
the output RGB image, without computing explicit depth. To
this end, we learn an RGB generator network which processes
the PSV to directly synthesize the novel view and equip it
with operations such as group convolutions and gated con-
volutions [11, 12], which are suitable for detecting layer-wise
correspondences, masking of irrelevant areas within the layers,
and blending. Unlike most IBR approaches, FaDIV-Syn has no
explicit blending or inpainting stage, which avoids early and
hard decisions, allowing the distribution of the blending and
inpainting operations throughout the learned network. Only
a single forward pass is required for view interpolation and
extrapolation. Further, we demonstrate how gated convolutions
can be used to learn self-supervised soft masks, which are
predicted by a lightweight CNN to give a soft correspondence
measure, which improves accuracy and provides insight on the
network’s method of operation.

In summary, our contributions include 1) a real-time view
synthesis method operating on plane sweep volumes without
requiring explicit geometry, 2) self-supervised learning of soft-
masks by introducing a gating module, and 3) a detailed
evaluation on the large-scale RealEstate10k dataset [3], where
we demonstrate our approach to outperform existing methods
in terms of accuracy and runtime.

II. RELATED WORK

Novel view synthesis has gained much attention in recent
years and a large variety of approaches has been presented.
For a broader review, we refer to surveys by Nguyen et al.
[13] and Tewari et al. [14].

Image Based Rendering (IBR): In contrast to classical
rendering of 3D scenes using textured geometry, IBR methods
render novel views by combining input images in the target
pose [15–19, 9, 13, 20–24]. To be able to project the input
images correctly, IBR methods still require geometry, often
in the form of depth maps, which are either available or
estimated. Recent approaches use blending to combine the
images [15–17, 22]. Hedman et al. [16] learn the blending
operation end-to-end. Riegler and Koltun [22] use a recurrent
blending decoder in order to deal with a varying number
of input images. In recent work [23], heuristic input image
selection is replaced with a fully-differentiable synthesis block.
Penner and Zhang [15] introduce soft visibility volumes, which
encode occlusion probabilities and thus avoid early decisions,
but require a larger number of input views. Kalantari et al.
[9] synthesize novel views in light field datasets. They use the
corner cameras to predict depth in the target view, which is
then used to warp the input views. Nguyen et al. [13] introduce
RGBD-Net, which first estimates depth using a multi-scale
PSV, warps the input images into the target frame, performs
explicit blending, and refines the warped image using a depth-
aware network. Similar to our approach, Flynn et al. [24] also
directly build a PSV in the target view. Color is fused for each
PSV plane pair and a separate network estimates depth prob-
abilities for blending. Our method also works directly on the
input images, but does not compute or require depth explicitly.

Blending is learned implicitly by the network, together with
detection and inpainting of extrapolated/disoccluded regions.

Geometry-based Approaches: Recent geometry-based ap-
proaches [25–28] use depth features to spatially project pixel
information and refine these projections to a target view. Wiles
et al. [27] and Chen et al. [29] process single input images,
estimating monocular depth in an end-to-end fashion. Wiles
et al. [27] implement a differentiable point cloud renderer
that allows z-buffering and splatting. Chen et al. [29] predict
depth in the target view using a transforming auto-encoder
that explicitly transforms the latent code before entering the
decoder. Similarly, Olszewski et al. [30] learn implicit voxel
representations and transform encoded representations explic-
itly. Srinivasan et al. [28] predict RGB-D light fields from
a single RGB image. They estimate precise scene geometry,
render it to the target frame, and predict occluded rays using a
second CNN. Choi et al. [26] predict depth probabilities along
camera rays in multiple input images and unite them in the
target camera pose. They discretize the number of possible
depth values and therefore reduce the depth estimation prob-
lem to a classification problem. A more recent approach [31]
learns novel view synthesis without target view supervision
by performing two synthesis steps, initially to an arbitrary
target pose and from there to a pose where ground truth
is available. In contrast to these methods, FaDIV-Syn does
not feature an explicit geometry representation. We argue that
explicit geometry—besides requiring a higher computational
effort—forces early resolution of ambiguities, which can lead
to loss of information.

Multiplane and Layered Depth Images (MPIs/LDIs):
A multiplane image consists of multiple depth planes, which
store RGB and alpha values. Once computed for a set of input
images, novel views can be synthesized very efficiently by
warping and blending the individual layers. One can attempt
to predict MPIs from single input images [32, 33]. Tucker
and Snavely [33] train a network to estimate scale-invariant
depth and require additional sparse point clouds to recover
scale. Multiview approaches [8, 3, 34] use information from
additional camera poses to place surfaces at the correct MPI
layer. Plane sweeping [3] or warping [8] at different depths
creates a suitable representation for the network. Mildenhall
et al. [34] blend the layers of multiple MPIs to generate
novel views with local light fields. Recently, Attal et al.
[35] extended the key idea of multiplane images to multi-
sphere images in order to synthesize 360◦ images in real-time,
however, at lower resolution.

Other approaches [36–38] build on Layered Depth Images
(LDI) [39], which store multiple RGB and depth values per
pixel. Snavely et al. [36] train a CNN to predict a two-layered
LDI, where the network learns to predict occluded pixels.
Shih et al. [37] use an LDI representation to turn a single
image into a 3D photo by inpainting color and depth of the
occluded areas. While inspired by MPI approaches, FaDIV-
Syn bypasses MPI generation and instead determines a novel
view from multiple warped planes directly. It is applicable for
dynamic scenes in real-time.



