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A. Limitations and Future Work

Though our model shows very promising reconstruction
results and great efficiency, a few limitations still exist to be
tackled as future work.

First, training a high fidelity as well as scene/category-
agnostic representation remains an open problem for both
explicit and implicit methods. The resolution of images
that can be rendered by our model is capped by the resolu-
tion of the explicit voxel-like scene representation. Differ-
ent from our approach, continuous representations like radi-
ance fields are resolution-free by definition; however, they
are either slow to obtain or slow to render. As a future work,
we are planning to tackle this problem by increasing scene
representation capacity for complex regions of space while
minimizing the computational resources for empty regions.
This can be achieved via a more flexible and sparse explicit
space representations including octrees [18, 19, 23], mix-
ture of volumetric primitives [11], and scene graph [14, 12].
In addition, it is also possible to enhance our model with
super-resolution methods [20, 15].

Second, our current model cannot produce view-
dependent lighting effects. We leave this as future work
to be tackled with a physically based renderer that utilizes
a more informative scene representation that incorporates
view direction, light sources, material properties, and sur-
face information [1, 25, 17]. Specifically, we can utilize the
Lambertian RGBA model as basis to form an albedo map,
and accumulate additional view dependent lighting onto
separate surface representations including material proper-
ties such roughness, metalness, and surface properties such
as normals and displacement maps. Additionally, we can
also leverage techniques such as spherical harmonics [5] or
a learned MLP to synthesize the color with view-dependent
specular effects. By doing so during rendering time, we
can leverage more advanced rendering techniques such as
deferred rendering to better estimate the radiance field that
captures both incoming light and material properties.

B. Social Impact
Our work represents a step towards producing highly re-

alistic generative models of the world. Such a goal can
have both positive and negative social impacts. On the
positive side, our model can enable interactive art creation,
improved AR/VR experiences, etc. On the negative side,
better generative models of 3D objects can potentially be
misused to produce technology similar to deep fakes that
have become a concern for misrepresenting person identity.
Releasing code, models, and technical papers can help the
community prepare for this kind of misuse by detecting fake
content or ensuring content is certified.

C. Experiment Details
C.1. Implementation Details

The 2D feature encoder utilizes the U-Net [16] with a
ResNet-18 [6] backbone, initialized with ImageNet pre-
trained weights. The intermediate feature channels are
64, 128, 256, 512 at each spatial resolution level during
downsampling. At the upsampling stage, we perform de-
convolution and fuse the resulting features with skip en-
coder features at the same level through concatenation fol-
lowed by two consecutive convolution blocks. The final 2D
feature map has the same spatial resolution as the input im-
age, with a 32 channel feature map.

At the inverse projection stage, the 2D feature map is
back-projected into a 3D voxel space that has halved spa-
tial height and width with respect to the input feature map.
To enable back-projection, we first tile the 2D features into
a 3D cube to prepare for sampling the inverse projection.
Next, we leverage the camera intrinsic parameters to com-
pute the homography matrix to map the cube to the view-
ing frustum. The grid mapping function is obtained by
multiplying the homography matrix with individual points
from the fixed voxel mesh grid set. Lastly, we apply the
grid sample function to perform the inverse projection.

The 3D feature decoder consists of a 3D U-Net with
ResNet-3D blocks. Following common practice, when spa-
tial resolution is downscaled by 2 times, we double the
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Table 1: Quantitative results on unseen-category view synthesis. Our model bypasses ENR [4] baseline by a notice-
able margin. Our two-view model has a very large improvement from single-view counterpart, which indicates the good
generalizability of the model.

Metrics Methods bench cbnt. disp. lamp spkr. rifle sofa table* phone boat mean

PSNR↑
ENR 22.59 21.41 16.99 22.29 20.13 23.22 23.16 20.00 20.15 25.81 21.50

Ours (Single-View) 23.10 22.27 17.01 22.15 20.76 23.22 24.20 20.54 19.59 25.77 21.90
Ours (Two-View) 25.11 24.54 20.85 25.19 22.72 27.74 26.24 23.34 23.80 29.17 24.80

SSIM↑
ENR 0.845 0.799 0.674 0.819 0.768 0.900 0.848 0.759 0.806 0.896 0.807

Ours (Single-View) 0.865 0.819 0.686 0.822 0.785 0.902 0.872 0.792 0.796 0.898 0.825
Ours (Two-View) 0.909 0.875 0.818 0.905 0.838 0.963 0.913 0.871 0.897 0.950 0.893

LPIPS↓
ENR 0.182 0.199 0.273 0.203 0.202 0.143 0.166 0.206 0.182 0.154 0.190

Ours (Single-View) 0.135 0.156 0.237 0.175 0.173 0.117 0.123 0.152 0.176 0.128 0.150
Ours (Two-View) 0.108 0.122 0.153 0.118 0.140 0.072 0.098 0.106 0.107 0.087 0.107

channel numbers. The output 3D feature map has 16 chan-
nels with the same spatial resolution as the input image. At
the final layer, we apply one 3D convolution to transform
the tensor map into 4 channels and sigmoid activations to
produce the RGBα volume.

