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Fast Guided Filter [He and Sun 2015]

Fig. 14. We generalize the fast guided filter to 3D and achieve edge-
preserving smoothing effect.
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Fig. 15. Image quantization is applied to geometries and make surface
patches facing toward pre-defined color palettes.

that the guided filter is effective in a variety of image processing

applications including edge-aware smoothing, detail enhancement,

image feathering, and so on. In Fig. 14 we apply the edge-aware

smoothing guided filter with the acceleration proposed in [He and

Sun 2015]. We set the guidance image to be the input and the filter

parameters to be r = 4, ϵ = 0.02. By plugging this filter to the filter

function f in Algorithm 2, we can see that the guided filter smooths

3D shapes and preserves sharp features.

In addition to edge-preserving smoothing, we are interested in

utilizing image filters to create different visual effects on geometry.

A simple by stylistic choice is image quantization, an image com-

pression technique compressing a range of color values to a single

value and representing an image with only a small set of colors

[Ozturk et al. 2014]. Again, by changing the filter f in Algorithm 2,

we can quantize 3D shapes with pre-define color set
4
(see Fig. 15).

Note that these colors are encoded in the world coordinate, thus the

shape quantization is orientation dependent and requires rendering

normals in world coordinates, which is different from other filters

that render normals in local coordinates.

Another pixel segmentation approach, but based on both color

and spatial information, is the superpixel. In Fig. 16, we use Simple

Linear Iterative Clustering (SLIC) [Achanta et al. 2012] which adapts

k-means to segment pixels to create "super-faces" on shapes.

Last but not least, we consider a filter that minimizes the L0 norm
of image gradient [Xu et al. 2011]. L0 norm has been a popular tool

4
The pre-defined color set are the color of 20 face normals of a icosahedron

SLIC Superpixel [Achanta et al. 2012]

Fig. 16. The SLIC superpixel method is applied to 3D objects, results in
small surface patches appearing on the shape

Smoothing with L0 Gradient Regularization [Xu et al. 2011]

Fig. 17. We minimize the L0 norm of image gradients and encourage the
output shapes (blue) to be piece-wise planar.

for image and signal processing for decades because it is a direct

measure of signal sparsity. However, L0 norm can be difficult to

optimize due to its discrete, combinatorial nature. Xu et al. [2011]

present an iterative image optimization method to minimize L0 gra-
dient and generate edge-preserving, piecewise constant filtering

effects. With Algorithm 2 we can simply apply such iterative proce-

dures to generalize the effect of L0 norm to a 3D shape and make it

piecewise planar which is the 3D analogue of piecewise constant in

images (see Fig. 17).

8 LIMITATIONS & FUTURE WORK
Paparazzi samples a precomputed off-

set surface for camera locations. This

means heavily occluded or tight in-

ner cavities of a surface will not re-

ceive edits (e.g., inside an alligator’s

mouth). It also means the shape is im-

plicitly trapped inside its original offset

surface cage. Removing this cage con-

straint and predicting the change of visibility would aid to creating

large shape deformations. For a stricter and more deterministic

image energy, it would be important to align the cameras’ orien-

tation to encourage consistency across views in the overlapped

regions. Meanwhile, we only present analytic derivatives for flat-

shaded triangle meshes; similar derivatives could be derived for

other representations such as subdivision surfaces or NURBS mod-

els. Paparazzi’s differentiation is orders of magnitude faster than
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previous work. In future work, we would like to further improve

the performance of Paparazzi by exploiting the parallelism of the

stochastic multi-view optimization and improving the collision-

detection needed for dynamic meshing (currently, El Topo — used

as a black-box — dominates our runtime, see Fig. 9).

At its core, Paparazzi is a differentiable renderer with a stochastic

multiview gradient-descent procedure that can back propagate im-

age changes to a 3D surface. Paparazzi imposes a 3D interpretation

of a 2D filter, but could be an useful tool for studying other filters

that have no straightforward 3D interpretation. Extending Paparazzi
to operate with global illumination and textures as well as more so-

phisticated lighting models could be beneficial for applications that

require realistic renderings, such as image classification. In our neu-

ral style transfer examples, we show only a small indication of the

larger possibility for Paparazzi’s usefulness to transfer the success

of image-based deep learning to 3D surface geometry. Paparazzi
demonstrates the utility of rendering not just for visualization, but

also as a method for editing of 3D shapes. It is exciting to consider

other ways Paparazzi can influence and interact with the geometry

processing pipeline.
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A NEURAL STYLE IMPLEMENTATION DETAILS
In this section, for the purpose of describing the parameters we used

for the image neural style transfer[Gatys et al. 2016], we briefly

summarize its key ingredients. Because we use this application to

introduce surface details rather than change the large-scale geomet-

ric appearance of an input we have to change some of the lighting

and camera parameters used in Paparazzi.
The goal of image style transfer is to, given a content image Ic

and a reference style image Is , generate an It that both looks similar

to Ic in the style of Is . This is performed by finding the image that

minimizes an energy ENSE, which is defined as a weighted sum of a

content energy and style energy, which are in turn defined on the

feature maps (i.e activations) in each layer of a convolutional neural

network (CNN):

ENSE = w
∑
ℓ

αℓE
ℓ
content

+ (1 −w )
∑
ℓ

βℓE
ℓ
style
,

where w controls the weighting between content and style ener-

gies, αℓ , βℓ correspond to content and style weights for layer ℓ.

The feature maps of It , Ic , Is at layer ℓ of the CNN are denoted by

Tℓ ,Cℓ , Sℓ ∈ RNℓ×Mℓ
respectively, where Nℓ is the number of fea-

tures in the layer ℓ andMℓ is the size of a feature image on the ℓth

layer.

Eℓ
content

is the squared difference between the feature maps of the

target and content images at layer ℓ:

Eℓ
content

=
1

2

Nℓ∑
i=1

Mℓ∑
j=1

(T ℓ
i j −C

ℓ
i j )

2.

Eℓ
style

is squared error between the features correlations expressed

by the Gram matrices over features G of content and style images

at layer ℓ:

Eℓ
style
=

1

4N 2

ℓ
M2

ℓ

Nℓ∑
i=1

Nℓ∑
j=1

(
(Gt )

ℓ
i j − (Gs )

ℓ
i j

)
2

,

Gℓ ∈ RNℓ×Nℓ
for a feature map F ℓ is explicitly written as

Gℓ
i j =

Mℓ∑
k=1

F ℓikF
ℓ
jk .

Both the style of strokes and colors contribute to the image style

energy ENSE but we omit the color style transfer because our focus

is on the 3D geometry, instead of texture. In particular, we capture

the style of strokes from a painting by perturbing vertex positions

in order to create the shading changes required to decrease the style

energy.

To eliminate the influence of the color component, we make both

the style image and the rendered image gray-scale, we use one white

directional light along the y-axis of the camera space to render the

geometry. We also use offset σ = 0.02 and field of view of 0.1,

OpenGL canonical view volume, to zoom in the mesh in order to

generate surface details rather than affect the large-scale geometric

features. We set αℓ , β1 to be 1 for layer conv1_1, conv2_1, conv3_1,
conv4_1, conv5_1 and 0 for the other layers in the VGG network

[Simonyan and Zisserman 2014]. We omit the content energy by

setting w = 0. In our experiments, we can still transfer the style

without losing the original appearance.
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