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Class imbalanced data in-the-wild
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Class imbalanced graph
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Class imbalanced graph

(a) Class-balanced graph

(c) Generative approach

Major node
Minor node
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(b) Class-imbalanced graph

@ Generated node
. Reweighted node
-

(d) Loss-modifying approach

GNNs — class balance assumption.
Under-represent minor classes.

Generative approaches
Augmenting the original class-

imbalanced graph by synthesizing
plausible minor nodes.

Loss-modifying approaches
Adjusting the objective function
to pay more attention to minor
class samples.



Empirical study: squeezed minority problem
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Empirical study: squeezed minority problem
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Challenges

Minor classes are squeezed by major ones.
Baselines cannot tackle the problem.
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 The decision boundary is shared by a minor class and its neighbor class.
« Enlarging the subspaces of minor classes while avoiding deteriorating

those of the neighbor ones.



Empirical study: squeezed minority problem

* Minor classes are squeezed by major ones.
» Baselines cannot tackle the problem.

— Enlarging the minor decision boundaries!

GraphSmote

i BN Major e BN Major
s Minor W Minor

GCN

00 02 04 06 08 10 00 02 04 06 08 1.0
Prob. Prob.
Cora-LT CiteSeer-LT

Probability distribution of misclassified samples.
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Challenges

 The decision boundary is shared by a minor class and its neighbor class.
« Enlarging the subspaces of minor classes while avoiding deteriorating
those of the neighbor ones.

Our solution: GraphSHA for Synthesizing HArder minor samples.



GraphSHA: Synthesizing harder minor samples
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« Left: Identifying two source nodes near the boundary via three samplings.
« Middle: Enlarging the minor decision boundary via the SEMIMIXUP module.
* Right: The enlarged minor decision boundary.
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Identifying source samples

Def. (node hardness): ‘H; = 1 — softmax (Z?:jy(vi)), where Z; = fy(v;) € RC.
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Identifying source samples
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Identifying source samples
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SEMIMIXUP Module
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SEMIMIXUP Module
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SEMIMIXUP Module

4 Y\ + Node feature synthesis
SEMIMIXUP
Xsyn = 0Xanc + (1 = 8)Xaux, 4 € [0,1].
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SEMIMIXUP Module
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SEMIMIXUP

Node feature synthesis
Xsyn = 0Xanc + (1 = 8)Xaux, 4 € [0,1].

0000 %0 0 0<<-‘e000

Edge synthesis

* Enabling enlarged boundary propagating
to the interior of minor class;

* Blocking propagation from minor class
1-hop subgraph weighted adj. to neighbor class.
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« Leveraging GDC to build weighted

. ---------- synthesized node and edge; adjacency matrix S.

« Sampling according to S, to get the
neighbor set.

® ® O raw node feature.




Experiments

How does GraphSHA
perform in real-world
class-imbalanced
node classification

problems? ?

®

Can the SEMIMIxuP
module avoid deter-
lorating the subspaces
of major classes in the

latent space? ?

®

Does GraphSHA
really solve the
squeezed minority

?

®

problem?



Evaluation results

* Long-tailed setting
« Step setting
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Long-tailed setting
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Evaluation results

