
SynSin: Appendix

We give additional results in Section A, additional
architectural details in Section B, additional information
about baselines in Section C, and finally information about
datasets in Section D. Finally, we discuss some choices that
did and did not work in Section E.

A. Additional experimental results
Results on KITTI [4]. We evaluated our model on the
KITTI dataset in order to compare with [3]. We trained
our model on the KITTI dataset and compared with their
pretrained model on a held-out set in Table 1. We achieve
similar or better results on all metrics. Additionally,
because [3] resamples the input image, it cannot generate
pixels unseen in the original view. As shown in Fig. 1 (rows
1,2,6), this causes severe artefacts for backward motion.

We additionally show some failure cases for both
methods when the viewpoint change is much larger than the
average viewpoint change seen at test time in the bottom
two rows.
Additional qualitative results. We give additional quali-
tative results on RealEstate10K (Fig. 2-3), Replica (Fig. 4),
and Matterport3D (Fig. 5). The supplementary video shows
sample videos of a model generating images along a given
trajectory. We compare SynSin to the baseline (Vox w/
ours); SynSin has smoother motion with fewer artefacts.
We also visualise additional depth prediction results in
Fig. 6-7.

Comparison on KITTI [4]

PSNR ↑ SSIM ↑ Perc Sim ↓
SynSin 16.70 0.52 2.07

ContView [3] 16.90 0.54 2.21

Table 1: Comparison on KITTI to [3]. ↑ denotes higher is
better, ↓ lower is better.
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Figure 1: Qualitative results on KITTI [9] comparing
SynSin to [3]. The bottom two rows demonstrate failure
cases due to large viewpoint change. Zoom in for details.
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Figure 2: Additional results on RealEstate10K [9]. Zoom
in for details.
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Figure 3: Additional results on RealEstate10K [9]. Zoom
in for details.
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Figure 4: Additional results on Replica [8]. Zoom in for
details.
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Figure 5: Additional results on Matterport3D [2]. Zoom in
for details.
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Figure 6: Additional depth predictions on RealEstate10K
[9]. We also visualise the point cloud (PC) and the rotated
point cloud at−45◦. (Note that the point cloud in the model
is actually a point cloud of features, not RGB values.)
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Figure 7: Additional depth predictions on RealEstate10K
[9]. We also visualise the point cloud (PC) and the rotated
point cloud at 0◦. (Note that the point cloud in the model is
actually a point cloud of features, not RGB values.)



B. Additional architectural details
Here we give more information about the precise archi-

tectural details used to build the components of our model.

ResNet blocks. Our spatial feature network and re-
finement networks are composed of ResNet blocks. The
ResNet blocks used are the same as those used in [1]
(Appendix B, Fig 15 (b)), reproduced in Fig. 8. However,
we consider three different setups. The block may be used
to increase the resolution of the features using an upsample
layer (as used in the original paper by [1]) (Fig. 8(a)). The
block may be used to decrease the resolution of the features
using an average pooling layer as opposed to the upsample
layer (Fig. 8(b)). The block may be used to maintain the
resolution of the features using an identity layer as opposed
to the upsample layer (Fig. 8(c)).

Spatial feature network. ResNet blocks are stacked
together to form the embedding network. In particular, we
use the setup in Fig. 9(a).

Refinement network. ResNet blocks are stacked to-
gether to form the decoder network. In particular, we use
the setup in Fig. 9(b).

Depth regressor. The depth regressor network uses a
UNet architecture, as illustrated in Fig. 10.

Additional details on the perceptual loss. We follow
the perceptual loss used in [6].

C. Additional details on baselines
In this section, we give further information about the

baselines used.

Im to im. We follow the architecture of [10]. However,
[10] only considers discrete rotations about the azimuth
and a small set of changes in elevation, so [10] takes four
values as input, the cos and sin values of the azimuth
and elevation. However, our datasets include rotation in
all three directions, as well as translational motion. As a
result, we modify their angle encoder to take 12 values (as
opposed to four), and pass the change in viewpoint, T to the
angle encoder. The network is visualised in Fig. 11.

Vox w/ unet. This baseline is based on [7], which
represents 3D shape in a neural network using a voxel
representation. Note that they train one model per instance,
so their model only generalises to that one object. Their
overall setup is as follows. An image is passed through an
encoder (e.g. our spatial feature network) to obtain a set of

features. The features are projected into a voxel grid, which
is transformed and projected into the new view. The fea-
tures are accumulated using an occlusion network, which
acts as a pseudo depth predictor and predicts the occupancy
of the voxels. The predicted occupancy is used to re-weight
and combine features. This is then passed to the decoder
(e.g. our refinement network) which predicts the scene at
the new view. Finally, the generated image is compared to
the true image using discriminators and photometric losses.

