Rethinking Graph Masked Autoencoders through Alignment and Uniformity
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In this work, we prove that the node-level reconstruction in Graph
Masked Autoencoders (GraphMAE) implicitly performs context-level
Graph Contrastive Learning (GCL). Based on this, we identify the limi-
tations of GraphMAE from the perspective of alignment and uniformity.
To overcome them, we propose AUG-MAE equipped with an easy-to-
hard adversarial masking strategy and an explicit uniformity regularizer.

Motivation

k

Xiang Tao'>"  Qiang Liu'?  Shu Wul?1

°Sch. Al, UCAS

Limitations of GraphMAE

= For alignment, although GraphMAE is proven to have the ability to
align positive pairs, the practical alignment effect is also influenced by
the masking strategy.

= For uniformity, the representation uniformity is not strictly guaranteed.

Alignment-Uniformity Enhanced Graph
Masked Autoencoders

Background

» Graph self-supervised learning can be categorized into two distinct

types, contrastive methods (i.e., GCL) and generative methods (e.g.,
GraphMAE).

= Despite the recent empirical success of GraphMAE, there is still a lack
of sufficient understanding regarding its efficacy. Additionally, it
remains unknown whether there exists a connection between

GraphMAE and GCL.

The following Questions arise:

= Why is GraphMAE effective? Are GraphMAE and GCL completely

different methods, or do they share any commonality?

Theoretical Understanding of GraphMAE

We perform an analysis and give an insight that generative methods, such
as GraphMAE, perform implicit context-level GCL.

Theorem GraphMAE's nodel-level reconstruction loss Lscg can be lower

bounded by the context-level alignment loss L3,

Lsce(h) > %ECA“gn(h) — %&: + const (1)

* Following this, a small GraphMAE's reconstruction loss implies a
small context-level alignment loss, which indicates that GraphMAE
implicitly aligns the representations of positive context pairs.

@ https://github.com/AzureLeonl/AUG-MAE
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Figure 1. The overall framework of our proposed AUG-MAE model.

Adversarial Masking

Generate a differentiable binary mask vector of nodes:

probag, = Mg(G)

mi = o(L(log(- L (¢ )

T 1 — probaqy.i

Update the parameters of the mask generator:

N
¢~ = arg mgx(ﬁscg(g; 0,P) — )\ Sin(% ; m;) )
Update the parameters of GraphMAE:
O* = arg m@in Lscr(G; 0, P)
Easy-to-Hard Training
t
Oladv(t) = Qq + A(X(t) = Qq + (TW ' (OzT — Ozo)

prob(t) = (1 — aaay(t)) - probrand + Qaqyv(t) - probaqy(t)

Explicit Uniformity Regularizer
O = arg m@iﬂ(l:SCE(g; 0, P) + (1 — qaay) A2 Luni(G; O))
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. Performances of node classification.
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Il. Performances of graph classification.
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Il. Performances of representation alignment and uniformity.
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Figure 2. [, distances between positive representations of Cora learned

by GCL, GraphMAE, and AUG-MAE.
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Figure 3. Representation distributions of Cora on S' learned by GCL,
GraphMAE, and AUG-MAE.
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