig. 3).
Therefore, we adopt NeRF as the backbone of our model.

NeRF vs Gaussian Splatting Analysis: While both
methods appear visually consistent in primary views, sig-
nificant differences emerge in side view reconstruction. As
demonstrated in Fig. 3, 3DGS introduces substantial ar-
tifacts in side views, with the sky being incorrectly re-
constructed as nearby structures, obstructing distant back-
ground elements including mountains and bushes. In con-
trast, Instant-NGP (NeRF-based) retains the expected char-
acteristics of the sky as distant and uniform, achieving
higher fidelity and richer scene details. Accordingly, we
adopt a NeRF backbone for its stability under large view-
point rotations, while using Gaussian Splatting only as a
prior generator rather than a rendering backbone. We do not
claim NeRF to be universally superior, but find this combi-
nation effective for the targeted setting.

Following the architecture in [39], we employ two inter-
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Figure 2. The ExpanDyNeRF architecture is structured into two main components: (1) Backbone dynamic NeRF model that processes rays to extract
density (o) and color (c) features from both background (®;) and foreground (® ;) models, generating rendering predictions I; from primary camera
positions, supervised by the super-resolution loss L, (2) Novel View Feature Optimization uses the Gaussian Splatting based method to generate a 3D
prior for each frame, facilitating the optimization of density and color features via pseudo ground truth for novel views. This includes updating oy and cy
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Figure 3. Comparison between Instant-NGP [16] and 3DGS [9] from
primary and side views. While both methods appear consistent in primary
views (top), 3DGS introduces significant artifacts in side views (bottom
right), whereas Instant-NGP maintains better reconstruction quality.

twined neural networks: ®; for modeling the static back-
ground and @ for the dynamic foreground. As illustrated
in Fig. 2, our framework is structured into two main compo-
nents: (1) a backbone dynamic NeRF model that processes
rays to extract density (o) and color (c) features from both
background and foreground models, generating rendering
predictions I, from primary camera positions, supervised
by the super-resolution loss L,-; (2) novel view feature op-
timization that uses Gaussian splatting priors to generate 3D
representations for each frame, facilitating optimization of
density and color features via pseudo ground truth for novel
views. This includes updating oy and c; using novel view
loss metrics L9, and L, respectively, enhancing feature

nuv?

representation across different perspectives.
Preliminaries: We use N video frames I;,¢ € [1, N],

respectively, enhancing feature representation across different perspectives.

to reconstruct a point cloud and estimate primary camera
poses P. For each pose P, € P, we compute ray trajectories
to sample points x = (z, y, z) along ray r at time ¢ in direc-
tion d. The sampling process is defined as F(P;) — (x,d),
linking the camera orientation to the sampled points.

Static Background Representation: The static back-
ground module ®; takes all N frames and encodes static
scene components using a distribution-based representa-
tion. This improves alignment between camera projec-
tions and the background geometry, allowing simplified
renderings of low-variance static features. The module,
Oy (F(P),0) — (cp, o), predicts color ¢, and density oy
of spatial points from all poses in P, using a prior distribu-
tion (§ ~ Po(6)).

Dynamic Foreground Representation: The dynamic
foreground module ®; captures temporal variation us-
ing a three-frame sliding window. It integrates spa-
tial coordinates, viewing directions, and the timestamp ¢:
(®¢(F(P:),t) = (cg,05)). Temporal consistency is main-
tained by encoding time ¢ directly and using optical flow to
estimate scene flow, predicting future states of dynamic ob-
jects. Continuity constraints are applied to maintain smooth
attribute transitions across frames, expressed as: L.yt =
S llos(t+1) — o ()]

Primary View Reconstruction Loss: The system em-
ploys a reconstruction loss to optimize ®;, and ® by min-
imizing the discrepancies between the features C(r) from
rendered images and C(r) from the ground truth images,
defined as Locc = Ym0, cpIC(r) — C(r)||3. This



Figure 4. Pseudo ground truth generation demonstration. Novel view-
points (black cameras) are sampled around a dome centered on the fore-
ground object, with the primary view shown in red. Example renderings
and shape masks are shown for different viewing angles.

loss ensures the renderings from the primary views closely
match the ground truth frames, setting up a baseline for the
following novel view optimization.

