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What & Why Graphs

Graph (network) iIs a common language for describing relational data.
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A History of Graph Theory & Learning
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Graph Algorithm

eDijkstra's shortest path e Random graph, Stochastic block
model, Scale-free network...




Graph Embedding

Core idea: projecting nodes in a graph into vectors in a Euclidean space.
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DeepWalk: Online Learning of Social Representations. KDD 2014.




Graph Neural Network (GNN)

Core idea: iteratively aggregating the embeddings of neighborhood nodes.
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Graph Neural Network (GNN)
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Risks in Typical GNNs

Only focusing on task performance

* Enhancing expressive power

« Overcoming over-smoothing issues

Facing risks of causing unintentional harm in decision-sensitive scenarios

 Decision-sensitive applications  Performance is not the only objective
* e.g., credit scoring systems  Lack of fairness, robustness...
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Trustworthy Al
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Accuracy
How correct the prediction is?

Stability
How stable the prediction is?

Fairness
Does it treat people equally?

Explainability
Can it explain the predictions?

Privacy

Does it protect a person’ s identity
and data?

Robustness
How vulnerable it is to attack?

Accountability
Who is responsible when Al goes wrong?

Environmental Well-being

Is it aligned to people’ s expectations
regarding social good?
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From Trustworthy Al to Trustworthy GNNSs

Challenges
« Complex of the graph data

* Various formats of data

 Discreteness of graph structure

* Unique model design
* message-passing mechanism
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Trustworthy GNNs

Stable GNNs
Produce stable prediction under

distribution shifts

Fair GNNs
Alleviate bias in feature and topology
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Confidence-aware GNNs Explainable GNNs

Be aware of prediction uncertainty Explain based on feature and topology
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Our Recent Attempts

. Stable

. A Data-centric Framework to Endow Graph Neural Networks with Out-Of-Distribution Detection Ability
(AAGOD, KDD 2023)

. Graph Invariant Learning with Subgraph Co-mixup for Out-of-distribution Generalization (IGM, AAAI 2024)
* Fair
. FairSIN: Achieving Fairness in Graph Neural Networks through Sensitive Information Neutralization

(FairSIN, AAAI 2024)

. Endowing Pre-trained Graph Models with Provable Fairness (GraphPAR, WWW 2024)

. Confidence-aware

. Calibrating Graph Neural Networks from a Data-centric Perspective (DCGC, WWW 2024)




Generalizing GNNs on OOD grap

e \Various forms of distribution shifts between the training and testing datasets widely exist
in the real world, resulting in OOD scenarios.

e Basic assumption (IID): Training/testing graphs are drawn from the same distribution
* Practical situation (OOD): Training/testing graphs come from different distributions
* Poor generalization caused by spurious correlation between subgraphs

* Approaches
* OOD detection: identify test examples that deviate from the training distribution
 0OOD generalization: directly generalize to test examples from a different distribution
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Motivation of AAGOD

Motivation
« Areliable GNN should not only perform well on know samples (ID) but also identify

graphs it has not been exposed to before (OOD) .

« EXisting works proposes to train a neural network specialized for the OOD detection task.

Can we build a graph prompt that can solve OOD detection given a well-trained GNN?
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We conducted experiments on five dataset pairs over four GNNs to verify performance.