At the amortized rendering stage, we combine the ro-
tation transformation and the perspective deformation into
one by left matrix multiplication, where rotation transfor-
mation transfers a volume from the source view to the target
view and perspective deformation maps the viewing frus-
tum to the output cube. After similar mesh grid multipli-
cation and grid sampling steps as in inverse projection, we
obtain the voxel volume used for alpha blending. The alpha
blending process leverages cumprod method to calculate the
accumulated transmittance between the near plane and the
current point.

We use the ReLU nonlinearity and GroupNorm [22] nor-
malization throughout the model for each nonlinear trans-
formation. We train the network for 150 epochs with Adam
optimizer and a fixed learning rate of 0.0016, the loss
weighting for SSIM [21] loss is set to be 0.05. We only
perform data normalization with ImageNet statistics at the
preprocessing stage.

C.2. Computation Resources

For the category-specific view synthesis, each model is
trained using 30 V100 GPUs on an internal cluster. It takes
5 days to train the single-chair dataset, 2.5 days to train the
single-car dataset, and 1.5 days to train the multiple-chair
dataset.

For the category-agnostic and unseen-category view syn-
thesis, each model is trained using 30 V100 GPUs on an in-
ternal cluster, and it takes us 2.5 days to train each dataset.

We are able to perform the evaluation on a single GPU in
minutes compared to PixelNeRF[24], which takes days for

evaluation.

D. Additional Experiments & Visualizations

D.1. Additional Experiments for Unseen-Category
View Synthesis

To further demonstrate the generalization capacity of our
method, we extend the baselines for unseen-category view
synthesis experiments to include ENR[4]. Our proposed ap-
proach beats ENR [4] in all metrics as shown in Table 1.
Figure 1 also shows that our model is able to synthesize
objects with more clean geometry (less blurry artifacts ) as
seen from the visualizations of boat (row 1), bench (row
7) objects. In addition, we also report results for a two-
view model. During training, we randomly sample pairs
of source images as input; during evaluation, we sample
two images offset by 90 degrees azimuth as input. Figure
1 shows this model is not biased towards the training cat-
egories anymore, instead, the model is learning to perform
view synthesis given two views of an unseen object.

D.2. Additional Experiments for 3D Reconstruction

We further demonstrate the 3D reconstruction perfor-
mance of our model by comparing with two supervised
3D reconstruction baselines V-LSMs[8] and 3D-R2N2 [3].
These baselines use voxel occupancy as supervision, while
our model only relies on 2D self-supervision. To conduct a
fair comparison, we downsampled the predicted voxel from
643 to 323 and utilize the same thresholding strategy as re-
ported in Section 4.2. Table 2 indicates that our model ob-
tains better mIoU on 9 out of 13 categories of objects and
better mean mIoU across categories.
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Figure 1: Qualitative results on unseen-category datasets. All methods except ours (two view) tasks a single input view
(left image under Input(s) column) and perform novel view synthesis.

Table 2: Quantitative results for 3D geometry reconstruction on 13 ShapeNet classes. Our model has better mIoU metric
compared to V-LSMs[8] and 3D-R2N2 [3] (1-view) that leverage groudtruth voxel occupancies as the supervision signal.

Metrics Methods plane bench cbnt. car chair disp. lamp spkr. rifle sofa table* phone boat mean

mIoU↑ 3D-R2N2 w/pose [3] (1 view) 56.7 43.2 61.8 77.6 50.9 44.0 40.0 56.7 56.5 58.9 51.6 65.6 53.1 55.1
V-LSMs[8] (1 view) 61.1 50.8 65.9 79.3 57.8 53.9 48.1 63.9 69.7 67.0 55.6 67.7 58.3 61.5

Ours (1 view) 57.7 54.7 76.0 80.4 57.0 60.6 51.8 74.1 60.2 72.3 53.8 72.0 60.0 63.25

D.3. Real World View Synthesis

We also test our model generalization capabilities when
transferring to a new target domain. We use the model
trained with ShapeNet synthetic car objects from Section
4.1.1 of the main text and perform novel view synthesis on
real car images from [10]. Following the same protocol as
pixelNeRF [24], we masked out the background and paint
as white using PointRend[9], and perform view synthesis
in input view coordinate space. Figure 2 suggests that our
model can predict plausible novel views of the real cars.
The geometry is similar to pixelNeRF[24] results with less
artifacts and blurry effects.

D.4. Increasing Number of Source Views on
Category-specific Multiple Chairs

We analyze the capability of our model in terms of han-
dling different numbers of source views. In this experiment,
we use a model trained with two source views for evalua-
tion. As shown in Table 3 and Figure 3, our model’s per-
formance decreases on the one view setting due to having
to deal with a large number of degrees of freedom. As the
number of source view increases, the model is able to satisfy
more constraints; our model achieves the best performance
in the three-view setting.

D.5. Real World DTU dataset

We evaluate the performance of our model in the
real world DTU MVS dataset [7]. As opposed to the
ShapeNet[2] dataset, DTU contains a smaller number of
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Figure 2: Qualitative results for Real Car Image. We use the model trained with ShapeNet virtual cars objects and perform
novel view synthesis on real car images. Our model is able to synthesize plausible novel views, similar to pixelNeRF[24] but
with less blurry effects.

Table 3: Quantitative results on category-specific multiple chairs with increased number of views.