To reimplement this approach, we follow their architec-
tural choices and use a UNet style architecture for all net-
work components (the spatial feature network, refinement
network, and occlusion network). However, we use the
discriminators and photometric losses used to train SynSin
to ensure that both methods are fair in terms of the discrimi-
nator. The details for the encoder/decoder setup are given in
Fig. 12. The occupancy network is a 3D UNet, which takes
as input the rotated voxels and then predicts occupancy for
each voxel location; these are then normalised using a soft-
max layer over the depth dimension. The details are given
in Fig. 13. We use their setup but train the network to gen-
erate new images of a scene given a single image of a scene.

Vox w/ ours. Instead of using the UNet style spatial
feature and refinement network in vox w/ ours, we use a
sequence of ResNet blocks, as described in Fig. 14. The
set of ResNet blocks in the spatial feature network down-
samples the image to the appropriate size. The refinement
network similarly upsamples the projected features to the
appropriate image size. We also use a larger capacity in this
setup to ensure that our 3D representation is preferable. The
network was trained with a lower learning rate (lr=0.0004)
as opposed to (lr=0.001) as in our model, as we found that
the model struggled to learn with the higher learning rate.

Other setups. We experimented with other ResNet
block sequences and multiple learning rates when creating
this baseline. Instead of downsampling the features within
the encoder (e.g. the spatial feature network), we can use
the same spatial feature network as SynSin (to obtain fea-
tures of size C × 256× 256 and then downsample to obtain
features of size C × 64 × 64. Similarly, instead of upsam-
pling the features within the decoder (e.g. the refinement
network), we can upsample the transformed features to ob-
tain ones of size C × 256 × 256 and pass these upsampled
features to the refinement network and so use the same re-
finement network we use in SynSin. We found that the re-
sults were similar to those of the model used in the paper on
RealEstate10K but worse on Matterport.

We additionally found that the results were highly
dependent on the learning rate for this model.

3DView. This baseline is based on a depth predictor (e.g.
[5]), so 3DView predicts depth up to a scale ambiguity.



As the depth is only predicted up to a scale, we generate
images for multiple possible scales for each test image and
then report results for the best image.



(a) ResNet block. (b) ResNet block with an average pool block.

(c) ResNet block with an identity block.

Figure 8: An overview of ResNet blocks. In (a), we show the basic ResNet block, (b) when we replace the upsample block
by an average pool block, and (c) when we replace the upsample block by an identity block.



(a) Spatial feature
network.

(b) Refinement network.

Figure 9: Our sequence of ResNet blocks in the spatial
feature and refinement networks.

Figure 10: Depth regressor network. An Enc Block consists
of a sequence of Leaky ReLU, convolution (stride 2,
padding 1, kernel size 4), and batch normalisation layers.
A Dec Block consists of a sequence of ReLU, 2x bilinear
upsampling, convolution (stride 1, padding 1, kernel size
3), and batch normalisation layers (except for the final
layer, which has no batch normalisation layer).



Figure 11: An overview of the image to image network.
A Conv Layer consists of a sequence of a convolutional
layer (stride 2, padding 1, filter size 3), ReLU, and batch
normalisation layer. A Linear Layer consists of a sequence
of a linear layer, ReLU, and batch normalisation layer.
A Dec block consists of a sequence of a convolutional
layer (stride 1, padding 1, filter size 3), ReLU, batch
normalisation layer and upsample layer (except for the last,
which consists of simply a convolutional layer).

(a) Encoder network. (b) Decoder network.

Figure 12: The encoder and decoder network for the UNet
style encoder/decoder setup. An Enc block is a sequence
of a LeakyReLU, convolutional layer (stride 2, padding
1, kernel size 4) and batch normalisation layer. A Dec
block is a sequence of ReLU, bilinear upsampling layer,
convolutional layer (stride 1, padding 1, kernel size 3), and
batch normalisation layer (except for the last layer which
has no batch normalisation).



Figure 13: The 3D UNet for predicting the occupancy
of voxels. An Enc block consists of a sequence of a
LeakyReLU, convolutional layer (stride 2, padding 1,
kernel size 4) and batch normalisation layer. A Dec block
consists of a sequence of ReLU, bilinear upsampling layer,
convolutional layer (stride 1, padding 1, kernel size 3), and
batch normalisation layer (except for the last layer which
has no batch normalisation).

(a) Encoder network. (b) Decoder network.

Figure 14: The spatial feature and refinement networks for
the ResNet style setup in the Vox w/ ours baseline.



D. Additional information about datasets
Matterport3D. For Matterport, the minimum depth is
0.1 and the maximum depth 10.

RealEstate10K. For RealEstate10K, the minimum depth
is 1 and the maximum depth is 100.

KITTI. For KITTI, the minimum depth is 1 and the
maximum depth is 50.

E. A description of other setups we tried
Model setup

• We experimented with using a UNet architecture
instead of a sequence of ResNet blocks for the spatial
feature network and refinement network. This led to
much worse results and was more challenging to train.

Differentiable renderer setup

• Other settings for the differentiable renderer: We tried
a larger radius, r = 8, but this both takes longer to
train and gives worse results.

• Other settings for the accumulation function: We tried
using a weighted sum with and without normalisation
for the accumulation step. These led to similar
results, but without normalisation had noisier training
characteristics. The implementation of these different
accumulation setups is available in the online code.
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