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Ø Unsupervised Graph Domain Adaptation has become a promising 
paradigm for transferring knowledge from a fully labeled source graph 
to an unlabeled target graph

Ø Existing graph domain adaptation models primarily focus on the closed-
set setting, where the source and target domains share the same label 
spaces
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Ø However, such a strict assumption is unrealistic in real-world 
applications, since the target domain might introduce new classes that 
are absent from the source domain, leading to significant challenges in 
identifying unseen samples

Ø Examples: fraud schemes are continually evolving with fraudsters 
frequently developing new tactics
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Ø In this paper, we investigate the problem of unsupervised open-set
graph domain adaptation, where the goal is to not only correctly classify 
target nodes into the known classes, but also recognize previously 
unseen node types into the unknown class
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Ø Recent models utilize a threshold to designate low-confidence samples 
as unknown, while aligning the source domain with the known portion 
of the target domain via adversarial training

Ø While promising, these methods depend heavily on manually set 
threshold and one threshold cannot fit all, which makes them difficult to 
adapt to different distributions
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Ø To effectively distinguish between known and unknown groups and 
facilitate open-set recognition, it is essential to promote a clearer 
separation between these two groups

Ø We propose to perform dual reprogramming from the graph and the 
model perspectives

Ø Model Reprogramming: pruning domain-specific parameters to 
reduce bias towards the source graph while preserving parameters 
that capture transferable patterns across graphs

Ø Graph Reprogramming: modifying target graph structure and node 
features, which facilitates better separation of known and unknown 
classes
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Ø Motivated by the lottery ticket hypothesis, which demonstrates that 
only a subset of parameters is crucial for generalization, we propose to 
reprogram the graph neural network 𝒇𝒘(⋅) by selectively masking its 
weights

𝒁𝒍 = 𝒇𝒘 𝑮,)𝑾𝒍 = 𝝈(,𝑫
𝟏
𝟐,𝑨,𝑫

𝟏
𝟐𝒁𝒍%𝟏(𝑾𝒍⊙𝑴𝒍) )

Ø We calculate its gradient 𝛁𝐌𝒍 with respect to the loss function to 
quantify the importance of each weight element

Ø We set the lowest 𝝆 percent of gradient values in 𝑴𝒍 to zero, leaving the 
remaining elements at 1. These sparse masks are then applied to prune 
𝑾𝒍, resulting in the reprogrammed sparse model

Model Reprogramming

7



Ø We modify the target graph's structure and node features to better 
align with the source domain, while differentiating the known and 
unknown groups within the target domain

4𝑿𝒕 = 𝝍𝒙 𝑿𝒕 = 𝑿𝒕 + 𝛁𝑿𝒕
4𝑨𝒕 = 𝝍𝒂 𝑨𝒕 = 𝑨𝒕⊕𝛁𝑨𝒕

Ø 𝝍𝒙 ⋅ represents the transformation function applied to update node 
features, and 𝝍𝒂(⋅) denotes the function for modifying the graph 
structure by adding or removing edges

Ø We choose two simple, direct transformation strategies described above

Graph Reprogramming
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Ø We present an overview of the proposed GraphRTA framework
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Ø We model the entropy of instances as being generated by a mixture of 
two Beta distributions to capture the overall characteristics of the target 
graph

𝒑 𝒆𝒊 = 𝝁𝒕𝒌 ⋅ 𝒑 𝒆𝒊 𝒕𝒌 + 𝝁𝒕𝒖 ⋅ 𝒑(𝒆𝒊|𝒕𝒖)

Ø After estimating the probability of each target instance belonging to 
either the target-known or target-unknown group, we can classify all 
the instances into three distinct domains for the domain adversarial 
learning framework

Ø The domain discriminator 𝒅𝜽(⋅) is optimized by minimizing the cross-
entropy loss to effectively classify three domains

Ø Source, Target-known, and Target-unknown

Training
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Ø Datasets: we conduct experiments using three categories of publicly 
available datasets

Ø Three key category baselines:

Ø Graph Neural Networks
Ø GCN, SAGE, GAT

Ø Closed-set GDA
Ø UDAGCN, A2GNN, etc.

Ø Open-set GDA
Ø DANCE, SDA, UAGA, etc.
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Ø Our proposed GraphRTA consistently demonstrates superior 
performance across a variety of scenarios

H-score: 𝑯𝑺 = 𝟐×𝑨𝒄𝒄𝒕𝒌×𝑨𝒄𝒄𝒕𝒖
𝑨𝒄𝒄𝒕𝒌0𝑨𝒄𝒄𝒕𝒖
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Ø H-score provides a more comprehensive evaluation metric than accuracy 
Ø Several baselines achieve high accuracy scores but suffer from low H-

scores, reflecting their difficulty in accurately identifying open-set 
instances
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Ø We study unsupervised open-set graph domain adaptation, an under-
explored area in the graph community, where the target graph 
introduces new classes that are not present in the source graph

Ø We propose a novel framework named GraphRTA that conducts dual 
reprogramming at the model as well as the graph levels

Ø Experiments further show that our proposed GraphRTA consistently 
outperforms or matches the performance of recent state-of-the-art 
models

Conclusion
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