Methods 1-view 2-view 3-view

PSNR↑ SSIM↑ LPIPS ↓ PSNR↑ SSIM↑ LPIPS ↓ PSNR↑ SSIM↑ LPIPS ↓
Ours 17.02 0.747 0.241 24.13 0.907 0.098 26.18 0.935 0.076

scenes with very refined object textures, various lighting
conditions and higher resolution images. This increased
level of complexity requires our model to learn a good prior
over shapes and textures to generalize across scenes given
limited training samples. For this experiment, we follow
the protocol in [24] and use 88 training scenes and 15 test
scenes. The images resolution is 300 × 400. During train-
ing, we randomly sample three images of the same object
as input; during evaluation, we used a fixed set of input im-
ages. To better accommodate the scene in our voxel scene
representation, we tune the physical size through the voxel
distance between the object to camera used in inverse pro-
jection and perspective deformation steps.

As shown in Fig. 4, our model is able to synthesize ac-
curate novel views given 3 inputs of unseen scenes while
doing so at 1900x the speed of pixelNeRF [24]. With a
larger voxel distance between the object to camera (190
v.s. 80), the physical size of the voxel scene representa-
tion is smaller, the object texture is more refined under the
same voxel resolution. In that case, we are not able to esti-
mate the background table correctly as the table is beyond
the scope of the voxel representation. Literature like [13]
solve this problem by masking out the background and fo-
cus on reconstructing the foreground object. As a result,
the reconstruction accuracy of our method is slightly impact
when compared pixelNeRF as shown in Table 4. Efficiency
wise, as pixelNeRF’s rendering time increases linearly with

the resolution of the image, our model is able to increase
per-view inference and rendering speed by over 600x, per-
object inference and rendering speed by over 1900x. As
discussed in the limitations section, an exciting future work
to mitigate the small gap in performance could be to include
a multi-resolution voxel representation [18].

D.6. Additional Visualizations

We include additional visualizations for every experi-
ment:

• Figure 5: category-specific single chair dataset with
one source view;

• Figure 6: category-specific single chair dataset with
two source views;

• Figure 7: category-specific single car dataset with one
source view;

• Figure 8: category-specific single car dataset with two
source views;

• Figure 9: category-specific multiple chairs dataset;

• Figure 10: category-agnostic dataset;

• Figure 11: unseen-category dataset.
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Ours (three views)
<latexit sha1_base64="yt6gtaGLJyFUZpBbfhqczPq2g30=">AAACAnicbVDJSgNBEO2JW4zbqCfx0hiEeAkzUdBj0Is3I5gFkhB6OpWkSc9Cd000DMGLv+LFgyJe/Qpv/o2d5aCJDwoe71VRVc+LpNDoON9Waml5ZXUtvZ7Z2Nza3rF39yo6jBWHMg9lqGoe0yBFAGUUKKEWKWC+J6Hq9a/GfnUASoswuMNhBE2fdQPREZyhkVr2QQPhAZObWGmaw54CoAMB9/pk1LKzTt6ZgC4Sd0ayZIZSy/5qtEMe+xAgl0zruutE2EyYQsEljDKNWEPEeJ91oW5owHzQzWTywogeG6VNO6EyFSCdqL8nEuZrPfQ90+kz7Ol5byz+59Vj7Fw0ExFEMULAp4s6saQY0nEetC0UcJRDQxhXwtxKeY8pxtGkljEhuPMvL5JKIe+e5gu3Z9ni5SyONDkkRyRHXHJOiuSalEiZcPJInskrebOerBfr3fqYtqas2cw++QPr8wckoJdC</latexit>

GT
<latexit sha1_base64="unQt94OX0IY6WzDcrKYgNhXPkVE=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoQY8R8sJkCbOTSTJkdnaZ6RXDkr/w4kERr/6NN//GSbIHTSxoKKq66e4KYikMuu63s7K6tr6xmdvKb+/s7u0XDg4bJko043UWyUi3Amq4FIrXUaDkrVhzGgaSN4PRzdRvPnJtRKRqOI65H9KBEn3BKFrpoYP8CdPb2oR0C0W35M5AlomXkSJkqHYLX51exJKQK2SSGtP23Bj9lGoUTPJJvpMYHlM2ogPetlTRkBs/nV08IadW6ZF+pG0pJDP190RKQ2PGYWA7Q4pDs+hNxf+8doL9Kz8VKk6QKzZf1E8kwYhM3yc9oTlDObaEMi3srYQNqaYMbUh5G4K3+PIyaZRL3nmpfH9RrFxnceTgGE7gDDy4hArcQRXqwEDBM7zCm2OcF+fd+Zi3rjjZzBH8gfP5A15FkLY=</latexit>

Figure 3: Qualitative results on category-specific multiple chairs with an increased number of views. We apply our
model only trained with two input source viewers to a different number of input views settings during evaluation. Our model
can predict better geometries and textures with the increasing number of views.

Table 4: Quantitative results on unseen test set scenes for DTU dataset. Our model sacrifices performance in the evalua-
tion metrics mainly due to the limited physical size of the voxel scene representation. Meanwhile, it increases inference and
rendering speed by 600x per-view wise and 1900x per object wise compared to pixelNeRF.

