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Equivariant Denoisers Cannot Copy Graphs: Align Your Graph Diffusion Models
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TL;DR

= Standard permutation-equivariant graph diffusion models struggle
with graph-to-graph translation due to symmetry.

= We propose aligned denoisers, which break symmetry where
needed, preserving equivariance elsewhere.

= Our approach achieves SOTA results in retrosynthesis (e.g., 54.7%
top-1 vs. 4.1% for unaligned models).

Motivation

Graph-to-graph translation underpins molecule editing, dynamic graph
prediction, and retrosynthesis, etc. Following the success of graph dif-

fusion in a number of graph-based tasks, we investigate its adaption to
graph-to-graph translation.

Input
Target (reactants) H (product)
N —N N
V‘ Q. ®
N/N;’ . .. “ // \
y CH, a
s M |
H@/\‘}\
XO Xt XT Y
Background

Graph diffusion models consist of a forward process, a reverse process,
and a denoiser architecture.
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Equivariant functions struggle to map symmetrical inputs to less
symmetrical outputs. We observe this in an experiment contrasting a

permutation-equivariant (PE) and a non-permutation equivariant (NPE)
GNNs.
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Equivariant denoisers cannot copy graphs

When asked to maintain equivariance while assigning different labels to
similar input, equivariant denoisers learn the marginal distribution of node
and edge labels of the training dataset. We prove this result formally in
Theorem 1 of the paper. This effect is mitigated (inefficiently) through
iterative denoising until we obtain a plausible sample.
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Solution: Alighed Equivariance

We can use indentifiers (e.g. atom-mapping numbers in a chemical reac-
tion) to match source and target graph components. This aligned equivari-

ance breaks the self-symmetries in the input while maintaining equivari-
ance in the non-matched parts.
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How to ensure alignment?

We explore three methods and their combinations.
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Our PE+skip model matches SOTA in retrosynthesis, and maintains high
performance with few sampling steps.
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Downstream applications

Diffusion unlocks interesting features in retrosynthesis, including inpaint-
ing and inference-guidance.
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