e N FESE= TS e g ek, /Y Poatlon melentn
ID 00D Metric | GCLs GCLg+ iImprov. EGCLL GCLL+E Improv. EJOAOS JOAOg+ iImprov. EIOAOL JOAOL + : Improv.
AUCT | 6297 73.76 1+17.14% |16256 67.15 | +7.34% || 6120  74.19 1+21.23% |159.68  65.11 | +9.10%
ENZYMES | PROTEIN | AUPRT | 6247 75.27 i+zo.49% i65.45 65.18 i 0.41% i61.30 77.10 i+25.77% i64.16 64.49 i +0.51%
FPROS | | 9333 8833 1 -536% [19330 85.00 | -8.90% || 90.00 8167 1-926% |19667 8500 1 -12.07%
AUCT | 8052 8384 | +412% |i6108 68.64 | +1238% || 8040 8280 |+299% |14825 6432 |+3331%
IMDBM | IMDBB | AUPRT | 7443 80.16 | +7.70% |159.52 68.03 | +1430% | 7470  77.77 | +411% |14788 6162 | +28.70%
FPR9S | | 38.67 3833 | -0.88% |196.67 9133 | -552% [! 4470  42.00 | -6.047 |19800  94.00 | -4.08%
AUCT | 7500 9731 |+29.75% |134.69 65.00 | +87.37% |! 80.00 9525 |+19.06% |!4180 6562 | +56.99%
BZR COX2 | AUPRT | 6241 97.17 |+55.70% |139.07 62.89 | +60.97% | 67.10 9434 [+40.60% | 15670  67.22 | +18.55%
FPRO5 | | 4750 15.00 | -68.42% 19250 80.00 | -1351% | 3750 1250 §-6667% |197.50  97.50 1 0.00%
AUCT | 68.04 7127 | +475% |153.44 5825 | +9.00% || 53.46  69.39 [+29.80% |}53.64  55.67 | +3.78%
TOX21 | SIDER | AUPRT | 69.28 7352 | +6.12% |156.81 59.58 | +4.88% || 5602 7101 1+2676% |156.02 56.02 | 0.00%
FPR95 | | 90.42  89.53 : 0.98% |194.25 92.72! 162% || 9566  90.55 !-5.34% 195.66  89.66 : -6.27%
AUCT | 7707 80.64 : +4.63% i46.74 50.53 : +8.11% || 7548  78.54 i+4.05% i43.96 51.28 i+16.65%
BBBP BACE | AUPRT | 6841 7260 | +6.12% |14535 4649 | +251% | 6932  74.06 | +684% (14477 4832 | +7.9%%
FPROS | | 7192 6059 !-1575% 19212 8670 ! -5.88% [l 7685  69.46 ! -9.627 |19409  92.61 ! -157%
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Case study: We visualize the learned graph prompts (i.e., amplifiers) for interpretability analysis.
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Motivation of IGM

Invariant learning aims to disentangle invariant and environment parts in data.

* combinations of invariant/environment need to be diverse enough

Mixup may help generate data with diverse combinations!

However, previous mixup methods operate on graph level

* fail to reduce the spurious correlation between invariant and environment subgraphs

Train with invariant
constraints on each

environment

>

(a) Inferred environment 1 (b) Inferred environment 2 ) ]
(mostly) landbirds on land, and ~ (mostly) landbirds on water Learned invariant feature
waterbirds on water and waterbirds on land

Data of different environments
Can we introduce subgraph-level mixup to help disentangle invariant/environment information?




Environment Mixup: generate environments with
enough difference for IL (Invariant Learning)

Training Data of m different labels \ C Environment generation \\
i o—s N [ K Mixed environments | g PSSR —— \
’ | 1| === ey, 5
7‘% ﬁm . &0 pa - 0] R |
gz b))
o¢ J I Ry - || — REK4yRIK >+ﬂRV—REx R
l Invariant Subgraph extractor g ' %\ﬁ Q’ﬁ /' i Lg

(O R 2y e & % | L2hos i meosymizn) | l
¢ 9 | Invariant Learnin
./I ﬁ &‘ | \ Origin training data g )= Lg + 8L,

. Invarian up
Environment subgraphs G£ g! é. S i (G- {'(;i" ,*, . ‘
R PGl Sl [ A — ixe 09! 1061 108 |
| b | representations i E P Py -
i o.e | N—- —)\ 0.1 04 1 02 | + £
T e 7 ey et (10900...0.1][0.40.60..01..[00.2 0 08]
varinnt ssbmapts & MG Labels k[ 900...0.1][0.4 0.6 0 ...0]..[0 0.2 0 ...0.8]
O /) \ : )
Subgraph extractor: Learnable subgraph extractor Invariant Mixup: conduct Mixup