Methods 3-view Inference and Rendering Time (s)

PSNR↑ SSIM↑ LPIPS ↓ Per-view Per-object (46 views)

NeRF (partial set) 9.85 0.374 0.622 - -
pixelNeRF (partial set) 19.24 0.687 0.399 - -

pixelNeRF 18.99 0.680 0.420 35.9782 1655

Ours (190) 16.49 0.660 0.469
Ours (160) 16.92 0.657 0.471 0.0557 0.8523
Ours (80) 17.58 0.645 0.494

We intentionally use the same random indices for differ-
ent view settings of the single chair/car dataset. From the
visualizations in Figure 5 v.s. Figure 6 and Figure 7 v.s.
Figure 8, it can be easily observed that our model can syn-
thesize better geometry and texture at novel target pose with
more information given.



3 Inputs pixelNeRF Ours (190) Ours (160) Ours (80) GT

Figure 4: Qualitative results on unseen test set scenes for DTU dataset. Our model is able to synthesize reasonable novel
views given 3 inputs of unseen scenes while doing so at 1900x the speed of pixelNeRF.



Input
<latexit sha1_base64="AEuS1iOF73SdijggiR8iirj+7hI=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoRW8RzAOSJcxOZpMhsw9neoNhyXd48aCIVz/Gm3/jbLIHTSxoKKq66e7yYik02va3tbK6tr6xWdgqbu/s7u2XDg6bOkoU4w0WyUi1Paq5FCFvoEDJ27HiNPAkb3mjm8xvjbnSIgofcBJzN6CDUPiCUTSS20X+hOldGCc4Jb1S2a7YM5Bl4uSkDDnqvdJXtx+xJOAhMkm17jh2jG5KFQom+bTYTTSPKRvRAe8YGtKAazedHT0lp0bpEz9SpkIkM/X3REoDrSeBZzoDikO96GXif14nQf/KTUX2Ew/ZfJGfSIIRyRIgfaE4QzkxhDIlzK2EDamiDE1ORROCs/jyMmlWK855pXp/Ua5d53EU4BhO4AwcuIQa3EIdGsDgEZ7hFd6ssfVivVsf89YVK585gj+wPn8AEOiSSQ==</latexit>

pixelNeRF
<latexit sha1_base64="4ZXnLaqoBtXeod3B+fez1zb2TsQ=">AAAB+nicbVDJSgNBEO1xjXFL9OilMQiewkwU9BgUxJNEMQskQ+jp1CRNeha6azRhzKd48aCIV7/Em39jZzlo4oOCx3tVVNXzYik02va3tbS8srq2ntnIbm5t7+zm8ns1HSWKQ5VHMlINj2mQIoQqCpTQiBWwwJNQ9/qXY7/+AEqLKLzHYQxuwLqh8AVnaKR2Lt9CGGAaiwHIG7i7GtF2rmAX7QnoInFmpEBmqLRzX61OxJMAQuSSad107BjdlCkUXMIo20o0xIz3WReahoYsAO2mk9NH9MgoHepHylSIdKL+nkhZoPUw8ExnwLCn572x+J/XTNA/d1MRxglCyKeL/ERSjOg4B9oRCjjKoSGMK2FupbzHFONo0sqaEJz5lxdJrVR0Toql29NC+WIWR4YckENyTBxyRsrkmlRIlXDySJ7JK3mznqwX6936mLYuWbOZffIH1ucPRj2T/w==</latexit>

Ours
<latexit sha1_base64="z2Js6CFrE+6iwwMmsTPTPAGhk3I=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxZsRzAOyS5idTJIhsw9mesSw5De8eFDEqz/jzb9xkuxBEwsaiqpuurvCVAqNrvvtrKyurW9sFraK2zu7e/ulg8OmToxivMESmah2SDWXIuYNFCh5O1WcRqHkrXB0M/Vbj1xpkcQPOE55ENFBLPqCUbSS7yN/wuzOKD0h3VLZrbgzkGXi5aQMOerd0pffS5iJeIxMUq07nptikFGFgkk+KfpG85SyER3wjqUxjbgOstnNE3JqlR7pJ8pWjGSm/p7IaKT1OAptZ0RxqBe9qfif1zHYvwoyEacGeczmi/pGEkzINADSE4ozlGNLKFPC3krYkCrK0MZUtCF4iy8vk2a14p1XqvcX5dp1HkcBjuEEzsCDS6jBLdShAQxSeIZXeHOM8+K8Ox/z1hUnnzmCP3A+fwBK35HY</latexit>

GT
<latexit sha1_base64="unQt94OX0IY6WzDcrKYgNhXPkVE=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoQY8R8sJkCbOTSTJkdnaZ6RXDkr/w4kERr/6NN//GSbIHTSxoKKq66e4KYikMuu63s7K6tr6xmdvKb+/s7u0XDg4bJko043UWyUi3Amq4FIrXUaDkrVhzGgaSN4PRzdRvPnJtRKRqOI65H9KBEn3BKFrpoYP8CdPb2oR0C0W35M5AlomXkSJkqHYLX51exJKQK2SSGtP23Bj9lGoUTPJJvpMYHlM2ogPetlTRkBs/nV08IadW6ZF+pG0pJDP190RKQ2PGYWA7Q4pDs+hNxf+8doL9Kz8VKk6QKzZf1E8kwYhM3yc9oTlDObaEMi3srYQNqaYMbUh5G4K3+PIyaZRL3nmpfH9RrFxnceTgGE7gDDy4hArcQRXqwEDBM7zCm2OcF+fd+Zi3rjjZzBH8gfP5A15FkLY=</latexit>

