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Those who wish to succeed must ask the right preliminary questions. —Aristotle
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Graph Diffusion models
Given the constraints of graph data scale and network learning capacity, these models
truncate the forward diffusion process to enhance performance, preventing it from fully
reaching the standard Gaussian distribution.

However, during sampling, they have to start from the standard Gaussian distribution
without employing any specific strategy.

This mismatch is a critical issue and including exposure bias.
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Graph diffusion models

Model GDSS GSDM HGDM MOOD
Dataset Comm. Enz QM9 ZINC250k
Type Edge Eigen Edge Node

SDE VPSDE VPSDE VESDE VPSDE

βmin|σmin 0.1 0.1 0.1 0.1

βmax|σmax 1.0 1.0 1.0 1.0

uT 0.7596 0.7596 1.0 0.7596

σ2T 0.4231 0.4231 1.0 0.4231

Figure: (a) starting bias
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Figure: (b) Baseline
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Figure: (c) corrected
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Why baselines are truncated?
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How to correct these bias?
If we known the inference model s(ẑt, t,w?), and its βmin and βmax, we can use Langevin
sampling to correcnt the reverse-starting bias. Moreover, we already have a pretrained
score network s(ẑt, t,w?) ≈ ∇ log p(zt|x). This score guides Langevin sampling to obtain
samples from the distribution p(ẑT ) ≈ q(zT |x):

ẑT = ẑT + γs(ẑT , T,w?) +
√
2γε

Here, we use Tweedie formula and have the following equations,

∇zt log p(zt) = −
εt√

1− αt

s = − g√
1− αt
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Algorithm

for j = 1 to M do
s =

(
s+λ(s− s(zT ,ψ?, T ))

)
/ω

ε ∼ N (0, I)
zN ← zN + γs+

√
2γε

end for
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Ablation

Method QM9

Val. w/o corr. ↑ NSPDK MMD ↓ FCD ↓

GDSS-OC 73.5 0.0157 4.58
GDSS-w/o Correction in sampling 94.8 0.0037 2.65
GDSS-w/o Reverse-starting Alignment 89.8 0.0031 2.01
GDSS-OC-S++ 94.0 0.0014 1.67
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Results
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