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Two Lectures
Part 1: May 15, 2019, 2:30 pm - 4:00 pm
§ Methodology: Shallow network embeddings: 

§ Map nodes to low-dimensional features
§ Resources: Data, tools, codebases
§ Applications: PPIs, Disease pathways, Tissues

Part 2: May 16, 2019, 9:00 am – 10:30 am
§ Methodology: Deep network embeddings: 

§ Graph neural networks for rich biomedical graphs
§ Resources: Data, practical advice and demos
§ Applications: Polypharmacy, Drug repurposing
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Preview of Tomorrow’s Lecture
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1. Used new methods to predict safety, 
side effects of drug combinations:
§ First-ever systematic and predictive study of drug 

combinations
§ Follow-up research on prostate cancer and 

validations in the clinic

2. Used new methods to repurpose old 
drugs for new diseases:
§ Outperforms baselines by up to 172%
§ Correctly predicted drugs repurposed at Stanford

Interactive feedback loops for AI



Two Lectures
Part 1: May 15, 2019, 2:30 pm - 4:00 pm
§ Methodology: Shallow network embeddings: 

§ Map nodes to low-dimensional features
§ Resources: Data, tools, codebases
§ Applications: PPIs, Disease pathways, Tissues

Part 2: May 16, 2019, 9:00 am – 10:30 am
§ Methodology: Deep network embeddings: 

§ Graph neural networks for rich biomedical graphs
§ Resources: Data, practical advice and demos
§ Applications: Polypharmacy, Drug repurposing
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Science crucially depends on 
scientific instruments

Physical instruments 
facilitate discoveries

Need instruments for modern, 
data intensive sciences

Knowledge 
discoveryMicroscope

Robert Hooke,
Micrographia, 1665
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However: Biomedical data present 
challenges for knowledge discovery

Example:
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Cellular pathways

Multi-scale: molecules, individuals, populations
Heterogeneous: experimental readouts, curated annotations, metadata
Confounded: data from different labs, biotech platforms, organisms

One flat 
tabular dataset
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Zitnik et al. 2019. Machine learning for integrating data in biology and medicine: Principles, 
practice, and opportunities. Information Fusion.



Biomedical
problems

Machine
learning

Complex, multi-scale, 
heterogeneous datasets

Tabular, monolithic, 
flat matrix-like datasets

Significant gap between what ML can address and 
real-world biomedical problems

To close the gap one has to:
1. Develop a general mathematical representation to 

integrate heterogeneous data in their broadest sense
2. Develop methods for learning over such 

representation to open doors for new discoveries
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1) Biological Networks
§ Why networks? Why is learning on networks hard?

2) Node embeddings
§ Methodology: Map nodes to vector representations
§ Applications: PPIs, Disease pathways

3) Heterogeneous networks
§ Methodology: Embedding heterogeneous networks
§ Applications: Human tissues

Outline of this Lecture
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Why Networks? Why Now?
§ Question: How are human genetic diseases and the 

corresponding disease genes related to each other?
§ Findings: Genes associated with similar diseases are 

likely to interact and have similar expression

Image from: Goh et al. 2007. The human disease network. PNAS.
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Fig. 2. The HDN and the DGN. (a) In the HDN, each node corresponds to a distinct disorder, colored based on the disorder class to which it belongs, the name
of the 22 disorder classes being shown on the right. A link between disorders in the same disorder class is colored with the corresponding dimmer color and links
connecting different disorder classes are gray. The size of each node is proportional to the number of genes participating in the corresponding disorder (see key),
and the link thickness is proportional to the number of genes shared by the disorders it connects. We indicate the name of disorders with !10 associated genes,
as well as those mentioned in the text. For a complete set of names, see SI Fig. 13. (b) In the DGN, each node is a gene, with two genes being connected if they
are implicated in the same disorder. The size of each node is proportional to the number of disorders in which the gene is implicated (see key). Nodes are light
gray if the corresponding genes are associated with more than one disorder class. Genes associated with more than five disorders, and those mentioned in the
text, are indicated with the gene symbol. Only nodes with at least one link are shown.

Goh et al. PNAS ! May 22, 2007 ! vol. 104 ! no. 21 ! 8687
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Why Networks? Why Now?

Image from: Ma et al. 2018. Using deep learning to model the hierarchical structure 
and function of a cell. Nature Methods.

§ Question: How to simulate a basic eukaryotic cell?
§ Findings: Simulations reveal molecular mechanisms of 

cell growth, drug resistance and synthetic life
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Why Networks? Why Now?

Image from: Wang et al. 2014. Similarity network fusion for aggregating data types 
on a genomic scale. Nature Methods.

§ Question: How to discover heterogeneity of cancer?
§ Findings: Analysis identifies new cancer subtypes with 

distinct patient survival
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Why Networks? Why Now?

Image from: Pilosof et al. 2017. The multilayer nature of ecological networks. 
Nature Ecology and Evolution.

§ Question: How to study ecological systems?
§ Findings: Pollinators interact with flowers in one 

season but not in another, and the same flower species 
interact with both pollinators and herbivores
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Why Networks? Why Now?

Image from: Smits et al. 2017. Seasonal cycling in the gut microbiome of the 
Hadza hunter-gatherers of Tanzania. Science.

§ Question: What are features of human microbiome?
§ Findings: Microbiota reflects the seasonal availability of 

different types of food and differentiate industrialized 
and traditional populations
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Hierarchies of cell systemsPatient networks

Cell-cell similarity 
networks

Genetic interaction
networks

Disease pathways

Gene co-expression
networks

Many Data are Networks
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Networks are a powerful data representation, but are 
challenging to work with for prevailing deep models

How to do machine learning on 
biomedical networks?

Predictions, e.g., properties of cells, 
patient outcomes, new relationships 
like disease-gene associations, new 
functional modules 
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Prevailing Deep Models
Primarily designed for grids or simple sequences:
§ CNNs for fixed-size images/grids…

§ RNNs for text/sequences…
But are unable to consider interactions, the 

essence of biomedical networks

These models brought extraordinary gains in 
computer vision, natural language 
processing, speech, and robotics
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Biomedical Networks
Real-world networks look like this:

End-to-end learning on graphs with GCNs Thomas Kipf

or this:

Graph-structured data

6
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…
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What if our data looks like this?

Examples:
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Biomedical networks are far more complex!
§ Complex topographical structure (no spatial locality like grids)
§ No fixed node ordering/reference point (isomorphism problem)
§ Different types of entities (nodes) and interactions (edges)
§ Rich and heterogeneous features about entities and interactions

Biomedical networks
Images

Text
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Why is deep learning on
networks hard?

19

Need methods that generalize 
convolutions beyond simple lattices and

learn and reason over rich networks



1) Biological networks
§ Why networks? Why is learning on networks hard?