Long-tailed setting

Dataset Cora-LT CiteSeer-LT PubMed-LT
p=100 Acc. bAcc. F1 Acc. bAcc. F1 Acc. bAcc. F1
Vanilla 72.02+050 59.42+0.74 59.23+1.02 | 51.40+044 44.64+042 37.82+067 | 51.58+060 42.11+048 34.73+0.71
Reweight 78.42+0.10  72.66+0.17  73.75x0.15 | 63.61+0.22 56.80+0.20 55.18+0.18 | 77.02+0.14 72.45x0.17  72.12+0.15
PC Softmax 77.30+0.13  72.08+030 71.65+034 | 62.15+045 59.08+028 58.13+031 | 74.36+0.62 72.59+034  71.79+0.50
CB Loss 77.97+0.19  72.70+0.28 73.17+0.22 | 61.47+051 55.18+0.52  53.47+0.65 | 76.57+0.19 72.16+0.18  72.84+0.19
% Focal Loss 78.43+0.19  73.17+0.23  73.76+020 | 59.66+038 53.39+033 51.80%0.39 | 75.67+020 71.34+0.24 72.03+0.21
O ReNode 78.93+0.13  73.13+0.17 74.46+0.16 | 62.39+031  55.62+0.27 54.05+024 | 76.00+0.16 70.68+0.15 71.41+0.15
Upsample 75.52+0.11  66.68+0.14  68.35+0.15 | 55.05+0.11  48.41+0.11  45.22+0.14 | 71.58+0.06  63.79+0.06 64.62+0.07
GraphSmote 75.44+043  68.99x051 70.41+052 | 56.58+0.29  50.39+0.28 47.96+033 | 74.62+0.08 69.53+x0.10 71.18+0.09
GraphENS 76.15+024  71.16x040  70.85+0.49 | 63.14+035 56.92+037  55.54+041 | 77.11x0.11 71.89x0.15 72.71+0.14
TAM (G-ENS) | 77.30+023 72.10+029  72.25+029 | 63.40+034 57.15+035 55.68+0.40 | 78.07+0.15 72.63+0.23  72.96+0.22
GraphSHA | 79.90+029 74.62+035 75.74+032 | 64.50+£041 59.04+034 59.16x021 79.20+0.13 74.46x0.17 75.24+0.27




Evaluation results

Step setting

Dataset | Photo-ST Computer-ST CS-ST
p=20 ‘ Acc. bAcc. F1 Acc. bAcc. F1 Acc. bAcc. F1
Vanilla 59.19+232  59.98+1.82 47.11+2.95 | 63.88+0.05 46.96+0.04 30.08+0.11 | 74.81+035 79.69+0.19 64.68+0.52
Reweight 84.85+0.23  87.30+0.24 82.89+0.16 | 83.59+031 87.91x0.10 77.59+041 | 91.02+033 90.87+030  75.50+0.35
PC Softmax 86.16+0.13  86.93+0.15  83.55+0.09 | 81.38+0.17  80.50+0.76  72.30+057 | 92.58+0.23  92.11x037  78.00+0.53
CB Loss 83.02+029  85.79+0.21  80.48+031 | 83.75+021 87.38+0.10 77.08+0.20 | 90.85+0.14  90.77+0.10  79.04+0.85
E% Focal Loss 82.58+0.39  85.42+0.32  79.28+035 | 82.56x022 87.38+0.08 76.53+0.15 | 90.08+0.19  90.01x0.16  79.56=+0.26
ﬁ ReNode 84.83+0.15 86.43+0.20 81.85+0.22 | 81.29+034 87.33+0.17 76.60+0.28 | 90.98+031 91.17+035 81.22+0.43
Upsample 82.20+0.34  84.86+0.08 79.38+0.24 | 82.99+024 87.02+0.09 77.10+0.33 | 87.23+0.18 87.99+0.11  76.38+0.21
GraphSmote 80.21+0.27  84.68+0.31  79.05+0.38 | 83.62+025 88.15+0.21 76.02+030 | 86.30+0.12  85.66+0.09  69.19+0.14
GraphENS 88.02+0.09  90.55+0.11  86.70+0.10 | 83.28+0.38 88.54+0.10 76.77+052 | 92.13x0.16 92.53+022  78.23+0.20
TAM (G-ENS) | 87.61+0.13 89.17+0.17  85.74+0.16 | 80.31x052 86.74+022 76.96+059 | 92.60+0.22 92.39+0.19  78.52+0.23
GraphSHA | 89.14+0.22 90.60+0.10 87.25+0.18 | 84.21+050 89.49+0.10 77.93+091 @ 92.93+005 92.78+0.13 79.68+0.16