Figure 5: Qualitative results on category-specific single chair (single-view)

Inputs
<latexit sha1_base64="iEbrwjSLpDtQJLhiYQbWIAs72+0=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoRW8RzAOSNcxOZpMhsw9metWw5D+8eFDEq//izb9xNtmDJhY0FFXddHd5sRQabfvbWlpeWV1bL2wUN7e2d3ZLe/tNHSWK8QaLZKTaHtVcipA3UKDk7VhxGniSt7zRVea3HrjSIgrvcBxzN6CDUPiCUTTSfRf5E6Y3YZygnpBeqWxX7CnIInFyUoYc9V7pq9uPWBLwEJmkWnccO0Y3pQoFk3xS7Caax5SN6IB3DA1pwLWbTq+ekGOj9IkfKVMhkqn6eyKlgdbjwDOdAcWhnvcy8T+vk6B/4aYie4qHbLbITyTBiGQRkL5QnKEcG0KZEuZWwoZUUYYmqKIJwZl/eZE0qxXntFK9PSvXLvM4CnAIR3ACDpxDDa6hDg1goOAZXuHNerRerHfrY9a6ZOUzB/AH1ucP6cKSxg==</latexit>

pixelNeRF
<latexit sha1_base64="4ZXnLaqoBtXeod3B+fez1zb2TsQ=">AAAB+nicbVDJSgNBEO1xjXFL9OilMQiewkwU9BgUxJNEMQskQ+jp1CRNeha6azRhzKd48aCIV7/Em39jZzlo4oOCx3tVVNXzYik02va3tbS8srq2ntnIbm5t7+zm8ns1HSWKQ5VHMlINj2mQIoQqCpTQiBWwwJNQ9/qXY7/+AEqLKLzHYQxuwLqh8AVnaKR2Lt9CGGAaiwHIG7i7GtF2rmAX7QnoInFmpEBmqLRzX61OxJMAQuSSad107BjdlCkUXMIo20o0xIz3WReahoYsAO2mk9NH9MgoHepHylSIdKL+nkhZoPUw8ExnwLCn572x+J/XTNA/d1MRxglCyKeL/ERSjOg4B9oRCjjKoSGMK2FupbzHFONo0sqaEJz5lxdJrVR0Toql29NC+WIWR4YckENyTBxyRsrkmlRIlXDySJ7JK3mznqwX6936mLYuWbOZffIH1ucPRj2T/w==</latexit>

Ours
<latexit sha1_base64="z2Js6CFrE+6iwwMmsTPTPAGhk3I=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxZsRzAOyS5idTJIhsw9mesSw5De8eFDEqz/jzb9xkuxBEwsaiqpuurvCVAqNrvvtrKyurW9sFraK2zu7e/ulg8OmToxivMESmah2SDWXIuYNFCh5O1WcRqHkrXB0M/Vbj1xpkcQPOE55ENFBLPqCUbSS7yN/wuzOKD0h3VLZrbgzkGXi5aQMOerd0pffS5iJeIxMUq07nptikFGFgkk+KfpG85SyER3wjqUxjbgOstnNE3JqlR7pJ8pWjGSm/p7IaKT1OAptZ0RxqBe9qfif1zHYvwoyEacGeczmi/pGEkzINADSE4ozlGNLKFPC3krYkCrK0MZUtCF4iy8vk2a14p1XqvcX5dp1HkcBjuEEzsCDS6jBLdShAQxSeIZXeHOM8+K8Ox/z1hUnnzmCP3A+fwBK35HY</latexit>

GT
<latexit sha1_base64="unQt94OX0IY6WzDcrKYgNhXPkVE=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoQY8R8sJkCbOTSTJkdnaZ6RXDkr/w4kERr/6NN//GSbIHTSxoKKq66e4KYikMuu63s7K6tr6xmdvKb+/s7u0XDg4bJko043UWyUi3Amq4FIrXUaDkrVhzGgaSN4PRzdRvPnJtRKRqOI65H9KBEn3BKFrpoYP8CdPb2oR0C0W35M5AlomXkSJkqHYLX51exJKQK2SSGtP23Bj9lGoUTPJJvpMYHlM2ogPetlTRkBs/nV08IadW6ZF+pG0pJDP190RKQ2PGYWA7Q4pDs+hNxf+8doL9Kz8VKk6QKzZf1E8kwYhM3yc9oTlDObaEMi3srYQNqaYMbUh5G4K3+PIyaZRL3nmpfH9RrFxnceTgGE7gDDy4hArcQRXqwEDBM7zCm2OcF+fd+Zi3rjjZzBH8gfP5A15FkLY=</latexit>

Figure 6: Qualitative results on category-specific single chair (two-view)