2) Node embeddings
§ Methodology: Map nodes to vector representations
§ Applications: PPIs, Disease pathways

3) Heterogeneous networks
§ Methodology: Embedding heterogeneous networks
§ Applications: Human tissues

Outline of this Lecture
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Part 2: 
Node Embeddings

Based on material from:
• Zitnik et al. 2018. Deep Learning for Network Biology. ISMB.
• Zitnik et al. 2018. Prioritizing Network Communities. Nature Communications.
• Nelson, Zitnik, et al., 2019. To embed or not: network embedding as a paradigm 

in computational biology. Frontiers in Genetics.
• Hamilton et al., 2017. Representation learning on graphs: Methods and 

applications. IEEE Data Engineering Bulletin.
21



Objective: Map nodes to d-dimensional embeddings
such that nodes with similar network neighborhoods are 

embedded close together

How to learn mapping function 𝑓?
22

Embedding Nodes

𝑓: 𝑣 → ℝ&

ℝ&
Feature representation, 

embedding

Node 𝑣



f (    )=
OutputInput

Disease similarity
network 

2-dimensional node
embeddings

Next: How to learn mapping function 𝑓?

Example: Disease Similarity 
Network
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Setup
Assume we have a graph G:
§ V is the vertex set
§ A is the adjacency matrix (binary):

§ Weighted, typed and  dynamic graphs as well as 
multi-graphs (see next part & Thursday’s lecture)

§ Integration of node/edge features, and extra 
information (see next part & Thursday’s lecture)

24



Embedding Nodes
Goal: Map nodes so that similarity in the 
embedding space (e.g., dot product) 
approximates similarity in the network  

Input network d-dimensional 
embedding space

25



Embedding Nodes
similarity(u, v) ⇡ z>v zuGoal:

Need to define!

Input network d-dimensional 
embedding space

26



Learning Node Embeddings
1. Define an encoder (a function ENC

that maps node 𝑢 to embedding 𝒛/)
2. Define a node similarity function 

(measure of similarity in the network)
3. Optimize parameters of the 

encoder so that:
similarity(u, v) ⇡ z>v zu

27



Two Key Components
1. Encoder maps a node to a d-dimensional 

vector:

2. Similarity function defines how 
relationships in the input network map to 
relationships in the embedding space: 

enc(v) = zv
node in the input graph

d-dimensional 
embedding

Similarity of u and v in 
the network

dot product between node 
embeddings

similarity(u, v) ⇡ z>v zu
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Embedding Methods
§ Many methods use similar encoders:

§ matrix factorizations, node2vec, 
DeepWalk, LINE, struc2vec

§ These methods use different notions of 
node similarity:
§ Two nodes have similar embeddings if:

§ they are connected (i.e., matrix factorization)?
§ they share many neighbors?
§ they have similar local network structure?
§ etc.

29



Outline of This Section

1. Shallow node embeddings

2. Biomedical applications

30



Shallow Node 
Embeddings

Based on material from:
• Perozzi et al. 2014. DeepWalk: Online Learning of Social Representations. KDD.
• Grover et al. 2016. node2vec: Scalable Feature Learning for Networks. KDD.
• Ribeiro et al. 2017. struc2vec: Learning Node Representations from Structural 

Identity. KDD.
• Donnat et al. 2018. Learning Structural Node Embeddings via Diffusion Wavelets. 

KDD.
31



Node Similarity
Idea: Define node similarity function based on 
higher-order neighborhoods

§ Red: Target node
§ k=1: 1-hop neighbors

§ A	(i.e., adjacency matrix)
§ k= 2: 2-hop neighbors
§ k=3: 3-hop neighbors

How to stochastically 
define these higher-order 

neighborhoods?

32



Node Embeddings
§ Intuition: Find embedding of nodes to 
𝑑-dimensions that preserves similarity

§ Idea: Learn node embedding such 
that nearby nodes are close together

§ Given a node 𝑢, how do we define 
nearby nodes?
§ 𝑁6 𝑢 … neighbourhood of 𝑢 obtained 

by some strategy 𝑅
33



Optimization Task
§ Given 𝐺 = (𝑉, 𝐸)
§ Goal is to learn 𝑓: 𝑢 → ℝ&

§ where 𝑓 is a table lookup
§ We directly “learn” coordinates 𝒛𝒖 = 𝑓 𝑢 of 𝑢

§ Given node 𝑢, we want to learn feature 
representation 𝑓(𝑢) that is predictive of 
nodes in 𝑢’s neighborhood 𝑁@(𝑢)

max
D

E log Pr(𝑁@(𝑢)|	𝒛L)
�

/	∈O
34



Optimization Task
Goal: Find embedding 𝒛/	that predicts 
nearby nodes 𝑁6 𝑢 :

Assume conditional likelihood factorizes:

X

v2V

log(P (NR(u)|zu))

35



Node Similarity Function 
Based on Random Walks

Probability that u
and v co-occur in a 
random walk over 

the network

z>u zv ⇡

36



Why Random Walks?
1. Flexibility: Stochastic definition of 

node similarity:
§ Local and higher-order neighborhoods

2. Efficiency: Do not need to consider 
all node pairs when training
§ Consider only node pairs that co-occur 

in random walks
37



Random Walk Optimization
1. Simulate many short random walks starting 

from each node using a strategy R
2. For each node u, get NR(u) as a sequence of 

nodes visited by random walks starting at u
3. For each node u,	learn its embedding by 

predicting which nodes are in NR(u):

L =
X

u2V

X

v2NR(u)

� log(P (v|zu))
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Random Walk Optimization

sum over all 
nodes u

sum over nodes v	
seen on random 

walks starting from u

predicted probability of u
and v co-occuring on 
random walk, i.e., use 

softmax to parameterize 
𝑃(𝑣|𝒛/)

Random walk embeddings = 𝒛/ minimizing L

L =
X

u2V

X

v2NR(u)

� log

✓
exp(z>u zv)P

n2V exp(z>u zn)

◆
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Random Walk Optimization
But doing this naively is too expensive!

Nested sum over nodes gives O(|V|2)	complexity!

The problem is normalization term in the 
softmax function?

L =
X

u2V

X

v2NR(u)

� log

✓
exp(z>u zv)P

n2V exp(z>u zn)

◆
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Solution: Negative Sampling
Solution: Negative sampling (Mikolov et al., 2013)

i.e., instead of normalizing w.r.t. all nodes, just 
normalize against k random negative samples

sigmoid function random distribution 
over all nodes

log

✓
exp(z>u zv)P

n2V exp(z>u zn)

◆

⇡ log(�(z>u zv))�
kX

i=1

log(�(z>u zni)), ni ⇠ PV
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Random Walks: Overview

Can efficiently approximate using negative sampling

1. Simulate many short random walks starting 
from each node using a strategy R

2. For each node u, get NR(u) as a sequence of 
nodes visited by random walks starting at u

3. For each node u,	learn its embedding by 
predicting which nodes are in NR(u):

L =
X

u2V

X

v2NR(u)

� log(P (v|zu))

42



What is the strategy R?
§ So far:

§ Given simulated random walks, we described how to 
optimize node embeddings

§ What strategies to use to get random walks?
§ Simplest idea: 

§ Fixed-length, unbiased random walks starting from each node 
(i.e., DeepWalk from Perozzi et al., 2013)

§ Can we do better?
§ Node2vec (Grover et al., 2016)
§ Struc2vec (Ribeiro et al., 2017)
§ Abu-El-Haija et al., 2017 and many others
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node2vec: Biased Walks
Two classic strategies to define a 
neighborhood 𝑁6 𝑢 of a given node 𝑢:

𝑁UVW 𝑢 = {	𝑠Z, 𝑠[, 𝑠\}

𝑁^VW 𝑢 = {	𝑠_, 𝑠`, 𝑠a}
Local microscopic view
Global macroscopic view

node2vec: Scalable Feature Learning for Networks

Aditya Grover
Stanford University

adityag@cs.stanford.edu

Jure Leskovec
Stanford University

jure@cs.stanford.edu

ABSTRACT
Prediction tasks over nodes and edges in networks require careful
effort in engineering features for learning algorithms. Recent re-
search in the broader field of representation learning has led to sig-
nificant progress in automating prediction by learning the features
themselves. However, present approaches are largely insensitive to
local patterns unique to networks.