Evaluation results

Dataset ‘ Cora-LT | CiteSeer-LT ‘ PubMed-LT
p=100 ‘ Acc. bAcc. F1 | Acc. bAcc. F1 ‘ Acc. bAcc. F1
Vanilla | 67.52¢058 54.20x070 5534x071 | 49162019 4258018  3575:029 | 47.83x157 39.09:127  29.62=215
Reweight 77.77+028  72.03x0.58 72.79+058 | 61.95+057 55.40+0.63 53.71x072 | 74.08+039 69.35x0.79  69.52+0.70
PC Softmax 68.75+0.77  64.07+0.86 64.17x074 | 56.70£161 56.31x1.30  55.31+153 | 76.70x032 73.22+015 73.25:028
CB Loss 77.29+036  72.07+0.63 72.79+043 | 61.44x052 55.17+052  53.63x054 | 74.81x025 69.54x064  70.55+0.59
z Focal Loss 77.97+011  72.47+021  73.15x021 | 59.75+036  53.44x034  52.12+029 | 74.232027 70.36x034  70.63x0.20
G ReNode 78.09+024 71.78x034 73.41+034 | 60.87+037 54.01+037 51.98+0.44 | 74.09:028 69.02+034 69.55+032
Upsample 72.62+031  62.39:+037  65.08+028 | 53.41+022 46.89+022 43.10+044 | 67.61x095 57.29:064 54.99+1.02
GraphSmote 74.65+029  67.71x037  69.10£039 | 57.45x026 51.33x031  49.38+054 | 74.042038  69.04x035  70.62+0.42
GraphENS 77.08x026 72.07x038 72.09x048 | 61.91x034 55.88x032  54.38x041 | 76.65x0.11  70.43x0.20  71.2520.20
TAM (G-ENS) | 77.69+021 72.87+030 72.99+031 | 64.06+034 57.77+031 56.38+032 | 77.94+0.18 71.98+0.29  73.07+0.27
GraphSHA 79.07£0.18 74.08+026 75.02+0.18 | 63.94+044 58.142035 57.71:040 | 78.40:£020 73.82+017 74.66x021
Vanilla ‘ 73.30+£0.09 61.83x0.12  63.25+0.13 | 47.90+024 41.80+0.22 36.96+0.31 | 58.78+0.08 47.92+0.06 42.34+0.07
Reweight 76.81+0.15 68.74x031  70.22+037 | 57.30+053 50.90+0.46 49.15+049 | 65.94+053 59.83+1.24 58.89+1.14
PC Softmax 76.92+022  73.25+028 73.54+026 | 58.35:025 56.06+0.18  56.65+0.18 | 71.60+0.13  73.83:0.15  70.28x0.12
CB Loss 77.04x030 70.25:037 71.26+030 | 57.63x034¢ 51.19+032 48.70+035 | 67.78+036 60.67+0.46 61.46=0.52
8 Focal Loss 77.17+0.16  69.78=0.27  70.76x0.25 | 57.02+072  50.77x0.66  48.42+079 | 70.59x035  65.69:045 66.25x044
ﬁ ReNode 77.26+015  69.22x021  71.13x022 | 57.82+050 51.27+049 49.04+045 | 67.60£051 60.65x082 60.78+0.78
Upsample 73.80+0.12  63.45x020 65.83x0.16 | 50.32+0.11 44.24x011 4146017 | 64.08x006 54.64x0.07 53.39x0.10
GraphSmote 74.24+019  66.15x038  67.89:£041 | 52.85:0.64 46.99:0.63 44.20+074 | 65.10x042 56.82x049  56.85+054
GraphENS 76.69+020 70.07x025 70.37£030 | 62.63x034 56.14x037 54.13x030 | 77.62x0.14  72.54z0.23 73.21x018
TAM (G-ENS) | 77.31+030 71.02+034 71.14+036 | 62.93+021 56.44+0.19 54.50+021 | 78.12+031 72.80+0.76  73.69+0.67
GraphSHA 78.80£024 73.56+035 74.27+030 | 63.76+038 58.25:037 58.04+045 | 78.20+£019 74.07+023 74.93:023
Method ‘ Val Acc.  Test Acc. TestbAcc.  TestF1
Vanilla (GCN) ‘ 73.02+014  71.81+026  50.96x021  50.42+0.18
Reweight 67.49x032  66.07x055  53.34x030  48.07+0.77
PC Softmax 7219011 7149025  48.14x014  50.59+0.13
CB Loss 65.75+0.23  64.73+086  52.66+072  47.24+1.25
Focal Loss 67.36+0.24  65.93x058  53.06:021  48.89x0.72
ReNode 66.44+051  65.91+020 53.39+040  48.18+0.52
TAM (ReNode) | 67.91+0.27  66.63+066  53.40+024  48.71+0.49
Upsample 70.53+0.08  69.55+037  46.82x007  45.49x0.20
GraphSmote OOM OOM OOM OOM
GraphENS OOM OOM OOM OOM
GraphSHA 73.04x0.11 72.14x028 53.75x016 53.13z0.20

