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Graphs in biomedicine

Protein interaction network
Image Source : wikipedia
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Figure 1: Overview of the pipeline used for classification of population graphs using Graph Convolutional Networks.

TheABIDE database (Di Martino et al., 2014) aggregates data from different international acquisition
sites and openly shares neuroimaging (functional MRI) and phenotypic data of 1112 subjects3. We select
the same set of 871 subjects used by Abraham et al. (2017) that met the imaging quality and phenotypic
information criteria, comprising 403 individuals with ASD and 468 healthy controls. These subjects were
regrouped based on location into 20 imaging sites. To ensure a fair comparison with the state of the
art (Abraham et al., 2017) we use the same preprocessing pipeline, the Configurable Pipeline for the Analysis
of Connectomes (C-PAC) (Craddock et al., 2013), which involves skull striping, slice timing correction,
motion correction, global mean intensity normalisation, nuisance signal regression, band-pass filtering (0.01-
0.1Hz). The functional images were registered to a standard anatomical space (MNI152) to allow cross-
subject comparisons. Subsequently, the mean time series for a set of regions extracted from the Harvard
Oxford (HO) atlas (Desikan et al., 2006) were computed and normalised to zero mean and unit variance. The
HO atlas distributed with FSL4 is based on anatomical landmarks and the version used in this work includes
both cortical and subcortical (excluding left/right WM, left/right GM, left/right CSF and brainstem) ROIs,
yielding 111 regions in total. The individual connectivity matrices M1, ...,MN are estimated by computing
the Fisher transformed Pearson’s correlation coefficient between the representative rs-fMRI timeseries of
each ROI in the HO atlas. The correlation matrices are, then, Fisher transformed to improve normality.

The ADNI database is the result of efforts from several academic and private co-investigators 5. To
date, ADNI in its three studies (ADNI-1, -GO and -2) has recruited over 1700 adults, aged between 55
and 90 years, from over 50 sites from the U.S. and Canada. In this work, a subset of 540 early/late MCI
subjects that contained longitudinal T1 MR images and their respective anatomical segmentations was used.
Our inclusion criteria were therefore: MCI diagnosis, available longitudinal T1 MR images and available
corresponding segmentations as described in Ledig et al. (2015). MCI often represents an intermediate
stage between normal cognition and Alzheimer’s disease. Therefore, the conversion from MCI to AD is
more challenging to predict than distinguishing between HC and AD patients. In total, 1675 samples were
available, with 289 subjects (843 samples) diagnosed as AD at any time during follow-up and labelled as
converters. It should be noted that the AD diagnosis in the dataset comes from clinical evaluation only and
is missing histopathological confirmation. As a result, the AD diagnosis should be referred to as “probable
AD”. For simplification purposes, we use the term AD to refer to probable AD in the remainder of this
paper. Longitudinal information ranged from 6 to 96 months, depending on each subject. Acquisitions
after conversion to AD were not included. As of 1st of July 2016 the ADNI repository contained 7128
longitudinal T1 MR images from 1723 subjects. ADNI-2 is an ongoing study and therefore data is still
growing. Therefore, at the time of a large scale segmentation analysis (into 138 anatomical structures using
MALP-EM (Ledig et al., 2015)) only a subset of 1674 subjects (5074 images) was processed, from which the
subset used here was selected.

With the ABIDE database, we aim to separate healthy controls from patients suffering from ASD. This
database comprises data acquired at different sites and using different protocols, which results in a highly

3http://preprocessed-connectomes-project.org/abide/
4http://www.fmrib.ox.ac.uk/fsl/
5http://adni.loni.usc.edu
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Graph Machine Learning (GraphML)Shallow network embeddings
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Learning task
• Node property prediction
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• Node property prediction
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• Molecule optimization

Method example DeepWalk, Node2vec, LINE,
Metapath2vec GCN, GIN, GAT, JK-Net GCPN, JT-VAE, GraphRNN

• Graph structure

Figure �: Predominant paradigms in graph representation learning. (a) Shallow network embedding methods generate a
dictionary of representations hC for every node C that preserves the input graph structure information. This is achieved by learning
a mapping function 5H that maps nodes into an embedding space such that nodes with similar graph neighborhoods measured
by function 5< get embedded closer together (Section �.�). Given the learned embeddings, an independent decoder method can
optimize embeddings for downstream tasks, such as node or link property prediction. Method examples include DeepWalk [���],
Node�vec [��], LINE [���], and Metapath�vec [��]. (b) In contrast with shallow network embedding methods, graph neural networks
can generate representations for any graph element by capturing both network structure and node attributes and metadata. The
embeddings are generated through a series of non-linear transformations, i.e., message-passing layers (!9 denotes transformations
at layer 9), that iteratively aggregate information from neighboring nodes at the target node C. GNN models can be optimized
for performance on a variety of downstream tasks (Section �.�). Method examples include GCN [���], GIN [���], GAT [���], and
JK-Net [���]. (c) Generative graph models estimate a distribution landscape Z to characterize a collection of distinct input graphs.
They use the optimized distribution to generate novel graphs b⌧ that are predicted to have desirable properties, e.g., a generated
graph can be represent a molecular graph of a drug candidate. Generative graph models use graph neural networks as encoders
and produce graph representations that capture both network structure and attributes (Section �.�). Method examples include
GCPN [���], JT-VAE [��], and GraphRNN [���]. SI Figure � and SI Note � outline other representation learning techniques.

�

Image Source:  [Li et al., 2022]

Shallow Network Embedding Methods 

DeepWalk, Node2Vec, NERD, HOPEExamples :



4

8

Shallow network embeddings

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

v
<latexit sha1_base64="yUqBnoM2Ng7iX3BNcUsAkKtxObY=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUwcCF7C17sGFv77I7R0IIP8HGQhtj6/+x89+4wBUKvmQ3L+/NZGZekEhh0HW/ndza+sbmVn67sLO7t39QPDx6NHGqGW+wWMa6FVDDpVC8gQIlbyWa0yiQvBkMb2Z+c8S1EbF6wHHC/Yj2lQgFo2il+/Ko3C2W3Io7B1klXkZKkKHeLX51ejFLI66QSWpM23MT9CdUo2CSTwud1PCEsiHt87alikbc+JP5qlNyZpUeCWNtn0IyV393TGhkzDgKbGVEcWCWvZn4n9dOMbzyJ0IlKXLFFoPCVBKMyexu0hOaM5RjSyjTwu5K2IBqytCmU7AheMsnr5KnasW7qNivelct1a6zRPJwAqdwDh5cQg1uoQ4NYNCHZ3iFN0c6L86787EozTlZzzH8gfP5A1q+jfU=</latexit>

fn
<latexit sha1_base64="evWL0q1y5CtnDU8ZrAPob7All+M=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIigoEL2Vv2YMPe3mV3zoRc+A02FtoYW/+Onf/GBa5Q8CW7eXlvJjPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRg4lTzXiLxTLWnYAaLoXiLRQoeSfRnEaB5O1gfDPz209cGxGre5wk3I/oUIlQMIpWalXDvqr2yxW35s5BVomXkwrkaPbLX71BzNKIK2SSGtP13AT9jGoUTPJpqZcanlA2pkPetVTRiBs/my87JWdWGZAw1vYpJHP1d0dGI2MmUWArI4ojs+zNxP+8borhlZ8JlaTIFVsMClNJMCazy8lAaM5QTiyhTAu7K2EjqilDm0/JhuAtn7xKHus176Jmv/pdvdK4zhMpwgmcwjl4cAkNuIUmtICBgGd4hTdHOS/Ou/OxKC04ec8x/IHz+QPHgI7G</latexit>

hu
<latexit sha1_base64="XLJFks1yYE03+RAEgO7gPHUbfXw=">AAAB+HicbVDNTgIxGPwW/xD/UI9eGsHEE9nFgx6JXjxiIoKBlXRLFxq67abtasiG9/DiQS/Gq4/izbexC3tQcJI2k5nvS6cTxJxp47rfTmFldW19o7hZ2tre2d0r7x/caZkoQltEcqk6AdaUM0FbhhlOO7GiOAo4bQfjq8xvP1KlmRS3ZhJTP8JDwUJGsLHSQ7UXYTMKwnQ07SfVfrni1twZ0DLxclKBHM1++as3kCSJqDCEY627nhsbP8XKMMLptNRLNI0xGeMh7VoqcES1n85ST9GJVQYolMoeYdBM/b2R4kjrSRTYySykXvQy8T+vm5jwwk+ZiBNDBZk/FCYcGYmyCtCAKUoMn1iCiWI2KyIjrDAxtqiSLcFb/PIyua/XvLOaveo39UrjMm+kCEdwDKfgwTk04Bqa0AICCp7hFd6cJ+fFeXc+5qMFJ985hD9wPn8ABJaS7w==</latexit>

fz
<latexit sha1_base64="JadAhVPjLrTCOiAKxTttQ3sD+6w=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGLiiQYuZG+Zgw17e5fdPRMk/AYbC22MrX/Hzn/jAlco+JLdvLw3k5l5YSq4Nq777RRWVtfWN4qbpa3tnd298v7BnU4yxdBniUjUfUg1Ci7RN9wIvE8V0jgU2AqHV1O/9YhK80TemlGKQUz7kkecUWMlvxp1n6rdcsWtuTOQZeLlpAI5mt3yV6eXsCxGaZigWrc9NzXBmCrDmcBJqZNpTCkb0j62LZU0Rh2MZ8tOyIlVeiRKlH3SkJn6u2NMY61HcWgrY2oGetGbiv957cxEF8GYyzQzKNl8UJQJYhIyvZz0uEJmxMgSyhS3uxI2oIoyY/Mp2RC8xZOXyUO95p3V7Fe/qVcal3kiRTiCYzgFD86hAdfQBB8YcHiGV3hzpPPivDsf89KCk/ccwh84nz/Z4I7S</latexit>

hv
<latexit sha1_base64="figeL9HupaCtJOTkeqjCUAu+StQ=">AAAB+HicbVDNTgIxGPzWX8Q/1KOXRjDxRHbxoEeiF4+YiGBgJd3ShYa2u2m7GLLhPbx40Ivx6qN4823swh4UnKTNZOb70ukEMWfauO63s7K6tr6xWdgqbu/s7u2XDg7vdZQoQpsk4pFqB1hTziRtGmY4bceKYhFw2gpG15nfGlOlWSTvzCSmvsADyUJGsLHSY6UrsBkGYTqc9saVXqnsVt0Z0DLxclKGHI1e6avbj0giqDSEY607nhsbP8XKMMLptNhNNI0xGeEB7VgqsaDaT2epp+jUKn0URsoeadBM/b2RYqH1RAR2MgupF71M/M/rJCa89FMm48RQSeYPhQlHJkJZBajPFCWGTyzBRDGbFZEhVpgYW1TRluAtfnmZPNSq3nnVXrXbWrl+lTdSgGM4gTPw4ALqcAMNaAIBBc/wCm/Ok/PivDsf89EVJ985gj9wPn8ABh6S8A==</latexit>

