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Figure 2: Our network architecture: the input 3D shape and a set of geometric curves are processed by a surface geome-
try module and a path geometry module to produce stroke thickness and displacement. With the predicted thickness and
displacement, a stroke texture module creates a stylized line drawing with texture.

ral Contours [34], which combines curves from many prior
algorithms, including Occluding Contours [4], Suggestive
Contours [8], Apparent Ridges [26], Ridges & Valleys [38].

The geometric curves are represented as polylines: N
vector paths C = {ci}Ni=1, where ci is a sequence of
densely sampled points ci = {ci,j}Mi

j=1 with uniform spac-
ing, Mi is the number of points on the path, and ci,j repre-
sents the 2D position of point j on path i.

3.2. Stroke geometry prediction

The central portion of our model, described in this sec-
tion, produces one stylized output stroke for each of the
curves in C. Texture synthesis is described in Section 3.3.

The geometric curves C are unstylized, and the goal of
our model is to convert them to strokes with new shape,
along with thickness and texture. The stroke control points
are represented as displacements from the input curves.
Displacement models the ways that artists deform curves,
for example, smoothing curves, adding “wiggles” (e.g. Fig-
ure 8), and so on [9]. More precisely, for each input poly-
line ci, the module described in this section produces a 1D
thickness ti,j for each control point ci,j , together with a
displacement vector di,j . Hence, the control points of the
output stroke will be {ci,j + di,j} (Figure 3).

As observed in previous work, artistic stroke thickness
and displacement depend on image-space geometric shape
features (e.g., object depth, view-dependent curvature, and
surface shading [14]). Stroke thickness and displacement
also depend on the shape of the stroke itself, including phe-
nomena like tapering, stroke smoothing, and “wiggliness,”
(e.g., [15]), which can be captured as deformations of the
1D curve. Hence, to predict stroke geometry, the model
includes modules to incorporate information from both the
shape’s surface geometry and along the 1D stroke paths.
Surface geometry module. First, the surface geometry
module processes surface geometry via a 2D convolutional
neural network, outputting image-space feature maps F.

Surface geometry is represented in the form of image-
space renderings. Each pixel contains the geometric prop-
erties of the surface point that projects to that pixel. There
are nine input channels per pixel: depth from camera, ra-
dial curvature, derivative of radial curvature [8], maximum
and minimum principal surface curvatures, view-dependent
surface curvature [26], dot product of surface normal with
view vector, and a raster image containing the line segments
of the vector paths C. We found these geometric and shad-
ing features to be useful for predicting accurate stroke ge-
ometry. In this manner, the module jointly processes shape
features and vector paths in the concatenated 768× 768× 9
map V. The map passes through a neural network function
to output a 768×768×40 deep feature map F = f(V;w1),
where f is a ResNet-based fully convolutional network [25]
with four residual blocks, and w1 are learned during train-
ing. More details about the module architecture are given in
the supplementary material.
Path geometry module. The path geometry module is a
neural network applied separately to each input curve using
1D convolutions. Each point {i, j} on a curve has a set of
curve features and features from the shape geometry.

The curve features are 2D curve normals, 2D tangent di-
rections, and the normalized arc length. The normalized
arc length allows the model to learn to taper stroke thick-
ness, whereas the other two features can capture image-
space curve orientations. Since the orientation of the curve
is ambiguous, there is a sign ambiguity in the tangent di-
rection ei,j and normal ni,j per curve point. To handle the
ambiguity, we extract two alternative curve features sets:
one using (ei,j ,ni,j) and another set using (−ei,j ,−ni,j).

In addition to the curve features, the deep surface ge-
ometry features F generated by the surface geometry mod-
ule are also included as input to the path geometry module.
Specifically, for each point on a curve, we use nearest in-
terpolation on the deep feature map F to produce 40-dim
features. These features are concatenated with each of the
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Figure 3: Left: an input set of geometric curves (each curve
is highlighted with a different color). Right: For each input
curve, our model outputs a stroke by predicting a thickness
scalar and a 2D displacement vector for each control point.

two sets of the above 5 raw curve features of the vector
path, resulting in two Mi × 45 feature maps (Pi,P

′
i) for

the path i, where Mi is the number of control points in the
path. In this manner, the module jointly processes view-
based surface features together with geometric properties
specific to the path. We also experimented with processing
these features independently and found the above combina-
tion yielded the best performance. The above features pass
through a neural network function to predict the thickness
and 2D displacement along each vector path:

[ti,di] = avg
(
h(Pi;w2), h(P

′
i;w2)

)
(1)

where di = {di,j}Mi
j=1 are the predicted per-point displace-

ments, and ti = {ti,j}Mi
j=1 are per-point thicknesses (Figure

3), and w2 are parameters learned from the training refer-
ence drawing. The avg function performs average pooling
over predictions of the two alternative feature sets to ensure
invariance to the sign of curve orientation. The function h
is a 1D fully convolutional network made of 3 layers, each
using filters of kernel size 3, stride 1, zero padding. The
first two layers are followed by ReLU activation. The last
layer has 3 output channels: two for 2D displacement, and
one for thickness. For thickness, we use a ReLU activa-
tion to guarantee non-negative outputs, while for the 2D
real-valued displacement output, we do not use any non-
linearity.