Dataset ‘ Photo-ST | Computer-ST ‘ CS-ST
p=20 ‘ Acc. bAcc. F1 | Acc. bAcc. F1 ‘ Acc. bAce. F1
Vanilla ‘ 37.79+022  46.77x011  27.15:043 | 56.12+141  41.49+063  27.76x053 ‘ 37.36x097 54.35:072 30.47+1.19
Reweight 85.81+0.13  88.62+0.06  83.30x0.14 | 78.77+x025 85.30x0.10 74.31x023 | 91.86+0.06 91.62+006 82.46+0.15
PC Softmax 64.66+1.73  71.56x1.16  61.31+125 | 73.33x122 60.07+1.82 55.09+227 | 87.38+0.49 87.46+039  74.24x0.77
CB Loss 86.85+0.05  88.69+0.05 84.78+0.12 | 82.22+0.13 86.71x005 75.80+0.13 | 91.43x005 91.25+007  77.72x085

5 Focal Loss 86.14+0.17  88.44x011  84.12:023 | 81.01x019 86.89+007 7550017 | 91.01x008 90.72+004  79.80+0.77

&G ReNode 86.08+0.18  87.34x034  82.51x0.29 | 72.92x097 78.12:0.8¢ 67.04x113 | 92.02x021 91.08+019  82.87+0.97
Upsample 85.40+0.18  87.32x0.15  82.79x0.22 | 80.07x031 85.10x0.11  74.85+021 | 86.11x0.14  86.82+0.10  75.55x0.13
GraphSmote 83.99:020 86.53x0.19  81.86+021 | 76.76+018 84.10+0.17 69.40+0.19 | 86.20+0.17 85.441015 69.04x0.64
GraphENS 87.00+0.07 89.19+006 84.66+0.09 | 79.71x008 86.50£0.08  74.55x0.10 | 92.17x0.10  91.94x0.11  82.90x0.43
TAM (G-ENS) | 84.37+0.11  86.41+009 81.91x0.10 | 76.26+023 83.38+0.26  73.85+0.22 | 92.15+022 91.92+024 83.13+053
GraphSHA 87.40+0.09 88.92+0.09 85.18x0.11 | 81.75+014 86.75+0.09 76.86+030 | 92.38+009 92.01:x006 83.33x045
Vanilla ‘ 37.54x034  45.95x032  28.87x0.49 | 58.00:0.69 42.82+039  26.79+0.19 | 34.48+042 50.08x065 24.92:1.00
Reweight 80.34+1.02  83.08x050  76.64%092 | 72.65x040 76.81x037 64.00+035 | 88.31x038 87.33x039 71.67x0.59
PC Softmax 51.74+322  61.48+190 51.17+244 | 31.56+289 51.83+252 37.70+225 | 78.84x058 77.80+061  65.46+0.64
CB Loss 82.82+0.79  86.44+058  79.57x093 | 79.60x071 84.78x0.23 T74.11x0.66 | 89.74x026 89.68x022  75.00+0.83