on extracted invariant subgraphs




Experiments on real-world datasets and synthetic datasets

Shift Type ’ Degree | Size | Structure(Assay, Scaffold)
Dataset | Graph-SSTS Graph-Twitter | PROTEINS ~ DD | Drug0OD,,, DrugOODg,;,,  BACE BBBP Ditreet pEMour- (e WSEReut0.5
Metric l ACC (%) | MCC | AUC (%) ERM 59.49 +3.50 5548 +4.84
-mi 312 745,
ERM 4389+ 1.73 60.81£205 [022+£009 027+009| 76.41+£0.73  66.83+093 77.83+349 66.93 231 » c.}fnll:ixu? gg 33 ol g? zg a5 ; 32
G-Mixup  [4375+134 6391301 |024£003 029+0.04 | 7653+220 6601 +135 79.12+275 68.44+2.08 AENRISTRIBNR | St i S
Manifold-Mixup | 43.11 £0.65 62.60+1.87 | 023004 028+006| 77.02+1.15 6556044 78.85+126 68.67+ 138 IRM 5715+3.98 61.74 +1.32
IRM 4369+1.26 63.50+1.23 [021£009 022+008| 7403+£0.58 6632027 77.51+246 69.13 + 1.45 V-REx 54.64 +£3.05 53.60 +3.74
VREx  [4328%0.52 6321%157 |0.22+006 021+0.07| 7585+0.78  6537+042 7696+ 1.88 64.86+2.13 EIIL 56.48 £2.56 60.07 +4.47
EIIL 4298 +£1.03 6276+1.72 | 020005 023+0.10 | 76.93+144  64.13£089 7936272 65.77+3.36
DIR 5873+ 119 48.72+14.8
DIR 4112£1.96 59.85+298 [025+0.14 020£0.10| 74.11£3.10 6445169 79.93+203 69.73+1.54 GSAT 5691 £ 708 55324635
GSAT 4372+0.87 6250+ 144 [021£006 0.28+0.04| 76.64+2.82 6602113 79.63+ 187 68.48+2.01 iy A B 6 0 O
UIGM  [4669£052 6623+158 [0.43+0.05 036+0.04| 78164065 68324048 8265+ 117 7103079 | , IGM 82.36+£7.39 78.09£5.63 |
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Improving GNNs for Fair Predictions

* Fairness issue: the predictions of GNNs could be biased towards some demographic
groups defined by sensitive attributes, e.g., age or gender.
* may bring about severe societal concerns in applications such as credit evaluation
e Reasons behind...
* raw node features could be statistically correlated to the sensitive attribute
* nodes with the same sensitive attribute tend to link with each other, making
representations in the same sensitive group more similar during message passing
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Motivation of FairSIN

Motivation
* Previous fair GNNs are usually filtering-based

* e.g., masking features or dropping edges that could cause sensitive information leakage
« may lose much non-sensitive information as well

« leading to a decline in prediction performance
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(a) Original Message Passing  (b) Filtering-Based Method (a) Pokec-n (b) Pokec-z

Can we go beyond the filtering-based paradigm for fair GNNs?




* We propose a novel neutralization-based paradigm
* introducing extra features or edges to statistically neutralize sensitive
bias and provide additional non-sensitive information.

Fairness-facilitating
Feature (F3)