Here we propose node2vec , an algorithmic framework for learn-
ing feature representations for nodes in networks. In node2vec , we
learn a mapping of nodes to a low-dimensional space of features
that maximizes the likelihood of preserving distances between net-
work neighborhoods of nodes. We define a flexible notion of node’s
network neighborhood and design a biased random walk proce-
dure, which efficiently explores diverse neighborhoods and leads to
rich feature representations. Our algorithm generalizes prior work
which is based on rigid notions of network neighborhoods and we
demonstrate that the added flexibility in exploring neighborhoods
is the key to learning richer representations.

We demonstrate the efficacy of node2vec over existing state-
of-the-art techniques on multi-label classification and link predic-
tion in several real-world networks from diverse domains. Taken
together, our work represents a new way for efficiently learning
state-of-the-art task-independent node representations in complex
networks.

Categories and Subject Descriptors: H.2.8 [Database Manage-
ment]: Database applications—Data mining; I.2.6 [Artificial In-
telligence]: Learning
General Terms: Algorithms; Experimentation.
Keywords: Information networks, Feature learning, Node embed-
dings.

1. INTRODUCTION
Many important tasks in network analysis involve some kind of

prediction over nodes and edges. In a typical node classification
task, we are interested in predicting the most probable labels of
nodes in a network [9, 38]. For example, in a social network, we
might be interested in predicting interests of users, or in a protein-
protein interaction network we might be interested in predicting
functional labels of proteins [29, 43]. Similarly, in link prediction,
we wish to predict whether a pair of nodes in a network should
have an edge connecting them [20]. Link prediction is useful in
a wide variety of domains, for instance, in genomics, it helps us
discover novel interactions between genes and in social networks,
it can identify real-world friends [2, 39].

Any supervised machine learning algorithm requires a set of in-
put features. In prediction problems on networks this means that
one has to construct a feature vector representation for the nodes

u 

s3 

s2 
s1 

s4 

s8 

s9 

s6 

s7 

s5 

BFS 

DFS 

Figure 1: BFS and DFS search strategies from node u (k = 3).

and edges. A typical solution involves hand-engineering domain-
specific features based on expert knowledge. Even if one discounts
the tedious work of feature engineering, such features are usually
designed for specific tasks and do not generalize across different
prediction tasks.

An alternative approach is to use data to learn feature represen-
tations themselves [4]. The challenge in feature learning is defin-
ing an objective function, which involves a trade-off in balancing
computational efficiency and predictive accuracy. On one side of
the spectrum, one could directly aim to find a feature representation
that optimizes performance of a downstream prediction task. While
this supervised procedure results in good accuracy, it comes at the
cost of high training time complexity due to a blowup in the number
of parameters that need to be estimated. At the other extreme, the
objective function can be defined to be independent of the down-
stream prediction task and the representation can be learned in a
purely unsupervised way. This makes the optimization computa-
tionally efficient and with a carefully designed objective, it results
in task-independent features that match task-specific approaches in
predictive accuracy [25, 27].

However, current techniques fail to satisfactorily define and opti-
mize a reasonable objective required for scalable unsupervised fea-
ture learning in networks. Classic approaches based on linear and
non-linear dimensionality reduction techniques such as Principal
Component Analysis, Multi-Dimensional Scaling and their exten-
sions [3, 31, 35, 41] invariably involve eigendecomposition of a
representative data matrix which is expensive for large real-world
networks. Moreover, the resulting latent representations give poor
performance on various prediction tasks over networks.

Neural networks provide an alternative approach to unsupervised
feature learning [15]. Recent attempts in this direction [28, 32]
propose efficient algorithms but are largely insensitive to patterns
unique to networks. Specifically, nodes in networks could be or-
ganized based on communities they belong to (i.e., homophily); in
other cases, the organization could be based on the structural roles
of nodes in the network (i.e., structural equivalence) [7, 11, 40,
42]. For instance, in Figure 1, we observe nodes u and s1 belong-
ing to the same community exhibit homophily, while the hub nodes
u and s6 in the two communities are structurally equivalent. Real-
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Experiment: Local vs. Global

Figure 3: Complementary visualizations of Les Misérables co-
appearance network generated by node2vec with label colors
reflecting homophily (top) and structural equivalence (bottom).

also exclude a recent approach, GraRep [6], that generalizes LINE
to incorporate information from network neighborhoods beyond 2-
hops, but does not scale and hence, provides an unfair comparison
with other neural embedding based feature learning methods. Apart
from spectral clustering which has a slightly higher time complex-
ity since it involves matrix factorization, our experiments stand out
from prior work in the sense that all other comparison benchmarks
are evaluated in settings that equalize for runtime. In doing so, we
discount for performance gain observed purely because of the im-
plementation language (C/C++/Python) since it is secondary to the
algorithm. In order to create fair and reproducible comparisons, we
note that the runtime complexity is contributed from two distinct
phases: sampling and optimization.

In the sampling phase, all benchmarks as well as node2vec pa-
rameters are set such that they generate equal samples at runtime.
As an example, if K is the overall sample constraint, then the node2vec
parameters satisfy K = r · l · |V |. In the optimization phase,
all benchmarks optimize using a stochastic gradient descent algo-
rithm with two key differences that we correct for. First, DeepWalk
uses hierarchical sampling to approximate the softmax probabilities
with an objective similar to the one use by node2vec in (2). How-
ever, hierarchical softmax is inefficient when compared with neg-
ative sampling [26]. Hence, keeping everything else the same, we
switch to negative sampling in DeepWalk which is also the de facto
approximation in node2vec and LINE. Second, both node2vec and
DeepWalk have a parameter (k) for the number of context neigh-
borhood nodes to optimize for and the greater the number, the more
rounds of optimization are required. This parameter is set to unity
for LINE. Since LINE completes a single epoch quicker than other
approaches, we let it run for k epochs.

