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Background Problem
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Semi-supervised Graph Domain Adaptation (SGDA), as a subfield of graph transfer learning, seeks to
precisely annotate unlabeled target graph nodes by leveraging transferable features acquired from the
limited labeled source nodes.




Challenges

Existing Semi-Supervised Graph Domain Adaptation (SGDA) models mainly face three
challenges:

CH1: Current GCNs-based methods typically mine the graph structure information in the
deep feature space, which is a suboptimal way because the graph structure information may
be lost or destroyed after passing through the GCNs-based feature extractors.

CH2: Existing GDA methods often employ adversarial learning to reduce domain
discrepancy. However, adversarial training is an unstable process that may destroy the
category information hidden in node features.

CH3: Given the limited number of labeled nodes in the source domain graph, the model is
prone to overfitting when only relying on the source domain classification loss for
optimization.



Methodology

CHL1: Mining the graph structure information of graphs in the feature space is a suboptimal operation
because the node features extracted by the GCNs-based feature extractor have already lost some

structure information.

Step 1: Sample multiple subgraphs
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Step 2: Compute the topological features
of subgraphs separately in the input space
and the hidden layer space.
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Step 3: Align the topological structures of
the input and latent spaces.

LG = > la—8l;.

(a,B)EV*

Subgraph Topological Structure Alignment
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Step 4: Aggregate the topological discrepancy of multiple
subgraphs and generalize across two domains.
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Methodology

CH2: Using adversarial learning to align feature distributions across domains is an unstable process that
may destory the class information hidden in node features.

Step 1: Map node features to spherical space

Sphere-guided Domain Alignment
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Step 2: Use geodesic projection to map spherical
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features onto multiple circles
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Step 3: utilize the spherical sliced-Wasserstein
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(SSW) distance to measure domain discrepancy .
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Step 4: Minimize the domain discrepancy during training
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Methodology

CH3: The source domain graph has too few labeled nodes, making the model prone to overfitting issues.

_ _ Robustness-guided Node Clustering
Step 1: introduces shift parameters to perturb e
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Model Optimization
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The overall objective of TFGDA:
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Experiments

Datasets:

We run experiments on three real-world graphs.

Six typical transfer tasks are considered in our experiments: A—C, A—D, C—A, C—D, D—A and D—C.

Table 1: The statistics of three real-world graphs. Note that
‘4’ means ‘the number of’. ‘Attr. refer to ‘Attributes’. ‘Avg’
represents ‘Average’.

Graph #Nodes #Edges #Attr. Avg.Degree Label Proportion (%)
ACMv9 (A) 9,360 15,602 5,571 1.667 20.5/29.6/22.5/8.6/18.8
Citationvi (C) 8,935 15,113 5,379 1.691 25.3/26.0/22.5/7.7/18.5
DBLPv7 (D) 5,484 8,130 4,412 1.482 21.7/33.0/23.8/6.0/15.5




Experiments

Table 1: Transfer performance (%) on six transfer tasks with a source graph label rate of 5% for
semi-supervised graph domain adaptation.

Methods A—C A—D C—A C—D D—A D—C

ethods Micro-F1  Macro-F1  Micro-F1 Macro-F1  Micro-F1  Macro-F1  Micro-F1  Macro-F1  Micro-F1  Macro-F1  Micro-F1  Macro-F1
MLP [2] 4134115 3581072 42841088 3631077 3944057 3374058 4371069 3671055 3731032 3081037 3944000 32.810.990
GCN 28] 5441152 52.0+162 56.9:+233 5341:2s1 5401140 5231108 5891090 5451155  50.01i214  48.0:328  56.0+124  51.9+1.49
GSAGE 4931918 4644206 5181135 4741162 4681256 4501278 5174195 48.1i197 4174007 3744450 4544211 3934345
GAT [30] 5514390 5084145 5534250 5184260 5004120 4561236 5544073 4924050 4484074 383p484 5044335 42.044.46
GIN 64.61947 5604073 6001500 S1313090 5711119 5444957 6204105 5684140 5194000 4544516 6024305 53.04910
DANN [81] 4431503 3931186 4401140 3874147 4184195 3764124 4554071 3964155 378i366 3324023 4174030 3564955
CDAN (1] 44.64130 3864107 4551085 3801086 4241064 3624117 46741117 3924006 3904108 3234100 4174155 3481156

DANNGow 21 | 63.01675 5961602 6221100 5771316 56.7:03s8 5521103 6531200 5901230 5231050 4861450 58.1lio7g 524438
CDANGewn 7033084 6651066 65.041.00 6131096 5631178 53.610070 6524019 5884035 53.04134 4874351 5904152 5334499
UDA-GCN 7241975 6524651 6801638 6431712 6291033 6224144 Tldiose 6751225 55.8i350 5241268 6521441 60.746.84

AdaGCN (1] 70.840.95 68.5+073 682413814 64213091 6154122 6044315 6911196 6581087 56.14175 53.84295 64.11001 62.84156
CoCo [25] 72.7+136 66.84115 6831231 6411268 62710095 6154118 7161176 6731103 5674147 S541li129 6604088 6441113
StruRW [21] 7294121 67.14107 68541004 6441103 63.64105 6194119 T1.84206 67.64245 57.04172 5424138 6574096 63.141.25
SGDA 2] 75.6+057 Tldipse 6921073 6471236 6631068 6231006 72.9+126 689+183 60.64086 56.04000 73.24050 69.3+1.01
TFGDA-S 5584176 53.64184 5424011 4491204 5824150 4894104 57.04103 4631160 49.84033 41.04346 5594141 4524070
TFGDA-T 7264055 6631083 6591085 6241130 6431088 61841076 6564097 5471124 5624078 5344087 6851044 6741090
TFGDA-D 7584038  70.74060 7121061 6751115 6851057 6371102 7224088 68.1+113 63110714 585+070 7341051 7l.1igss
TFGDA-R 74441046 7014077 68.8+0514 64.71008 65.64049 6241085 69740094 63311220 6271060 56.8+083 72.14043 69.61035

TFGDA-TD 7891050 7691062 7291086 70.8+131 T0.1ipe5 6891089 73.7+1.14 Tlli139 6481068 6261076 7521062 7241093
TFGDA-TR 78441064 7584048 7231060 6831113 7051058 69.64005 7344003 7081150 6421071 6181081 7631054 72.64083
TFGDA-DR 7924041 7744050 7324049 7161994 7201053 Tldigo2 7454110 7154147 6531063 6301070 7711049 7294087
TFGDA 8101031 789+046 7531051 73241089 7361061 7231094 7601102 72.61135 669.059 643072 789047 Tddigg

Results and Discusssion:
We can find that TFGDA greatly outperforms all competitors and becomes a state-of-the-art method.



Experiments

Category
Alignment

Domain
Alignment

(e) SGDA (f) TFGDA-R (2) TFGDA-TR (h) TEGDA

Visualization of Node Features:
Compared with other competitors, TFGDA achieves exactly 5 clusters with clean decision boundaries, indicating
that our model can capture more fine-grained transferable features as well as align more complex distributions.
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