© Feature Masking

X Edge Dropping
(O Node Representation
@ — —> Message Passing

=2 Neutralization

@ ® Non-sensitive Information

©00C

_____ i +/= Bias from Different Sensitive Groups
(¢) Neutralization-based Method (Ours)
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Encoder Method Bail Pokec_n Pokec_z
Fl1t ACCT DP| EO| F11 ACC?T DP| EOJ F1t ACCT DP| EO|
vanilla 82.04+0.74 87.55+0.54 6.85+047 5.26+0.78 | 67.74+0.41 68.55£0.51 3.75£0.94 2.93+1.15 | 69.99+0.41 66.78+1.09 3.95+1.03 2.76+0.95
FairGNN 77.50+£1.69 82.94+1.67 6.90+0.17 4.65+0.14 | 65.62+2.03 67.36+2.06 3.29+295 2.46+2.64 | 70.86+2.36 67.65+1.65 1.87+1.95 1.32+1.42
EDITS 75.58+3.777 84.49+2.27 6.64+0.39 7.51+1.20 OOM OOM 0OOM OOM [010)%1 0O0OM OOM 0OOM
NIFTY 74.76£391 82.36+3.91 5.78+1.29 4.72+1.08 | 64.02+1.26 67.24+049 1.22+094 2.79+1.24 | 69.96+0.71 66.74+0.93 6.50+2.16 7.64+1.77
GCN FairVGNN 79.11£0.33  84.73+0.46 6.53+0.67 4.95+1.22 | 64.85+1.17 66.10£1.45 1.69+0.79 1.78+0.70 | 67.31£1.72 61.64+4.72 1.79+1.22 1.25+1.01
FairSIN-G 79.61£1.29 85.57+1.08 6.57+£0.29 5.55+0.84 | 67.80+0.63 68.22+0.39 2.56+0.60 1.69+1.29 | 69.68+0.86 65.73+£1.76 3.53%x1.20 2.42+1.43
FairSIN-F 82.23+0.63 87.61+0.83 5.54+0.40 3.47+1.03 | 66.30+0.56 67.96+1.54 1.16£0.90 0.98+0.70 | 69.74+0.85 66.38+1.39 2.53+0.97 2.03%1.23
FairSIN w/o Neutral. | 81.51+0.33 87.26+0.17 5.93+0.04 4.30+0.20 | 67.39+0.70 68.35£0.62 2.51+£1.99 2.36+1.89 | 69.18+0.51 65.87+1.34 1.98+1.01 1.87+0.64
FairSIN w/o Discri. | 82.05+£0.41 87.40+0.15 5.65+040 4.63+0.52 | 67.94+0.38 68.74+0.33 2224147 1.67+1.70 | 69.31+0.63 66.42+1.52 2.73+1.08 2.37+0.69

82.30+0.63

87.67+0.26

4.56+0.75

2.79+0.89

67.91+0.45

69.34+0.32

0.57+0.19

0.43+0.41

69.24+0.30

67.76+0.71

1.4940.74

0.59+0.50

vanilla 7789+1.09 83523087 7.55+0.51 6.17+0.69 | 67.87+40.70 69.25+1.75 3712120 2.55+1.52 | 69.49+0.34 65.83+1.31 1.97+1.12 2.17+0.48
FairGNN 73674117 77902221 633+149 4.74+1.64 | 64.73+£1.86 67.10£325 3.82+244 3624278 | 69.50+2.38 66.49:1.54 353£3.90 3.17+3.52

EDITS 68.07+530 7374512 671235 5.9843.66 | OOM 0OM OOM 00M 00OM OOM 00M OOM

NIFTY 70.64+6.73  7446:9.98 557+1.11 3.41+1.43 | 61.824325 66.37+1.51 3.84:105 324£1.60 | 67.61+223 65.57+1.34 270£128 3.231.92

GIN FairVGNN 76.36:2.20 83.86:1.57 S5.67x0.76 5.77+0.76 | 68.01£1.08 68.37+0.97 1.88+099 124+1.06 | 68.70+0.89 65.46+1.22 1.45£1.13 1.21£1.06
FairSIN-G 79.69+0.62 8610139 6.930.16 6.75+0.66 | 67.16£1.03 67.73£1.67 1.98+1.54 1.50£1.15 | 68.84+1.96 65.09:2.60 1.55£1.23 1.74+0.80

