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Motivation

Imbalanced Data
Imbalanced training loss

4000

L=L,HE,
5 2000 Minority

E

b Poor generalibility
0
0 500 100I(\)l umbe1r5(§)f0NOdQSZOOO 2500 3000 A ‘
Kaize ding 2020 . . ‘ ‘

Skewed data distribution in network O

Feature propagation cause more problems!
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Imbalanced node classification

| (a) Class prototype-driven balanced training |

] Support set Query set :

| HS: — . — g |

: S h :

ol f P 2] 81 81 %] 1 f

! s, (SDOO Mean %;%- % o 0, |

| HS: - s 0 = 0 |

| . - fi Mean p: % g3 s GO 8> g h; ¢ - 0 :

! 2100 @ % E; ( Classification W ;:‘ § s 2 |
: . — L —] 9 o 9
HSi pi € g’ sup g h:

| s, fi 7. Mean i 5 i L J i % N fi 0, |

I Hoc p 5 2 g E‘ h? |

: O f c 8c i C f .

| Sc |oo %MDIED:— g o T %; o © Qc )

(b) Distance Metric Learning ! (c) Imbalanced Label Propagation ! (d) Self-supervised Learning ,
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Sample from the support and query set of each class to
balance the training loss
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Imbalanced node classification
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(b) Distance Metric Learning
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(d) Self-supervised Learning
P

Lselfs = GTLG

Utilize the distance to each prototype to calculate node features
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Imbalanced node classification
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| H5: ) o () g |
: S h :

ol f P1 22! 81 g1 %! 1 f
s, goo Mean oy | g | —mm— § ! @ (o} |
] (¢} [¢] c
| HS2 o s 0 = 0 |
5 o [ A @Mean Dmpz % |:|:|:Dg2 GS — G2 DIDgZ g h, A ® 0, :
| °2 [0 O B - ( Classification W — B |
. (<) —_— — (@]
Ho P; 2 g sup g h
| S; i. e cantRo LT § | L J - § — e <—f1 Qi l
I HS¢ ) o |
S Q Q .
@) f 1 Mean Pc E 8c 8i g hC f 1 .
| S¢ | o 0 T o — § o —emm—| § mmm—— O | 9c |
' (b) Distance Metric Learning (c) Imbalanced Label Propagation ' (d) Self-supervised Learning

=h- =h- =h- =h- 0 1
glll 11 |l|)1 gIZI 11 |I|)2 5 o % - [0-33] [0] [ggg @ l v

=222 _ 041592 l
0.29

Lo, = Z SIM,; — tr(SIM)
iLj

j | uss

0.23
o33!

: A EI:l:D f2 [0g3] C —() | Lselfs = G'LG
g E& ' ,_”_,,_).

Imbalanced label propagation to boost the existing training data
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Self-supervised learning to smooth distance metric representation of
neighboring nodes and separate prototype representations
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Imbalanced node classification
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Imbalanced graph classification
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Imbalanced graph classification
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Imbalanced graph classification
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Fair node representation learning
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