Super-Resolution Loss: Inspired by SOTA super-
resolution methods [22, 23], we incorporate a super-
resolution loss (L) to enhance image quality. Rendered
patches from ExpanDyNeRF are processed by a pre-trained
super-resolution model, which preserves fine textures while
increasing resolution. The loss is computed by compar-
ing sampled patches from the predicted and corresponding
high-resolution reference. The formulation of Ly, is:

K R K
Lsr = Z HQk - QkHl + Z Z)\l ’
k=1 k=1 1

Flog(@i) = Flog (@) -

Here, Q. and Q, represent the super-resolution predic-
tion and reference patches, respectively, F! g is asetof lay-
ers in a pretrained VGG-19 feature extractor, and ); is the
reciprocal of the number of neurons in layer /, combining

reconstruction and perceptual losses.

3.2. Pseudo Ground Truth Optimization Strategy

Through empirical experiments, we observed that fore-
ground objects appear blurrier than the background during
viewpoint rotation. This is due to affine distortion, where
nearby objects exhibit greater apparent motion than distant
ones. To address this, we prioritize optimizing foreground
representations. Our method leverages FreeSplatter [25]
to generate high-quality 3D mesh priors, enabling pseudo-
ground truth supervision from novel viewpoints.

Pseudo Ground Truth Generation for Novel Views:
For each input frame [;, we construct a 3D Gaussian prior
representing the foreground object in its local coordinate
frame. Centered around this object, we define a dome-
shaped sampling space, with a radius R, as shown in Fig. 4.
The radius Ry represents the distance from the primary
viewpoint to the object. The position of P, on the dome is
denoted as (elevation = e, azimuth = 0, radius = Ry),
where e corresponds to the elevation angle of the primary
recording view.

Novel Viewpoint Sampling Strategy: We systematically
sample novel viewpoints by varying both azimuth and ele-
vation angles while maintaining the fixed radius R4. Specif-
ically, we generate viewpoints spanning azimuth angles
from —45° to 45° in 5° increments, at three elevation levels:
0°, 15°, and 30°. The forward vector of all camera poses
Pr(ﬁl,) points towards the dome center, ensuring consistent
object framing across viewpoints. From these novel camera
poses, we render pseudo ground truth images that encode
the expected density and color distributions of the fore-
ground object. The resulting renderings provide both RGB
color and corresponding shape masks at different viewing
angles, creating comprehensive supervision that would be
impossible to obtain from real monocular capture.
Mapping Novel Views to the NeRF Coordinate System:
To apply pseudo ground-truth supervision at novel view-
points, we transform the sampled camera poses from the
Gaussian prior coordinate system to the NeRF coordinate
system using a rigid alignment matrix. Let the primary
camera pose P, in the foreground NeRF coordinate sys-
tem be Pt(n), and its corresponding pose in Gaussian prior
coordinate system be Pt(d). The transformation matrix 7'
that aligns the two coordinate systems is computed as:
T = Pt(n) . (Pt(d))_l. We apply this transformation, 7', to
each novel view camera pose, P,(L'f)), sampled in the Gaus-
sian prior coordinate system, to transfer all new camera po-
sitions to the foreground NeRF coordinate system:P,,, =
{(P-T,vP e P\¥}.