The parameter settings used for node2vec are in line with typ-
ical values used for DeepWalk and LINE. Specifically, d = 128,
r = 10, l = 80, k = 10 and the optimization is run for a single
epoch. (Following prior work [34], we use d = 500 for spec-
tral clustering.) All results for all tasks are statistically significant
with a p-value of less than 0.01.The best in-out and return hyperpa-
rameters were learned using 10-fold cross-validation on just 10%

Algorithm Dataset
BlogCatalog PPI Wikipedia

Spectral Clustering 0.0405 0.0681 0.0395
DeepWalk 0.2110 0.1768 0.1274
LINE 0.0784 0.1447 0.1164
node2vec 0.2581 0.1791 0.1552
node2vec settings (p,q) 0.25, 0.25 4, 1 4, 0.5
Gain of node2vec [%] 22.3 1.3 21.8

Table 2: Macro-F1 scores for multilabel classification on Blog-
Catalog, PPI (Homo sapiens) and Wikipedia word cooccur-
rence networks with a balanced 50% train-test split.

labeled data with a grid search over p, q 2 {0.25, 0.50, 1, 2, 4}.
Under the above experimental settings, we present our results for
two tasks under consideration.

4.3 Multi-label classification
In the multi-label classification setting, every node is assigned

one or more labels from a finite set L. During the training phase, we
observe a certain fraction of nodes and all their labels. The task is
to predict the labels for the remaining nodes. This is a challenging
task especially if L is large. We perform multi-label classification
on the following datasets:

• BlogCatalog [44]: This is a network of social relationships
of the bloggers listed on the BlogCatalog website. The la-
bels represent blogger interests inferred through the meta-
data provided by the bloggers. The network has 10,312 nodes,
333,983 edges and 39 different labels.

• Protein-Protein Interactions (PPI) [5]: We use a subgraph
of the PPI network for Homo Sapiens. The subgraph cor-
responds to the graph induced by nodes for which we could
obtain labels from the hallmark gene sets [21] and represent
biological states. The network has 3,890 nodes, 76,584 edges
and 50 different labels.

• Wikipedia Cooccurrences [23]: This is a cooccurrence net-
work of words appearing in the first million bytes of the
Wikipedia dump. The labels represent the Part-of-Speech
(POS) tags as listed in the Penn Tree Bank [24] and inferred
using the Stanford POS-Tagger [37]. The network has 4,777
nodes, 184,812 edges and 40 different labels.

All our networks exhibit a fair mix of homophilic and structural
equivalences. For example, we would expect the social network
of bloggers to exhibit strong homophily-based relationships, how-
ever, there might also be some ‘familiar strangers’, that is, bloggers
that do not interact but share interests and hence are structurally
equivalent nodes. The biological states of proteins in a protein-
protein interaction network also exhibit both types of equivalences.
For example, they exhibit structural equivalence when proteins per-
form functions complementary to those of neighboring proteins,
and at other times, they organize based on homophily in assisting
neighboring proteins in performing similar functions. The word co-
occurence network is fairly dense, since edges exist between words
cooccuring in a 2-length window in the Wikipedia corpus. Hence,
words having the same POS tags are not hard to find, lending a high
degree of homophily. At the same time, we expect some structural
equivalence in the POS tags due to syntactic grammar rules such as
determiners following nouns, punctuations preceeding nouns etc.

Experimental results. The learned node feature representations
are input to a one-vs-rest logistic regression using the LIBLINEAR
implementation with L2 regularization. The train and test data is
split equally over 10 random splits. We use the Macro-F1 scores
for comparing performance in Table 2 and the relative performance

Figure 3: Complementary visualizations of Les Misérables co-
appearance network generated by node2vec with label colors
reflecting homophily (top) and structural equivalence (bottom).

also exclude a recent approach, GraRep [6], that generalizes LINE
to incorporate information from network neighborhoods beyond 2-
hops, but does not scale and hence, provides an unfair comparison
with other neural embedding based feature learning methods. Apart
from spectral clustering which has a slightly higher time complex-
ity since it involves matrix factorization, our experiments stand out
from prior work in the sense that all other comparison benchmarks
are evaluated in settings that equalize for runtime. In doing so, we
discount for performance gain observed purely because of the im-
plementation language (C/C++/Python) since it is secondary to the
algorithm. In order to create fair and reproducible comparisons, we
note that the runtime complexity is contributed from two distinct
phases: sampling and optimization.

In the sampling phase, all benchmarks as well as node2vec pa-
rameters are set such that they generate equal samples at runtime.
As an example, if K is the overall sample constraint, then the node2vec
parameters satisfy K = r · l · |V |. In the optimization phase,
all benchmarks optimize using a stochastic gradient descent algo-
rithm with two key differences that we correct for. First, DeepWalk
uses hierarchical sampling to approximate the softmax probabilities
with an objective similar to the one use by node2vec in (2). How-
ever, hierarchical softmax is inefficient when compared with neg-
ative sampling [26]. Hence, keeping everything else the same, we
switch to negative sampling in DeepWalk which is also the de facto
approximation in node2vec and LINE. Second, both node2vec and
DeepWalk have a parameter (k) for the number of context neigh-
borhood nodes to optimize for and the greater the number, the more
rounds of optimization are required. This parameter is set to unity
for LINE. Since LINE completes a single epoch quicker than other
approaches, we let it run for k epochs.

The parameter settings used for node2vec are in line with typ-
ical values used for DeepWalk and LINE. Specifically, d = 128,
r = 10, l = 80, k = 10 and the optimization is run for a single
epoch. (Following prior work [34], we use d = 500 for spec-
tral clustering.) All results for all tasks are statistically significant
with a p-value of less than 0.01.The best in-out and return hyperpa-
rameters were learned using 10-fold cross-validation on just 10%

Algorithm Dataset
BlogCatalog PPI Wikipedia

Spectral Clustering 0.0405 0.0681 0.0395
DeepWalk 0.2110 0.1768 0.1274
LINE 0.0784 0.1447 0.1164
node2vec 0.2581 0.1791 0.1552
node2vec settings (p,q) 0.25, 0.25 4, 1 4, 0.5
Gain of node2vec [%] 22.3 1.3 21.8

Table 2: Macro-F1 scores for multilabel classification on Blog-
Catalog, PPI (Homo sapiens) and Wikipedia word cooccur-
rence networks with a balanced 50% train-test split.

labeled data with a grid search over p, q 2 {0.25, 0.50, 1, 2, 4}.
Under the above experimental settings, we present our results for
two tasks under consideration.

4.3 Multi-label classification
In the multi-label classification setting, every node is assigned

one or more labels from a finite set L. During the training phase, we
observe a certain fraction of nodes and all their labels. The task is
to predict the labels for the remaining nodes. This is a challenging
task especially if L is large. We perform multi-label classification
on the following datasets:

• BlogCatalog [44]: This is a network of social relationships
of the bloggers listed on the BlogCatalog website. The la-
bels represent blogger interests inferred through the meta-
data provided by the bloggers. The network has 10,312 nodes,
333,983 edges and 39 different labels.

• Protein-Protein Interactions (PPI) [5]: We use a subgraph
of the PPI network for Homo Sapiens. The subgraph cor-
responds to the graph induced by nodes for which we could
obtain labels from the hallmark gene sets [21] and represent
biological states. The network has 3,890 nodes, 76,584 edges
and 50 different labels.

• Wikipedia Cooccurrences [23]: This is a cooccurrence net-
work of words appearing in the first million bytes of the
Wikipedia dump. The labels represent the Part-of-Speech
(POS) tags as listed in the Penn Tree Bank [24] and inferred
using the Stanford POS-Tagger [37]. The network has 4,777
nodes, 184,812 edges and 40 different labels.

