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Project Webpage - https://www.ics.uci.edu/~agarwal/quadricLoss

We propose a new loss function namely, Quadric loss:

Ø A point-surface loss function.

Ø It preserves sharp features - edges, corners and boundaries.

Ø Works with any point/mesh based architecture for 3D 
reconstruction.

Ø No Hyperparameters.

Ø Differentiable.

Ø Fast and easy to optimize.
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Using an autoencoder network, we study the effect of 
various loss functions on reconstruction quality of models 
from ABC dataset. All hyperparameters were kept constant.
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Reconstruction Results from ModelNet40 Dataset

Using the same autoencoder we also test 
quadric loss on shapes from ModelNet40.
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Losses CD Metro

median max median max

Quadric loss 51.92 400.02 3.18 11.25
Chamfer loss 4.51 96.76 3.05 13.60

Quadric + Chamfer 5.59 89.46 3.09 11.10

Table 1: Quadric loss on modelNet40

Losses CD Metro

median max median max

Quadric loss
Chamfer loss

Quadric + Chamfer loss

Table 2: Quadric loss with pointNet
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Losses CD Metro

median max median max

Normal loss 397.09 1750.6 10.65 28.38
Surface loss 21.86 398.85 6.11 24.93
Quadric loss 9.44 217.5 3.18 20.80
Chamfer loss 1.97 40.87 3.13 19.08

Normal + Chamfer loss 2.97 39.83 3.38 19.21
Surface + Chamfer loss 2.23 37.04 3.16 18.87
Quadric + Chamfer loss 2.21 36.78 2.96 18.80

Table 1: 3D reconstruction results on models from the test set. We compare different loss
functions using Chamfer distance (CD), computed on 2500 points, multiplied by 103 and
Metro error [3], multiplied by 10. Among all four losses, Chamfer loss best preserves the
overall structure and point distribution which is reflected in its low CD and Metro values.
Quadric loss preserves sharp edges and corners (Fig. 4) but has a higher CD when compared
to Chamfer loss. Combining quadric with Chamfer achieves best results.

size to 8064 models. We also simplified the models using Q-slim [6] to reduce the vertex
count to 2500 vertices, and centered and normalized them to a unit sphere. We randomly
split the data to get a distribution of 90% for training and 10% for testing.

4.2 Network & Implementation Details
Although Quadric Loss can potentially be used with any point or mesh based network, we use
an auto-encoder based network and analyze the reconstruction quality during shape recon-
struction. We use the encoder from Dynamic Graph CNN (DGCNN) [24], which performs
convolution over k-nearest neighbours in the feature space at every layer and is currently the
state of the art for point cloud analysis. Specifically, we use the classification architecture
without the spatial transformer and the fully connected layers to encode a point cloud of
2500 vertices into a latent vector dimension of 1024.

For the decoder we use AtlasNet [9], which takes in the 1024 embedding from the
DGCNN encoder and generates an output surface using N learnt parameterizations. We
follow the same training strategy as AtlasNet, which is to sample the learned parameteriza-
tions at every training step to avoid over-fitting. For all the experiments in this paper, we use
this auto-encoder architecture with k = 20, N = 25 and an output point cloud size of 2500.

In order to compare the three point-surface loss functions, we train 4 networks - one
with CD + surface loss, one with CD + normal loss, one with CD + quadric loss and one
with CD alone. To compute the three losses (surface, normal and quadric), we use the
correspondences found from Chamfer distance. For all the experiments we use Adam [11]
optimizer with a batch size of 16. The learning rate was set to 0.001 for all losses except
the networks trained with quadric loss for which we found a slower learning rate of 0.0001
to be most effective. All learning rates were multiplied by 0.8 every 100 epochs. For a
fair comparison we train all the networks to the same number of epochs and we also ensure
that the total loss in each network is an equal contribution of both the loss functions by
weighting the terms appropriately. All the code was implemented in Pytorch and training
was performed on NVIDIA TITAN Xp GPU.
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Surface Loss overall shape point-triangle

Edge Loss sharp features point-edge

Normal Loss high order 
features inner-product

Quadric Loss sharp features point-plane

Sharp features such as edges, corners and 
boundaries are important for human visual perception. 
Current loss functions for reconstructing 3D objects, 
especially for point or mesh based networks, focus on 
either the overall shape or the input point distribution. 

Our loss function encourages points to lie along sharp features. 