Differentiable vector renderer. Given the predicted dis-
placement di for each vector path ci, new vector paths are
formed as c′i = ci + di. Using the differentiable vector
graphics renderer DiffVG [31], these new vector paths are
rasterized into grayscale polylines based on predicted thick-
ness ti. Specifically, for each pixel in the output image, its
distance to the closest point on the vector paths is computed.
If it is smaller than half the stroke thickness of the closest
point, the pixel is inside the stroke’s area and assigned black
color; otherwise it is marked as white. The strokes are ren-
dered in a 768× 768 raster image Ib with anti-aliasing pro-
vided by the differentiable renderer. The resulting image is

grayscale, lacking texture (see Figure 2).

3.3. Stroke Texture

The final module predicts texture for all strokes. Tex-
ture may vary according to depth and underlying shape fea-
tures, e.g., an artist may use darker strokes for strong shape
protrusions, and lighter strokes for lower-curvature regions.
As a result, we condition the texture prediction not only on
the raster drawing Ib representing the generated grayscale
strokes, but also the shape representations used as input to
the surface geometry module of Section 3.2. Specifically,
we formulate texture prediction as a 2D image translation
problem. The input to our image translation module are the
first eight channels of the view-based features V (Section
3.2) concatenated with the raster drawing Ib channel-wise,
resulting in a 768× 768× 9 map U. This map is translated
into a RGB image I = g(U;w3) where g is a ResNet-based
fully convolutional network [25] with four residual blocks,
and w3 are parameters learned during training.

As an optional post-processing step, to incorporate the
predicted texture into our editable vector graphics represen-
tation, we convert the predicted RGB colors into a per stroke
texture map. Specifically, each stroke is parameterized by a
2D u-v map, whose coordinates are used as a look-up table
to access the texture map for each stroke. The color of each
pixel in the stroke’s texture map is determined by the RGB
color of the corresponding pixel in the translated image I.

4. Training
In order to train a model, we gather drawings made by

artists based on rendered line drawings. Due to the difficul-
ties in creating multiple drawings in a consistent style, our
training procedure is designed to work with a single train-
ing example alone. The goal of our training procedure is to
learn the parameters w = {w1,w2,w3} of our surface ge-
ometry module, path geometry module, and stroke texture
module described in Section 3.
Obtaining an artist’s drawing. We provide an artist the
feature curves C for shape, produced from a 3D shape using
the procedure in Section 3.1. The artist is asked to produce
a drawing on a digital tablet, using the provided curves as
a reference. They are specifically instructed not to trace the
feature curves, so that we can capture the artist’s natural
tendency to deform curve shape and thickness. Given the
input training drawing Î, a binary mask Îb is extracted by
assigning black for pixels containing the artist’s strokes, and
white for background. To smooth out discontinuities, anti-
aliasing is applied to the mask, in the same manner as in the
vector renderer, making it “soft” i.e., a grayscale image.

Note that, although we have paired drawings, i.e., input
3D geometry and a drawing, our method is not fully su-
pervised, because the drawing is provided in raster format;

14207









  Training artist’s drawing    Test geometric curves     Neural Strokes

 No strokes           No surface features        No curve features

Figure 7: Comparisons with variants of our method. Re-
moving features from our method result in noisy, incoherent
strokes deviating from the training drawing style.
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Figure 8: Left to right: Input geometric curves of a hand
shape, deformed curves with predicted displacement from
the path geometry module, strokes with predicted displace-
ment and thickness from the path geometry module, final
output textured strokes.

mentioned reduced variants. The reduced variants result in
worse performance. Figure 7 shows characteristic compar-
isons with the reduced variants. We observe degraded re-
sults, especially in the case of “No strokes” where several
broken, noisy strokes appear. In the case of “No surface
features” and “No curve features”, we observe incoherent
strokes with unnatural thickness variation and deformation.

Intermediate results. Unlike purely raster image based
methods that produce strokes as pixel values, Neural
Strokes predict stroke attributes (thickness, displacement,
texture) in intermediate stages that can be visualized sepa-
rately. Figure 8 shows intermediate results of our method.

Vector Graphics editing. Since our method is able to out-
put the stylized drawing in a vector representation, one can
easily edit the strokes in vector graphics editing applica-

  (a)   (b)   (c)   (d)  Input shape 
     & curve

Figure 9: Given our output strokes (a) of a cat shape, we
show three editing operations: (b) rescale thickness, (c) add
wiggliness, (d) move control points of strokes.

training geometric
curves

training artist’s
drawing

test geometric 
curves

Neural
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Figure 10: Example of a less successful style transfer case.

tions. In Figure 9, we show three examples of vector edit-
ing operations on our output strokes: rescaling thickness,
adding wiggliness, and move control points.

6. Conclusion

We presented a method that learns to stylize line draw-
ings for 3D models by predicting stroke thickness, displace-
ment and texture. The model is trained from a single raster
drawing and produces output strokes in a vector graphics
format. Our experiments demonstrate that our method sig-
nificantly improves over existing image-based stylization
methods and that our generated drawings are comparable
to artists’ drawing. There are still avenues for further im-
provements. An artist may sometimes vary the style within
the same drawing, make random choices, or the style might
be uncorrelated with any of the features we use. In this case,
our result may not reproduce well such stylistic choices
(Figure 10). In addition, when there is a large mismatch
between input geometric curves and training drawing, the
network may fail to reproduce correctly the stroke thickness
and displacement. Learning to predict the correspondence
between feature curves and the training drawing could help
dealing with this issue. Learning to transfer style for other
types of drawings from a single or few examples, such as
hatching illustrations and cartoons, would also be another
interesting research direction.
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