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INTRODUCTION EXAMPLES

In this work, we propose a regularization frame-
work for VAEs to generate semantically valid
graphs. Contributions:

1. A new deep generative framework for general
graph generation with validity constraints.

2. Formulation of constraints for I. molecular
graphs and II. node-compatible graphs.

3. An etficient inference algorithm for generating
valid graphs.

Figure 1: Left: Moleculer graph. Right: Protein network.
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Table 2: Comparison with other VAEs.

Figure 3: 2D interpolation of latent space. . QMO
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Table 3: Denoising node-incompatible graphs.
Standard VAE Regularized VAE
11.2 93.8

Figure 4: 1D interpolation of latent space (each row).

NETWORK ARCHITECTURE

For input representation, we unfold the edge-label tensor £ € RY*~N*(1+1) and concatenate it with the node-
label matrix F' € RY*(1+4) to form a wide matrix. The encoder is a 4-layer convolutional neural net. The
decoder is a 4-layer deconvolutional neural net similar to DCGAN.

CONSTRAINED GENERATION OFSEMANTICALLY VALID GRAPHS VIA
REGULARIZING VARIATIONAL AUTOENCODERS
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Figure 2: Overview of the Regularized VAE

The central contribution of this work is an approach
to imposing validity constraints in the training of
VAEs. Besides the usual loss function f(x) of VAE,
we want the graph samples produced by the gener-
ative network to be valid, regardless of what latent
value z one starts with:

min f(x)
subject to for almostall z ~ p,(2), 1)
hl(aj?’z) — 07 X .,hm(Q?,Z) — 07
g1(z,2) <0,...,9-(x,2) <O0.

Lagrangian: To solve (1), we generalize the usual no-
tion of Lagrangian function to

m

,C(CE, A, :u) — f(.fl?) T Z )‘ZTLZ(CC) T Z:ujgj (CU), (2)
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REGULARIZATION

Molecules:

where g;(x) = | [ gj(x,2)?ps(2) dz] > and similarly
for h;(z).

Training: Let us write the ¢-th validity constraint as
g:(0, z) <0 for all z, then the loss function is

N

~Lrsol0,6) + 1Y / 66,22 ps(2)dz| . ()

where g, = max(g,0) is the ramp function. This reg-
ularization will not penalize the desirable case g; < 0.
In practice, the integral in the regularization may be
intractable, and hence we appeal to Monte Carlo ap-
proximation for evaluating the loss in each parameter
update:

_LELBO(‘97¢)+NZ%(‘972)—I—7 where 2z ~ py(z).

(4)

e Ghost Nodes and Valence. Denote by V (¢) the capacity of a node i and by U(i) the valence (upper
bound of the capacity). The valence constraintis g; = V(i) — U (7).

e Connectivity: If A is the adjacency matrix, then the (7, j) element of B = I + A + A?
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nonzero iff 7 and j are connected by a path. Let ¢(¢) = 0 indicate the ghost node, then the connectivity
constraint is q(¢)q(j) - 1{B(i,5) = 0} +[1 — q(i)q(j)| - 1{B(¢,7) # 0} < 0. To be differentiable, in our

framework g;; = q(i)q(j) - [1 — C(3, j)]

Node-compatible Graphs:

1 —q(1)q(j)] - C(i,j) where C = o(B).

Consider the matrix P = FDFT. The (i, ) element of P is the probability

that nodes ¢ and j have compatible types. We want node pairs with low compatibility to be disconnected.
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