FairSIN-F 80.37+0.84 86482075 5.95+1.85 5.9742.07 | 68.36£0.55 68.92+1.08 1.51+1.11  0.82+0.79 | 68.96+1.08 65.97+0.82 145:1.15 1.1420.73
FairSIN w/o Neutral. | 79.3320.64 8527070 7212039 6.75+0.55 | 68.30£1.12 68.92+¢1.13  2.81+191 2124130 | 69.38+1.28 65.04+1.56 2.19£1.96 1.23+0.92
FairSIN w/o Discri. | 80.14+1.06 86.44+0.80 4.38+148 4.23+1.88 | 67.324036 70.04+0.80 2.44+150 1.63+1.24 | 69212025 65.5820.71 1.40+0.67 1.12+0.24
FairSIN 80.44:1.14  86.52:0.48  4.35:0.71 4.1740.96 | 68.4320.64  69.58+0.57 1.11:0.31 0.97+0.59 | 69.06+0.54 66.74%1.56 _0.6420.47 1.0@

vanilla 83.03:042 88.13x1.12 1132048 2.611.16 | 67.1540.88 69.03£0.77 3.09+129 221+1.60 | 70.24+046 66.55:0.60 4.71£1.05 2.72+0.85

FairGNN §2.55:0.98 87.68:0.73 194082 1.72+070 | 65.75£1.80 67.03+2.61 297+128 2.06+3.02 | 69.49+2.15 67.68+£1.49 2.86:1.39 2.30+1.33

EDITS 77.83£379 84.42:2.87 374354 4464350 |  OOM 0OM 0OM 00M 00M 0OM 00M 0OM

NIFTY 7781603 84.112549 574038 4.07+1.28 | 61.70£1.47 68.48+1.11 3.84x1.05 3.90+2.18 | 66.86+2.51 66.68+£1.45 6.75:1.84 8.15+0.97

SAGE FairVGNN 83.58+1.88 88412129 1.1420.67 1.69+1.13 | 67.40£1.20 68.50+0.71 1123098 1.13+1.02 | 69.91£095 66.39£1.95 4.15:1.30 2.311.57
FairSIN-G 83.96:1.78 88.79:1.08 3.97+092 1.70+0.66 | 68.08£1.10 69.11£0.62 2.00:1.13 1.66£0.70 | 71.05£0.73 66.19+1.49 4.96+025 2.90+1.21

FairSIN-F 83.82+0.26 88.5120.16 0.67+033 1.85+0.50 | 67.2140.84 69.28+0.98 1.80:046 1.62+40.84 | 70.25:040 66.99+1.06 3.25£1.00 1.89+0.79

FairSIN w/o Neutral, | 82.95:0.46 87.70:0.28 0.642040 2.21+0.22 | 67.3840.81 68.7740.62 2.35:099 1.7140.99 | 69.87+1.70 67.39+1.05 2.92+1.69 1.79+1.16
FairSIN w/o Discri. | 83.49+0.34 88.46+0.19 0.82+051 2.1240.55 | 67.14+1.09 69.65£0.32 1.91+0.82  1.09+1.12 | 70.10£0.93 66.78+0.83 3.92+1.02 1.62+0.68

[ FairsIN 974043 88744042  0.58+0.60 1.49+0.34 | 68.38+0.8 124116 1.04:0.83  1.04+0.42 | 70.70+0.99  67.95+0.79 1.74+0.73  0.68:+0.65
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Motivation of GraphPAR

Do pre-trained graph models (PGMs) also inherit bias from graphs?

* Recent work [1] have demonstrated that pre-trained language models tend to inherit bias

from pre-training corpora.
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(a) Demographic Parity (DP).  (b) Equality Opportunity (EO).

 PGMs can well capture semantic information on graphs during the pre-training phase,

which inevitably contains sensitive attribute semantics.

[1] Nicholas Meade, Elinor Poole-Dayan, and Siva Reddy. 2022. An Empirical Survey of the Effectiveness of Debiasing Techniques for Pre-trained Language Models. ACL




Motivation of GraphPAR

Existing fair methods is inflexible and inefficient.

e Existing works generally train a fair GNN for a specific task.
* Debiasing for a specific task in the pre-training phase is inflexible

* Maintaining a specific PGM for each task is inefficient

Existing fair GNN methods lack theoretical guarantees.

* No provable lower bounds on the fairness of model prediction.

How to efficiently and flexibly endow PGMs fairness with practical guarantee?