All our networks exhibit a fair mix of homophilic and structural
equivalences. For example, we would expect the social network
of bloggers to exhibit strong homophily-based relationships, how-
ever, there might also be some ‘familiar strangers’, that is, bloggers
that do not interact but share interests and hence are structurally
equivalent nodes. The biological states of proteins in a protein-
protein interaction network also exhibit both types of equivalences.
For example, they exhibit structural equivalence when proteins per-
form functions complementary to those of neighboring proteins,
and at other times, they organize based on homophily in assisting
neighboring proteins in performing similar functions. The word co-
occurence network is fairly dense, since edges exist between words
cooccuring in a 2-length window in the Wikipedia corpus. Hence,
words having the same POS tags are not hard to find, lending a high
degree of homophily. At the same time, we expect some structural
equivalence in the POS tags due to syntactic grammar rules such as
determiners following nouns, punctuations preceeding nouns etc.

Experimental results. The learned node feature representations
are input to a one-vs-rest logistic regression using the LIBLINEAR
implementation with L2 regularization. The train and test data is
split equally over 10 random splits. We use the Macro-F1 scores
for comparing performance in Table 2 and the relative performance

Local view of network

(Homophily)

Global view of network

(Structural similarity)
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struc2vec: Structural Similarity
§ Goal: Nodes visited by random 

walks starting from node 𝑢 should 
be structurally similar to 𝑢:
§ E.g., 𝑢 and 𝑣 are structurally similar, 

have similar local network structure
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𝑢 and 𝑣 are far apart in the 
network but are structurally similar!



struc2vec: Three Main Steps
1. Compute structural similarity of nodes 

based on k-hop neighborhoods
2. Construct a new multilayer graph:

§ K-th layer measures structural similarity of 
nodes w.r.t. k-hop neighborhoods 

3. Run weighted random walks on the 
multilayer graph to generate NR(u)
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struc2vec: Step 1
Let 𝑁b(𝑢) be nodes in k-hop neighborhood of 𝑢
Lemma: 𝑢 and 𝑣 are structurally equivalent 
considering 𝑘-hop neighborhoods:

§ 𝐺[𝑁b(𝑢)] and 𝐺[𝑁b 𝑣 ] are isomorphic graphs
§ 𝑁bfZ(𝑢) and 𝑁bfZ(𝑣) have identical ordered degree 

sequence
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𝑢 𝑣
𝐺[𝑁b(𝑢)]

𝐺[𝑁b(𝑣)]

Idea: Get structural similarity of 𝑢 and 
𝑣 by looking at their ordered degree 
sequences 𝑁bfZ(𝑢) and 𝑁bfZ(𝑣)



struc2vec: Step 2

§ All nodes from the original 
network are in every layer

§ K-th layer: Structural 
similarity of nodes w.r.t. 
k-hop neighborhoods 

§ Edge weights: Proportional 
to nodes’ structural similarity
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Construct a multilayer graph:

1st layer

2nd layer

3rd layer

similarity of 𝑢 and 𝑣 w.r.t. 
their 3-hop neighborhoods

𝑢

𝑣



struc2vec: Step 3
Multilayer graph:
§ 𝐾-th layer has structural 

similarity of nodes w.r.t. 𝑘-
hop neighborhoods 

Idea: Use the multilayer 
graph to get NR(u):
§ NR(u) is a sequence of 

nodes visited by weighted 
random walk starting at u
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1st layer

2nd layer

3rd layer
𝑢

𝑣



struc2vec: Overview
1. Construct the multilayer graph and simulate 

many random walks starting from each node
2. For each node u, get NR(u) as a sequence of 

nodes visited by random walks starting at u
3. For each node u,	learn its embedding by 

predicting which nodes are in NR(u):

L =
X

u2V

X

v2NR(u)

� log(P (v|zu))
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Barbell graph: 

§ Ground-truth: Nodes of the same color 
are structurally equivalent (i.e., their 
local network structure is the same)

struc2vec: Experiment
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struc2vec: Experiment
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Nodes that are structurally similar
are embeded close together!



Beyond struc2vec: GraphWave
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Node colors indicate 
structural roles. 
Not available to the algorithm 
during training.



Summary so Far
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Approach: Embed nodes such that:
§ Algebraic operations in the learned space 

reflect topology of the graph

Different notions of node similarity:
§ Adjacency-based (i.e., similar if connected)
§ Multi-hop similarity definitions
§ Random walk approaches 

In general: Must choose define node 
similarity that matches application!



Outline of This Section

1. Shallow node embeddings

2. Biomedical applications
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Biomedical
Applications

Based on material from:
• Grover et al. 2016. node2vec: Scalable Feature Learning for Networks. KDD.
• Zitnik and Leskovec. 2017. Predicting Multicellular Function through 

Multilayer Tissue Networks. Bioinformatics & ISMB.
• Zitnik et al. 2018. Large-scale analysis of disease pathways in the human 

interactome. PSB.
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Biomedical Applications
1. Disease pathway detection:

§ Identify proteins whose mutation is 
linked with a particular disease

§ Task: Multi-label node classification
2. Protein interaction prediction:

§ Identify protein pairs that physically 
interact in a cell

§ Task: Link prediction
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Human Interactome
RAD50

MSH4

MSH5

PCNA

BRCA2

FEN1

RAD51
DMC1

MED6

RFC1
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Human Interactome
RAD50

MSH4

MSH5

PCNA

BRCA2

FEN1

RAD51
DMC1

MED6

RFC1

Key principle (Cowen et al., 2017):
Proteins that interact underlie similar 

phenotypes (e.g., diseases)
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Disease Pathways
§ Pathway: Subnetwork of interacting 

proteins associated with a disease
RAD50

MSH4

MSH5

PCNA

BRCA2

FEN1

RAD51 DMC1

MED6

RFC1

Lung carcinoma
pathway
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Disease Pathways: Task
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Disease Pathway Dataset
§ Protein-protein interaction (PPI) network 

culled from 15 knowledge databases:
§ 350k physical interactions, e.g., metabolic 

enzyme-coupled interactions, signaling 
interactions, protein complexes

§ All protein-coding human genes (21k)
§ Protein-disease associations:

§ 21k associations split among 519 diseases
§ Multi-label node classification: every 

node (i.e., protein) can have 0, 1 or more 
labels (i.e., disease associations)
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Experimental Setup
Two main stages:

1. Take the PPI network and use node2vec 
to learn node embeddings

2. For each disease:
§ Fit a classifier that predicts disease proteins 

based on the embeddings:
– Train the classifier using training proteins
– Predict a probability that a test protein is 

associated with the disease
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Pathways: Results
§ Best performers:

§ node2vec embeddings
hits@100 = 0.40

§ DIAMOnD
hits@100 = 0.30

§ Matrix completion
hits@100 = 0.29

§ Worst performer:
§ Neighbor scoring 
hits@100 = 0.24

hi
ts
@
10
0

hi
ts
@
10
0

hi
ts
@
10
0

node2vec embeddings

hits@100: fraction of all the disease proteins are
ranked within the first 100 predicted proteins
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Biomedical Applications
1. Disease pathway detection:

§ Identify proteins whose mutation is 
linked with a particular disease

§ Task: Multi-label node classification
2. Protein interaction prediction:

§ Identify protein pairs that physically 
interact in a cell

§ Task: Link prediction
66



Protein-Protein Interactions

Image from: Perkins et al. Transient Protein-Protein Interactions: Structural, 
Functional, and Network Properties. Structure. 2010. 
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Network Data
§ Human PPI network:

§ Experimentally validated physical protein-
protein interactions

§ Link prediction: Given two proteins, 
predict probability that they interact

RAD50MSH4

MSH5

PCNA
BRCA2

FEN1

DMC1

MED6

RFC1

RAD51

?
?

