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Imbalanced Node Classification

{O@O Labeled nodes |
i O Unlabeled nodes |

ﬂearning on graphs commonly struggles with\
class imbalance issues.

- Due to topological asymmetries[1,2,3] impact
model performance, conventional methods have
been proved ineffective.

- Thus, a more fundamental and theoretical
@rspective is urgently needed.
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Synthetic node

Pseudo-labeling node

/ . Synthesis of virtual nodes Pseudo-labeling Methods
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2. GraphENS: Neighbor-Aware Ego Network Synthesis for Class-Imbalanced Node Classification. ICLR 202

1. Topology-Imbalance Learning for Semi-Supervised Node Classification. NeurlIPS 2021
2
3. TAM: Topology-Aware Margin Loss for Class-Imbalanced Node Classification. ICML 2022
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Graph Imbalance and Model Variance
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Theorem 1 Under the condition that Y . n; is a constant, the variance Y ;_; E, [niihT (a:)A’h(:v)]

reach its minimum when all n; equal.

/“As the ratio of imbalance increases, " - J
the minority class exhibits a smaller
sample size n;, which consequently
makes a greater contribution to the / \
\ ove rall variance. ) o

P P P
K (a) CiteSeer-GCN (b) CiteSeer-GAT (c) CiteSeer-SAGE /
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Variance Regularization

Estimate the Expectation with Labeled Nodes: aswe lack access to other training sets.

Therefore, we propose Lemma 1 to estimate the variance on training set with the variance
_Lon labeled data.

J

Lemma 1 Under the above assumption for h* ~ N(ut,A?), C* ~ N (ui, %Ai), minimizing the
> E. [Var(z)] is equivalent to minimizing Equation 3:

\_ J
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Variance Regularization

‘Estimate the Expectation with Labeled Nodes: aswe lack access to other training sets.
Therefore, we propose Lemma 1 to estimate the variance on training set with the variance

_Lon labeled data. y

4 N

Lemma 1 Under the above assumption for h* ~ N(ut,A?), C* ~ N (p,i, %Ai), minimizing the

> E. [Var(z)] is equivalent to minimizing Equation 3:

FEY (M g - 1) =323 S (G - ) - @

zeG i=1 kl] il =il

\_ J

Difficulties: Equation 3 required access to embedding pairs from the same class, which
were difficult to obtain due to the lack of labels.
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K(hl! hZ)

qutimate the Expectation with Unlabeled Nodes: To address this, we developed a two-step A
solution. The first step involved using graph augmentation to create pseudo embedding pairs

)

-

> E, [Var(z)] is equivalent to minimizing Equation 3:

LY (e 8} = A3 (T

zelG i=1 kl] il o=l

Lemma 1 Under the above assumption for h* ~ N(u®,A*), C* ~ N (ui, n-l—iAi), minimizing the

(e - )) ®

~
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Variance Regularization

qutimate the Expectation with Unlabeled Nodes: To address this, we developed a two-step A
solution. The first step involved using graph augmentation to create pseudo embedding pairs

K(hl! h2 ) . J
/ Lemma 1 Under the above assumption for h* ~ N(u®,A*), C* ~ N (ui, n%A"'), minimizing the \
> E, [Var(z)] is equivalent to minimizing Equation 3:
2
— z Z (h(w)T ) ZZZ ((uk +6é)” (¢ — z)) . (3)
:z:GG =]l k il =il =il \/_

Difficulties: These pseudo node pairs was their lack of information about class label, preventing
us from assigning the correct coefficients in Equation 3, which are vital for compensating
minority classes.
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Variance Regularization

The Second Step: To overcome this, in our second step, we introduced the use of class centers
, denoted as C' to replace h in the equation.

4 N

lyy ((01 YTh(z) - (C)TR (e ))2
:L‘EG’L 1

¢ e “4)
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The Final Algorithm: Revar

