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Motivation

m Graph Contrastive Learning (GCL)
O Graph self-supervised learning: without label y, only A & X.
O Output embeddings Z for downstream tasks.

m Classical GCL paradigms:

O BCE-based: DGI [Velickovic et al., 2019]
) ) } Smoothing
L= (z?zluz(xm [logD(h;,5)] + XX, Egxy [log(l - (h §)>]>
O InfoNCE-based: GRACE [Zhu et al., 2020b] % ﬁ
ee(ui,vi)/‘t
e(ui'vi) = lOg eO(upvi)/z + Z¥=1ﬂ[k¢i]ee(ui'vk)/r + legzlﬂ[kii]ee(ui'uk)/‘f ’
the positive pair jnter—view negative pairs intra—view negative pairs :> GCN
J = % Lileu,v) + £(v;,uy)] Encoder
O Invariance-keeping: CCA-SSG [Zhang et al., 2021] &\
L= NZi—Zpl, +2A(1Z]2, — 1} + 12525 — 1117

Ivariance term decorrelation term



m Spectral GNNs

Motivation

y=U

h(Ll) - 0

6 h(;tn)

O Monomial base: ¥ = Y¥_ v, H®, HO = pH*-1)
0 Chebyshev base: Y = ﬁ K oWk T(L)X, T (L) = 20T (L) — Ty o (L)

UTx ~ YK_ wiL*x

m A natural idea: Can we incorporate the excellent properties of spectral
polynomial filters into graph contrastive learning?
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Model: PolyGCL

m Encoder .
00 ChebNetll [He et al., 2022 2 -
[ oy= K—H;WRTR(L)X

s L=1- A=1-D1Y2AD"v2, 2 €]0,2]:

2 2L
m L=

~1, 1€ [-1,1];

Amax

= Reparameterize coefficient wy, = X', y; Ty (%))
xj = cos((j +1/2)m/(K + 1) is the Chebyshev Node.
y; Is the learnable parameter, corresponding to filter value i (x;).

Polynomial
O Decoupling low-pass and high-pass: Encoder
s Prefix sum: y/ = Z§'=0Vj:i =1,.. K

= Prefix difference: y/ =y, — X5y, i=1,..,K e
= Initialization: y{' = y§ = v, |::> L, = f9(2k=0Wka(L)X)’

Zy = K wiT,. (L)X
o v <viiLvi =i n = fo(Zk=owk Tk (LX)



Model: PolyGCL

m Optimization
O Final embedding via linear combination Global summary .
s Z=aZ, +PBZy g = Mean(Z) = Nzliv=1zi
O Binary Cross-Entropy (BCE) Loss

= Lpcg = ;- (Z%illog D(z},8) +log (1 - D(Z},g)) + log D(Z};, ) +log (1 — D(Z,, g)))
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Revisit GCL From The Spectral View

O Graph filtering in GCL
m Step1: Z=Ug(A)U'X;
m Step 2. o(MLP(Z)).

O Spectral Regression Loss (SRL)
m EvenNet [Lei et al., 2022]

2
s L(G) =Y \/_ S—]CR: ,wherea = UTAy and g = U"X.
(ENta(2)) 2

Theorem 1 [Informal]

For the low-pass filter g5y = ¢ — %AE[O, c] and the high-pass filter as

Jhigh = %/16[0, c], then a linear combination of the low-pass and high-pass filter
Jjoint = XJlow T YIhigh ¥ = 0,y = 0,x +y =1 achieves a lower expected
SRL upper bound than g}, In heterophilic settings.




Theoretical Analysis

Theorem 2 [Informal]

Denote £X(-) and £ (-) as the low-pass polynomial filter and high-pass
polynomial filter respectively. Let Zl.(k) be the k-hop neighboring embedding set

of node i, h = &L (Zi(k)),h{’ =¢cH (Zl.(k)), and h;9?=Linear(h;, h{’).Then,
h;?7 that optimising Lgcg also maximizes the mutual information between
h;?? and Zl.(k).

o Luce = — (Zélllog D(z},g) +log (1 - D(Z},g)) + log D(2};, £) + log (1 - D(Z}, g)))

Loce =S (B 1R ) + 2y (B]*° 11 B, ® ) — 4log2

O Corollary 2 [Informal]. The downstream classification error bound on learned
representation h,,, is lower than both the error upper bound of the low-pass and high-

pass representations, hy,,, and hy;p, .
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Experiments
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Linear coefficients: a + f =1 Normalized learned filters Time complexity: O(KE + N)
¢ < 0:low-pass information ¢ < 0:increasing fuctions; PolyGCL: SOTA performance

accounts for less. ¢ = 0: all-pass property. with satisfactory efficiency.
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m PolyGCL: introduces the superior properties of polynomial filters
iInto Graph Contrastive Learning.

m We revisit GCL from the spectral view and theoretically prove the
necessity of the high-pass information in heterophilic settings.

m PolyGCL achieves SOTA performance on datasets across
homophily without introducing extra complexity.
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