GraphPAR

Core idea: tuning an adapter so that the adapter-processed node representations are
independent of sensitive attribute semantics, preventing the propagation of sensitive
attribute semantics from PGMs to task predictions.
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How effective is GraphPAR compared to existing graph fairness methods?

 GraphPAR outperforms baseline models both in classification and fairness performance.
* Performance of GraphPAR varies among different PGMs.

* RandAT and MinMax perform well but in different ways.

Credit Pokec z Pokec_n
Method

ACC (1) F1(1) DP ({) EO ({) ACC (1) F1(1) DP ({) EO () ACC (1) F1(1) DP ({) EO ({)
GCN 69.73+£0.04 79.14+0.02 13.2840.15 12.66+0.24 67.54+0.48 68.93+0.39 5.51+0.67 4.57+£0.29 70.11+0.34 67.37£0.38 3.19+0.86 2.93+0.95
FairGNN 72.50+4.09 81.80+3.86 9.20+3.35 7.64+3.58 67.47+1.12 69.35+3.14 1.91+1.01 1.04+1.11 68.42+2.04 64.34+2.32 1.41+1.30 1.50+1.23
NIFTY 70.89+0.59  80.23+£0.54 9.93+0.59 8.79+0.71 65.83£3.90 66.99+4.26 5.47+2.13 2.64+1.02 68.97+1.21 66.77£1.27 1.68+£0.90 1.38+0.91

EDITS 66.80£1.03 76.64%+1.13 10.21+1.14 8.78+1.15 OOM OOM OOM OOM OoOOM OOM OOM OOM
Naive 75.72+2.18 84.73+2.00 7.87+2.22 6.51+£2.79 67.87+0.51 70.23+£0.80 4.69+1.95 3.03+1.34 68.58+1.22 65.66%+1.37 3.58+3.09 4.99+3.68

DGI :’GraphPARRandAT 76.88+1.33 85.85+1.36 5.93+291 4.44+3.34 67.05x1.33 70.50+0.69 1.90+1.22 0.84+0.28 68.92+1.55 65.61+£1.33 1.19+0.65 2.11:|:1.60‘:
1GraphPAR y1iaay  74.3722.91  83.46+2.64 3.81+2.37 2.60+2.48 68.32+0.55 68.35+2.38 1.64+0.78 0.53+0.39 68.43+0.55 68.20+2.22 1.73+0.76 1.11+0.88)

EdgePred {GraphPARp,,gar 69974235 79.55%2.24 6.362.19 4.83%2.70 66.87+112 68861046 199+1.12 227+123 68.49+141 6545:1.02 179+0.85 3.69+0.68)
\GraphPAR ;v 68.531.23  78.19+1.14 5104231 4524217  67.51£0.55  69.03+0.82 1.45:1.40 1.15+0.85  69.10£0.91  65.00+1.10 128+0.97 3.31+2.06)

S ————————————— S S S S S S S S S S S S S S S S S S S S S S S -

GCA {GraphPARp a4 75.5011.29  84.66+1.27 5514244 3.98+1.96 66.73+2.22 70.32+0.73 4.23+2.50 2.94+1.84 68.1140.44 64.43+1.05 2.35%1.12 2.42+1.62)
:graphPAmeﬂ 73.74£2.01 82.96+x1.74 4.90+£1.90 2.96+1.66 66.59+1.28 68.74+1.17 2.33+2.28 2.42%+1.72 68.11£0.70 65.49+1.57 1.41+£0.86 0.94%0.59

1
1
-------------------------------- e R e e ——————————— i ————— i —————— byl ey ——————————— i —————




How parameter-efficient is GraphPAR?
* The number of tuned parameters in GraphPAR is 91% smaller than in the PGM.

PGM Adapter PGM Adapter
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(a) Infomax. (b) EdgePred.




Calibrating GNNs for Uncertainty Awareness

A trustworthy model should know when it is likely to be incorrect

* The confidence probability associated with the predicted class label should reflect its
ground truth correctness likelihood

* Recent works show that GNNs tend to be under-confident in their predictions
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Motivation of DCGC

* Existing calibration methods focus on improving GNN models. Recent work has shown

that the post-hoc methods, such as temperature scaling-based calibration, can achieve a

better trade-off between accuracy and calibration.

