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Figure 1. Our method enables efficient rendering of high-quality, consistent 3D videos by addressing the challenges of view synthesis in both
spatial and temporal dimensions. In multi-camera setups, novel-view synthesis must manage continuous changes across view and time to
ensure smooth visualization. Existing methods process frames independently and often introduce flickering artifacts. We propose using
aggregated depth as geometric guidance to a blending network to maintain consistent color and detail across frames. This results in view and
temporally consistent 3D videos, achieving state-of-the-art quality while providing improved processing speed over prior methods.

Abstract

We introduce a novel geometry-guided online video view syn-
thesis method with enhanced view and temporal consistency.
Traditional approaches achieve high-quality synthesis from
dense multi-view camera setups but require significant com-
putational resources. In contrast, selective-input methods
reduce this cost but often compromise quality, leading to
multi-view and temporal inconsistencies such as flickering
artifacts. Our method addresses this challenge to deliver
efficient, high-quality novel-view synthesis with view and
temporal consistency. The key innovation of our approach
lies in using global geometry to guide an image-based ren-
dering pipeline. To accomplish this, we progressively re-
fine depth maps using color difference masks across time.
These depth maps are then accumulated through truncated
signed distance fields in the synthesized view’s image space.
This depth representation is view and temporally consistent,
and is used to guide a pre-trained blending network that
fuses multiple forward-rendered input-view images. Thus,
the network is encouraged to output geometrically consis-
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tent synthesis results across multiple views and time. Our
approach achieves consistent, high-quality video synthesis,
while running efficiently in an online manner.

1. Introduction
Recent strides in immersive 3D video are poised to revolu-
tionize the way we experience education, video conferencing
[30, 63], and entertainment [26, 39, 75] with virtual reality
(VR), augmented reality (AR), and 3D videography [18, 66]
becoming increasingly accessible and affordable. As these
technologies continue to evolve, we can expect a future
where immersive video content seamlessly integrates into
our daily lives, transforming the way we learn, entertain, and
connect with each other.

Generating accurate scene-scale reconstructions for im-
mersive 3D video introduces unique challenges due to
complex occlusions, large depth ranges, and diverse ob-
ject appearances. While systems using large camera arrays
have demonstrated high-quality novel-view synthesis results
[68, 69], processing all inputs of a dense camera rig simulta-
neously imposes substantial computational costs. This makes
them impractical for real-time applications which require ef-
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ficient processing of streaming input. This inherent trade-off
between computational complexity, and camera density has
spurred recent efforts to achieve high-quality view-synthesis
results using sparser, more practical capture systems.

Among these, one line of work uses a fixed set of very
sparsely distributed cameras [14, 15, 30, 63]. These meth-
ods often rely on depth from additional sensors to overcome
Nyquist sampling limits [7, 45], and provide a basic geomet-
ric framework to support appearance optimization. While
such a global geometry approach ensures consistent recon-
struction across views and time, it fails to represent fine detail
and complex appearance changes in a scene. Furthermore,
the low resolution of depth sensors limits the achievable
quality of these methods in scene-scale settings, restricting
them exclusively to the reconstruction of human subjects.

Therefore, a second line of work selects a subset of opti-
mal views from a relatively larger camera array to achieve
broader scene coverage, and reconstruct more complex ap-
pearance details using an image-based rendering approach
[38, 45, 82]. Further, these methods can use correspondence-
based techniques to estimate high-resolution depth (explic-
itly, or implicitly), and overcome the Nyquist sampling limits
for view synthesis required by traditional image-based ren-
dering [68, 69]. Thus, recent work uses neural volumes [38],
neural points [6], learned image-based rendering [65], and
3D Gaussian splats [82] to reconstruct diverse objects’ ap-
pearance. However, these methods introduce new challenges
including shifts in appearance with viewpoint, and tempo-
ral inconsistencies due to lack of continuity across frames.
This makes it difficult to achieve smooth reconstructions for
immersive 3D video in online systems.