Input 1 Input 2 Extrapolated view

Fig. 3: View extrapolation on RealEstate10k [3] test set. Please see our supplementary video for an animated version of this figure that
shows both inter- and extrapolation along a trajectory.
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Fig. 4: Plane sweep volume (PSV). Four planes of the scene in Fig. 3 with � -blended projections of the two input images. Note that
RealEstate10k only provides estimated global scale, so the given plane distances are up to a scale. Exemplary areas with good correspondence
between the two input views are marked in red. Forwarding the corresponding regions would already yield an approximate solution.

depth estimation stage, which may lead to quality degradation
later in the pipeline.

Our network is divided into several components (see Fig. 5):
A soft-masking network, a gating section, and the final fusion
network.

1) Soft-Masking Network: The Soft-Masking (SM) network
operates on the input PSV and generates approximate PSV
masks that guide the further synthesis process. Ideally, the
output mask m should be the correspondence quality measure
Q(P (j)

1 , P
(j)
2 ) (see Eq. (1)). In practice, the entire pipeline is

trained end-to-end without direct supervision on the masks.
As shown in Fig. 6, the SM network learns meaningful

correspondence masks that correlate closely with depth in the
scene. Since there is a large amount of overlap, we conclude
that the later fusion network uses the inferred masks mostly
to eliminate areas of poor correspondence, but keeps multiple
possibilities to make final decisions in deeper layers. We thus
denote these representations as soft masks.

To generate m, we implement an hourglass network module
with four downsampling and four upsampling blocks. Each
block has one convolution followed by average pooling or
bilinear upsampling. The module processes the PSV (P1, P2)
as 2 � N input planes in grayscale and outputs 2 � N
feature maps. For each plane, we encourage the network to

PSV

P1

P2

·
Output

m

P1 , P2

m̃

GGC1

GGC2

SM-Net

Fusion-Net

Gating

Fig. 5: View synthesis network architecture. The Soft-Masking (SM)
network computes layer-wise masks from the PSV, which are used
for gating. The fusion network then produces the final output image
from the gated PSV.

learn a binary classification mask by applying the softmax
function (separately for each plane). For details we refer to
the supplementary material.

2) Learned Gating: We send the entire PSV through a
gating section. This way, the network can eliminate areas of
low correspondence.

Gated convolutions [11] have recently shown promising
results in image inpainting [12]. Instead of C(Wf , I) =
σ(Wf ~ I), a gating layer calculates the non-linear output

GC(Wf ,Wg, I) = σ1(Wf ~ I) � σ2(Wg ~ I), (3)

where � denotes the element-wise multiplication and ~ the
convolution. Wg,Wf are two different convolutional filters,
and σ1, σ2 are activation functions. The formula shows that
gating directly influences the actual feature extraction and can
thus adapt it to the context. Gating layers can help the network
especially with performing masking-like operations (e.g. when
recognizing corresponding depth planes), performing blend-
ing, or determining inpainting areas [12].

To avoid hard decisions, we allow the gating stage to
incorporate the mask m in a learned fashion by adding
convolutional layers that can modify the mask and features
before the actual multiplication (see Fig. 5). We note that the
network may also learn to ignore the provided mask.

Since the depth planes are aligned, we can be sure that
corresponding areas only appear in corresponding planes (see
Fig. 2). Hence, we can restrict the convolutions through
grouping under the assumption that other planes are initially
irrelevant to the considered plane pair.

We concatenate the estimated masks m to the input plane
pairs P (j)

1 , P
(j)
2 and activate the gating feature extraction with

a sigmoid (σ), which creates a mask ~m 2 [0, 1]:
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Fig. 10: Interpolation from two reference views with a moving object
(elevator door). See supplementary video for animation. This figure
has been created with a 17-NoSM network.

in such a way that there is not only one depth for each pixel,
but a multitude of information in the different depth layers.
This allows recognition of the correct position of both the
surface and the reflection on it, as shown in Fig. 9. Examples
for transparencies can be found in Figs. 3 and 8.

Moving Objects: While dynamic scenes are more difficult
for view synthesis (and one could argue that the problem is ill-
posed), FaDIV-Syn nonetheless shows plausible behavior here.
For example, it has learned to interpolate between positions of
movable objects (see Fig. 10). This would be hard to achieve
if a method estimates depth first or only blends pixels.

E. Limitations

Our approach sometimes struggles with inpainting under
large camera movements. One example is the fountain/pool
boundary in Fig. 7. We believe that adversarial losses could
help to encourage realistic inpainting. Furthermore, we expect
that semi-supervised techniques such as proposed by Hani
et al. [31] could be used to increase the robustness of the
method against arbitrary target poses, since the supervision
offered by RealEstate10k only covers inter- and extrapolation
on smooth camera trajectories. Additionally, the PSV depth
distribution is currently fixed and techniques such as depth
plane resampling [13] could be advantageous for varying
geometries. Another issue we observed is that our network
shows very small learning progress after several epochs. While
we stop the training after a fixed number of epochs, the
validation and testing score still improves for a long time,
indicating that further gains are possible through changes in
the training regime. Finally, the inference time is limited by
the network itself, where compression techniques [57] could
be applied to reduce network runtime even further. Note that
additional demonstrations of failure cases can be found in the
supplementary material.

V. CONCLUSION

We introduced FaDIV-Syn, a fast depth-independent novel
view synthesis method that exceeds state-of-the-art perfor-
mance in interpolation and extrapolation on the RealEstate10k

dataset. The method generalizes well to larger resolutions. Fur-
thermore, its lightweight architecture makes our method real-
time-capable with 25-256 fps, depending on output resolution
and desired quality. The fast inference times make it applicable
for live applications. The proposed gating module encour-
ages self-supervised learning of soft masks, which noticeably
improves performance and provides valuable insight into the
network operation. Overall, we conclude that the direct usage
of the PSV for RGB view synthesis is a promising approach
especially for real-time applications and will inspire further
research in this direction.
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