' - “a 1
i -
>
GNN {fmzen) Temperature Scaling

a) Temperature scaling-based calibration

* Through evaluating the expected calibration error (ECE) on Cora and Photo datasets with

five different GNNs, we find that the ECEs on Cora (10.25%-18.02%) are always larger than

those on Photo (4.38%-8.27%), indicating that the calibration performance depends more

on the datasets instead of GNN model.




Motivation of DCGC

* |nspired by this phenomenon, we innovatively propose to calibrate GNNs from a data-
centric perspective: can we modify the graph data instead for better calibration

performance without losing accuracy?

et A S A

Weight Modification GNN (frozen)

(b) Data-centric calibration




Observation of DCGC

® To support the data-centric motivation, we further conduct data observations by
analyzing the impacts of decisive and homophilic edges on calibration performance.

Table 1: Calibration performance with original/modified graphs on 8 datasets. Here Modified-D and Modified-H represent the
modified graphs based on decisive and homophilic edges, respectively. Decisive/homophilic edges are assigned with larger
weights than unimportant/heterophilic ones. ECE scores (%) are the lower the better.

Model Structure Cora Citeseer =~ Pubmed Photo = Computers  CoraFull Arxiv Reddit
Original 14.43+4.52 14.42+4.17 8.41+£1.29 7.49+1.14 5.92+0.29 14.31£0.54 8.00£0.15 5.18%+0.23
GCN Modified-D  14.01+3.54 13.97+3.24 7.06+1.20 4.29+0.56 4.35+0.18 12.84+0.41 7.10+£0.13 3.45+0.19
Modified-H 13.61+3.92 14.35%#3.66 8.29+1.01 6.22+1.01 5.07+0.51 13.95+£0.51 7.70+£0.12 2.37£0.21
Original 10.25£5.27 10.82+4.74 7.43+£2.23 8.27+2.60  7.22%£0.78 13.92+1.21 8.79+£1.52 9.67£0.31
GraphSAGE Modified-D  8.22+1.61 9.65£3.52 6.85%£1.45 4.53£1.00 6.41£0.76 9.95+0.73  8.42+1.39 5.74+0.27
Modified-H 4.22+1.86 5.80£1.08 4.00£0.78 2.00£1.00  2.93£0.95 4.17+1.14 2.02+1.12 4.93+x0.24




plec]e

® Motivated by our observations, we propose Data-centric Graph Calibration (DCGC).
Given a well-trained GNN, we design two modules to improve the weights of decisive
and homophilic edges.

--------------------------------------------------------------------------------------------------------------------------------------------
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We conducted experiments on 8 datasets with GCN and GraphSAGE.