Novel View Loss: During each training iteration, two sym-
metric novel views are randomly sampled per frame from
P,,,. For each selected novel viewpoint, a set of rays R,
is sampled from the camera pose. Color and density predic-
tions in the foreground NeRF are obtained by evaluating the
network @ ; on sampled ray (F(P,), t), producing outputs
(cf,of). Specifically, F(P,,) — (x,d) samples points
along a ray r,, € R,,. We then integrate the predicted
color and density values along each ray r,,, to produce the
corresponding pixel-wise predictions CA'f (rnw) and 6 7 (7).
The corresponding novel view loss is defined as:

E’ﬂv = ‘C'(r;v + EZ’U
Z <||é(rm,) - C(Tnv)Hg + H&(Tmz) - U(rnv)Hg)'

r€Rny

where C(ry,) and o(r,,) denote the pseudo ground
truth color and density values for ray r,,,, respectively. This
loss encourages the model to match the rendered appear-
ance and structure of the pseudo-supervised novel views,
improving generalization to unseen angles. A further ex-
planation and visualization of ray sampling strategies are
detailed in Fig. 8 in the supplementary. To manage the risk
of exploding gradients early in training, we defer inclusion
of L£,,, until after a fixed number of epochs. The final total



loss function is given by:
L= Econt + ‘C'rec + Esr + an-

3.3. Synthetic Dynamic Multiview
Dataset

(SynDM)

To enable quantitative evaluation of novel view synthe-
sis under significant viewpoint deviations, we introduce
our SynDM dataset, built using the high-fidelity simulation
platform GTA V. The game offers rich dynamic environ-
ments and realistic rendering, making it an ideal founda-
tion. However, a core limitation of GTA V is its support for
only a single active viewport, which posing a challenge for
synchronized multi-view dynamic scene capture. We ex-
tend the GTAV-TeFS [14] framework—originally developed
for dual-camera capture —into a generalized multi-camera
pipeline to simultaneously support both monocular primary
camera capture and multi-view stereo camera collection in
GTA V’s dynamic environment. Traditionally, collecting
data from multiple camera views in a single-viewport en-
gine requires frame swapping, where each camera is ren-
dered sequentially. Under a 60 Hz refresh rate, this results
in a latency of at least 16.7 ms per camera swap. While
acceptable for static scenes, this approach quickly breaks
down in dynamic settings and as we add cameras, as the
accumulated latency introduces motion misalignment and
temporal artifacts. To address this we developed a custom
plugin that semi-freezes the game’s graphical state while
allowing the rendering and physics engine to continue run-
ning. This design enables us to cycle through camera views
in a controlled and consistent manner during a single logical
frame. With precise scheduling, we reduced the per-swap
latency from 16.7ms to just 0.2ms, making high-resolution,
low-latency multi-view capture of dynamic scenes possible.

Our dataset enables synthetic object tracking via syn-
chronized multi-view recordings, offering a robust ground
truth for evaluating dynamic NeRF-based novel view syn-
thesis. It consists of nine distinct scenes spanning three
categories—humans, vehicles, and animals (Fig. 5). Each
scene is captured using 22 cameras: 19 are distributed hori-
zontally around a reference point at 5° intervals from —45°
to 45°, including a central anchor camera, while the remain-
ing three are elevated vertically at —45°, 0°, and 45°. All
frames are rendered at a resolution of 1920x1080 with a 90°
horizontal and 59° vertical field of view.

Necessity and Advantage of Proposed SynDM
Dataset As shown in Table 1, existing datasets lack crit-
ical features for evaluating dynamic novel view synthe-
sis under large viewpoint deviations. Most importantly,
no real-world dataset provides deviated view ground truth,
severely limiting quantitative assessment beyond primary
viewpoints. Our SynDM dataset uniquely combines all es-
sential features, including multi-view data, deviated GT,
full-scene representation, and camera motion, enabling

Table 1. Comparison of dynamic 3D reconstruction datasets.
Columns: Multi-view (MV), Deviated View Ground Truth (De-
viated View GT), Unconstrained Scene (Unconst. Scene), Camera
Motion (Cam. Motion), and Background (Bkg.). SynDM is the
only dataset supporting all five attributes.

Dataset | MV | Deviated View GT | Unconst. Scene | Cam. Motion | Bkg.

DAVIS [18]
iPhone [2]
NeRFDS [33]
NVIDIA [35]
HyperNeRF [17]
DyNeRF [11]
ActorsHQ [8]
Multi-face [29]

SynDM (Ours) | /|
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Figure 5. Gallery of images from our SynDM dataset, showcasing a
variety of subjects. Animals are featured in the top row, humans in the
middle row, and vehicles in the bottom row.

comprehensive evaluations previously impossible with ex-
isting datasets alone.