?
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Learning Edge Embeddings
§ So far: Methods learn embeddings for 

nodes:
§ Great for tasks involving individual nodes (e.g., 

node classification)
§ Question: How to address tasks involving 

pairs of nodes (e.g., link prediction)?
§ Idea: Given 𝑢 and 𝑣, define an operator 𝑔

that generates an embedding for pair (𝑢, 𝑣):
𝒛(/,t) = 𝑔(𝑢, 𝑣)
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Learning Edge Embeddings
How to define operator 𝒈?

§ Desiderata: The operator needs to 
be defined for any pair of nodes, even 
if the nodes are not connected

§ We consider four choices for 𝑔:
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Experimental Setup
§ We are given a PPI network with a certain 

fraction of edges removed:
§ Remove about 50% of edges
§ Randomly sample an equal number of node pairs 

at random which have no edge connecting them 

§ Two main stages:
1. Use node2vec to learn an embedding for 

every node in the filtered PPI network
2. Predict a score for every protein pair in 

the test set based on the embeddings
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PPI Prediction: Results
§ Learned embeddings

drastically outperform 
heuristic scores 

§ Hadamard operator:
§ Highly stable
§ Best average performance

F1 – scores are in [0,1], higher is better
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Biomedical Applications
1. Disease pathway detection:

§ Identify proteins whose mutation is 
linked with a particular disease

§ Task: Multi-label node classification
2. Protein interaction prediction:

§ Identify protein pairs that physically 
interact in a cell

§ Task: Link prediction
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Outline of This Section

1. Random walk approaches

2. Biomedical applications
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1) Biological networks
§ Why networks? Why is learning on networks hard?

2) Node embeddings
§ Methodology: Map nodes to vector representations
§ Applications: PPIs, Disease pathways

3) Heterogeneous networks
§ Methodology: Embedding heterogeneous networks
§ Applications: Human tissues

Outline of this Lecture
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Part 3: 
Heterogeneous 

Networks
Based on material from:
• Zitnik et al., 2017. Predicting multicellular function through multi-layer 

tissue networks. ISMB & Bioinformatics.
• Zitnik et al., 2019. Evolution of resilience in protein interactomes across the 

tree of life. Proceedings of the National Academy of Sciences 116 (10), 
4426-4433.
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So far we focused on homogeneous 
networks!

Can we embed heterogeneous 
networks, i.e., het nets,  

knowledge graphs?
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Many Het Nets in Biology
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Motivating Problem: Prediction 
of Protein Functions

Proteins are worker molecules
§ Biomedical and pharma implications

Functions depend on tissue context 
§ Proteins in similar tissues share 

similar features
§ Functions in heart are different                    

from functions in the brain, etc.

G1
G2

G3
G4
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Why is protein function 
prediction across tissues hard?

1) Multiscale, hierarchical organization of tissues:
§ Tissues are related to each other
§ Proteins in similar tissues have similar functions

2) Many tissues have no annotations:
§ Need to predict functions in a tissue without any protein 

functions (node labels) in that tissue

3) Previous research [Radivojac et al.’13, Cho et 
al.’16; Kramer et al.’14; Yu et al.’15; etc.] 

§ Protein functions assumed constant across tissues
§ Functions in heart are the same as in skin
§ Functions in the brain are the same as in skin
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Motivating Problem: What 
Does My Protein Do?

Goal: Given a protein, a tissue, and a function, predict how 
likely the protein has that function in that tissue
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WNT1

INA
DLPG5

GPR4ETS1

NDNF

RHOA

HPSE

WNT1

INA
DLG5

GPR4ETS1

NDNF

RHOA

Angiogenesis

Midbrain 
development

HPSE

Machine
Learning

Brain tissue Brain tissue
Protein	×	(Function, Tissue) → [0,1]



Multimodal Tissue Networks

Tissue-specific protein interaction 
networks + tissue hierarchy
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Multimodal Tissue Networks

Embeddings

𝑓|, 𝑓b, 𝑓}
𝑓\, 𝑓[, 𝑓Z

𝑢→ℝ&

u

u
u

vectors for 
Layer 
Layer 
Layer 
Scale “3”
Scale “2”
Scale “1”

u

u
u

Layer 
Layer 
Layer 
Scale “3”
Scale “2”
Scale “1”

How to learn mapping functions 𝒇𝒊?
Input Output
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Input: Graphs 𝐺| |, hierarchy ℳ
§ Graphs 𝐺| |�Z..� are in leaves of ℳ

Goal: Learn functions: 𝑓|: 𝑉| →ℝ&

Multi-scale model:
§ Four layers: 𝑖, 𝑗, 𝑘, 𝑙
§ Three scales: “3”, “2”, “1”

Output: Node embeddings:
§ For each graph 𝐺|
§ For each sub-hierarchy
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Setup: Multimodal Networks



Embedding Approach
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Two components:
1. For each graph 𝐺|:
2. Embed nodes with similar local 

topology close together
2. For hierarchy ℳ:
3. Encourage nodes in similar graphs  

to share similar features



BFS vs. DFS

BFS:
Micro-view of 

neighbourhood

u

DFS:
Macro-view of 
neighbourhood

36Jure Leskovec, Stanford

Single-Graph Objective
§ Intuition: In each graph, embed nodes to 
𝑑 dimensions 

§ Approach: Nodes 𝑢 and 𝑣 are similar if 
their network neighborhoods are similar

§ Given node 𝑢 in graph 𝐺|, neighborhood 
𝑁|(𝑢) is defined based on random walks 
starting at node 𝑢
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BFS vs. DFS

BFS:
Micro-view of 

neighbourhood

u

DFS:
Macro-view of 
neighbourhood

36Jure Leskovec, Stanford
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Single-Graph Objective
§ Given node 𝑢 in graph G|, learn 𝑢’s 

embedding such that it predicts 
nearby nodes 𝑁|(𝑢):

§ Given 𝑇 graphs 𝐺| |�Z..�, maximize:
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neural network embedding based approaches. In matrix factorization,
a network is expressed as a data matrix where the entries represent
relationships. The data matrix is projected to a low dimensional space
using linear techniques based on SVD (Tang et al., 2012), or non-linear
techniques based on multi-dimensional scaling (Tenenbaum et al., 2000;
Belkin and Niyogi, 2001; Hou et al., 2014). These methods have two
important drawbacks. First, they do not account for important structures
typically exhibited in networks such as high sparsity and skewed degree
distribution. Second, matrix factorization methods perform a global
factorization of the data matrix while a local-centric method might often
yield more useful feature representations (Kramer et al., 2014).