Graph neural networks Generative graph models

G
<latexit sha1_base64="AjP53B4MDnbfPclV8g5FUhTD4V0=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaIlRBAMXsrcssGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSyFQdf9dnIrq2vrG/nNwtb2zu5ecf/gwUSJZrzBIhnpVkANl0LxBgqUvBVrTsNA8mYwupr6zSeujYjUPY5j7od0oERfMIpWuitfl7vFkltxZyDLxMtICTLUu8WvTi9iScgVMkmNaXtujH5KNQom+aTQSQyPKRvRAW9bqmjIjZ/OVp2QE6v0SD/S9ikkM/V3R0pDY8ZhYCtDikOz6E3F/7x2gv0LPxUqTpArNh/UTyTBiEzvJj2hOUM5toQyLeyuhA2ppgxtOgUbgrd48jJ5rFa8s4r9qrfVUu0ySyQPR3AMp+DBOdTgBurQAAYDeIZXeHOk8+K8Ox/z0pyT9RzCHzifPxLGjcY=</latexit>

�G
<latexit sha1_base64="n7WhlDU6g4xWIX7WhhaWLFhu9rg=">AAAB93icbVA9TwJBEJ3DL8Qv1NLmIphYkTsstCRaaImJCAYuZG9vDzbs7Z27cxhy4XfYWGhjbP0rdv4bl49CwZfM5OW9mezs8xPBNTrOt5VbWV1b38hvFra2d3b3ivsH9zpOFWUNGotYtXyimeCSNZCjYK1EMRL5gjX9wdXEbw6Z0jyWdzhKmBeRnuQhpwSN5JU7TzxgfYLZ9bjcLZacijOFvUzcOSnBHPVu8asTxDSNmEQqiNZt10nQy4hCTgUbFzqpZgmhA9JjbUMliZj2sunRY/vEKIEdxsqURHuq/t7ISKT1KPLNZESwrxe9ifif104xvPAyLpMUmaSzh8JU2BjbkwTsgCtGUYwMIVRxc6tN+0QRiianggnBXfzyMnmoVtyzimnV22qpdjlPJA9HcAyn4MI51OAG6tAACo/wDK/wZg2tF+vd+piN5qz5ziH8gfX5AxVMkmQ=</latexit>

G
<latexit sha1_base64="AjP53B4MDnbfPclV8g5FUhTD4V0=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaIlRBAMXsrcssGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSyFQdf9dnIrq2vrG/nNwtb2zu5ecf/gwUSJZrzBIhnpVkANl0LxBgqUvBVrTsNA8mYwupr6zSeujYjUPY5j7od0oERfMIpWuitfl7vFkltxZyDLxMtICTLUu8WvTi9iScgVMkmNaXtujH5KNQom+aTQSQyPKRvRAW9bqmjIjZ/OVp2QE6v0SD/S9ikkM/V3R0pDY8ZhYCtDikOz6E3F/7x2gv0LPxUqTpArNh/UTyTBiEzvJj2hOUM5toQyLeyuhA2ppgxtOgUbgrd48jJ5rFa8s4r9qrfVUu0ySyQPR3AMp+DBOdTgBurQAAYDeIZXeHOk8+K8Ox/z0pyT9RzCHzifPxLGjcY=</latexit>

�G
<latexit sha1_base64="n7WhlDU6g4xWIX7WhhaWLFhu9rg=">AAAB93icbVA9TwJBEJ3DL8Qv1NLmIphYkTsstCRaaImJCAYuZG9vDzbs7Z27cxhy4XfYWGhjbP0rdv4bl49CwZfM5OW9mezs8xPBNTrOt5VbWV1b38hvFra2d3b3ivsH9zpOFWUNGotYtXyimeCSNZCjYK1EMRL5gjX9wdXEbw6Z0jyWdzhKmBeRnuQhpwSN5JU7TzxgfYLZ9bjcLZacijOFvUzcOSnBHPVu8asTxDSNmEQqiNZt10nQy4hCTgUbFzqpZgmhA9JjbUMliZj2sunRY/vEKIEdxsqURHuq/t7ISKT1KPLNZESwrxe9ifif104xvPAyLpMUmaSzh8JU2BjbkwTsgCtGUYwMIVRxc6tN+0QRiianggnBXfzyMnmoVtyzimnV22qpdjlPJA9HcAyn4MI51OAG6tAACo/wDK/wZg2tF+vd+piN5qz5ziH8gfX5AxVMkmQ=</latexit>

Z<latexit sha1_base64="zzz0Bblkw3ymPvk+TsLDv90zbwE=">AAAB9nicbVC9TsMwGPxS/kr5KzCyWLRITFVSBhgrWBiLRCnQRJXjOq1Vx45sB6mK+hosDLAgVp6FjbfBaTNAy0m2TnffJ58vTDjTxnW/ndLK6tr6RnmzsrW9s7tX3T+40zJVhHaI5FLdh1hTzgTtGGY4vU8UxXHIaTccX+V+94kqzaS4NZOEBjEeChYxgo2V/LofYzMKo+xxWu9Xa27DnQEtE68gNSjQ7le//IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2yzxFJ1YZoEgqe4RBM/X3RoZjrSdxaCfziHrRy8X/vF5qoosgYyJJDRVk/lCUcmQkygtAA6YoMXxiCSaK2ayIjLDCxNiaKrYEb/HLy+Sh2fDOGvZq3jRrrcuikTIcwTGcggfn0IJraEMHCCTwDK/w5qTOi/PufMxHS06xcwh/4Hz+AFdbkfk=</latexit>

Look-up
table

…
L1

<latexit sha1_base64="XAIGacYh1pLHg73VDwM0r2VZSn4=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWFhg4ikGLmRvmYMNe3uX3T0TQvgNNhbaGFv/jp3/xgWuUPAlu3l5byYz88JUcG1c99sprKyurW8UN0tb2zu7e+X9g3udZIqhzxKRqFZINQou0TfcCGylCmkcCnwIh1dT/+EJleaJvDOjFIOY9iWPOKPGSn71putVu+WKW3NnIMvEy0kFcjS75a9OL2FZjNIwQbVue25qgjFVhjOBk1In05hSNqR9bFsqaYw6GM+WnZATq/RIlCj7pCEz9XfHmMZaj+LQVsbUDPSiNxX/89qZiS6CMZdpZlCy+aAoE8QkZHo56XGFzIiRJZQpbnclbEAVZcbmU7IheIsnL5PHes07q9mvfluvNC7zRIpwBMdwCh6cQwOuoQk+MODwDK/w5kjnxXl3PualBSfvOYQ/cD5/AEIUjm8=</latexit>

L2
<latexit sha1_base64="oomlggDVMpPqAt0C6ApuDVsUskg=">AAAB73icbVA9T8MwEL2Ur1K+CowsFi0SU5WEAcYKFgaGIhEoaqPKcZ3WqmNHtoNURf0NLAywIFb+Dhv/BrfNAC1PsvX03p3u7kUpZ9q47rdTWlldW98ob1a2tnd296r7B/daZorQgEguVTvCmnImaGCY4bSdKoqTiNOHaHQ19R+eqNJMijszTmmY4IFgMSPYWCmo3/T8eq9acxvuDGiZeAWpQYFWr/rV7UuSJVQYwrHWHc9NTZhjZRjhdFLpZpqmmIzwgHYsFTihOsxny07QiVX6KJbKPmHQTP3dkeNE63ES2coEm6Fe9Kbif14nM/FFmDORZoYKMh8UZxwZiaaXoz5TlBg+tgQTxeyuiAyxwsTYfCo2BG/x5GXy6De8s4b9/Fu/1rwsEinDERzDKXhwDk24hhYEQIDBM7zCmyOcF+fd+ZiXlpyi5xD+wPn8AUOcjnA=</latexit>

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

Approach

Representation
output

• Node embeddings
• Edge embeddings

• Node embedding
• Edge embeddings
• Subgraph embeddings
• Graph embeddings

Input • Graph structure • Local graph neighborhoods
• Node and edge attributes

• Graph structure
• Node and edge attributes
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Learning task
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• Graph structure

Figure �: Predominant paradigms in graph representation learning. (a) Shallow network embedding methods generate a
dictionary of representations hC for every node C that preserves the input graph structure information. This is achieved by learning
a mapping function 5H that maps nodes into an embedding space such that nodes with similar graph neighborhoods measured
by function 5< get embedded closer together (Section �.�). Given the learned embeddings, an independent decoder method can
optimize embeddings for downstream tasks, such as node or link property prediction. Method examples include DeepWalk [���],
Node�vec [��], LINE [���], and Metapath�vec [��]. (b) In contrast with shallow network embedding methods, graph neural networks
can generate representations for any graph element by capturing both network structure and node attributes and metadata. The
embeddings are generated through a series of non-linear transformations, i.e., message-passing layers (!9 denotes transformations
at layer 9), that iteratively aggregate information from neighboring nodes at the target node C. GNN models can be optimized
for performance on a variety of downstream tasks (Section �.�). Method examples include GCN [���], GIN [���], GAT [���], and
JK-Net [���]. (c) Generative graph models estimate a distribution landscape Z to characterize a collection of distinct input graphs.
They use the optimized distribution to generate novel graphs b⌧ that are predicted to have desirable properties, e.g., a generated
graph can be represent a molecular graph of a drug candidate. Generative graph models use graph neural networks as encoders
and produce graph representations that capture both network structure and attributes (Section �.�). Method examples include
GCPN [���], JT-VAE [��], and GraphRNN [���]. SI Figure � and SI Note � outline other representation learning techniques.

