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t = 0 t = 1

Fig. 13. We fit neural networks to the signed distance field of a shape when the latent code t = 0 and another shape when t = 1 (green). Our Lipschitz
regularization encourages smooth interpolation and extrapolation (blue) even when trained on only a pair of shapes.

MSE loss with Adam and set the learning rate to be 10−4. To evaluate
our method, we add a Lipschitz regularization with α = 10−11 to
the decoder during training (see Fig. 11).
For the test time optimization, given a partial point cloud, we

initialize the latent code by passing through our PointNet encoder.
With this code, we pass each point in the point cloud to the decoder
andminimize the square SDF value. Intuitively, wewant the point on
the partial point cloud to lie on the zero iso-surface. In addition, we
also augment an Eikonal term [Gropp et al. 2020] weighted by 1e −2
to encourage the output to be an SDF-like function. We minimize
this loss (square SDF and an Eikonal loss) by changing the latent
code parameter (the parameter before applying the sigmoid) during
test time with Adam with a learning rate 10−4 until converged.

A.5 Alternative Lipschitz Regularizations
We evaluate our method against the method proposed in [Anil et al.
2019] (Eq. (11)) and another alternative mentioned in Eq. (13) on
2D interpolation tasks App. A.2. We use a 5 layer ReLU MLP with
64 neurons on each hidden layer. Because these approaches are all
defined on the Lipschitz bound of the network, we use the same
α = 10−6 for a fair comparison.

We also compare against the method by Yoshida and Miyato
[2017] on 2D interpolation. We use 5 and 10 layers ReLU MLP with
64 neurons on each hidden layer respectively. We use α = 10−5 for
the method by Yoshida and Miyato [2017] and α = 10−6 for our
regularization.
In Eq. (14), we evaluate it on a large network trained on the

ShapeNet [Chang et al. 2015]. We notice that if the task is simple,

such as 2D interpolation, whether to take a log result in similar
performance when we have a good α . But when evaluating on
large experiments with large networks, minimizing the log of the
Lipschitz bound Eq. (14) may start to have issues on convergence.
In this experiment specifically, we use the same training set-up as
App. A.4 and we use α = 10−6.

A.6 MNIST Implicit Autoencoder
The experiments presented in Sec. 4.3 and Sec. 5.1 are evaluated on
the MNIST dataset (60000 hand-written digits) represented in 28-
by-28 SDF images. Our autoencoder uses two MLPs as our encoder
and decoder. Our encoder has size [784, 256, 128, 64, 32] with leaky
ReLU activation. It takes the image of an MNIST digit (in SDF form)
as the input and outputs a latent code with dimension 32. Similar
to App. A.4, we then apply a sigmoid function on the output to
ensure the actual latent code lies between 0 and 1. The inputs to our
decoder are the latent code and the position in the image space. It
outputs the SDF value at the location. Our decoder has dimension
[35, 128, 128, 128, 1] with the sorting activation [Anil et al. 2019].
We multiply the input position by 100 to avoid the possibility that
the network is constrained by spatial smoothness We use Adam
with a learning rate 10−4 to minimize the MSE loss evaluated on the
28-by-28 regular 2D grid. For each regularization (L1, L2, and ours),
we perform parameter sweeping on log scale and report the best
one in terms of test accuracy. Specifically, we use 10−7 for both the
L1 and L2 regularization, and 10−6 for our Lipschitz regularization.
To construct an adversarial perturbation in the latent space, we

fist obtain the initial latent code ti of a valid MNIST digit by passing
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Fig. 14. We perform adversarial attacks in the latent space, the same setup as Fig. 8. We can observe that Vanilla AE is vulnerable to the attack so the initial
SDFs (first row) are completely destroyed after adversarial perturbations (second row). In contrast, our Lipschitz regularized network is more robust to the
attack (third and the fourth rows).

an image Ii from the training/testing set to our encoder, then we
follow the fast gradient signed method proposed in [Goodfellow
et al. 2015] to compute the adversarial perturbation. Specifically, we
set the loss function J to be squared L2 pixel difference between
the input MNIST digit Ii and the decoded image output by the
network fθ (t) using another code t. Then the adversarial latent
code is constructed by

tadv. = ti + ϵ sign
( ∂J(Ii , fθ (t))

∂t

)
(15)

with predetermined small magnitude ϵ = 0.05. Then the adversar-
ial MNIST digits can be obtained by visualizing the output of the
network with the adversarial code fθ (tadv.).

B RELATIONSHIP WITH WEIGHT NORMALIZATION
Weight Normalization is a reparameterization technique proposed
by Salimans and Kingma [2016] to accelerate the training process.
The key idea is to parameterize the weight matrixWwith a trainable
matrix V and a trainable scaling factor д

W = д × V
‖V‖ (16)

where the matrix V is normalized to have unit norm and д is the
scaling factor that controls the magnitude ofW. This reparameter-
ization is similar to our weight normalization layer in Sec. 4.1.1,
but with a different norm. However, the key difference is that this
reparameterization along is insufficient to guarantee smoothness. In
the first row of Fig. 15, we can observe that solely with the method
by Salimans and Kingma [2016] still results in non-smooth inter-
polation. This is because there is no regularization to encourage
small д. In the second row of Fig. 15, we demonstrate the flexibility
of our method that we can apply our Lipschitz regularization to
encourage small д under the reparameterization in [Salimans and

[Salimans & Kingma 2016]

t = 0 t = 1t = 0 t = 1

[Salimans & Kingma 2016] + ours

Fig. 15. Our Lipschitz regularization can complement other reparameteriza-
tion schemes, such as the weight normalization by Salimans and Kingma
[2016]. We show that solely with weight normalization is insufficent for
obtain smooth results (top row), but our method can be used jointly with
[Salimans and Kingma 2016] to obtain smooth interpolation (bottom row).

Kingma 2016] and successfully lead to smooth interpolation results.

C COMPARISON WITH SPECTRAL NORMALIZATION
Spectral Normalization proposed by Miyato et al. [2018] is a method
to constrain the Lipschitz bound of a network. As discussed in Sec. 2,
these Lipschitz constrained networks are sensitive to the choice of
the Lipschitz bound. In most geometry applications, a good choice
of bound is unknown, thus it requires extensive hyperparameter
tuning. In Fig. 16, we show that the results of Lipschitz constrained
networks change dramatically when increasing the bounds. Our
method, instead, results in smoother change with better results
when playing with our regularization parameter α .
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Fig. 16. Lipschitz constrained networks, such as [Miyato et al. 2018], are
sensitive to the change of the prescribed Lipschitz bound. We can observe a
dramatic change from too smooth (1st row) to too non-smooth (3rd row)with
a minor logarithmic scaling of the initial Lipschitz bound c . In contrast, our
method (blue) is more robust with respect to the change of our regularization
weight α .
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