Input
<latexit sha1_base64="AEuS1iOF73SdijggiR8iirj+7hI=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoRW8RzAOSJcxOZpMhsw9neoNhyXd48aCIVz/Gm3/jbLIHTSxoKKq66e7yYik02va3tbK6tr6xWdgqbu/s7u2XDg6bOkoU4w0WyUi1Paq5FCFvoEDJ27HiNPAkb3mjm8xvjbnSIgofcBJzN6CDUPiCUTSS20X+hOldGCc4Jb1S2a7YM5Bl4uSkDDnqvdJXtx+xJOAhMkm17jh2jG5KFQom+bTYTTSPKRvRAe8YGtKAazedHT0lp0bpEz9SpkIkM/X3REoDrSeBZzoDikO96GXif14nQf/KTUX2Ew/ZfJGfSIIRyRIgfaE4QzkxhDIlzK2EDamiDE1ORROCs/jyMmlWK855pXp/Ua5d53EU4BhO4AwcuIQa3EIdGsDgEZ7hFd6ssfVivVsf89YVK585gj+wPn8AEOiSSQ==</latexit>

pixelNeRF
<latexit sha1_base64="4ZXnLaqoBtXeod3B+fez1zb2TsQ=">AAAB+nicbVDJSgNBEO1xjXFL9OilMQiewkwU9BgUxJNEMQskQ+jp1CRNeha6azRhzKd48aCIV7/Em39jZzlo4oOCx3tVVNXzYik02va3tbS8srq2ntnIbm5t7+zm8ns1HSWKQ5VHMlINj2mQIoQqCpTQiBWwwJNQ9/qXY7/+AEqLKLzHYQxuwLqh8AVnaKR2Lt9CGGAaiwHIG7i7GtF2rmAX7QnoInFmpEBmqLRzX61OxJMAQuSSad107BjdlCkUXMIo20o0xIz3WReahoYsAO2mk9NH9MgoHepHylSIdKL+nkhZoPUw8ExnwLCn572x+J/XTNA/d1MRxglCyKeL/ERSjOg4B9oRCjjKoSGMK2FupbzHFONo0sqaEJz5lxdJrVR0Toql29NC+WIWR4YckENyTBxyRsrkmlRIlXDySJ7JK3mznqwX6936mLYuWbOZffIH1ucPRj2T/w==</latexit>

Ours
<latexit sha1_base64="z2Js6CFrE+6iwwMmsTPTPAGhk3I=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxZsRzAOyS5idTJIhsw9mesSw5De8eFDEqz/jzb9xkuxBEwsaiqpuurvCVAqNrvvtrKyurW9sFraK2zu7e/ulg8OmToxivMESmah2SDWXIuYNFCh5O1WcRqHkrXB0M/Vbj1xpkcQPOE55ENFBLPqCUbSS7yN/wuzOKD0h3VLZrbgzkGXi5aQMOerd0pffS5iJeIxMUq07nptikFGFgkk+KfpG85SyER3wjqUxjbgOstnNE3JqlR7pJ8pWjGSm/p7IaKT1OAptZ0RxqBe9qfif1zHYvwoyEacGeczmi/pGEkzINADSE4ozlGNLKFPC3krYkCrK0MZUtCF4iy8vk2a14p1XqvcX5dp1HkcBjuEEzsCDS6jBLdShAQxSeIZXeHOM8+K8Ox/z1hUnnzmCP3A+fwBK35HY</latexit>

GT
<latexit sha1_base64="unQt94OX0IY6WzDcrKYgNhXPkVE=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoQY8R8sJkCbOTSTJkdnaZ6RXDkr/w4kERr/6NN//GSbIHTSxoKKq66e4KYikMuu63s7K6tr6xmdvKb+/s7u0XDg4bJko043UWyUi3Amq4FIrXUaDkrVhzGgaSN4PRzdRvPnJtRKRqOI65H9KBEn3BKFrpoYP8CdPb2oR0C0W35M5AlomXkSJkqHYLX51exJKQK2SSGtP23Bj9lGoUTPJJvpMYHlM2ogPetlTRkBs/nV08IadW6ZF+pG0pJDP190RKQ2PGYWA7Q4pDs+hNxf+8doL9Kz8VKk6QKzZf1E8kwYhM3yc9oTlDObaEMi3srYQNqaYMbUh5G4K3+PIyaZRL3nmpfH9RrFxnceTgGE7gDDy4hArcQRXqwEDBM7zCm2OcF+fd+Zi3rjjZzBH8gfP5A15FkLY=</latexit>

Figure 7: Qualitative results on category-specific single car (single-view)

Inputs
<latexit sha1_base64="iEbrwjSLpDtQJLhiYQbWIAs72+0=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoRW8RzAOSNcxOZpMhsw9metWw5D+8eFDEq//izb9xNtmDJhY0FFXddHd5sRQabfvbWlpeWV1bL2wUN7e2d3ZLe/tNHSWK8QaLZKTaHtVcipA3UKDk7VhxGniSt7zRVea3HrjSIgrvcBxzN6CDUPiCUTTSfRf5E6Y3YZygnpBeqWxX7CnIInFyUoYc9V7pq9uPWBLwEJmkWnccO0Y3pQoFk3xS7Caax5SN6IB3DA1pwLWbTq+ekGOj9IkfKVMhkqn6eyKlgdbjwDOdAcWhnvcy8T+vk6B/4aYie4qHbLbITyTBiGQRkL5QnKEcG0KZEuZWwoZUUYYmqKIJwZl/eZE0qxXntFK9PSvXLvM4CnAIR3ACDpxDDa6hDg1goOAZXuHNerRerHfrY9a6ZOUzB/AH1ucP6cKSxg==</latexit>