�

Shallow Network Embedding Methods 

Image Source:  [Li et al., 2022]

Graph Machine Learning (GraphML)
Graph Neural Network

8

Shallow network embeddings

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

v
<latexit sha1_base64="yUqBnoM2Ng7iX3BNcUsAkKtxObY=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUwcCF7C17sGFv77I7R0IIP8HGQhtj6/+x89+4wBUKvmQ3L+/NZGZekEhh0HW/ndza+sbmVn67sLO7t39QPDx6NHGqGW+wWMa6FVDDpVC8gQIlbyWa0yiQvBkMb2Z+c8S1EbF6wHHC/Yj2lQgFo2il+/Ko3C2W3Io7B1klXkZKkKHeLX51ejFLI66QSWpM23MT9CdUo2CSTwud1PCEsiHt87alikbc+JP5qlNyZpUeCWNtn0IyV393TGhkzDgKbGVEcWCWvZn4n9dOMbzyJ0IlKXLFFoPCVBKMyexu0hOaM5RjSyjTwu5K2IBqytCmU7AheMsnr5KnasW7qNivelct1a6zRPJwAqdwDh5cQg1uoQ4NYNCHZ3iFN0c6L86787EozTlZzzH8gfP5A1q+jfU=</latexit>

fn
<latexit sha1_base64="evWL0q1y5CtnDU8ZrAPob7All+M=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIigoEL2Vv2YMPe3mV3zoRc+A02FtoYW/+Onf/GBa5Q8CW7eXlvJjPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRg4lTzXiLxTLWnYAaLoXiLRQoeSfRnEaB5O1gfDPz209cGxGre5wk3I/oUIlQMIpWalXDvqr2yxW35s5BVomXkwrkaPbLX71BzNKIK2SSGtP13AT9jGoUTPJpqZcanlA2pkPetVTRiBs/my87JWdWGZAw1vYpJHP1d0dGI2MmUWArI4ojs+zNxP+8borhlZ8JlaTIFVsMClNJMCazy8lAaM5QTiyhTAu7K2EjqilDm0/JhuAtn7xKHus176Jmv/pdvdK4zhMpwgmcwjl4cAkNuIUmtICBgGd4hTdHOS/Ou/OxKC04ec8x/IHz+QPHgI7G</latexit>

hu
<latexit sha1_base64="XLJFks1yYE03+RAEgO7gPHUbfXw=">AAAB+HicbVDNTgIxGPwW/xD/UI9eGsHEE9nFgx6JXjxiIoKBlXRLFxq67abtasiG9/DiQS/Gq4/izbexC3tQcJI2k5nvS6cTxJxp47rfTmFldW19o7hZ2tre2d0r7x/caZkoQltEcqk6AdaUM0FbhhlOO7GiOAo4bQfjq8xvP1KlmRS3ZhJTP8JDwUJGsLHSQ7UXYTMKwnQ07SfVfrni1twZ0DLxclKBHM1++as3kCSJqDCEY627nhsbP8XKMMLptNRLNI0xGeMh7VoqcES1n85ST9GJVQYolMoeYdBM/b2R4kjrSRTYySykXvQy8T+vm5jwwk+ZiBNDBZk/FCYcGYmyCtCAKUoMn1iCiWI2KyIjrDAxtqiSLcFb/PIyua/XvLOaveo39UrjMm+kCEdwDKfgwTk04Bqa0AICCp7hFd6cJ+fFeXc+5qMFJ985hD9wPn8ABJaS7w==</latexit>

fz
<latexit sha1_base64="JadAhVPjLrTCOiAKxTttQ3sD+6w=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGLiiQYuZG+Zgw17e5fdPRMk/AYbC22MrX/Hzn/jAlco+JLdvLw3k5l5YSq4Nq777RRWVtfWN4qbpa3tnd298v7BnU4yxdBniUjUfUg1Ci7RN9wIvE8V0jgU2AqHV1O/9YhK80TemlGKQUz7kkecUWMlvxp1n6rdcsWtuTOQZeLlpAI5mt3yV6eXsCxGaZigWrc9NzXBmCrDmcBJqZNpTCkb0j62LZU0Rh2MZ8tOyIlVeiRKlH3SkJn6u2NMY61HcWgrY2oGetGbiv957cxEF8GYyzQzKNl8UJQJYhIyvZz0uEJmxMgSyhS3uxI2oIoyY/Mp2RC8xZOXyUO95p3V7Fe/qVcal3kiRTiCYzgFD86hAdfQBB8YcHiGV3hzpPPivDsf89KCk/ccwh84nz/Z4I7S</latexit>

hv
<latexit sha1_base64="figeL9HupaCtJOTkeqjCUAu+StQ=">AAAB+HicbVDNTgIxGPzWX8Q/1KOXRjDxRHbxoEeiF4+YiGBgJd3ShYa2u2m7GLLhPbx40Ivx6qN4823swh4UnKTNZOb70ukEMWfauO63s7K6tr6xWdgqbu/s7u2XDg7vdZQoQpsk4pFqB1hTziRtGmY4bceKYhFw2gpG15nfGlOlWSTvzCSmvsADyUJGsLHSY6UrsBkGYTqc9saVXqnsVt0Z0DLxclKGHI1e6avbj0giqDSEY607nhsbP8XKMMLptNhNNI0xGeEB7VgqsaDaT2epp+jUKn0URsoeadBM/b2RYqH1RAR2MgupF71M/M/rJCa89FMm48RQSeYPhQlHJkJZBajPFCWGTyzBRDGbFZEhVpgYW1TRluAtfnmZPNSq3nnVXrXbWrl+lTdSgGM4gTPw4ALqcAMNaAIBBc/wCm/Ok/PivDsf89EVJ985gj9wPn8ABh6S8A==</latexit>

Graph neural networks Generative graph models

G
<latexit sha1_base64="AjP53B4MDnbfPclV8g5FUhTD4V0=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaIlRBAMXsrcssGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSyFQdf9dnIrq2vrG/nNwtb2zu5ecf/gwUSJZrzBIhnpVkANl0LxBgqUvBVrTsNA8mYwupr6zSeujYjUPY5j7od0oERfMIpWuitfl7vFkltxZyDLxMtICTLUu8WvTi9iScgVMkmNaXtujH5KNQom+aTQSQyPKRvRAW9bqmjIjZ/OVp2QE6v0SD/S9ikkM/V3R0pDY8ZhYCtDikOz6E3F/7x2gv0LPxUqTpArNh/UTyTBiEzvJj2hOUM5toQyLeyuhA2ppgxtOgUbgrd48jJ5rFa8s4r9qrfVUu0ySyQPR3AMp+DBOdTgBurQAAYDeIZXeHOk8+K8Ox/z0pyT9RzCHzifPxLGjcY=</latexit>

�G
<latexit sha1_base64="n7WhlDU6g4xWIX7WhhaWLFhu9rg=">AAAB93icbVA9TwJBEJ3DL8Qv1NLmIphYkTsstCRaaImJCAYuZG9vDzbs7Z27cxhy4XfYWGhjbP0rdv4bl49CwZfM5OW9mezs8xPBNTrOt5VbWV1b38hvFra2d3b3ivsH9zpOFWUNGotYtXyimeCSNZCjYK1EMRL5gjX9wdXEbw6Z0jyWdzhKmBeRnuQhpwSN5JU7TzxgfYLZ9bjcLZacijOFvUzcOSnBHPVu8asTxDSNmEQqiNZt10nQy4hCTgUbFzqpZgmhA9JjbUMliZj2sunRY/vEKIEdxsqURHuq/t7ISKT1KPLNZESwrxe9ifif104xvPAyLpMUmaSzh8JU2BjbkwTsgCtGUYwMIVRxc6tN+0QRiianggnBXfzyMnmoVtyzimnV22qpdjlPJA9HcAyn4MI51OAG6tAACo/wDK/wZg2tF+vd+piN5qz5ziH8gfX5AxVMkmQ=</latexit>

G
<latexit sha1_base64="AjP53B4MDnbfPclV8g5FUhTD4V0=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaIlRBAMXsrcssGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSyFQdf9dnIrq2vrG/nNwtb2zu5ecf/gwUSJZrzBIhnpVkANl0LxBgqUvBVrTsNA8mYwupr6zSeujYjUPY5j7od0oERfMIpWuitfl7vFkltxZyDLxMtICTLUu8WvTi9iScgVMkmNaXtujH5KNQom+aTQSQyPKRvRAW9bqmjIjZ/OVp2QE6v0SD/S9ikkM/V3R0pDY8ZhYCtDikOz6E3F/7x2gv0LPxUqTpArNh/UTyTBiEzvJj2hOUM5toQyLeyuhA2ppgxtOgUbgrd48jJ5rFa8s4r9qrfVUu0ySyQPR3AMp+DBOdTgBurQAAYDeIZXeHOk8+K8Ox/z0pyT9RzCHzifPxLGjcY=</latexit>