QO  Labeled nodes /Intra-Class Aggregation K Variance-constrained Optimization\
Unlabeled nodes i i izati ad
O Regularization with Adaptive Regularization Ly = § : CE (ﬂ. 7Tz) 4+ — § ' CE (yi, 7Tz') (7
fo GNN encoder & Class center label probability | confl |V |
distribution 1€ Veonf 1€VL
5 ,DDDD
transform fo 3 WS /, 0000
G el Y H m“ =0 iy, = = = P;& uniabeled nodes
et i s
E % 3, I Labeled nodes f \
&O _g % %, Tg:‘ dimension 1 CE 1 k
B z 4 ™ il . .
S L gl L= =g > sim(hi-hi) - sim (h; -0j) +» 0 > sim(hi-hy))
Sorury fo | % 3 @, p¢700A0 h; bl €Vyy Nou "1 hi,h/€C =1 hi.h;€C
transform -t £ 'g O\‘% -— Unlabeled nodes 177 (8)
Node £ EG .-000o
o477 @ ¥<. oooa / - =
. & Labeled nodes
dimension 1
(a) Graph augmentations (b) Intra-view and inter-view regularization (c) Variance regularization ( A
(Corresponding to £L;z) (Corresponding to Lyg) _
Ecomposite - )‘1 EVR + /\2 EIR + L:sup (9)
(G
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Performance of Revar

advantage that underscores its

efficacy in addressing the challenge

of class imbalance in node
Kclassification.

In all cases, ReVar achieves a decisive

/

GCN

GAT

SAGE

Dataset CiteSeer-Semi PubMed-Semi Computers-Semi
Imbalance Ratio (p = 10) bAcc. F1 bAcc. Fl1 bAcc. F1
Vanilla 38.72 + 1.88 28.74 + 321 65.64 +1.712 5697 +3.17 80.01 o071 71.56 + 081
Re-Weight 44.69 + 178 38.61 +237 69.06 + 184  64.08 +297 80.93 +130  73.99 +220
PC Softmax 50.18 + 055 46.14 +0.14 72.46 + 080 70.27 + 094 81.54 o076  73.30 £ 051
GraphSMOTE 44.87 + 1.12 39.20 + 1.62 6791 +064  62.68 +192  79.48 +047  72.63 076
BalancedSoftmax 55.52 + 097 53.74 +1.42 73.73 + 089 71.53 + 1.06 8146 +o074  74.31 + o051
+ TAM 56.73 +o0m 56.15 +0.78 74.62 + 097 72.25 + 130 82.36 +067 72.94 1143

"Renode™ ~ " T T T T T T T T 4347 12:» T 37524310 0 T 7140 %142 6727 £296 8189 +077 7303 x160
+ TAM 46.20 + 1.17 39.96 +2.76 72.63 +2.03 68.28 +3.30 80.36 £1.19  72.51 + o068

"GraphENS "7 " T T T 77 7 56.57+098 5529 4133 T 72133104 7072 1107~ 8240 o039 7426 1105
+ TAM 58.01 + 068 56.32 +1.03 74.14 + 142 72.42 +139 81.02 099  70.78 +1.72
ReVar 65.28 + 051 64.91 + o051 79.20 + 072 78.45 + 046 84.67 017 80.25 + o087
A + 7.27012.53%) + 8.5901525%)  +5.06(682%) + 6.033833%) + 2.27275%)  + 5.94(7.99%)
Vanilla 38.84 + 1.13 31.25 + 164 64.60 + 1.64 55.24 + 280 79.04 +160  70.00 + 250
Re-Weight 4547 +235 40.60 +2.98 68.10 +285  63.76 +3.54 80.38 +066  69.99 +0.76
PC Softmax 50.78 + 1.66 48.56 +2.08 72.88 + 0383 71.09 + 089 79.43 +094  71.33 +o0s6
GraphSMOTE 45.68 + 093 38.96 +0.97 6743 +123 6197 +25¢ 7938 £197 69.76 +231
BalancedSoftmax 54.78 +1.25 51.83 +211 7230 120 69.30 +1.79 82.02 119 7294 1154
+ TAM 56.30 +1.25 53.87 +1.14 73.50 124 7136 +199 7554 £209 66.69 + 1.44
Renode” =~~~ "7 777 4448206 3793 +287 69931210 6527 290 7601 108 ~ 6672 +142
+ TAM 45.12 + 141 39.29 +1.79 70.66 + 213 66.94 + 354 7430 +1.13  66.13 +1.75