Model Method Cora Citeseer | Pubmed Photo | Computers | CoraFull Arxiv Reddit
Original 14.43+4.52 | 14.42+4.17 | 8.41+1.29 | 7.49+1.14 | 5.92+0.29 | 14.31+£0.54 | 8.00+£0.15 | 5.18%0.23
TS 6.60+1.83 | 10.22+1.92 | 4.43+0.58 | 3.16%£1.02 | 3.92+1.56 | 11.00+£0.78 | 6.39+0.31 | 5.12+0.22
DCGC+TS 4.89+1.41 8.13+2.36 | 2.18+0.71 | 1.72+£0.62 | 1.93+0.50 5.63+£0.78 | 4.26+£0.37 | 4.17+£0.32
VS 8.26+1.80 | 10.86+1.38 | 5.02+0.68 | 4.54+0.96 | 4.46+x1.31 | 13.68+£0.37 | 7.68+0.21 | 4.36+0.05
GCN DCGC+VS 6.04+1.67 | 8.86x1.69 | 2.50£0.85 | 1.77+0.49 | 1.67£0.70 8.32+0.85 | 4.60+0.27 | 3.84+0.27
CaGCN 6.88+1.29 | 8.41+1.87 | 3.52+0.56 | 1.75+0.72 | 2.94+3.33 7.09+0.58 | 3.87+0.39 | 2.92+0.14
DCGC+CaGCN | 5.42+1.25 6.68+1.85 | 1.68+0.54 | 1.11+0.24 | 2.55%+2.84 4.52+0.47 | 2.86+0.37 | 1.23+£0.26
GATS 5.27£1.86 | 9.09+2.03 | 3.69+0.51 | 1.41+0.41 | 1.61+0.85 9.07£0.61 | 4.42+0.31 -
DCGC+GATS 4.23+1.24 | 7.17+£2.30 | 1.66+0.47 | 1.30+0.26 | 1.58+0.41 4.21+0.56 | 3.87+0.33 -
Original 10.25+5.27 | 10.82+4.74 | 7.43+£2.23 | 8.27£2.60 | 7.22+£0.78 | 13.92+1.21 | 8.79+£1.52 | 9.67£0.31
TS 9.68+3.83 | 9.42+1.68 | 5.15+£0.80 | 2.76%+0.79 | 2.85£0.69 | 10.54+1.33 | 7.77+0.99 | 9.05+£0.20
DCGC+TS 6.03+1.19 | 5.00+0.68 | 3.54+1.06 | 1.45+0.50 | 2.26+0.66 5.39+1.25 | 4.14+1.21 | 4.04+0.47
VS 9.91+£3.75 | 9.18%£3.19 | 5.14+0.35 | 4.11+0.89 | 4.25+£0.68 | 14.47+1.66 | 8.55+1.18 | 9.87+0.26
GraphSAGE DCGC+VS 5.14+0.72 5.91+£0.76 | 2.19+0.63 | 1.62+£0.71 | 2.14+0.55 8.28+1.63 | 5.10+1.36 | 8.16+£0.36
CaGCN 9.49+£2.29 | 8.67+£1.64 | 4.63+1.74 | 2.05%0.63 | 2.38+0.36 6.91+1.35 | 4.13+1.22 | 5.02+0.22
DCGC+CaGCN | 5.26+1.35 | 5.38+3.10 | 2.30+0.69 | 1.31+0.36 | 2.13+0.43 4.29+0.84 | 3.83+1.15 | 2.15+0.17
GATS 9.68+3.38 | 8.86+2.05 | 5.04%+1.33 | 2.44+0.77 | 2.76%0.58 8.69+£1.27 | 5.96%1.21 -
DCGC+GATS 6.99+1.61 6.18+1.73 | 3.70+1.25 | 1.43+0.40 | 2.31+0.67 4.50+0.99 | 2.92+1.16 -
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Future Directions

1. Data-centric Learning
 Data quantity and quality
e Structure/Feature/Label Augmentation

_____________________

P

| Pre-prompt | | Post-prompt

2. Integration with LLMs

World knowledge for trustworthiness
e Graph foundation models
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(a) GNN-centric methods. (b) Symmetric methods, where the aligned embeddings (c) LLM-centric methods, which take an in-
can be further utilized for downstream tasks. struction as input and output an answer.




Open-source Graph Learning Platforms

OpenHGNN: The first heterogeneous
graph neural network library

Leaderboard

Feature HeteroGraph _y Experiment Visualization

Design Space
for HGNN

Hyperparameter
Optimization

Deep Graph Library
f
PyTorch Backend

GammaGL: A GNN library supporting

multiple deep learning backends

Models

User-Defined Models Pre-Defined Models and Examples
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Message Passing Sampling
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-

\ J

7y ] A
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Yaogi Liu, Cheng Yang, Tianyu Zhao, Hui Han, Siyuan Zhang, Jing Wu, Guangyu Zhou, Hai Huang, Hui Wang, Chuan
Shi. GammaGL: A Multi-Backend Library for Graph Neural Networks. SIGIR 2023
Han H, Zhao T, Yang C, et al. OpenHGNN: An Open Source Toolkit for Heterogeneous Graph Neural Network. CIKM 2022




B 338 12 18 #1428 F 5

‘ — —.

TERADE
; ﬁ% Thanks




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 45