�G
<latexit sha1_base64="n7WhlDU6g4xWIX7WhhaWLFhu9rg=">AAAB93icbVA9TwJBEJ3DL8Qv1NLmIphYkTsstCRaaImJCAYuZG9vDzbs7Z27cxhy4XfYWGhjbP0rdv4bl49CwZfM5OW9mezs8xPBNTrOt5VbWV1b38hvFra2d3b3ivsH9zpOFWUNGotYtXyimeCSNZCjYK1EMRL5gjX9wdXEbw6Z0jyWdzhKmBeRnuQhpwSN5JU7TzxgfYLZ9bjcLZacijOFvUzcOSnBHPVu8asTxDSNmEQqiNZt10nQy4hCTgUbFzqpZgmhA9JjbUMliZj2sunRY/vEKIEdxsqURHuq/t7ISKT1KPLNZESwrxe9ifif104xvPAyLpMUmaSzh8JU2BjbkwTsgCtGUYwMIVRxc6tN+0QRiianggnBXfzyMnmoVtyzimnV22qpdjlPJA9HcAyn4MI51OAG6tAACo/wDK/wZg2tF+vd+piN5qz5ziH8gfX5AxVMkmQ=</latexit>

Z<latexit sha1_base64="zzz0Bblkw3ymPvk+TsLDv90zbwE=">AAAB9nicbVC9TsMwGPxS/kr5KzCyWLRITFVSBhgrWBiLRCnQRJXjOq1Vx45sB6mK+hosDLAgVp6FjbfBaTNAy0m2TnffJ58vTDjTxnW/ndLK6tr6RnmzsrW9s7tX3T+40zJVhHaI5FLdh1hTzgTtGGY4vU8UxXHIaTccX+V+94kqzaS4NZOEBjEeChYxgo2V/LofYzMKo+xxWu9Xa27DnQEtE68gNSjQ7le//IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2yzxFJ1YZoEgqe4RBM/X3RoZjrSdxaCfziHrRy8X/vF5qoosgYyJJDRVk/lCUcmQkygtAA6YoMXxiCSaK2ayIjLDCxNiaKrYEb/HLy+Sh2fDOGvZq3jRrrcuikTIcwTGcggfn0IJraEMHCCTwDK/w5qTOi/PufMxHS06xcwh/4Hz+AFdbkfk=</latexit>

Look-up
table

…
L1

<latexit sha1_base64="XAIGacYh1pLHg73VDwM0r2VZSn4=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWFhg4ikGLmRvmYMNe3uX3T0TQvgNNhbaGFv/jp3/xgWuUPAlu3l5byYz88JUcG1c99sprKyurW8UN0tb2zu7e+X9g3udZIqhzxKRqFZINQou0TfcCGylCmkcCnwIh1dT/+EJleaJvDOjFIOY9iWPOKPGSn71putVu+WKW3NnIMvEy0kFcjS75a9OL2FZjNIwQbVue25qgjFVhjOBk1In05hSNqR9bFsqaYw6GM+WnZATq/RIlCj7pCEz9XfHmMZaj+LQVsbUDPSiNxX/89qZiS6CMZdpZlCy+aAoE8QkZHo56XGFzIiRJZQpbnclbEAVZcbmU7IheIsnL5PHes07q9mvfluvNC7zRIpwBMdwCh6cQwOuoQk+MODwDK/w5kjnxXl3PualBSfvOYQ/cD5/AEIUjm8=</latexit>

L2
<latexit sha1_base64="oomlggDVMpPqAt0C6ApuDVsUskg=">AAAB73icbVA9T8MwEL2Ur1K+CowsFi0SU5WEAcYKFgaGIhEoaqPKcZ3WqmNHtoNURf0NLAywIFb+Dhv/BrfNAC1PsvX03p3u7kUpZ9q47rdTWlldW98ob1a2tnd296r7B/daZorQgEguVTvCmnImaGCY4bSdKoqTiNOHaHQ19R+eqNJMijszTmmY4IFgMSPYWCmo3/T8eq9acxvuDGiZeAWpQYFWr/rV7UuSJVQYwrHWHc9NTZhjZRjhdFLpZpqmmIzwgHYsFTihOsxny07QiVX6KJbKPmHQTP3dkeNE63ES2coEm6Fe9Kbif14nM/FFmDORZoYKMh8UZxwZiaaXoz5TlBg+tgQTxeyuiAyxwsTYfCo2BG/x5GXy6De8s4b9/Fu/1rwsEinDERzDKXhwDk24hhYEQIDBM7zCmyOcF+fd+ZiXlpyi5xD+wPn8AUOcjnA=</latexit>

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

u
<latexit sha1_base64="se8ycstYh4Z5RzSHNQ/a09eGrDQ=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWGIUxcCF7C17sGFv77I7Z0Iu/AQbC22Mrf/Hzn/jAlco+JLdvLw3k5l5QSKFQdf9dgorq2vrG8XN0tb2zu5eef/g3sSpZrzFYhnrdkANl0LxFgqUvJ1oTqNA8odgdDX1H564NiJWdzhOuB/RgRKhYBStdFtNq71yxa25M5Bl4uWkAjmavfJXtx+zNOIKmaTGdDw3QT+jGgWTfFLqpoYnlI3ogHcsVTTixs9mq07IiVX6JIy1fQrJTP3dkdHImHEU2MqI4tAselPxP6+TYnjhZ0IlKXLF5oPCVBKMyfRu0heaM5RjSyjTwu5K2JBqytCmU7IheIsnL5PHes07q9mvflOvNC7zRIpwBMdwCh6cQwOuoQktYDCAZ3iFN0c6L8678zEvLTh5zyH8gfP5A1k2jfQ=</latexit>

Approach

Representation
output

• Node embeddings
• Edge embeddings

• Node embedding
• Edge embeddings
• Subgraph embeddings
• Graph embeddings

Input • Graph structure • Local graph neighborhoods
• Node and edge attributes

• Graph structure
• Node and edge attributes
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Learning task
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Method example DeepWalk, Node2vec, LINE,
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Figure �: Predominant paradigms in graph representation learning. (a) Shallow network embedding methods generate a
dictionary of representations hC for every node C that preserves the input graph structure information. This is achieved by learning
a mapping function 5H that maps nodes into an embedding space such that nodes with similar graph neighborhoods measured
by function 5< get embedded closer together (Section �.�). Given the learned embeddings, an independent decoder method can
optimize embeddings for downstream tasks, such as node or link property prediction. Method examples include DeepWalk [���],
Node�vec [��], LINE [���], and Metapath�vec [��]. (b) In contrast with shallow network embedding methods, graph neural networks
can generate representations for any graph element by capturing both network structure and node attributes and metadata. The
embeddings are generated through a series of non-linear transformations, i.e., message-passing layers (!9 denotes transformations
at layer 9), that iteratively aggregate information from neighboring nodes at the target node C. GNN models can be optimized
for performance on a variety of downstream tasks (Section �.�). Method examples include GCN [���], GIN [���], GAT [���], and
JK-Net [���]. (c) Generative graph models estimate a distribution landscape Z to characterize a collection of distinct input graphs.
They use the optimized distribution to generate novel graphs b⌧ that are predicted to have desirable properties, e.g., a generated
graph can be represent a molecular graph of a drug candidate. Generative graph models use graph neural networks as encoders
and produce graph representations that capture both network structure and attributes (Section �.�). Method examples include
GCPN [���], JT-VAE [��], and GraphRNN [���]. SI Figure � and SI Note � outline other representation learning techniques.
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• Node embeddings
• Edge embeddings

• Node embedding
• Edge embeddings
• Subgraph embeddings
• Graph embeddings
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• Node and edge attributes
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• Graph attributes

Learning task
• Node property prediction
• Link property prediction

• Node property prediction
• Link property prediction
• Graph property prediction

• Molecular graph generation
• Molecule optimization

Method example DeepWalk, Node2vec, LINE,
Metapath2vec GCN, GIN, GAT, JK-Net GCPN, JT-VAE, GraphRNN

• Graph structure

Figure �: Predominant paradigms in graph representation learning. (a) Shallow network embedding methods generate a
dictionary of representations hC for every node C that preserves the input graph structure information. This is achieved by learning
a mapping function 5H that maps nodes into an embedding space such that nodes with similar graph neighborhoods measured
by function 5< get embedded closer together (Section �.�). Given the learned embeddings, an independent decoder method can
optimize embeddings for downstream tasks, such as node or link property prediction. Method examples include DeepWalk [���],
Node�vec [��], LINE [���], and Metapath�vec [��]. (b) In contrast with shallow network embedding methods, graph neural networks
can generate representations for any graph element by capturing both network structure and node attributes and metadata. The
embeddings are generated through a series of non-linear transformations, i.e., message-passing layers (!9 denotes transformations
at layer 9), that iteratively aggregate information from neighboring nodes at the target node C. GNN models can be optimized
for performance on a variety of downstream tasks (Section �.�). Method examples include GCN [���], GIN [���], GAT [���], and
JK-Net [���]. (c) Generative graph models estimate a distribution landscape Z to characterize a collection of distinct input graphs.
They use the optimized distribution to generate novel graphs b⌧ that are predicted to have desirable properties, e.g., a generated
graph can be represent a molecular graph of a drug candidate. Generative graph models use graph neural networks as encoders
and produce graph representations that capture both network structure and attributes (Section �.�). Method examples include
GCPN [���], JT-VAE [��], and GraphRNN [���]. SI Figure � and SI Note � outline other representation learning techniques.
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Metapath2vec GCN, GIN, GAT, JK-Net GCPN, JT-VAE, GraphRNN
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Figure �: Predominant paradigms in graph representation learning. (a) Shallow network embedding methods generate a
dictionary of representations hC for every node C that preserves the input graph structure information. This is achieved by learning
a mapping function 5H that maps nodes into an embedding space such that nodes with similar graph neighborhoods measured
by function 5< get embedded closer together (Section �.�). Given the learned embeddings, an independent decoder method can
optimize embeddings for downstream tasks, such as node or link property prediction. Method examples include DeepWalk [���],
Node�vec [��], LINE [���], and Metapath�vec [��]. (b) In contrast with shallow network embedding methods, graph neural networks
can generate representations for any graph element by capturing both network structure and node attributes and metadata. The
embeddings are generated through a series of non-linear transformations, i.e., message-passing layers (!9 denotes transformations
at layer 9), that iteratively aggregate information from neighboring nodes at the target node C. GNN models can be optimized
for performance on a variety of downstream tasks (Section �.�). Method examples include GCN [���], GIN [���], GAT [���], and
JK-Net [���]. (c) Generative graph models estimate a distribution landscape Z to characterize a collection of distinct input graphs.
They use the optimized distribution to generate novel graphs b⌧ that are predicted to have desirable properties, e.g., a generated
graph can be represent a molecular graph of a drug candidate. Generative graph models use graph neural networks as encoders
and produce graph representations that capture both network structure and attributes (Section �.�). Method examples include
GCPN [���], JT-VAE [��], and GraphRNN [���]. SI Figure � and SI Note � outline other representation learning techniques.
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Approach