In this paper, we present a novel geometry-guided 3D
video synthesis method that seeks to overcome these limi-
tations by combining global geometry with an image-based
rendering approach for high-quality, view and temporally
consistent synthesis in dynamic scenes.

The main contribution of our method is a geometry-
guided 2D image blending workflow that suppresses incon-
sistencies across forward-rendered images. Our approach
aggregates high-resolution depth maps into a globally coher-
ent geometric structure via a truncated signed distance field
(TSDF) in the synthesized view’s image space. This is used
to support stable synthesis across viewpoints and time by
guiding a pre-trained image-based blending network. This
process ensures view-consistent and temporally coherent
synthesis across diverse scene conditions, as demonstrated
by results on both indoor and outdoor multi-view datasets.

2. Related Work

Voxel-based View Synthesis. Real-time RGB-D 3D scan-
ning methods [13, 22, 28, 32, 48, 50] utilize the truncated
signed distance field (TSDF) [11] to integrate geometry and
color information. These methods suppress noisy depth in-

formation but fail to handle dynamic scenes. To address this,
4D scanning methods [14, 15, 19, 21, 25, 49, 58] estimate
the motion of objects and integrate information into a canon-
ical TSDF space. However, they need to trade off between
the resolution of expensive 3D voxel grids and computa-
tional complexity. Recently, Lawrence et al. [30] proposed
an image-based TSDF that does not require an explicit 3D
voxel grid to generate novel views, but the reconstructions
are primarily focused on humans and not general dynamic
scenes. The above methods have limitations, including the
need for additional depth sensors, and simple appearance
models, such as diffuse or specular BRDFs. Our algorithm
overcomes these limitations by leveraging image-based ren-
dering, enabling high-quality reconstruction of entire indoor
environments with diverse moving objects.

Neural-based View Synthesis. Image-based rendering
[23, 24, 52] and neural-based multiplane images (MPIs)
[16, 35, 45, 60, 70, 80, 83] have been widely used for novel-
view synthesis in static scenes, with recent applications ex-
tending to dynamic scenes [40]. However, these methods re-
quire significant computation time to build explicit geometry
or MPIs. Volume-based neural rendering algorithms can han-
dle more free-viewpoint rendering in 3D [3, 4, 46, 47, 64, 74]
and further in 4D [2, 5, 17, 34, 39, 75], but they remain un-
suitable for online use due to the high computational cost
of per-scene training. Various methods have been developed
to handle generalized scene representations based on volu-
metric [73, 77], depth-based [6] or image-based rendering
[65]. However, these methods fall short in handling dynamic
scenes. Lin et al. [38] employ a generalized 3D CNN model
to reconstruct dynamic scenes, while Xiao et al. [72] address
novel-view synthesis in specific VR hardware. However,
these approaches do not explicitly address temporal and view
inconsistencies. Our algorithm does not require per-scene
optimization and ensures globally and temporally consis-
tent results across time and views by leveraging a global
geometry representation.

Point-based View Synthesis. To represent diverse scene
appearance, neural features [1, 54, 56] are sometimes
combined with 3D points. Recently, 3D Gaussians [27]
have enabled real-time rendering for novel-view synthe-
sis. This approach has been extended to reconstruct dy-
namic environments by considering the temporal domain
[31, 33, 36, 37, 44, 61, 71, 76]. However, these methods
require expensive per-scene optimization. In contrast, feed-
forward models [8–10, 29, 62, 79, 84] have been proposed
to enable novel-view synthesis in sparse static scenes. Feed-
forward Gaussian models have also been extended to recon-
struct dynamic humans [63, 82]. Recently, Guo et al. [20]
proposed a depth-based free-viewpoint system for dynamic
indoor scenes. However, all these methods fail to explicitly
account for noisy input depth maps, which results in tem-
poral and view inconsistencies. Our approach can handle
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Figure 2. Pipeline overview. Given multi-view RGB-D videos, our method forward-renders a subset of views into the target camera using
3D Gaussian splatting (Section 3.1). The per-view depth maps are fused using a truncated signed distance field (TSDF) that is regularized to
be view and temporally consistent (Section 3.2). This geometric guidance enables a CNN to blend the forward-rendered images and inpaint
disoccluded regions, to produce consistent novel view results (Section 3.3).

objects with diverse appearance while maintaining consis-
tency across view and time domains by incorporating global
geometry information in 2D image-based rendering.