Garland et al., Surface Simplification using Quadric Error Metrics, SIGGRAPH 1997
Yu et al., EC-Net: an Edge-aware Point set Consolidation Network, ECCV 2018
Wang et al., Pixel2Mesh: Generating 3D Mesh Models from Single RGB Images, ECCV 2018

Analytic Drawing of 3D Scaffolds
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Figure 1: Our analytic drawing tool infers 3D scaffolds of linear segments (a) from sketched strokes. 3D feature curves can then be sketched
by deriving position and tangent constraints from the scaffold (b). After fixing the viewpoint and adding image-space silhouette curves (c),
we apply traditional hand-rendering techniques [Robertson 2003] to create a production design drawing of the espresso machine (d).

Abstract
We describe a novel approach to inferring 3D curves from perspec-
tive drawings in an interactive design tool. Our methods are based
on a traditional design drawing style known as analytic drawing,
which supports precise image-space construction of a linear 3D
scaffold. This scaffold in turn acts as a set of visual constraints for
sketching 3D curves. We implement analytic drawing techniques
in a pure-inference sketching interface which supports both single-
and multi-view incremental construction of complex scaffolds and
curve networks. A new representation of 3D drawings is proposed,
and useful interactive drawing aids are described. Novel techniques
are presented for deriving constraints from single-view sketches
drawn relative to the current 3D scaffold, and then inferring 3D line
and curve geometry which satisfies these constraints. The resulting
analytic drawing tool allows 3D drawings to be constructed using
exactly the same strokes as one would make on paper.

Keywords: sketch-based interactive design, perspective drawing,
geometric inference, constraints

1 Introduction
One premise underlying recent work in 3D design interfaces is that
2D drawing is more intuitive than traditional 3D modeling systems,
and hence sketch interpretation will lead to more efficient and ex-
pressive tools. A frequent approach is to utilize sketches as syntax,
incrementally constructing complex 3D models using a grammar
of gestural shape editing operations [Zeleznik et al. 1996; Igarashi
et al. 1999]. Attempts have also been made to interpret the se-
mantics of sketches, using databases of geometric information like
3D templates [Chen et al. 2008] and junction tables [Karpenko and
Hughes 2006]. To support truly freeform 3D design, projections of
sketched strokes can be geometrically inverted based on two draw-
ings of each curve [Cohen et al. 1999; Bae et al. 2008].

Although geometric inversion allows virtually any 3D curve to be
sketched, Karpenko et al. [2004] and others have observed that
it is challenging to “draw what one means” in 3D. This is due
both to drawing skill and inherent perceptual biases in estimates of
foreshortened shapes and dimensions [Taylor and Mitchell 1997;
Schmidt et al. 2009]. Although curves can be corrected in addi-
tional viewpoints [Kara and Shimada 2007], a more precise alterna-
tive is to utilize constraints, such as position and tangent constraints
at key points on a curve, guaranteeing that important relationships
are satisfied. Explicit representation of constraints as 3D geometry
has a long history in variational surface design [Welch and Witkin
1994; Nealen et al. 2007], but constraint specification involves 3D
manipulation which, even with a sketching interface, is a difficult
and tedious task [Schmidt et al. 2008].

Looking to design drawing guides, we find that designers have de-
veloped elegant analytic drawing techniques for specifying 3D ge-
ometric constraints via lines in 2D [Ching 1997; Robertson 2003;
Robertson 2004]. This approach makes extensive use of image-
space construction lines to fix the relative depth of vertices, result-
ing in an unambiguous 3D lattice or scaffold. This 3D scaffold
greatly simplifies the task of both human and automated sketch in-
terpretation. For example, the only valid line segments which ana-
lytic drawing allows are those parallel or perpendicular to existing
lines, or which connect known 3D points. By deriving these and
other constraints from the current scaffold, we can infer an individ-
ual 3D line or freeform curve from one sketch in a single view.

We describe a “pure-inference” drawing interface which under-
stands rules of analytic drawing, allowing designers to directly
sketch complex 3D scaffolds and curve networks without recourse
to modal tools (Figure 1). Our tool closely mimics the physical
motions of pencil-and-paper analytic drawing, while minimizing
the drudgery involving rulers and careful measurement (Section 2).
Since analytic drawing restricts which lines can be drawn, rough
and imprecise strokes can be interpreted with high accuracy. Our
inference strategy incrementally fixes strokes in 3D, creating a scaf-
fold which acts as a context for interpreting sketched curves (Sec-
tion 3). While our tool does allow view rotation, one can draw
extensively from a single view, making the experience much closer
to natural pencil-and-paper sketching than previous systems. We
evaluate the benefits, drawbacks, and limitations of our approach in
Section 4, and demonstrate its utility in a variety of design tasks.

Quadric loss
L1 loss
L2 loss

The code and data are available 
on project page 
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