Representation
output

• Node embeddings
• Edge embeddings

• Node embedding
• Edge embeddings
• Subgraph embeddings
• Graph embeddings

Input • Graph structure • Local graph neighborhoods
• Node and edge attributes

• Graph structure
• Node and edge attributes
• Graph attributes

Learning task
• Node property prediction
• Link property prediction

• Node property prediction
• Link property prediction
• Graph property prediction

• Molecular graph generation
• Molecule optimization

Method example DeepWalk, Node2vec, LINE,
Metapath2vec GCN, GIN, GAT, JK-Net GCPN, JT-VAE, GraphRNN

• Graph structure

Figure �: Predominant paradigms in graph representation learning. (a) Shallow network embedding methods generate a
dictionary of representations hC for every node C that preserves the input graph structure information. This is achieved by learning
a mapping function 5H that maps nodes into an embedding space such that nodes with similar graph neighborhoods measured
by function 5< get embedded closer together (Section �.�). Given the learned embeddings, an independent decoder method can
optimize embeddings for downstream tasks, such as node or link property prediction. Method examples include DeepWalk [���],
Node�vec [��], LINE [���], and Metapath�vec [��]. (b) In contrast with shallow network embedding methods, graph neural networks
can generate representations for any graph element by capturing both network structure and node attributes and metadata. The
embeddings are generated through a series of non-linear transformations, i.e., message-passing layers (!9 denotes transformations
at layer 9), that iteratively aggregate information from neighboring nodes at the target node C. GNN models can be optimized
for performance on a variety of downstream tasks (Section �.�). Method examples include GCN [���], GIN [���], GAT [���], and
JK-Net [���]. (c) Generative graph models estimate a distribution landscape Z to characterize a collection of distinct input graphs.
They use the optimized distribution to generate novel graphs b⌧ that are predicted to have desirable properties, e.g., a generated
graph can be represent a molecular graph of a drug candidate. Generative graph models use graph neural networks as encoders
and produce graph representations that capture both network structure and attributes (Section �.�). Method examples include
GCPN [���], JT-VAE [��], and GraphRNN [���]. SI Figure � and SI Note � outline other representation learning techniques.

�

Shallow Network Embedding Methods 

Image Source:  [Li et al., 2022]

Graph Machine Learning (GraphML)

Graph Machine Learning

GCN, GAT, GIN
Examples :
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Applications of GraphML in Biomedicine

• N. Dong, J. Schrader, S. Mücke, M. Khosla, “A Message Passing framework with Multiple data integration for miRNA-
Disease association prediction”, In Scientific Reports, 2022. 

• N. Dong, S. Mücke, M. Khosla, “MuCoMiD: A Multitask graph Convolutional Learning Framework for miRNA-Disease 
Association Prediction”, in IEEE/ACM Transactions on Computational Biology and Bioinformatics 2022 

• N. Dong, G. Brogden, G. Gerold, M. Khosla, “A multi-task transfer learning framework for the prediction of virus-human 
protein-protein interactions”, BMC Bioinformatics, 2021. 

• N.Dong, M.Khosla, Towards a consistent evaluation of miRNA-disease association prediction models. In IEEE 
International Conference on Bioinformatics and Biomedicine (BIBM), 2020

Biological problems
- Predict new human-pathogen protein interactions 
- Predict new miRNA-disease associations

Main Challenges 
- Data scarcity 
- Data Bias 

Other common issues
- Wrong evaluation setups leading to data leakage

- Limited and biased train-test data
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?

Pre-training on Protein 
Sequence Datasets

Fine Tuning

Human PPI prediction

as side task

How to use inductive biases from multiple sources of information to 
overcome challenges of learning under low data regimes?

Predicting protein-pathogen protein interactions
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Join learning framework

- Powerful input protein representations 
learnt over 24 million protein sequences

- Multitask learning framework using 
graph reconstruction losses 

- Besides strong results on public 
datasets we could identify COVID 19 
top receptor

https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-021-04484-y
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Predicting miRNA-disease associations

?

miRNA
Disease

Overall strategy: Learn jointly from miRNA family, miRNA-gene, disease-
gene interactions and disease ontology information

Data bias 
20% of the diseases account for 80% of 
associations

Data scarcity 
Sparse bipartite graph with small number 
of nodes

High number of false positives in training data
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Join learning framework
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Figure 3: An illustration of the shared CNN operation.

pro�les. Each element in the output vector from the CNN layer
represents a learned weighted sum of the input vector (where each
element is given a speci�c weight).X0

<,X0
0,X0

3 are one-dimensional
vectors and will be fed as input to corresponding task modules.

3.2.2 Task specific layers. To further �ne tune latent pair/similarity
representations corresponding to each of the tasks we employ 3
separate linear layers, with parameters w" 2 R%/2⇥1, w"⇡ 2
R%/2⇥1 andw⇡ 2 R%/2⇥1. In the next section we describe the three
data and task speci�c objectives.

3.3 Supervised objective for miRNA-disease
association prediction

The probability of a miRNA-disease association is then computed
as

~<3 = f
⇣
w)
"x0<3

⌘
(2)

where f (G) = 1
1+exp(�G) is the sigmoid function. We use binary

cross entropy loss to train the miRNA-disease module.

L1 =
’

�I<3 log~<3 � (1 � I<3 ) log(1 � ~<3 ) (3)

3.4 Graph based self-supervised objectives
We devise self-supervised objectives to incorporate topological
information from the miRNA family graph and disease ontology
tree.

Learning from disease ontology. For a given disease node say 3
we refer to the pair (3,3? ) as positive sample if nodes 3 and 3? are
immediate neighbors in the ontology tree. For each positive sample
while keeping 3 �xed we randomly draw : negative samples from
the ⌘-hop away neighborhood distribution, P= . Speci�cally, we
optimize the following graph based self-supervised objective for
each edge (3,3? ) in G3

log(f (w>
⇡x

0
33?

)) +
’
:

E3=⇠P=
log(f (�w>

⇡x
0
33=

)) (4)

The overall loss function is then given by

L2 = �
’
3,3?

 
log(f (w>

⇡x
0
33?

)) +
’
:

E3=⇠P=
log(f (�w>

⇡x
0
33=

))
!

(5)

Note that while we use the complete ontology tree G3 to sam-
ple positive and negative examples, we retain pairs such that the
corresponding PCG interaction information is available.

Encoding similarity between miRNAs. To inform our model of
miRNA similarity rather than using hard-coded similarity features
we design a self-supervised objective on miRNA family clusters. Let
the set of all clusters in G< is denoted by C. Let some miRNA, say
<, belongs to cluster family 2 2 C. All pairs (<,<? ), such that
<? 2 2 constitute the positive pairs. For each such <, an equal
number of negative samples are constructed by choosing pairs
(<,<=) such that<= 2 C \ 2 . Speci�cally<= is randomly sampled
from a distribution over nodes not present in the current cluster.
We denote this distribution as P"

= . We optimize the following loss
function.

L3 = �
’
22C

’
<,<? 22

⇣
log(f (w>

"x0<<?
)) + E<=⇠P"

=
log(f (�w>

"G 0<<=
))

⌘

(6)

3.5 Multi-Task optimization
The �nal loss for our model is given as follows.

L = U1L1 + U2L2 + U3L3, (7)

where U1,U2,U3 are learned during model training using adaptive
loss balancing techniques. In particular, we use G���N��� [2] for
multitask loss optimization. At a given time step t, G���N���
de�nes a gradient norm

⌧ (8)
⇥ (C) = | |�⇥U8 (C)L8 (C) | |

as the !2 norm of the gradient of the weighted single task loss
U8 (C)L8 (C) with respect to the parameters of the model ⇥.
Why only parameters of CNN layer. We will take gradients
with respect to all applicable parameters of the model which
we can denote by ⇥.

of course we calculate loss for all layer but Gradnorm is to
calculate the weight for each task and they only interest in
the gradient at the last shared layer, in our case is the share
CNN. These gradient norm and the other value/term describe
below is only for the WEIGHT update

We then de�ne the gradient magnitude as the average gradient
norm across all tasks:

⌧, 5 (C) = E[⌧ (8)
\

(C)] .

Let

L0
8 (C) =

L8 (C)
L8 (0)

be the the loss ratio for 8th task at time C and A8 (C) = !08 (C)/⇢C0B: [!08 (C)]
be the inverse relative training task rate of task i. Higher A8 (C) value
means higher the gradient magnitude for task i and quicker task
training rate.

The target gradient norm for each task i is given as:

⌧ 0(8) (C) = ⌧, 5 (C) ⇥ [A8 (C)]U
4
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Figure 3: An illustration of the shared CNN operation.

pro�les. Each element in the output vector from the CNN layer
represents a learned weighted sum of the input vector (where each
element is given a speci�c weight).X0

<,X0
0,X0

3 are one-dimensional
vectors and will be fed as input to corresponding task modules.

3.2.2 Task specific layers. To further �ne tune latent pair/similarity
representations corresponding to each of the tasks we employ 3
separate linear layers, with parameters w" 2 R%/2⇥1, w"⇡ 2
R%/2⇥1 andw⇡ 2 R%/2⇥1. In the next section we describe the three
data and task speci�c objectives.

3.3 Supervised objective for miRNA-disease
association prediction

The probability of a miRNA-disease association is then computed
as

~<3 = f
⇣
w)
"x0<3

⌘
(2)

where f (G) = 1
1+exp(�G) is the sigmoid function. We use binary

cross entropy loss to train the miRNA-disease module.