3. Method
At a high level, our method uses depth to forward-render
a subset of input images into the novel camera, and then
blends these renderings to generate the novel view result.
This process is repeated for each frame of a multi-camera
video sequence. The individual components of our pipeline
are chosen to ensure view and temporal consistency, efficient
computation and state-of-the-art reconstruction quality.

Specifically, we use pixel-sized 3D Gaussians [27] to
render the input images into the target view (Section 3.1).
This allows us to handle occlusions, and avoids the aliasing
artifacts of conventional point-splatting. Simultaneously, we
use an image-based truncated signed distance field (TSDF)
[30] to estimate a depth map for the target view using the
input-view depths (Section 3.2). This TSDF depth is used
to guide a blending network that generates a fused novel
view from the forward-rendered images, including inpainted
disoccluded regions (Section 3.3). Using a global geometric
structure like a TSDF to guide the blending network ensures
the fused output remains view-consistent at any single time
frame. To further ensure temporal consistency as well, we
fuse the depth of static regions from previous time frames
into the current frame’s TSDF. Thus, our insight is to use
the TSDF as a view-temporal filter between the inconsistent
input depths and the synthesized novel views.

An overview of our pipeline is provided in Figure 2. At
each time step t, the input to our method is a set of H×W
multi-view RGB images {Itn, n=1, ..., N} from N cameras.
The pose of each camera remains fixed across time, and we
compute it once using COLMAP [57]. Since the camera
configuration is known beforehand, we use a stereo algo-
rithm [41] to estimate depth maps {Dt

n, n=1, ..., N} for

the input views. This also allows us to evaluate our method
on existing multi-view datasets. However, it is also possible
to use RGB-D cameras for input [51]. The output of our
method is an RGB image It at the target novel view.

3.1. Forward Warping with 3D Gaussians

We render a subset {Itk, k ∈ (1, ..., N)} of the K closest
input views into the novel camera using pixel-wise 3D Gaus-
sians. Specifically, for each pixel of an input Itk, we use the
depth map Dt

k and pose to determine the 3D position of an
isotropic, fully-opaque Gaussian. The RGB color of each
Gaussian is set to the underlying pixel value, and its scale
is computed such that its projection in the source image Itk
covers a single pixel. This step produces a set of forward-
rendered images {It

k} along with accumulated opacity of
the Gaussians {αt

k}, and depths {Dt
k} in the novel view.

Our approach differs from previous methods that use feed-
forward networks to predict per-pixel Gaussian parameters
[63, 79, 82]. We observed that the scale, opacity and rotation
parameters predicted by these networks for Gaussians on a
dense H×W pixel grid converge to near-constant values, and
the predicted RGB color matches the input image. Therefore,
it is more efficient to compute these parameters analytically
than with a neural network. With the 3D position of each
Gaussian coming from the depth map, our approach achieves
high-quality rendering results that match the feed-forward
models in most regions. Compared to conventional point
splatting [1], our approach shows fewer aliasing artifacts
like gaps between pixels and jagged edges. Nonetheless,
disocclusions and errors in the depth maps {Dt

k} lead to
holes and flying pixels in the forward-rendered images {It

k}.
Rendering the Gaussians from all {Itk} in a single pass, as
Zhang et al. [79] do, fails to address these artifacts and, in
fact, further deteriorates edge quality due to Z-fighting (see
Figure 4). Instead, we blend the separate images {It

k} guided
by the novel view’s depth.
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Figure 3. View-temporal consistency in TSDF depth. The global
TSDF provides view consistency. Temporal consistency is encour-
aged by filtering the input depth at consecutive frames using color
difference masks for dynamic regions. Additionally, these masks
are used to integrate the rendered depth from the previous frame
into the TSDF, ensuring consistency across view and time.