4. Experimental Results

We present a comprehensive evaluation of ExpanDyNeRF
against state-of-the-art dynamic novel view synthesis meth-
ods. Our evaluation strategy progresses from controlled
synthetic environments to challenging real-world scenarios,
demonstrating robustness across diverse settings. More re-
sults can be find in our Supplementary Material.

4.1. Experimental Setup

Datasets. We evaluate ExpanDyNeRF on three datasets
with complementary characteristics. Our SynDM Dataset
provides complete ground truth for quantitative analysis
across three scene categories (human, animals, vehicles)
spanning rural and urban environments within GTA V sim-
ulation. For training, we use the first 24 frames from
each scene and evaluate on 12 novel views, uniformly sam-
pled between —30° to +30° at 5° intervals. The DyNeRF
Dataset [11] offers real-world dynamic scenes with multi-
view ground truth, enabling quantitative evaluation under
challenging viewing conditions. The NVIDIA Dataset [35]
provides real-world monocular sequences for generaliza-
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Figure 6. Comparison of dynamic NeRF models on SynDM dataset. Each column shows a method’s performance across different rotation angles, with
ground truth in blue. Red boxes highlight key differences, showing ExpanDyNeRF’s superior color and shape fidelity.

Table 2. Quantitative results on SynDM; best scores are bolded, second-best scores are in blue.

Method Human Animal Vehicle Average

FID] PSNRtT LPIPS| | FID] PSNRT LPIPS] | FID| PSNRT LPIPS] | FID|{ PSNRT LPIPS|
D3DGS [34] 87.83  16.97 0.305 | 3153 18.55 0272 | 267.8 14.70 0.543 | 223.6 16.74 0.373
RoDynRF [13] 1673  19.66 0.318 | 262.0 21.00 0.302 | 2853 1631 0.395 | 238.2 18.99 0.338
DecNeRF [36] 178.5 17.46 0441 | 2873 15.11 0.545 | 2113 1476 0.562 | 2257 15.78 0.516
DetRF [39] 200.0 21.27 0.408 | 290.6 22.69 0.378 | 2264 17.07 0.521 | 239.0 20.34 0.436
ExpanDyNeRF (Ours) | 85.61 21.71 0.182 | 155.8 23.66 0.142 | 186.7 17.21 0.341 | 142.7 20.86 0.209

tion assessment, though without deviated viewpoint ground
truth (see Table 1 for detailed comparison).

Implementation Details. Implementation Details. Ex-
panDyNeRF is trained with per-scene optimization on 2
A100 GPUs for 300k iterations (approximately 15 hours per
scene). The training cost is primarily dominated by NeRF
optimization with pseudo-novel view supervision, while
Gaussian prior generation is performed once per frame as
a preprocessing step and incurs marginal overhead. Con-
sistent with prior dynamic NeRF approaches, our method
prioritizes rendering fidelity under large viewpoint devia-
tions over training efficiency. Loss coefficients are set to:
A9, =1.0,A7, =0.1,and Ay, = 0.5. All other parameters
follow [38].

PSNR Limitation Analysis. Our experiments reveal im-
portant limitations of PSNR in evaluating perceptual qual-
ity. Despite ExpanDyNeRF producing sharper, more de-
tailed reconstructions, PSNR scores may paradoxically be
lower due to localized high-density errors highlighted in
pixel-wise error heatmaps. In contrast, baseline methods
with blurry results yield smoother transitions, leading to
lower MSE despite poorer visual quality. This occurs be-
cause blurry regions (e.g., object boundaries, fine textures)
blend into backgrounds, minimizing MSE contributions
(shown in Fig. 9 in the supplementary). This phenomenon
demonstrates why complementary perceptual metrics like
LPIPS and FID are essential for comprehensive quality as-
sessment, particularly when evaluating sharpness and clar-

ity improvements.