L1 =
’

�I<3 log~<3 � (1 � I<3 ) log(1 � ~<3 ) (3)

3.4 Graph based self-supervised objectives
We devise self-supervised objectives to incorporate topological
information from the miRNA family graph and disease ontology
tree.

Learning from disease ontology. For a given disease node say 3
we refer to the pair (3,3? ) as positive sample if nodes 3 and 3? are
immediate neighbors in the ontology tree. For each positive sample
while keeping 3 �xed we randomly draw : negative samples from
the ⌘-hop away neighborhood distribution, P= . Speci�cally, we
optimize the following graph based self-supervised objective for
each edge (3,3? ) in G3

log(f (w>
⇡x

0
33?

)) +
’
:

E3=⇠P=
log(f (�w>

⇡x
0
33=

)) (4)

The overall loss function is then given by

L2 = �
’
3,3?

 
log(f (w>

⇡x
0
33?

)) +
’
:

E3=⇠P=
log(f (�w>

⇡x
0
33=

))
!

(5)

Note that while we use the complete ontology tree G3 to sam-
ple positive and negative examples, we retain pairs such that the
corresponding PCG interaction information is available.

Encoding similarity between miRNAs. To inform our model of
miRNA similarity rather than using hard-coded similarity features
we design a self-supervised objective on miRNA family clusters. Let
the set of all clusters in G< is denoted by C. Let some miRNA, say
<, belongs to cluster family 2 2 C. All pairs (<,<? ), such that
<? 2 2 constitute the positive pairs. For each such <, an equal
number of negative samples are constructed by choosing pairs
(<,<=) such that<= 2 C \ 2 . Speci�cally<= is randomly sampled
from a distribution over nodes not present in the current cluster.
We denote this distribution as P"

= . We optimize the following loss
function.

L3 = �
’
22C

’
<,<? 22

⇣
log(f (w>

"x0<<?
)) + E<=⇠P"

=
log(f (�w>

"G 0<<=
))

⌘

(6)

3.5 Multi-Task optimization
The �nal loss for our model is given as follows.

L = U1L1 + U2L2 + U3L3, (7)

where U1,U2,U3 are learned during model training using adaptive
loss balancing techniques. In particular, we use G���N��� [2] for
multitask loss optimization. At a given time step t, G���N���
de�nes a gradient norm

⌧ (8)
⇥ (C) = | |�⇥U8 (C)L8 (C) | |

as the !2 norm of the gradient of the weighted single task loss
U8 (C)L8 (C) with respect to the parameters of the model ⇥.
Why only parameters of CNN layer. We will take gradients
with respect to all applicable parameters of the model which
we can denote by ⇥.

of course we calculate loss for all layer but Gradnorm is to
calculate the weight for each task and they only interest in
the gradient at the last shared layer, in our case is the share
CNN. These gradient norm and the other value/term describe
below is only for the WEIGHT update

We then de�ne the gradient magnitude as the average gradient
norm across all tasks:

⌧, 5 (C) = E[⌧ (8)
\

(C)] .

Let

L0
8 (C) =

L8 (C)
L8 (0)

be the the loss ratio for 8th task at time C and A8 (C) = !08 (C)/⇢C0B: [!08 (C)]
be the inverse relative training task rate of task i. Higher A8 (C) value
means higher the gradient magnitude for task i and quicker task
training rate.

The target gradient norm for each task i is given as:

⌧ 0(8) (C) = ⌧, 5 (C) ⇥ [A8 (C)]U
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Figure 3: An illustration of the shared CNN operation.

pro�les. Each element in the output vector from the CNN layer
represents a learned weighted sum of the input vector (where each
element is given a speci�c weight).X0

<,X0
0,X0

3 are one-dimensional
vectors and will be fed as input to corresponding task modules.

3.2.2 Task specific layers. To further �ne tune latent pair/similarity
representations corresponding to each of the tasks we employ 3
separate linear layers, with parameters w" 2 R%/2⇥1, w"⇡ 2
R%/2⇥1 andw⇡ 2 R%/2⇥1. In the next section we describe the three
data and task speci�c objectives.

3.3 Supervised objective for miRNA-disease
association prediction

The probability of a miRNA-disease association is then computed
as

~<3 = f
⇣
w)
"x0<3

⌘
(2)

where f (G) = 1
1+exp(�G) is the sigmoid function. We use binary

cross entropy loss to train the miRNA-disease module.

L1 =
’

�I<3 log~<3 � (1 � I<3 ) log(1 � ~<3 ) (3)

3.4 Graph based self-supervised objectives
We devise self-supervised objectives to incorporate topological
information from the miRNA family graph and disease ontology
tree.

Learning from disease ontology. For a given disease node say 3
we refer to the pair (3,3? ) as positive sample if nodes 3 and 3? are
immediate neighbors in the ontology tree. For each positive sample
while keeping 3 �xed we randomly draw : negative samples from
the ⌘-hop away neighborhood distribution, P= . Speci�cally, we
optimize the following graph based self-supervised objective for
each edge (3,3? ) in G3

log(f (w>
⇡x

0
33?

)) +
’
:

E3=⇠P=
log(f (�w>

⇡x
0
33=

)) (4)

The overall loss function is then given by

L2 = �
’
3,3?

 
log(f (w>

⇡x
0
33?

)) +
’
:

E3=⇠P=
log(f (�w>

⇡x
0
33=

))
!

(5)

Note that while we use the complete ontology tree G3 to sam-
ple positive and negative examples, we retain pairs such that the
corresponding PCG interaction information is available.

Encoding similarity between miRNAs. To inform our model of
miRNA similarity rather than using hard-coded similarity features
we design a self-supervised objective on miRNA family clusters. Let
the set of all clusters in G< is denoted by C. Let some miRNA, say
<, belongs to cluster family 2 2 C. All pairs (<,<? ), such that
<? 2 2 constitute the positive pairs. For each such <, an equal
number of negative samples are constructed by choosing pairs
(<,<=) such that<= 2 C \ 2 . Speci�cally<= is randomly sampled
from a distribution over nodes not present in the current cluster.
We denote this distribution as P"

= . We optimize the following loss
function.

L3 = �
’
22C

’
<,<? 22

⇣
log(f (w>

"x0<<?
)) + E<=⇠P"

=
log(f (�w>

"G 0<<=
))

⌘

(6)

3.5 Multi-Task optimization
The �nal loss for our model is given as follows.

L = U1L1 + U2L2 + U3L3, (7)

where U1,U2,U3 are learned during model training using adaptive
loss balancing techniques. In particular, we use G���N��� [2] for
multitask loss optimization. At a given time step t, G���N���
de�nes a gradient norm

⌧ (8)
⇥ (C) = | |�⇥U8 (C)L8 (C) | |

as the !2 norm of the gradient of the weighted single task loss
U8 (C)L8 (C) with respect to the parameters of the model ⇥.
Why only parameters of CNN layer. We will take gradients
with respect to all applicable parameters of the model which
we can denote by ⇥.

of course we calculate loss for all layer but Gradnorm is to
calculate the weight for each task and they only interest in
the gradient at the last shared layer, in our case is the share
CNN. These gradient norm and the other value/term describe
below is only for the WEIGHT update

We then de�ne the gradient magnitude as the average gradient
norm across all tasks:

⌧, 5 (C) = E[⌧ (8)
\

(C)] .

Let

L0
8 (C) =

L8 (C)
L8 (0)

be the the loss ratio for 8th task at time C and A8 (C) = !08 (C)/⇢C0B: [!08 (C)]
be the inverse relative training task rate of task i. Higher A8 (C) value
means higher the gradient magnitude for task i and quicker task
training rate.

The target gradient norm for each task i is given as:

⌧ 0(8) (C) = ⌧, 5 (C) ⇥ [A8 (C)]U
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How to filter training data 

https://www.nature.com/articles/s41598-022-20529-5

ͷ

Vol:.(1234567890)

�������Ƥ��������� |        (2022) 12:16259  |  �����ǣȀȀ���Ǥ���ȀͷͶǤͷͶ;Ȁ�ͺͷͻͿ;ǦͶǦͶͻͿǦͻ

www.nature.com/scientificreports/

associated with human diseases. As above, we then model each disease as a network that contains all PCGs from 
the protein functional interaction network. !ere is a directed link between two nodes if there is a directed link 
between the corresponding nodes in the functional interaction network. Each PCG in the network has a feature 
vector of one dimension. !e feature value of a PCG node is set to be the normalized con!dence score of the cor-
responding association between the PCG and the current disease if there exists one, and 0 otherwise.

Figure 3.  MPM’s architecture. MPM consists of a message passing layer (section “!e message passing 
framework/module”) , a feature selection with a side supervised task (section “!e feature selection module”), 
a Structural Deep Embedding network (section “!e structural embedding learning”), and a binary classi#er 
(section “!e classi#cation module”).

Table 10.  Statistics for the side data sources. |E| denotes the number of interactions/associations. 
|Vm|, |Vd |, |Vp| represent the number of miRNAs, diseases, and PCGs, respectively.

Network |E| |Vm| |Vd | |Vp|

miRNA-PCG 345,357 1618 – 23,611
Disease-PCG 510,782 – 3679 23,611
Protein functional interactions 423,672 23,611

- Message passing to enrich gene associations 

- Feature selection to select important genes

- Shallow network embeddings over 
 Heterogeneous association network 
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Challenges of transparency and privacy 
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Transparency

Bob

Why was Bob’s loan denied?