3.2. Multi-view Temporally Consistent Depth
The depth Dt for the novel view at time t is rendered by
raymarching through a TSDF that fuses the depth of the K
closest input views. We use an image-based TSDF [30] that
integrates depth along each ray on the fly and, thus, avoids
creating an explicit 3D voxel grid. This allows it to efficiently
generate high-resolution depth maps. Fusing all input depths
into a global structure like a TSDF guarantees that, for a
given time t, the rendered depth remains view-consistent.

To encourage temporal consistency in the TSDF, we sup-
press depth variations across the static regions in each input
depth map Dt

n. Specifically, given the set of N input views
{Itn}, we exploit the fact that the camera poses remain fixed
across time to compute a soft difference mask between the
current and previous frame of each view via

M t
n=min

(
|Itn − It−1

n |
λt

+ β, 1

)
, (1)

where β=0.6 and λt =0.7 are empirical hyperparameters
that determine sensitivity to color changes. We compute the
difference masks at quarter resolution, apply a 3×3 max-
pooling filter, and then upscale them back to their original
size using bilinear interpolation. Given the difference masks,
we compute temporally filtered depths in each view using

Ḋt
n = M t

n ·Dt
n + (1−M t

n) · Ḋt−1
n . (2)

While the global nature of a TSDF guarantees that the
rendered depth maps remain view-consistent, in practice,
however, we only fuse the depth maps of the K closest in-
put views. Consequently, minor changes in the TSDF depth

Figure 4. (a) Rendering all input-view Gaussians into the target
camera in a single pass [82] creates flying pixels, and disocclusion
holes. (b) On the other hand, blending multiple forward-rendered
images using distance-based weights [45] leads to ghosting artifacts.
(c) A naive blending network is unable to fix the ghosting. (d) Our
method uses the target view’s geometry – rendered as a depth map
from a TSDF – to guide the blending network. This allows it to
correctly fuse unstable forward-rendered input views.

can still occur as the novel viewpoint – and, thus, the set of
K closest views – changes. Increasing K ameliorates these
residual inconsistencies, but at increased computational cost.
Instead, we propose to use the rendered output of the previ-
ous frame Dt−1 as an additional depth input to the TSDF at
frame t. To account for dynamic regions, we forward splat
the difference masks M t

n from Equation (1) into the novel
view, and use the maximum mask value across the views as
the TSDF blending weight for Dt−1.

Thus, the output depth map is obtained by integrating
temporally filtered input-view depths, and the depth output
of the previous frame in an image-based TSDF (Figure 3):

Dt = Raymarch( TSDF({Ḋt
k},Dt−1) ). (3)

This depth map, pushed to be consistent in space and time,
guides the blending of the forward-rendered views {It

k}. For
further details, please refer to our supplementary document.

3.3. Geometry-guided Blending Network
The final novel-view output of our method, It, is generated
by a weighted blending of the K forward-rendered images
{It

k}. We use per-pixel weights {wt
k ∈ RH×W }. In addition,

to deal with disoccluded regions in the novel view, we further
blend the result with a background image It

BG using blending
weights wt

BG ∈ RH×W . Thus,

It
FG =

K∑
k=1

It
k · αt

k · wt
k

αt
k · wt

k

and (4)

It = (1− wt
BG) · It

FG + wt
BG · It

BG. (5)

We use a neural network Θ(·) to predict the blending
weights {wt

k} and wt
BG, and the background image It

BG. The
prediction is guided by the consistent TSDF depth Dt. To
achieve this, we provide Dt, and the forward-rendered depth
maps {Dt

k} as inputs to the network Θ(·). To encourage the
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Table 1. Quantitative comparison of view and temporal consistency. We highlight the 50% best metrics in blue, proportional to their
percentile. Our method achieves the best metrics on DyNeRF and D3DMV, and partially on the ENeRF-Outdoor dataset. Please refer to the
qualitative results on view and temporal consistency in Figures 5 and 6, and to the supplementary material for video results.