E Focal Loss 83.03+058  85.86+043  79.39:0.73 | 79.49+045 85.04:0.23 74.10+048 | 88.73x0.20 88.03x022  73.08+0.73

O  ReNode 76.49+1.00  81.35x095  73.33x086 | 71.71x065 75202036  63.94x077 | 87.86+x0.29  85.55+034  69.80+0.47
Upsample 77.89+083  81.16x033  73.91+059 | 74.86+069 78.18+045 66.28x081 | 82.23x0.18  82.70%0.10  65.74+0.17
GraphSmote 80.71+033  81.48x038 76.96+030 | 79.38x025 84.66+0.20 70.75+027 | 83.46x0.18 82.75+018  67.02x0.22
GraphENS 84.22+036  86.45+0.19  80.02+030 | 80.78+0.18 84.82+0.19 75.13x043 | 89.93x030 89.71x029  79.66+0.3s
TAM (G-ENS) | 80.94+042 83.09+036 78.89+045 | 77.68+024 82.97+0.18 74.22+039 | 91.86+036 90.96+033 80.41+035
GraphSHA 84.09+090 86.61+081 80.85:0.72 | 80.01+042 84.89+027 71.64x055 | 91.79+013 91.46+010 76.66+0.18

=100 | Acc./bAce. F1

Vanilla (SAGE) | 56.40x011  51.84=078

Reweight 68.17+096  67.14=096

PC Softmax 66.06+038  64.74=0.33

CB Loss 69.89+1.11  69.18+1.21

Focal Loss 67.83+1.20  66.54+133

ReNode 59.52+058  57.94+052

Upsample 63.14+0.77  61.70z0.72

GraphSmote 58.86+0.59  56.95+0.66

GraphENS 63.14+092  62.28=0388

TAM (G-ENS) 64.86+0.78  63.730.72

GraphSHA 73.43+042  72.50+043




Evaluation results

GraphSHA achieves remarkable performance over all tested regions!
(complete results in paper)




Influence of imbalance ratio
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Ablation study

Co C1 C2 C3 C4 C5 Cé6
Method Acc. bAcc. F1
erho c¢ e (05%) (1.1%) (2.4%) (5.4%) (11.6%) (25.0%) (54.0%)
GCN 72.02+050 59.42+0.74 59.23+1.02 0.0 28.6 67.0 60.0 81.2 93.8 93.1
+easy samples 76.90+0.19  69.55+021 71.28x025 i 21.1 : 694 679 631  73.1 95.1 94.7
+harder samples w/o SEMIMIxXUP 75.84+038 71.38+0.58 71444059 |i54.7 1 717 63.1 58.4 74.2 925 {826 :
+harder samples w/ SEMIMIXUP 79.16+025 72.89+032 74.62+027 |i 422 743 718 623 725 944 1934
+harder samples w/ SEMiMixur (HK) | 79.60+0.17 74.37+0.18 75.17+0.15 | 48.4 75.8 68.3 63.2 77.8 93.5 92.8
+harder samples w/ SEMIMixup (PPR) | 79.90+0.29 74.62+0.35 75.74+032 |: 51.6 76.9 66.0 65.4 76.5 93.8 92.1

............

............




Analysis of the squeezed minority problem

Cora-LT CiteSeer-LT

[GraphSHA

GraphENS
ReNode

GraphSmote

Bl Major
I Minor I Minor

GCN

00 02 04 06 08 10 00 02 04 06 08 1.0
Prob. Prob.



Case study on per-class accuracy

Class CO Cl C2 C3 C4 C5 C6
Distribution | (0.5%) (1.1%) (2.4%) (5.4%) (11.6%) (25.0%) (54.0%)

Vanilla (GCN) 0.0 28.6 67.0 60.0 81.2 93.8 93.1

.............