Limitations of matrix factorization are overcome by neural network
embeddings. Recent studies focused on embedding nodes into low-
dimensional vector spaces by first using random walks to construct the
network neighborhood of every node in the graph, and then optimizing an
objective function with network neighborhoods as input (Perozzi et al.,
2014; Tang et al., 2015; Grover and Leskovec, 2016). The objective
function is carefully designed to preserve both the local and global network
structures. A state-of-the-art neural network embedding algorithm is the
Node2vec algorithm (Grover and Leskovec, 2016), which learns feature
representations as follows: it scans over the nodes in a network, and for
every node it aims to embed it such that the node’s features can predict
nearby nodes, that is, node’s feature predict which other nodes are part
of its network neighborhood. Node2vec can explore different network
neighborhoods to embed nodes based on the principles of homophily (i.e.,
network communities) as well as structural equivalence (i.e., structural
roles of nodes).

A challenging problem for neural network embedding-based methods
is to learn features in multi-layer networks. Existing methods can learn
features in multi-layer networks either by treating each layer independently
of other layers, or by aggregating the layers into a single (weighted)
network. However, neglecting the existence of multiple layers or
aggregating the layers into a single network, alters topological properties
of the system as well as the importance of individual nodes with respect to
the entire network structure (De Domenico et al., 2016). This is a major
shortcoming of prior work that can lead to a wrong identification of the
most versatile nodes (De Domenico et al., 2015) and overestimation of
the importance of more marginal nodes (De Domenico et al., 2014). As
we shall show, this shortcoming also affects predictive accuracy of the
learned features. Our approach OhmNet overcomes this limitation since it
learns features in a multi-layer network in the context of the entire system
structure, bridging together different layers and generalizing methods
developed for learning features in single-layer networks (Section 3).

Finally, there exists recent work for task-dependent feature learning
based on graph-specific deep network architectures (Zhai and Zhang,
2015; Li et al., 2015; Xiaoyi et al., 2014; Wang et al., 2016a). Our
approach differs from those approaches in two important ways. First,
those architectures are task-dependent, meaning they directly optimize
the objective function for a downstream prediction task, such as cellular
function prediction in a particular tissue, using several layers of non-linear
transformations. Second, those architectures do not model rich graph
structures, such as multi-layer graphs with hierarchies.

3 Hierarchy-aware feature learning in

multi-layer networks

We formulate feature learning in multi-layer networks with hierarchical
dependencies as a maximum likelihood optimization problem. Let V be a
given set ofN nodes (e.g., proteins) {u1, u2, . . . , uN}, and let there beT

types of edges (e.g., protein interactions in different tissues) between pairs
of nodes u1, u2, . . . , uN . A multi-layer network is a general system in
which each biological context is represented by a distinct layer i (where
i = 1, 2, . . . , T ) of a system (Figure 1). We use the term single-layer

network (layer) for the network Gi = (Vi, Ei) that indicates the edges
Ei between nodesVi ✓ V within the same layer i. Our analysis is general
and applies to any (un)directed, (un)weighted multi-layer network.

We take into account the possibility that a node uk from layer i can be
related to any other node uh in any other layer j. We encode information
about the dependencies between layers in a hierarchical manner that we use
in the learning process. Let the hierarchy be a directed treeM defined over
a setM of objects by the parent-child relationships given by⇡ : M ! M,

where ⇡(i) is the parent of object i (Figure 1). For convenience, let Ci

denote the set of all children of object i in the hierarchy. Let T ⇢ M be
the set of all leaf objects in the hierarchy. We assume that each layer Gi is
attached to one leaf object in the hierarchy. As a result, the hierarchy has
exactly T leaf objects.

The problem of feature learning in a multi-layer network is to learn
functions f1, f2, . . . , fT , such that each function fi : Vi ! Rd maps
nodes in Vi to feature representations in Rd. Here, d is a parameter
specifying the number of dimensions in the feature representation of one
node. Equivalently, fi is a matrix of |Vi|⇥ d parameters.

We proceed by describing OhmNet, our approach for feature learning
in multi-layer networks. OhmNet has two components:

• single-layer network objectives, in which nodes with similar network
neighborhoods in each layer are encouraged to share similar features,
and

• hierarchical dependency objective, in which nodes in nearby layers
in the hierarchy are encouraged to share similar features.

We start by describing the model that considers the layers independently
of each other. We then extend the model to encourage nodes which are
nearby in the hierarchy to have similar features.

3.1 Single-layer network objectives

We start by formalizing the intuition that nodes with similar network
neighborhoods in each layer should share similar features. For that, we
specify one objective for each layer in a given multi-layer network. We
shall later discuss how OhmNet incorporates the dependencies between
different layers.

Our goal is to take layer Gi and learn fi which embeds nodes from
similar network regions, or nodes with similar structural roles, closely
together. In OhmNet, we aim to achieve this goal by specifying the
following objective function for each layer Gi. Given a node u 2 Vi,
the objective function !i seeks to predict, which nodes are members of
u’s network neighborhood Ni(u) based on the learned node features fi:

!i(u) = logPr(Ni(u)|fi(u)), (1)

where the conditional likelihood of every node-neighborhood node pair
is modeled as an independent softmax unit parameterized by a dot
product of nodes’ features, which corresponds to a single-layer feed-
forward neural network (Grover and Leskovec, 2016). Given a node
u, maximization of !i(u) tries to maximize classification of nodes in
u’s network neighborhood based on u’s learned representation. More
precisely, we use each current node as an input to a log-linear classifier,
and predict nodes that are in the neighborhood of the current node.

The objective ⌦i is defined for each layer i:

⌦i =
X

u2Vi

!i(u), for i = 1, 2, . . . , T. (2)for
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neural network embedding based approaches. In matrix factorization,
a network is expressed as a data matrix where the entries represent
relationships. The data matrix is projected to a low dimensional space
using linear techniques based on SVD (Tang et al., 2012), or non-linear
techniques based on multi-dimensional scaling (Tenenbaum et al., 2000;
Belkin and Niyogi, 2001; Hou et al., 2014). These methods have two
important drawbacks. First, they do not account for important structures
typically exhibited in networks such as high sparsity and skewed degree
distribution. Second, matrix factorization methods perform a global
factorization of the data matrix while a local-centric method might often
yield more useful feature representations (Kramer et al., 2014).

Limitations of matrix factorization are overcome by neural network
embeddings. Recent studies focused on embedding nodes into low-
dimensional vector spaces by first using random walks to construct the
network neighborhood of every node in the graph, and then optimizing an
objective function with network neighborhoods as input (Perozzi et al.,
2014; Tang et al., 2015; Grover and Leskovec, 2016). The objective
function is carefully designed to preserve both the local and global network
structures. A state-of-the-art neural network embedding algorithm is the
Node2vec algorithm (Grover and Leskovec, 2016), which learns feature
representations as follows: it scans over the nodes in a network, and for
every node it aims to embed it such that the node’s features can predict
nearby nodes, that is, node’s feature predict which other nodes are part
of its network neighborhood. Node2vec can explore different network
neighborhoods to embed nodes based on the principles of homophily (i.e.,
network communities) as well as structural equivalence (i.e., structural
roles of nodes).