DyNeRF [34] ENeRF-Outdoor [38] D3DMV [40]

Method TCC↑ STED↓ SDT↓ SDV↓ TCC↑ STED↓ SDT↓ SDV↓ TCC↑ STED↓ SDT↓ SDV↓

FWD [6] 0.814 2796 0.214 5.696 0.850 2205 0.271 2.560 0.873 1192 0.433 0.769
IBRNet [65] 0.834 737.7 0.208 7.233 0.885 65.76 0.193 2.003 0.901 341.4 0.115 2.340
GPSG [82] 0.771 693.0 0.298 2.254 0.812 299.7 0.259 2.159 0.870 637.4 1.233 1.830
ENeRF [38] 0.867 76.14 0.147 2.710 0.883 32.31 0.189 3.944 0.892 137.0 0.144 0.754
Ours 0.872 68.76 0.139 1.748 0.897 44.49 0.193 1.970 0.915 15.85 0.105 0.449

blending weights to reconstruct Dt, we use the loss

LDepth =
1

HWK

∥∥∥Dt −
K∑

k=1

Dt
k · αt

k · wt
k

αt
k · wt

k

∥∥∥
1
. (6)

We use this loss in conjunction with image reconstruction
losses, as described below. Thus, LDepth provides a soft reg-
ularization that encourages the network to predict the un-
known novel-view image using the known TSDF depth as
a target. Therefore, by ensuring the TSDF depth map Dt

remains view-temporally consistent, the reconstructed image
It is guided to be consistent, too.

The network Θ(·) is a four-layer U-Net [55]. The input
to the network consist of the forward-rendered images {It

k},
depth maps {Dt

k} and alpha maps {αt
k}, and the TSDF depth

Dt. Additionally, we provide camera orientation information
in the form of camera distances, and dot products between
the viewing angles and normals. Please refer to the supple-
ment for details about the network input and architecture.

The total training loss function is

L = 0.8·L1 + 0.2·LSSIM + 0.1·LDepth + 0.1·LMask, (7)

where L1 and LSSIM are the L1 and SSIM [67] losses on
the reconstructed image It, and LMask encourages the back-
ground weights wt

BG to be higher in disoccluded regions. It
is computed as the mean absolute difference between wt

BG,
and a binary mask of the empty regions in It.

4. Evaluation
We implement our blending network in PyTorch, and train on
an NVIDIA Tesla V100 GPU. We use the Adam optimizer
[43] (learning rate: 2×10−4, weight decay: 10−5) to train
the network for 150K iterations in batches of size 12 on
640×352 crops of ScanNet [12], Google Spaces [16], and a
training subset of the DyNeRF [34] dataset. We utilize Torch-
TensorRT [53] to speed up inference. For Google Spaces
and DyNeRF, which have fixed camera configurations, we
compute the depth for each view using RAFT-Stereo [41] on
manually selected image pairs. The ScanNet dataset provides

depth from a sensor. Each training iteration, the rendering
target, and K = 4 input views are randomly selected. Our
image-based TSDF is implemented in CUDA, and we use
the original 3D Gaussian splatting code [27] for forward
rendering input views.

4.1. Baselines

We compare our results to four baseline methods for online
view synthesis from multi-camera video: FWD [6], IBRNet
[65], ENeRF [38], and GPSG [82]. We evaluate IBRNet, and
ENeRF using the pretrained models provided by their au-
thors. The pretrained models for GPSG and FWD, however,
fail to generalize to our testing datasets. Therefore, for a fair
comparison, we retrain their networks with the same training
data and strategy as ours.

4.2. Testing Datasets

We evaluate all methods on three datasets: DyNeRF [34]
(1352×1014 after 2× downsampling), ENeRF-Outdoor
[38] (960×540, 2× downsampling), and D3DMV [40]
(640×360). All three datasets provide multi-view sequences
of dynamic actors in diverse static environments. We use the
same set of K closest views to test all methods. For testing,
we use the Sear Steak and Flame Steak scenes from DyNeRF.
We do not perform any fine-tuning on the test datasets. We
observed sequences in the ENeRF dataset have incorrect syn-
chronization, and inconsistent color calibration. To mitigate
the impact of these effects we compute all metrics at half the
rendered resolution (480×270) on this dataset.