4.2. Evaluation on SynDM Dataset

The SynDM dataset enables comprehensive quantitative
evaluation with complete ground truth across diverse dy-
namic scenes. We compare ExpanDyNeRF against four
state-of-the-art methods using PSNR, LPIPS, and FID met-
rics (Table 2).

Quantitative Results. ExpanDyNeRF achieves the
highest PSNR score of 20.86 while producing the sharpest
renderings.  Although DetRF also reports competitive
PSNR despite producing heavily blurred images, this un-
derscores the importance of complementary perceptual met-
rics. Our model significantly outperforms competing meth-
ods in both LPIPS (38% lower than second-best) and FID
(36% lower than second-best), demonstrating superior per-
ceptual alignment and distributional consistency.

Qualitative Analysis. Fig. 6 illustrates ExpanDyN-
eRF’s superior shape coherence and color stability in dy-
namic regions. Each baseline method exhibits distinct fail-
ure patterns: DecNeRF renders sharp details but suffers
from poor depth perception, resulting in flat, cardboard-
like appearances that fail to maintain 3D structure consis-
tency. D3DGS introduces depth inconsistencies causing
foreground objects to fracture under rotation, particularly
evident after 30° viewpoint changes where object parts ap-
pear disconnected. RoDynRF struggles with consistent ob-
ject placement, often producing floating artifacts or mis-



Table 3. Quantitative results on DyNeRF dataset. We show Cof-
fee and Beef scenes which represent the two primary scenarios in
this dataset as shown in the first and second scenes of DyNeRF in
Fig. 1. Best scores are bolded, second-best scores are in blue.

Method Coffee Beef

FID| PSNRT LPIPS| | FID] PSNR{T LPIPS]
D3DGS [34] 178.5 2845 0227 |172.8 32.78 0.268
RoDynRF [13] 156.3 29.13 0268 |148.2 3345 0.252
DecNeRF [36] 152.8 2887 0304 |1554 33.12 0.285
DetRF [39] 1652 29.52 0275 |151.3 3399 0.259
ExpanDyNeRF (Ours) \ 1324 3032 0.189 \ 1358 3492 0.195

Table 4. Quantitative comparison on NVIDIA dynamic scenes.
‘We show Skate and Truck scenes which correspond to the first and
second scenes of NVIDIA dataset in Fig. 1. Best is bold; second-

best is blue.

Method Skate Truck

FID] PSNRT LPIPS| | FID] PSNRT LPIPS]
D3DGS [34] 142.8 2567 0258 | 957 2639 0.239
RoDynRF [13] 103.5 27.89 0.087 | 784 29.13  0.063
DecNeRF [36] 1129 2683 0.134 | 85.6 2756 0.115
DetRF [39] 84.34 2945 0.072 |67.69 31.75 0.041
ExpanDyNeRF (0urs)\90.83 2891  0.079 \69.37 30.60 0.034

aligned body parts. These failure modes stem from insuf-
ficient side-view supervision during training. Further visu-
alizations of results are provided in Fig. 10 and 11 in the
supplementary.

4.3. Evaluation on DyNeRF Dataset

The DyNeRF dataset provides real-world dynamic scenes
with multi-view ground truth, but presents challenges for
monocular training due to its stationary camera setup. Un-
like our SynDM dataset, which provides natural camera
motion, DyNeRF’s fixed camera positions prevent direct
COLMAP reconstruction from monocular sequences. To
address this limitation, we construct synthetic monocular
sequences by selecting frames from central cameras (cam0,
cam4, cam5, cam6) across different timestamps, creating
the necessary camera motion for COLMAP initialization.
We then adopt a holdout validation strategy, using these
central cameras for training while reserving the geometri-
cally challenging outer cameras (camO1 and cam10) as test
views. These cameras are specifically selected as the most
deviated viewpoints from the training set’s central viewing
positions.