pixelNeRF
<latexit sha1_base64="4ZXnLaqoBtXeod3B+fez1zb2TsQ=">AAAB+nicbVDJSgNBEO1xjXFL9OilMQiewkwU9BgUxJNEMQskQ+jp1CRNeha6azRhzKd48aCIV7/Em39jZzlo4oOCx3tVVNXzYik02va3tbS8srq2ntnIbm5t7+zm8ns1HSWKQ5VHMlINj2mQIoQqCpTQiBWwwJNQ9/qXY7/+AEqLKLzHYQxuwLqh8AVnaKR2Lt9CGGAaiwHIG7i7GtF2rmAX7QnoInFmpEBmqLRzX61OxJMAQuSSad107BjdlCkUXMIo20o0xIz3WReahoYsAO2mk9NH9MgoHepHylSIdKL+nkhZoPUw8ExnwLCn572x+J/XTNA/d1MRxglCyKeL/ERSjOg4B9oRCjjKoSGMK2FupbzHFONo0sqaEJz5lxdJrVR0Toql29NC+WIWR4YckENyTBxyRsrkmlRIlXDySJ7JK3mznqwX6936mLYuWbOZffIH1ucPRj2T/w==</latexit>

Ours
<latexit sha1_base64="z2Js6CFrE+6iwwMmsTPTPAGhk3I=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxZsRzAOyS5idTJIhsw9mesSw5De8eFDEqz/jzb9xkuxBEwsaiqpuurvCVAqNrvvtrKyurW9sFraK2zu7e/ulg8OmToxivMESmah2SDWXIuYNFCh5O1WcRqHkrXB0M/Vbj1xpkcQPOE55ENFBLPqCUbSS7yN/wuzOKD0h3VLZrbgzkGXi5aQMOerd0pffS5iJeIxMUq07nptikFGFgkk+KfpG85SyER3wjqUxjbgOstnNE3JqlR7pJ8pWjGSm/p7IaKT1OAptZ0RxqBe9qfif1zHYvwoyEacGeczmi/pGEkzINADSE4ozlGNLKFPC3krYkCrK0MZUtCF4iy8vk2a14p1XqvcX5dp1HkcBjuEEzsCDS6jBLdShAQxSeIZXeHOM8+K8Ox/z1hUnnzmCP3A+fwBK35HY</latexit>

GT
<latexit sha1_base64="unQt94OX0IY6WzDcrKYgNhXPkVE=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoQY8R8sJkCbOTSTJkdnaZ6RXDkr/w4kERr/6NN//GSbIHTSxoKKq66e4KYikMuu63s7K6tr6xmdvKb+/s7u0XDg4bJko043UWyUi3Amq4FIrXUaDkrVhzGgaSN4PRzdRvPnJtRKRqOI65H9KBEn3BKFrpoYP8CdPb2oR0C0W35M5AlomXkSJkqHYLX51exJKQK2SSGtP23Bj9lGoUTPJJvpMYHlM2ogPetlTRkBs/nV08IadW6ZF+pG0pJDP190RKQ2PGYWA7Q4pDs+hNxf+8doL9Kz8VKk6QKzZf1E8kwYhM3yc9oTlDObaEMi3srYQNqaYMbUh5G4K3+PIyaZRL3nmpfH9RrFxnceTgGE7gDDy4hArcQRXqwEDBM7zCm2OcF+fd+Zi3rjjZzBH8gfP5A15FkLY=</latexit>

Figure 8: Qualitative results on category-specific single car (two-view)



Inputs
<latexit sha1_base64="iEbrwjSLpDtQJLhiYQbWIAs72+0=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoRW8RzAOSNcxOZpMhsw9metWw5D+8eFDEq//izb9xNtmDJhY0FFXddHd5sRQabfvbWlpeWV1bL2wUN7e2d3ZLe/tNHSWK8QaLZKTaHtVcipA3UKDk7VhxGniSt7zRVea3HrjSIgrvcBxzN6CDUPiCUTTSfRf5E6Y3YZygnpBeqWxX7CnIInFyUoYc9V7pq9uPWBLwEJmkWnccO0Y3pQoFk3xS7Caax5SN6IB3DA1pwLWbTq+ekGOj9IkfKVMhkqn6eyKlgdbjwDOdAcWhnvcy8T+vk6B/4aYie4qHbLbITyTBiGQRkL5QnKEcG0KZEuZWwoZUUYYmqKIJwZl/eZE0qxXntFK9PSvXLvM4CnAIR3ACDpxDDa6hDg1goOAZXuHNerRerHfrY9a6ZOUzB/AH1ucP6cKSxg==</latexit>

pixelNeRF
<latexit sha1_base64="4ZXnLaqoBtXeod3B+fez1zb2TsQ=">AAAB+nicbVDJSgNBEO1xjXFL9OilMQiewkwU9BgUxJNEMQskQ+jp1CRNeha6azRhzKd48aCIV7/Em39jZzlo4oOCx3tVVNXzYik02va3tbS8srq2ntnIbm5t7+zm8ns1HSWKQ5VHMlINj2mQIoQqCpTQiBWwwJNQ9/qXY7/+AEqLKLzHYQxuwLqh8AVnaKR2Lt9CGGAaiwHIG7i7GtF2rmAX7QnoInFmpEBmqLRzX61OxJMAQuSSad107BjdlCkUXMIo20o0xIz3WReahoYsAO2mk9NH9MgoHepHylSIdKL+nkhZoPUw8ExnwLCn572x+J/XTNA/d1MRxglCyKeL/ERSjOg4B9oRCjjKoSGMK2FupbzHFONo0sqaEJz5lxdJrVR0Toql29NC+WIWR4YckENyTBxyRsrkmlRIlXDySJ7JK3mznqwX6936mLYuWbOZffIH1ucPRj2T/w==</latexit>
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Figure 9: Qualitative results on category-specific multiple chairs (two-view)
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Figure 10: Qualitative results on multiple-category dataset (one-view)