4.3. Evaluation Metrics

We evaluate the quality of novel views using the standard
PSNR, SSIM [67], LPIPS [81], and L1 metrics. To evaluate
temporal consistency, we use the spatio-temporal entropic
difference (STED) [59], and a version of temporal change
consistency (TCC) [78], adapted to color images:

TCC =
1

T − 1

T−1∑
t=1

SSIM(|It − It+1|, |It − It+1|), (8)
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Figure 5. Qualitative comparison of view consistency. We compare view consistency using epipolar plane images (EPI). We generate the
EPI for each method by rendering novel views along a horizontally-translating camera path (the v dimension). For a fixed image row y
an EPI then represents a slice of the scene in the space-view dimensions x–v, allowing a subset of points to be visualized across views as
sloping lines. All baseline methods show sudden changes along EPI lines indicating view inconsistency. Our method generates smooth and
continuous EPI lines, showing that it maintains view consistency as the camera translates.

Figure 6. Qualitative comparison of temporal consistency. We compare temporal consistency using a slice of the scene in the space-time
dimensions x–t. This is generated by rendering novel views at a fixed viewpoint while time moves forward. The baseline methods either
suffer from noise in the temporal slices indicating temporal inconsistency (ENeRF, GPSG), or show blurred results due to low spatial
reconstruction quality (IBRNet). Our method maintains temporal consistency while preserving high frequency spatial details. Please refer to
the supplementary material for video results on all datasets.

where It,t+1 and It,t+1 are the rendered and ground truth
images respectively. Finally, following Long et al. [42], we
measure the standard deviation of the L1 error across all
frames (SDT) to evaluate temporal consistency, and across
all views (SDV) for view consistency.

4.4. Results

We evaluate view and temporal consistency in Table 1 and
Figure 5. We use epipolar plane images (EPI), and temporal
slices of a fixed camera to visualize change across time
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Table 2. Quantitative comparison of novel-view synthesis on the DyNeRF, ENeRF-Outdoor, and D3DMV datasets. We highlight the
50% best metrics in blue, proportional to their percentile. Our method achieves the best metrics for the DyNeRF and D3DMV datasets.
Please refer to the qualitative results on novel-view synthesis in Figure 7.

DyNeRF [34] ENeRF-Outdoor [38] D3DMV [40]

Method PSNR↑ SSIM↑ LPIPS↓ L1↓ PSNR↑ SSIM↑ LPIPS↓ L1↓ PSNR↑ SSIM↑ LPIPS↓ L1↓

FWD [6] 16.97 0.667 0.554 25.76 17.01 0.395 0.699 24.39 19.80 0.585 0.640 19.39
IBRNet [65] 22.49 0.826 0.347 11.83 22.96 0.663 0.224 13.06 20.71 0.710 0.358 11.98
GPSG [82] 25.46 0.866 0.309 8.00 23.10 0.687 0.231 10.96 23.77 0.884 0.156 7.70
ENeRF [38] 29.51 0.927 0.196 6.06 25.79 0.722 0.167 9.84 27.79 0.879 0.157 6.01
Ours 31.17 0.936 0.191 5.09 24.01 0.703 0.155 12.02 32.58 0.936 0.098 3.60

Ground Truth IBRNet [65] ENeRF [38] GPSG [82] Ours

Figure 7. Qualitative comparison on the ENeRF-Outdoor [38], DyNeRF [34], and D3DMV [40] datasets. The baseline methods either
generate blurry results (IBRNet, ENeRF), bleed foreground colors onto the background (ENeRF, GPSG), distort edges (GPSG), or fail to
reconstruct distant background objects (IBRNet, ENeRF). Our method reconstructs fine details in the background while generating sharper
results for the near-range objects such as the moving humans.
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Table 3. Quantitative ablation study. We evaluate our method on
three key contributions: using a network to blend forward-rendered
input views, using TSDF depth to guide the blending network, and
using difference masks for temporal filtering. No Blending directly
renders all input-view Gaussians into the target view in a single
pass [82]. Distance-based Blending uses the distance of the target
view from each input to determine the blending weights [45].