Quantitative Results. Table 3 shows our method’s con-
sistent superiority across all baseline methods on represen-
tative DyNeRF scenes. ExpanDyNeRF achieves the best
performance across all metrics in both scenes. Our method
demonstrates particularly strong performance on the Coffee
(FID: 132.4, PSNR: 30.32, LPIPS: 0.189) and Beef (FID:
135.8, PSNR: 34.92, LPIPS: 0.195) sequences, with con-
sistent improvements across all three evaluation metrics in

both representative scenarios.

Qualitative Analysis. As shown in Fig. 1, our method
maintains superior performance on DyNeRF scenes. Lead-
ing dynamic NeRF and Gaussian splatting methods, includ-
ing DetRF, RoDynRF, DecNeRF, and D3DGS, all suffer
from artifacts and depth errors at viewpoints distant from
the training pose, whereas ExpanDyNeRF maintains accu-
rate shape and color consistency. The improvements are
especially significant for challenging viewpoints that de-
mand accurate geometric reasoning due to their large dis-
placement from the training views, confirming that our
pseudo-ground-truth supervision strategy successfully ad-
dresses fundamental geometric consistency challenges in
dynamic 4D scene reconstruction.

4.4. Generalization to NVIDIA Dataset

The NVIDIA dataset contains real-world monocular se-
quences captured by stationary cameras and serves to evalu-
ate generalization under practical capture conditions. How-
ever, it is not well suited for assessing large viewpoint de-
viations: its 12 cameras form a compact frontal array with
limited angular separation, providing no ground-truth su-
pervision for challenging side views. As a result, unlike
DyNeRF and SynDM, quantitative evaluation on NVIDIA
is restricted to modest viewpoint changes. Performance on
this dataset should therefore be viewed as a complementary
indicator of real-world robustness rather than a definitive
benchmark for large-angle novel view synthesis.

Quantitative Analysis. Table 4 reports competitive
results on representative NVIDIA scenes. Although our
method does not achieve the highest scores, this is largely
attributable to the dataset bias toward primary viewpoints,
as the same 12 stationary front-facing cameras are used for
both training and testing. ExpanDyNeRF performs strongly
on Skate (FID: 90.83, PSNR: 28.91, LPIPS: 0.079) and
Truck (FID: 69.37, PSNR: 30.60, LPIPS: 0.034), consis-
tently ranking second-best. DetRF attains superior perfor-
mance on these scenes due to its emphasis on depth estima-
tion from forward-facing views, whereas our more balanced
performance across viewpoints indicates improved stabil-
ity beyond the primary training poses. This trade-off aligns
with our design goal of robustness over dataset-specific op-
timization.

Qualitative Results. Fig. 1 highlights failure cases
of existing methods under camera rotation. We compare
against DetRF [39], RoDynRF [19], DecNeRF [36], and
D3DGS [34]. All baselines exhibit artifacts or depth errors
at viewpoints far from training poses. RoDynRF often pre-
serves local grounding, such as foot placement, but suffers
from global misalignment, with upper bodies appearing an-
chored to background structures in the skate scene. DecN-
eRF produces cardboard-like foregrounds or complete ob-
ject disappearance in side views due to insufficient depth
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: . B -

LS, only

Lg, only

Figure 7. The images above, rendered from a view rotated by -30 degrees, illustrate the impact of different loss functions on the quality of novel view
synthesis. The best performance is achieved when all loss functions (L§,,, 4+ L¢,,, + Ls) are applied simultaneously, highlighting the complementary role
each loss plays in enhancing rendering quality and achieving a closer match to the ground truth.

Table 5. Quantitative Evaluation of optimization strategies on the SynDM Dataset. Baseline is without any optimization, L;,,, only uses
density optimization, Ly,,, only applies color optimization, and L, + L%, is trained with both. L¢, + L, + L. includes all modules

including super resolution.