"GraphENS ~ T 7 T 77 T T 51451128 4798 4208 7315 +124 7190 103~ 8123 fo74  T1.23k0a2
+ TAM 56.15 £ 1.13 54.31 + 168 73.45 +1.07 72.10 + 036 81.07 +103  71.27 +1.98
ReVar 66.04 + 0.66 65.70 +0.69 77.85 + 076 77.08 + 0.69 86.37 +002 8235 +o0m
A +9.891761%) + 11.392097%) + 4.405.99%) + 4.986.91%) +4.35530%) + 9.41(12.90%)
Vanilla 43.18 £ 052 36.66 + 1.25 68.68 + 151 64.16 +238 7236 +239  64.32 +221
Re-Weight 46.17 +132 40.13 + 168 69.89 +160  65.71 +231 76.08 £1.14  65.76 + 1.40
PC Softmax 50.66 + 099 47.48 + 166 71.49 + 094 70.23 + 067 74.63 £301  66.44 + 404
GraphSMOTE 4273 +287 35.18 + 175 66.63 +065 6197 +25¢  71.85+098 68.92 +073
BalancedSoftmax 51.74 +232 49.01 +3.16 71.36 + 137 69.66 + 1.81 73.67 +1.11 65.23 +244
+ TAM 51.93 +219 48.67 +3.25 72.28 + 147 71.02 +1.31 77.00 +293  70.85 +228
Renode™ =~~~ 7 77 7 T T 4865+ 13 44254220 7137 x13 0 6778 138 T13T 4074 6842 k181
+ TAM 48.39 + 176 43.56 +231 71.25 +1.07 68.69 +098  74.87 £225 66.87 +252
GraphENS =~~~ " "7 77 335107~ 51424119~ T 7097 2078 - 7000 122~ 8237 fos0 7195 +0s1
+ TAM 54.69 + 1.12 53.56 + 1.6 73.61 + 135 72.50 + 158 82.17 £093  72.46 + 1.0
ReVar 60.48 + 088 57.99 + 154 77.72 +1.06 76.01 + 120 83.50 + 002  76.48 +0.05
A + 5.7901059%) + 4.53(8.46%) +4.1155.58%)  +3.51@s4%)  +0.930.13%)  + 4.02(5.55%)
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Performance of Revar
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We also conduct further analysis
to verify the superiority of Revar.

\_ /

Dataset(CS-Random) GCN GAT SAGE
Imbalance Ratio(p = 41.00) bAcc. F1 bAcc. F1 bAcc. F1
Vanilla 84.85 016  87.12 +014  82.47 +036 84.21 +031  83.76 +027 86.22 +0.19
Re-Weight 87.42 +017  88.70 o010 83.55+039 8473 +032 8576 +024  87.32 +o0.16
PC Softmax 88.36 t012  88.94 +o004 85224031 8554 +033 87.18 +014  88.00 +0.19
GraphSMOTE 85.76 +173 8731 +132 84.65+132 8563 +100 8576 +198 87.34 o098
BalancedSoftmax 87.72 +007 88.67 +007 8438 +020 84.53 +o041 86.78 +010  88.05 +0.09
+ TAM 8822 +011  89.22 1008 8548 +024 8577 +o0s50 87.83 1013 88.77 1007
"Renode” ~ """ T °7 8753 X011 88.91 +o006 8598 +019 86.97 009 86.13 %010 87.89 £009
SETAM. oo nes 87.55 006 _ 89.03 +oos _86.61 +o030 87.42:+024 8521033 87.01+031
GraphENS 8597 +029 86.68 020 8586 +019 86.51 032 8539 +026 86.41 +024
+ TAM 86.34 +012  87.36 +008 86.29 +020 87.28 +013 8599 +013  87.25 +0.07
ReVar 88.44 +016 8954 +011 8733 +004 8833 +006 90.11 +011 9118 +o11
A +0.080.00%) +0.320036%) + 0.720.83%) +0.91(1.04%) + 2.282.60%) + 2.41271%)
8
== Sup =3 Sup+VR Bttt . |[E= Vanila SAGE ~—— Our SAGE
go| ™= Sup+R B Sup+R+VR e s 61 -—- Vanilla GAT —— Our GAT
L X R BASL I ol— Vanila GCN our GEN
H O 69f | O 59 2
§7° % 6614/ ¥ 66 4T
— [l / — sace | ™ °°| — sace -2
W 65 W53 — ear | W43 Gar F
— GCN GCN - b s
60/ SAGE T S 600,25 1.252.25 3.254.255.256.25 Y05 15 25 3.5 45 55 65 6 50 100 150 200
Model A1 Az Epoch

(a) Computers-Semi

(b) Pubmed-\1

(c) PubMed-\>

(d) CiteSeer-Loss
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