Upsample 125% 582 651  67.5 76.5 92.4 89.7
GraphSmote | i22.2: 664  68.9 62.1 79.4 93.4 89.4
GraphENS 13771 722 73.2 63.5 74.6 94.7 1823

GraphSHA :51.6: 769  66.0 65.4 76.5 93.8 :92.1:

...........................




Case study on per-class accuracy

Class CO C1 Cz C3 C4 C5 C6
Distribution | (0.5%) (1.1%) (2.4%) (54%) (11.6%) (25.0%) (54.0%)
Vanilla (GCN) 0.0 28.6 67.0 60.0 81.2 93.8 93.1
Upsample 1125% 582  65.1 67.5 76.5 92.4 89.7
GraphSmote | i22.2F 664 689  62.1 79.4 93.4 89.4
GraphENS 377 722 732 635 74.6 947 1823
GraphSHA | i51.6: 769 660 654 76.5 93.8  :92.1:

W > ,
I.I ////// I'l p .
; / b
4 i » ’,’  major node () minor node
- w l.’ '," % original edge synthesized edge
! ' & ;’ ﬁ @ —— synthesized nodes and boundary of GraphSmote
A4 ' - E : {/{/// - - — synthesized nodes and boundary of GraphENS
- : i ﬁ- ---- synthesized nodes and boundary of GraphSHA
! i | - J




Hyper-parameter analysis

pdf of B(1, 100) pdf of B(1, 10)
76.5 100 L 10 \
76.0 04 : 04 :
0 1 0 1
pdf of U(0, 1)
@ 75.54 1.05 4
< 1.00 {———
E 75.04 0.95 76 7
pdf of (10, 1) pdf of (100, 1)
74.54 104 j 100 4 J
0- 0-
1

7%, 100) B(1,10) U, 1) B(10,1) 8(100, 1) 0 1 0
Distribution where 6 is sampled

Xsyn = 0Xanc + (1 - 5)Xaux: o€ [O: 1]-



Hyper-parameter analysis

pdf of 8(1,100)  pdf of B(1,10)
76.5 100'\ IU'K
76.0 04, : 0+, :
0 1 0 1
df of U(0, 1)
2 75.5 vos'
~ 1.00 4
E 75.0 - 0.95 76 1
—-'-l-—.____.
pdf of 8(10,1)  pdf of B(100, 1)
74.54 10 4 7 1001 ,
0+ 0-

74'?3(1, 100) B(1,10) U(0,1) B(10,1) B(100,1) 0 1 0 1
Distribution where 6 is sampled

Xsyn = 5Xanc + (1 - 5)Xauxa d€ [O: 1]-

:SemiMixup+B(1, 100)

SemiMixup+pB(100, 1)

w/o SemiMixup

B Major ' B Major

easy samples o Minor [ Minor

00 02 04 06 08 10 00 02 04 06 08 1.0
Prob. Prob.



Visualization

(a) Training samples
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(b) Synthesized samples

(c) Test samples
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(d) All samples from above



Summary

 New entry point: squeezed minority problem.
 New technique: GraphSHA for Synthesizing HArder minor samples.

« Experiments: Effectiveness of GraphSHA empirically.



Summary

 New entry point: squeezed minority problem.
 New technique: GraphSHA for Synthesizing HArder minor samples.

« Experiments: Effectiveness of GraphSHA empirically.

Check out our paper and code at...

* Paper: https://arxiv.org/abs/2306.09612
* Project Page: https:/wenzhilics.github.io/GraphSHA.htm|
* Code: https:/github.com/wenzhilics/GraphSHA



https://arxiv.org/abs/2306.09612
https://wenzhilics.github.io/GraphSHA.html
https://github.com/wenzhilics/GraphSHA

Wen-Zhi Li, Sun Yat-sen University & HKUST(GZ)
E-mail: liwzh63@mail2.sysu.edu.cn
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