Method Human Animal Vehicle Average
FID|/ PSNRT LPIPS| | FID] PSNRT LPIPS| | FID] PSNRT LPIPS| | FID|/ PSNRT LPIPS)
Baseline 200.0 21.27 0.408 290.6 22.69 0.378 226.4 17.07 0.521 239.0 20.34 0.436
Lg, 158.2 21.56 0.399 237.8 23.57 0.374 186.7 16.69 0.524 194.2 20.61 0.432
LS, 147.5 20.10 0.395 162.8 19.88 0.442 210.9 16.17 0.525 173.7 18.72 0.454
Ly 147.8 20.85 0.212 194.6 21.30 0.183 176.6 16.62 0.331 173.0 19.59 0.242
LS, + LS, 146.2 21.66 0.395 207.9 23.69 0.339 198.8 17.14 0.537 184.3 20.83 0.424
L?,+ LS, + Lsr | 85.61 21.71 0.182 155.8 23.66 0.142 144.9 17.21 0.304 142.7 20.86 0.209

estimation under oblique angles. D3DGS shows spatial
fragmentation caused by the lack of side-view supervision.
In contrast, ExpanDyNeRF maintains consistent shape and
color across rotation angles, effectively mitigating frac-
tured reconstructions and temporal instability. Additional
NVIDIA results are provided in Figs. 12 and 13 in the sup-
plementary material.

4.5. Ablation Study

We conduct a comprehensive ablation study to validate the
contribution of each component in our optimization strat-
egy. The analysis examines the effects of our novel view
losses and super-resolution enhancement.

Component Analysis. Fig. 7 illustrates the effects of
different loss combinations on novel view synthesis. With-
out novel view supervision, the baseline produces blurred
renderings with poorly defined shapes, highlighting the im-
portance of side-view guidance. Applying only the color-
based novel view loss L, alleviates blurring but intro-
duces white artifacts due to missing density-based shape
constraints. In contrast, using only LJ  preserves object
geometry but leads to faded or distorted colors. Combin-
ing L¢, and L¢, yields clear improvements in structural
integrity and temporal stability, though fine textures remain
limited. The super-resolution loss L, effectively enhances
texture sharpness but relies on the geometric consistency
provided by novel view losses. When used alone, L, intro-
duces artifacts and inconsistencies, indicating that geomet-
ric supervision must precede texture refinement. Notably,
L, improves perceptual quality without adding geometric

constraints and may amplify existing structural errors in the
absence of LY, and L7 .

Quantitative Validation. Table 5 confirms these visual
observations across all metrics. The best performance is
achieved when integrating L7, , L, , and super-resolution
loss Lg,. Notably, using L, in isolation fails to produce ac-
ceptable renderings, underscoring the essential role of novel
view supervision in mitigating artifacts during viewpoint ro-
tations. The full combination achieves optimal perceptual
quality, confirming our optimization strategy’s effectiveness
in reducing visual artifacts and enhancing overall realism.

5. Discussion and Conclusion

Limitations. Despite outperforming existing models, Ex-
panDyNeRF has limitations, particularly in handling ex-
treme viewing angles (beyond 45 degrees) and unseen back-
ground generation. Also, ExpanDyNeRF requires per-scene
optimization, resulting in higher computational cost com-
pared to feed-forward or purely Gaussian-based methods.

Conclusion. ExpanDyNeRF advances dynamic NeRF
by significantly improving novel view synthesis, partic-
ularly at wider viewing angles, by extending the range
of stable visualization. Our SynDM dataset, based on
GTA V for dynamic multiview scenarios, provides a
strong foundation for evaluating dynamic scene recon-
structions from varied angles. Our evaluations demon-
strate ExpanDyNeRF’s superior ability to render dynamic
scenes.
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Broadening View Synthesis of Dynamic Scenes
from Constrained Monocular Videos

Supplementary Material

Overview of Supplementary Materials This supple-
mentary document provides extended experimental results,
ablations, and visual comparisons that complement the
main paper. In particular, we include detailed ablation
studies on our ray sampling and padding strategies (Fig. 8)
and error heatmaps illustrating the limitations of standard
metrics such as PSNR and MSE (Fig. 9). Furthermore,
we include additional novel view synthesis visualizations
across both the SynDM and NVIDIA datasets in Figs.
10-13. These results further validate the effectiveness of
ExpanDyNeRF in capturing sharper, more consistent scene
details across diverse scenarios. For an interactive overview
with richer visualizations, readers are encouraged to view
the accompanying IO page, which showcases additional
qualitative examples and video results.