PREPRINT 5

1

Input graph

2

34

ܺ

ܣ
Mask generation 
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Feature mask

Edge mask

Node mask

1

1

1
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0.9 0.9 0.1 0.0

GNNs

Prediction
Objective function

Fig. 2. The general pipeline of the perturbation-based methods. They employ different mask generation algorithms to obtain different types of masks.
Note that the mask can correspond to nodes, edges, or node features. In this example, we show a soft mask for node features, a discrete mask
for edges, and an approximated discrete mask for nodes. Then the mask is combined with the input graph to capture important input information.
Finally, the trained GNNs evaluate whether the new prediction is similar to the original prediction and can provide guidance for improving the mask
generation algorithms.

masks for nodes. The soft masks contain continuous values
between [0, 1] and the mask generation algorithm can be
directly updated by back-propagation. However, soft masks
are suffered from the “introduced evidence” problem [14]
that any non-zero or non-one value in the mask may in-
troduce new semantic meaning or new noise to the input
graph, thus affecting the explanation results. Meanwhile,
the discrete masks only contain discrete values 0 and 1,
which can avoid the “introduced evidence” problem since
no new numerical value is introduced. However, discrete
masks always involve non-differentiable operations, such
as sampling. One popular way to solve it is the policy
gradient technique [66]. Furthermore, recent studies [50],
[67], [68] propose to employ reparameterization tricks, such
as Gumbel-Softmax estimation and sparse relaxations, to
approximate the discrete masks. Note that the output mask
is not strictly discrete but provides a good approxima-
tion, which not only enables the back-propagation but also
largely alleviates the “introduced evidence” problem.

4.2.2 Methods
GNNExplainer [46] learns soft masks for edges and node
features to explain the predictions via mask optimization. To
obtain masks, it randomly initializes soft masks and treats
them as trainable variables. Then GNNExplainer combines
the masks with the original graph via element-wise multi-
plications. Next, the masks are optimized by maximizing the
mutual information between the predictions of the original
graph and the predictions of the newly obtained graph.
Even though different regularization terms, such as element-
wise entropy, are employed to encourage optimized masks
to be discrete, the obtained masks are still soft masks so
that GNNExplainer cannot avoid the “introduced evidence”
problem. In addition, the masks are optimized for each
input graph individually and hence the explanations may
lack a global view.

PGExplainer [47] learns approximated discrete masks
for edges to explain the predictions. To obtain edge masks,

it trains a parameterized mask predictor to predict edge
masks. Given an input graph, it first obtains the embeddings
for each edge by concatenating the corresponding node
embeddings. Then the predictor uses the edge embeddings
to predict the probability of each edge being selected,
which can be treated as the importance score. Next, the
approximated discrete masks are sampled via the reparam-
eterization trick. Finally, the mask predictor is trained by
maximizing the mutual information between the original
predictions and new predictions. Note that even though the
reparameterization trick is employed, the obtained masks
are not strictly discrete but can largely alleviate the “intro-
duced evidence” problem. In addition, since all edges in
the dataset share the same predictor, the explanations can
provide a global understanding of the trained GNNs.

GraphMask [57] is a post-hoc method for explaining
the edge importance in each GNN layer. Similar to the
PGExplainer, it trains a classifier to predict whether an edge
can be dropped without affecting the original predictions.
However, GraphMask obtains an edge mask for each GNN
layer while PGExplainer only focuses the input space. In ad-
dition, to avoiding changing graph structures, the dropped
edges are replaced by learnable baseline connections, which
are vectors with the same dimensions as node embeddings.
Note that binary Concrete distribution [68] and reparame-
terization trick are employed to approximate discrete masks.
In addition, the classifier is trained using the whole dataset
by minimizing a divergence term, which measures the
difference between network predictions. Similar to PGEx-
plainer, it can largely alleviate the “introduced evidence”
problem and provide a global understanding of the trained
GNNs.

ZORRO [56] employs discrete masks to identify impor-
tant input nodes and node features. Given an input graph,
a greedy algorithm is used to select nodes or node features
step by step to obtain discrete masks for nodes and features.
For each step, ZORRO selects one node or one node feature
with the highest fidelity score. Note that the objective func-

Explanation

Decision has to be explained not only in terms of features  

but also graph structure. General explainability methods  

cannot be trivially applied for graphs.
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Post-hoc explanations

Feature explanations in terms of most relevant features    X′ ⊂ X
Explanation types:

Structure explanations in terms of most relevant nodes   or edges(V′ ⊂ V ) (E′ ⊂ E)

Explanation types

We are interested in finding both feature and structure explanations which effectively 
 capture interplay of structure and features in model’s decision making. 

Node Set Edge Set Node/Edge Features

Input(V, E, X)

PREPRINT 5

1

Input graph

2

34

ܺ

ܣ
Mask generation 

algorithm

0.9 0.7 0.3

Feature mask

Edge mask

Node mask

1

1

1
0

0.9 0.9 0.1 0.0

GNNs

Prediction
Objective function

Fig. 2. The general pipeline of the perturbation-based methods. They employ different mask generation algorithms to obtain different types of masks.
Note that the mask can correspond to nodes, edges, or node features. In this example, we show a soft mask for node features, a discrete mask
for edges, and an approximated discrete mask for nodes. Then the mask is combined with the input graph to capture important input information.
Finally, the trained GNNs evaluate whether the new prediction is similar to the original prediction and can provide guidance for improving the mask
generation algorithms.

masks for nodes. The soft masks contain continuous values
between [0, 1] and the mask generation algorithm can be
directly updated by back-propagation. However, soft masks
are suffered from the “introduced evidence” problem [14]
that any non-zero or non-one value in the mask may in-
troduce new semantic meaning or new noise to the input
graph, thus affecting the explanation results. Meanwhile,
the discrete masks only contain discrete values 0 and 1,
which can avoid the “introduced evidence” problem since
no new numerical value is introduced. However, discrete
masks always involve non-differentiable operations, such
as sampling. One popular way to solve it is the policy
gradient technique [66]. Furthermore, recent studies [50],
[67], [68] propose to employ reparameterization tricks, such
as Gumbel-Softmax estimation and sparse relaxations, to
approximate the discrete masks. Note that the output mask
is not strictly discrete but provides a good approxima-
tion, which not only enables the back-propagation but also
largely alleviates the “introduced evidence” problem.

4.2.2 Methods
GNNExplainer [46] learns soft masks for edges and node
features to explain the predictions via mask optimization. To
obtain masks, it randomly initializes soft masks and treats
them as trainable variables. Then GNNExplainer combines
the masks with the original graph via element-wise multi-
plications. Next, the masks are optimized by maximizing the
mutual information between the predictions of the original
graph and the predictions of the newly obtained graph.
Even though different regularization terms, such as element-
wise entropy, are employed to encourage optimized masks
to be discrete, the obtained masks are still soft masks so
that GNNExplainer cannot avoid the “introduced evidence”
problem. In addition, the masks are optimized for each
input graph individually and hence the explanations may
lack a global view.

PGExplainer [47] learns approximated discrete masks
for edges to explain the predictions. To obtain edge masks,

it trains a parameterized mask predictor to predict edge
masks. Given an input graph, it first obtains the embeddings
for each edge by concatenating the corresponding node
embeddings. Then the predictor uses the edge embeddings
to predict the probability of each edge being selected,
which can be treated as the importance score. Next, the
approximated discrete masks are sampled via the reparam-
eterization trick. Finally, the mask predictor is trained by
maximizing the mutual information between the original
predictions and new predictions. Note that even though the
reparameterization trick is employed, the obtained masks
are not strictly discrete but can largely alleviate the “intro-
duced evidence” problem. In addition, since all edges in
the dataset share the same predictor, the explanations can
provide a global understanding of the trained GNNs.

GraphMask [57] is a post-hoc method for explaining
the edge importance in each GNN layer. Similar to the
PGExplainer, it trains a classifier to predict whether an edge
can be dropped without affecting the original predictions.
However, GraphMask obtains an edge mask for each GNN
layer while PGExplainer only focuses the input space. In ad-
dition, to avoiding changing graph structures, the dropped
edges are replaced by learnable baseline connections, which
are vectors with the same dimensions as node embeddings.
Note that binary Concrete distribution [68] and reparame-
terization trick are employed to approximate discrete masks.
In addition, the classifier is trained using the whole dataset
by minimizing a divergence term, which measures the
difference between network predictions. Similar to PGEx-
plainer, it can largely alleviate the “introduced evidence”
problem and provide a global understanding of the trained
GNNs.

ZORRO [56] employs discrete masks to identify impor-
tant input nodes and node features. Given an input graph,
a greedy algorithm is used to select nodes or node features
step by step to obtain discrete masks for nodes and features.
For each step, ZORRO selects one node or one node feature
with the highest fidelity score. Note that the objective func-
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Privacy

• Graphs can contain sensitive information 
• - User’s sensitive attributes 
• - Sensitive relations

• GNNs encode relation information within the model, could 
memorise such information

• - Your identity could be revealed because of your 
neighbour
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Privacy

Bob 

Is Bob a part of training data? Node Membership Inference :

Relation reconstruction : Who are friends of Bob?

Attribute Inference : Does Bob smoke?

?

Tries to infer private information 

[Olatunji et al., ’21] [Duddu et al., ’20]

[He et al., ’21] [Zhang et al., ’20]
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GNN 

GNN 

Output

Output

Probabilistic 
Indistinguishable

log ( Pr[Φ(X ) ∈ E ]
Pr[Φ(X′ ) ∈ E ] ) ≤ ε

Building Private GNN Models

Differential Privacy

Many complexities arise…..
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Building Privacy Preserving models for graphs

• A direct application of techniques like DP-SGD is not 
possible due to 

• - Unbounded sensitivity (think of the effect of leaving out 
or adding one node in a graph)

• - Violation of i.i.d. assumption

• - Need for inference privacy (as training data might be 
used during inference)

PrivGNN (Olatunji, Funke, Khosla, 2021), GAP (Sajadmanesh, Shamsabadi, A, Bellet,  et al. 2022)
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Transparency - Privacy Tradeoffs

• But we want our models to be transparent and 
private simultaneously

How much can the privacy be hurt?
How to preserve privacy?

Transparency Privacy

Bob
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Complex privacy preserving mechanism

Can we explain private 
models? How?