Variant PSNR↑ LPIPS↓ TCC↑ STED↓

No Blending 24.64 0.264 0.743 483.3
Distance-based Blending 26.08 0.211 0.858 235.3
No TSDF Guidance 31.16 0.197 0.869 95.42
No Temporal Filtering 31.16 0.195 0.869 89.62

Ours 31.17 0.191 0.872 68.76

and space respectively. Our results are sharper than IBRNet,
show less flickering at boundaries than ENeRF, and suffer no
abrupt changes like GPSG. Please refer to the supplemental
videos for additional results on dynamic scenes.

A quantitative evaluation of the novel view rendering
quality of all methods is presented in Table 2; qualitative re-
sults are shown in Figure 7. Our method reconstructs sharper
edges, and finer details in both foreground and background.
Even though the ENeRF-Outdoor dataset is challenging due
to camera mis-synchronization, our method shows a marked
improvement over the baselines, particularly at the edges of
the actor and in disoccluded regions of the background. The
latter are especially tough for ENeRF, which shows loss of
detail at occlusion edges in all three datasets.

4.5. Ablations

We ablate the core contributions of our work in Table 3 to
quantitatively evaluate their impact. These include: 1) A
network to blend and inpaint the forward-rendered views,
2) the use of a TSDF to guide the blending network, and
3) temporally filtering the input-view depths using difference
masks. To evaluate the effect of the TSDF depth, we retrain
our network without the guidance depth Dt as input. We
observe that our complete pipeline provides the best results,
with the most significant gains in temporal consistency.

Table 4 shows the computation time of each stage of our
method on the DyNeRF dataset. We observe that even with-
out TensorRT optimization, our total runtime (≈100 ms)
is faster than the closest baseline GPSG, which runs in
143.4 ms (Figure 5). All runtimes exclude disk read time.

Table 4. Computation time of each stage in DyNeRF dataset.

Forward-splatting TSDF Blending Blending (w/o TensorRT)

10 ms 6 ms 23 ms 65 ms

Figure 8. Ablation study of the number of input views. Runtime
increases roughly linearly with the number of input views K. How-
ever, rendering quality saturates for K ⩾ 4 views.

The choice to use a subset of K cameras is motivated
by efficiency, as each view adds to the TSDF, splatting, and
blending time. We ablate the choice of K in Figure 8.

4.6. Limitations

By using global geometry, our method promotes consistency
in the rendered views. A limitation of this approach, however,
is that it relies strongly on accurate geometry reconstruction.
It fails, for instance, in specular regions where depth is usu-
ally bad Figure 9. While the blending network still produces
reasonable output for a single target in this case, the results
suffer temporal and view consistency artifacts. Furthermore,
our blending network requires well-synchronized and cali-
brated cameras for well-aligned forward projected input It

k.
Errors in camera calibration can lead to blurring artifact.

Figure 9. Limitations: Inaccurate TSDF depth (right) can lead to
view inconsistency in novel views, seen as EPI discontinuities.

5. Conclusion

We present a novel method for consistent video synthesis
in an online multi-view setting. This setting requires contin-
uous and smoothly changing outputs in both the view and
temporal domains, but it can easily suffer from inconsis-
tency artifacts. To address these challenges, our approach
first fuses temporally filtered depth maps into a global struc-
ture to acquire view-temporal depth in the novel view. Then,
this global depth information is used to guide the blending of
forward-projected RGB views. By using multi-view tempo-
rally consistent depth to mediate the output of the blending
network, our method produces consistent novel views. We
show that our method effectively reconstructs a variety of
scenes while running faster than previous work.
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