Ray Sampling Strategies We compared various ray
sampling strategies for novel view density and color
optimization in Equation 3.2. Examples are shown in
Fig. 8. Global sampling over the whole frame yields results
in Panel (e) similar to the base output in Panel (a), due
to the small proportion of dynamic segments in the frame,
causing generalized and ineffective updates. Alternate
strategies sample within the foreground object’s area shown
white in Panel (c), which may overlook updates outside this
zone. Panel (f) demonstrates that sampling from various
viewpoints for dynamic density updates can unintentionally
extend beyond the intended mask, causing non-dynamic
areas to obscure the background. Panel (g) shows the
third strategy where the GaussianBlur [5] expands the
foreground boundary, creating a zero gray-scale edge.
Sampling within this blurred mask improves results, yet
areas adjacent to the person still see undue dynamic density
updates beyond the motion mask. Our final strategies
focused on ray sampling within the padded area of the
mask’s bounding box (bounding boxes in Panel (c)), which
outperforms the other strategies. Experimentation showed
that while larger padding, like 10 pixels in Panel (h),
achieves comparable foreground optimization to smaller
padding, such as 2 pixels in Panel (d), it adversely affects
background clarity.



Figure 8. This figure presents an ablation study on our ray sampling strategy. Panel () displays the base model’s output without optimization for
color and density. Panel (b) depicts the pseudo-ground-truth of novel views from the created 3D mesh. Panel (c) illustrates the density mask derived
from pseudo ground truth, where the yellow and blue boxes represent the bounding box with 2-pixel padding, and 10-pixel padding, respectively. Panel
(e) shows predictions from global ray sampling on the mask, while panel (f) shows predictions from ray sampling within the foreground object area
only. Panel (g) demonstrates the GaussianBlur strategy’s prediction. Panels (d) and (h) showcase predictions with 2-pixel and 10-pixel padding,
respectively. The comparison between panels (d) and (h) reveals that employing 2-pixel padding leads to enhanced quality in reconstructing novel
view details with minimum background distortion.

Baseline ExpanDyNeRF Baseline ExpanDyNeRF
GT PSNR: 20.43 PSNR: 20.20 GT PSNR: 21.77 PSNR: 20.67 Pixel-wise
MSE: 588.95 MSE: 620.98 MSE: 432.59 MSE: 557.29 Square Error

40000

30000

20000

10000

Figure 9. Comparison of visual and quantitative results between the baseline and ExpanDyNeRF models, evaluated using PSNR and MSE metrics. The
“GT” column represents the ground truth images. The red and green boxes highlight critical regions of interest for analysis. The red box demonstrates areas
with sharp and detailed reconstruction by ExpanDyNeRF, whereas the baseline exhibits significant blur. Despite ExpanDyNeRF producing clearer outputs,
PSNR scores are lower due to localized high-density errors (highlighted in the pixel-wise error heatmap). In contrast, the baseline’s blurry results yield
smoother transitions, leading to lower MSE despite poorer visual quality. The green box further illustrates how blurry regions (e.g., human pants or chicken
body) blend into the background, minimizing MSE contributions. This demonstrates the limitation of PSNR in capturing perceptual quality, particularly
when evaluating sharpness and clarity.
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Figure 10. This figure presents comparison on the novel view synthesis performance of leading dynamic NeRF models and our ExpanDyNeRF training
on the animal data from our SynDM dataset.
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Figure 11. This figure presents comparison on the novel view synthesis performance of leading dynamic NeRF models and our ExpanDyNeRF training
on the human data from our SynDM dataset.
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Figure 12. This figure presents comparison on the novel view synthesis performance of leading dynamic NeRF models and our ExpanDyNeRF training
on the truck data from the NVIDIA dataset.
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Figure 13. This figure presents comparison on the novel view synthesis performance of leading dynamic NeRF models and our ExpanDyNeRF training
on the skating data from the NVIDIA dataset.
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