19

Reconstructing graphs from feature explanations
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Graph Structure Learning

https://arxiv.org/abs/2206.14724
Private Graph Extraction via Feature Explanations [Olatunji et al. 2022]
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Some interesting findings 

• - Training graph could be reconstructed using alone the 
feature explanations and the labels 

• - Certain explanations leak more information than others

• - Gradient based explanations incur high privacy loss 
while showing low utility (quantified by high faithfulness and 
sparsity)
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Challenges

• Structure explanations can directly reveal information 
about neighbours

• Explanations of neighbouring datapoints would be 
correlated

Attacker

Explaining decision on P1

Predictions, patterns, insights

Graph representation
learning

Input
network Graph transformations,

such as graph convolutions, transformers,
topological maps, similarity metrics

Neural messages Neural message passing

Graph transformations

?

?
?

Biological
discovery

Precision
medicine

Figure �: Representation learning for networks in biology and medicine. Given a biomedical network, a representation
learning method transforms the graph to extract patterns and leverage them to produce compact vector representations that can
be optimized for the downstream task. The far right panel shows a local �-hop neighborhood around node C, illustrating how
information (e.g., neural messages) can be propagated along edges in the neighborhood, transformed, and �nally aggregated at node
C to arrive at the C’s embedding.

The organizing principles governing networks link network structure to molecular phenotypes, biological roles,
disease, and health, thus providing the conceptual grounding that, we argue, can explain the successes (and
limitations) of graph representation learning and inform future development of the �eld. Here, we exemplify
how a series of such principles has uncovered disease mechanisms. First, interacting entities are typically
more similar than non-interacting entities, as implicated by the local hypothesis [��]. In protein interaction
networks, for instance, mutations in interacting proteins often lead to similar diseases [��]. Given by the shared
components and disease module hypotheses [��], cellular components associated with the same phenotype
tend to cluster in the same network neighborhood [�]. Further, essential genes are often found in hubs of
a molecular network whereas non-essential genes (e.g., those associated with disease) are located on the
periphery [��]. Thus, the network parsimony principle dictates that shortest molecular paths between known
disease-associated components tend to correlate with causal molecular pathways [��]. To this day, these
hypotheses and principles continue to drive discoveries.

We posit that representation learning can realize network biomedicine principles. Its core idea is to learn how to
represent nodes (or larger graph structures) in a network as points in a low-dimensional space, where the
geometry of this space is optimized to re�ect the structure of interactions between nodes. More concretely,
representation learning speci�es deep, non-linear transformation functions that map nodes to points in a
compact vector space, termed embeddings. Such functions are optimized to embed the input network so
that nodes with similar network neighborhoods are embedded close together in the embedding space, and
algebraic operations performed in this learned space re�ect the network’s topology. To provide concrete
connections between graph representation learning and systems biology and medicine: nodes in the same
positional regions should have similar embeddings due to the local hypothesis (e.g., highly similar pairs of
protein embeddings suggest similar phenotypic consequence); node embeddings can capture whether the
nodes lie within a hub based on their degree, an important aspect of local neighborhood (e.g., strongly clustered
gene embeddings indicate essential housekeeping roles); and given by the shared components hypothesis, two
nodes with signi�cantly overlapping sets of network neighbors should have similar embeddings due to shared
message passing (e.g., highly similar disease embeddings imply shared disease-associated cellular components).
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The organizing principles governing networks link network structure to molecular phenotypes, biological roles,
disease, and health, thus providing the conceptual grounding that, we argue, can explain the successes (and
limitations) of graph representation learning and inform future development of the �eld. Here, we exemplify
how a series of such principles has uncovered disease mechanisms. First, interacting entities are typically
more similar than non-interacting entities, as implicated by the local hypothesis [��]. In protein interaction
networks, for instance, mutations in interacting proteins often lead to similar diseases [��]. Given by the shared
components and disease module hypotheses [��], cellular components associated with the same phenotype
tend to cluster in the same network neighborhood [�]. Further, essential genes are often found in hubs of
a molecular network whereas non-essential genes (e.g., those associated with disease) are located on the
periphery [��]. Thus, the network parsimony principle dictates that shortest molecular paths between known
disease-associated components tend to correlate with causal molecular pathways [��]. To this day, these
hypotheses and principles continue to drive discoveries.

We posit that representation learning can realize network biomedicine principles. Its core idea is to learn how to
represent nodes (or larger graph structures) in a network as points in a low-dimensional space, where the
geometry of this space is optimized to re�ect the structure of interactions between nodes. More concretely,
representation learning speci�es deep, non-linear transformation functions that map nodes to points in a
compact vector space, termed embeddings. Such functions are optimized to embed the input network so
that nodes with similar network neighborhoods are embedded close together in the embedding space, and
algebraic operations performed in this learned space re�ect the network’s topology. To provide concrete
connections between graph representation learning and systems biology and medicine: nodes in the same
positional regions should have similar embeddings due to the local hypothesis (e.g., highly similar pairs of
protein embeddings suggest similar phenotypic consequence); node embeddings can capture whether the
nodes lie within a hub based on their degree, an important aspect of local neighborhood (e.g., strongly clustered
gene embeddings indicate essential housekeeping roles); and given by the shared components hypothesis, two
nodes with signi�cantly overlapping sets of network neighbors should have similar embeddings due to shared
message passing (e.g., highly similar disease embeddings imply shared disease-associated cellular components).
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The organizing principles governing networks link network structure to molecular phenotypes, biological roles,
disease, and health, thus providing the conceptual grounding that, we argue, can explain the successes (and
limitations) of graph representation learning and inform future development of the �eld. Here, we exemplify
how a series of such principles has uncovered disease mechanisms. First, interacting entities are typically
more similar than non-interacting entities, as implicated by the local hypothesis [��]. In protein interaction
networks, for instance, mutations in interacting proteins often lead to similar diseases [��]. Given by the shared
components and disease module hypotheses [��], cellular components associated with the same phenotype
tend to cluster in the same network neighborhood [�]. Further, essential genes are often found in hubs of
a molecular network whereas non-essential genes (e.g., those associated with disease) are located on the
periphery [��]. Thus, the network parsimony principle dictates that shortest molecular paths between known
disease-associated components tend to correlate with causal molecular pathways [��]. To this day, these
hypotheses and principles continue to drive discoveries.

We posit that representation learning can realize network biomedicine principles. Its core idea is to learn how to
represent nodes (or larger graph structures) in a network as points in a low-dimensional space, where the
geometry of this space is optimized to re�ect the structure of interactions between nodes. More concretely,
representation learning speci�es deep, non-linear transformation functions that map nodes to points in a
compact vector space, termed embeddings. Such functions are optimized to embed the input network so
that nodes with similar network neighborhoods are embedded close together in the embedding space, and
algebraic operations performed in this learned space re�ect the network’s topology. To provide concrete
connections between graph representation learning and systems biology and medicine: nodes in the same
positional regions should have similar embeddings due to the local hypothesis (e.g., highly similar pairs of
protein embeddings suggest similar phenotypic consequence); node embeddings can capture whether the
nodes lie within a hub based on their degree, an important aspect of local neighborhood (e.g., strongly clustered
gene embeddings indicate essential housekeeping roles); and given by the shared components hypothesis, two
nodes with signi�cantly overlapping sets of network neighbors should have similar embeddings due to shared
message passing (e.g., highly similar disease embeddings imply shared disease-associated cellular components).
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C to arrive at the C’s embedding.

The organizing principles governing networks link network structure to molecular phenotypes, biological roles,
disease, and health, thus providing the conceptual grounding that, we argue, can explain the successes (and
limitations) of graph representation learning and inform future development of the �eld. Here, we exemplify
how a series of such principles has uncovered disease mechanisms. First, interacting entities are typically
more similar than non-interacting entities, as implicated by the local hypothesis [��]. In protein interaction
networks, for instance, mutations in interacting proteins often lead to similar diseases [��]. Given by the shared
components and disease module hypotheses [��], cellular components associated with the same phenotype
tend to cluster in the same network neighborhood [�]. Further, essential genes are often found in hubs of
a molecular network whereas non-essential genes (e.g., those associated with disease) are located on the
periphery [��]. Thus, the network parsimony principle dictates that shortest molecular paths between known
disease-associated components tend to correlate with causal molecular pathways [��]. To this day, these
hypotheses and principles continue to drive discoveries.

We posit that representation learning can realize network biomedicine principles. Its core idea is to learn how to
represent nodes (or larger graph structures) in a network as points in a low-dimensional space, where the
geometry of this space is optimized to re�ect the structure of interactions between nodes. More concretely,
representation learning speci�es deep, non-linear transformation functions that map nodes to points in a
compact vector space, termed embeddings. Such functions are optimized to embed the input network so
that nodes with similar network neighborhoods are embedded close together in the embedding space, and
algebraic operations performed in this learned space re�ect the network’s topology. To provide concrete
connections between graph representation learning and systems biology and medicine: nodes in the same
positional regions should have similar embeddings due to the local hypothesis (e.g., highly similar pairs of
protein embeddings suggest similar phenotypic consequence); node embeddings can capture whether the
nodes lie within a hub based on their degree, an important aspect of local neighborhood (e.g., strongly clustered
gene embeddings indicate essential housekeeping roles); and given by the shared components hypothesis, two
nodes with signi�cantly overlapping sets of network neighbors should have similar embeddings due to shared
message passing (e.g., highly similar disease embeddings imply shared disease-associated cellular components).
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• Private learning over graphs is more complex than that 
in standard ML

Challenges

• How to define explanation for a private model? 
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Research Directions and Open Questions

Quantification of privacy leakage in presence of different explanation types
- How can we measure information leakage due to different explanation types?
- Risk-utility assessment of different explainers/explanations

Explaining the decisions of privacy-preserving models
- What should be the properties of an explanation for a privacy-preserving model? 

- Such properties might need to be defined based on the private learning strategy

- How to release such explanations in a private manner?

Joint optimization of privacy and transparency 
- How can we optimise for the combined requirements of privacy and 

transparency in GraphML?

- Can we release explanations privately while still maintaining their utility?

Privacy and Transparency in Graph Machine Learning: A Unified Perspective, M.Khosla. In AIMLAI@CIKM’22 

https://arxiv.org/abs/2207.10896