Input
<latexit sha1_base64="AEuS1iOF73SdijggiR8iirj+7hI=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoRW8RzAOSJcxOZpMhsw9neoNhyXd48aCIVz/Gm3/jbLIHTSxoKKq66e7yYik02va3tbK6tr6xWdgqbu/s7u2XDg6bOkoU4w0WyUi1Paq5FCFvoEDJ27HiNPAkb3mjm8xvjbnSIgofcBJzN6CDUPiCUTSS20X+hOldGCc4Jb1S2a7YM5Bl4uSkDDnqvdJXtx+xJOAhMkm17jh2jG5KFQom+bTYTTSPKRvRAe8YGtKAazedHT0lp0bpEz9SpkIkM/X3REoDrSeBZzoDikO96GXif14nQf/KTUX2Ew/ZfJGfSIIRyRIgfaE4QzkxhDIlzK2EDamiDE1ORROCs/jyMmlWK855pXp/Ua5d53EU4BhO4AwcuIQa3EIdGsDgEZ7hFd6ssfVivVsf89YVK585gj+wPn8AEOiSSQ==</latexit>

pixelNeRF
<latexit sha1_base64="4ZXnLaqoBtXeod3B+fez1zb2TsQ=">AAAB+nicbVDJSgNBEO1xjXFL9OilMQiewkwU9BgUxJNEMQskQ+jp1CRNeha6azRhzKd48aCIV7/Em39jZzlo4oOCx3tVVNXzYik02va3tbS8srq2ntnIbm5t7+zm8ns1HSWKQ5VHMlINj2mQIoQqCpTQiBWwwJNQ9/qXY7/+AEqLKLzHYQxuwLqh8AVnaKR2Lt9CGGAaiwHIG7i7GtF2rmAX7QnoInFmpEBmqLRzX61OxJMAQuSSad107BjdlCkUXMIo20o0xIz3WReahoYsAO2mk9NH9MgoHepHylSIdKL+nkhZoPUw8ExnwLCn572x+J/XTNA/d1MRxglCyKeL/ERSjOg4B9oRCjjKoSGMK2FupbzHFONo0sqaEJz5lxdJrVR0Toql29NC+WIWR4YckENyTBxyRsrkmlRIlXDySJ7JK3mznqwX6936mLYuWbOZffIH1ucPRj2T/w==</latexit>

Ours
<latexit sha1_base64="z2Js6CFrE+6iwwMmsTPTPAGhk3I=">AAAB83icbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxZsRzAOyS5idTJIhsw9mesSw5De8eFDEqz/jzb9xkuxBEwsaiqpuurvCVAqNrvvtrKyurW9sFraK2zu7e/ulg8OmToxivMESmah2SDWXIuYNFCh5O1WcRqHkrXB0M/Vbj1xpkcQPOE55ENFBLPqCUbSS7yN/wuzOKD0h3VLZrbgzkGXi5aQMOerd0pffS5iJeIxMUq07nptikFGFgkk+KfpG85SyER3wjqUxjbgOstnNE3JqlR7pJ8pWjGSm/p7IaKT1OAptZ0RxqBe9qfif1zHYvwoyEacGeczmi/pGEkzINADSE4ozlGNLKFPC3krYkCrK0MZUtCF4iy8vk2a14p1XqvcX5dp1HkcBjuEEzsCDS6jBLdShAQxSeIZXeHOM8+K8Ox/z1hUnnzmCP3A+fwBK35HY</latexit>

GT
<latexit sha1_base64="unQt94OX0IY6WzDcrKYgNhXPkVE=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoQY8R8sJkCbOTSTJkdnaZ6RXDkr/w4kERr/6NN//GSbIHTSxoKKq66e4KYikMuu63s7K6tr6xmdvKb+/s7u0XDg4bJko043UWyUi3Amq4FIrXUaDkrVhzGgaSN4PRzdRvPnJtRKRqOI65H9KBEn3BKFrpoYP8CdPb2oR0C0W35M5AlomXkSJkqHYLX51exJKQK2SSGtP23Bj9lGoUTPJJvpMYHlM2ogPetlTRkBs/nV08IadW6ZF+pG0pJDP190RKQ2PGYWA7Q4pDs+hNxf+8doL9Kz8VKk6QKzZf1E8kwYhM3yc9oTlDObaEMi3srYQNqaYMbUh5G4K3+PIyaZRL3nmpfH9RrFxnceTgGE7gDDy4hArcQRXqwEDBM7zCm2OcF+fd+Zi3rjjZzBH8gfP5A15FkLY=</latexit>

Figure 11: Qualitative results on unseen-category dataset (one-view)
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