A challenging problem for neural network embedding-based methods
is to learn features in multi-layer networks. Existing methods can learn
features in multi-layer networks either by treating each layer independently
of other layers, or by aggregating the layers into a single (weighted)
network. However, neglecting the existence of multiple layers or
aggregating the layers into a single network, alters topological properties
of the system as well as the importance of individual nodes with respect to
the entire network structure (De Domenico et al., 2016). This is a major
shortcoming of prior work that can lead to a wrong identification of the
most versatile nodes (De Domenico et al., 2015) and overestimation of
the importance of more marginal nodes (De Domenico et al., 2014). As
we shall show, this shortcoming also affects predictive accuracy of the
learned features. Our approach OhmNet overcomes this limitation since it
learns features in a multi-layer network in the context of the entire system
structure, bridging together different layers and generalizing methods
developed for learning features in single-layer networks (Section 3).

Finally, there exists recent work for task-dependent feature learning
based on graph-specific deep network architectures (Zhai and Zhang,
2015; Li et al., 2015; Xiaoyi et al., 2014; Wang et al., 2016a). Our
approach differs from those approaches in two important ways. First,
those architectures are task-dependent, meaning they directly optimize
the objective function for a downstream prediction task, such as cellular
function prediction in a particular tissue, using several layers of non-linear
transformations. Second, those architectures do not model rich graph
structures, such as multi-layer graphs with hierarchies.

3 Hierarchy-aware feature learning in

multi-layer networks

We formulate feature learning in multi-layer networks with hierarchical
dependencies as a maximum likelihood optimization problem. Let V be a
given set ofN nodes (e.g., proteins) {u1, u2, . . . , uN}, and let there beT

types of edges (e.g., protein interactions in different tissues) between pairs
of nodes u1, u2, . . . , uN . A multi-layer network is a general system in
which each biological context is represented by a distinct layer i (where
i = 1, 2, . . . , T ) of a system (Figure 1). We use the term single-layer

network (layer) for the network Gi = (Vi, Ei) that indicates the edges
Ei between nodesVi ✓ V within the same layer i. Our analysis is general
and applies to any (un)directed, (un)weighted multi-layer network.

We take into account the possibility that a node uk from layer i can be
related to any other node uh in any other layer j. We encode information
about the dependencies between layers in a hierarchical manner that we use
in the learning process. Let the hierarchy be a directed treeM defined over
a setM of objects by the parent-child relationships given by⇡ : M ! M,

where ⇡(i) is the parent of object i (Figure 1). For convenience, let Ci

denote the set of all children of object i in the hierarchy. Let T ⇢ M be
the set of all leaf objects in the hierarchy. We assume that each layer Gi is
attached to one leaf object in the hierarchy. As a result, the hierarchy has
exactly T leaf objects.

The problem of feature learning in a multi-layer network is to learn
functions f1, f2, . . . , fT , such that each function fi : Vi ! Rd maps
nodes in Vi to feature representations in Rd. Here, d is a parameter
specifying the number of dimensions in the feature representation of one
node. Equivalently, fi is a matrix of |Vi|⇥ d parameters.

We proceed by describing OhmNet, our approach for feature learning
in multi-layer networks. OhmNet has two components:

• single-layer network objectives, in which nodes with similar network
neighborhoods in each layer are encouraged to share similar features,
and

• hierarchical dependency objective, in which nodes in nearby layers
in the hierarchy are encouraged to share similar features.

We start by describing the model that considers the layers independently
of each other. We then extend the model to encourage nodes which are
nearby in the hierarchy to have similar features.

3.1 Single-layer network objectives

We start by formalizing the intuition that nodes with similar network
neighborhoods in each layer should share similar features. For that, we
specify one objective for each layer in a given multi-layer network. We
shall later discuss how OhmNet incorporates the dependencies between
different layers.

Our goal is to take layer Gi and learn fi which embeds nodes from
similar network regions, or nodes with similar structural roles, closely
together. In OhmNet, we aim to achieve this goal by specifying the
following objective function for each layer Gi. Given a node u 2 Vi,
the objective function !i seeks to predict, which nodes are members of
u’s network neighborhood Ni(u) based on the learned node features fi:

!i(u) = logPr(Ni(u)|fi(u)), (1)

where the conditional likelihood of every node-neighborhood node pair
is modeled as an independent softmax unit parameterized by a dot
product of nodes’ features, which corresponds to a single-layer feed-
forward neural network (Grover and Leskovec, 2016). Given a node
u, maximization of !i(u) tries to maximize classification of nodes in
u’s network neighborhood based on u’s learned representation. More
precisely, we use each current node as an input to a log-linear classifier,
and predict nodes that are in the neighborhood of the current node.

The objective ⌦i is defined for each layer i:

⌦i =
X

u2Vi

!i(u), for i = 1, 2, . . . , T. (2)
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Limitations of matrix factorization are overcome by neural network
embeddings. Recent studies focused on embedding nodes into low-
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objective function with network neighborhoods as input (Perozzi et al.,
2014; Tang et al., 2015; Grover and Leskovec, 2016). The objective
function is carefully designed to preserve both the local and global network
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!i(u) = logPr(Ni(u)|fi(u)), (1)
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product of nodes’ features, which corresponds to a single-layer feed-
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The objective is inspired by the intuition that nodes with similar network
neighborhoods tend to have similar meanings, or roles, in a network.
It formalizes this intuition by encouraging nodes in similar network
neighborhoods to share similar features.

We found that a flexible notion of a network neighborhoodNi is crucial
to achieve excellent predictive accuracy on a downstream cellular function
prediction task (Grover and Leskovec, 2016). For that reason, we use a
randomized procedure to sample many different neighborhoods of a given
node u. Technically, the network neighborhood Ni(u) is a set of nodes
that appear in an appropriately biased random walk defined on layer Gi

and started at node u (Grover and Leskovec, 2016). The neighborhoods
Ni(u) are not restricted to just immediate neighbors but can have vastly
different structures depending on the sampling strategy.

Next, we expand OhmNet’s single-layer network objectives to leverage
information provided by the tissue taxonomy and this way inform
embeddings across different layers.

3.2 Hierarchical dependency objective

So far, we specified T layer-by-layer objectives each of which estimates
node features in its layer independently of node features in other layers.
This means that nodes in different layers representing the same entity have
features that are learned independently of each other.

To harness the dependencies between the layers, we expand OhmNet

with terms that encourage sharing of protein features between the layers.
Our approach is based on the assumption that nearby layers in the
hierarchy are semantically close to each other and hence proteins/nodes
in them should share similar features. For example, in the tissue multi-
layer network, we model the fact that the “medulla” layer is part of the
“brainstem” layer, which is, in turn, part of the “brain” layer. We use the
dependencies among the layers to define a joint objective for regularization
of the learned features of proteins.

We propose to use the hierarchy in the learning process by
incorporating a recursive structure into the regularization term for every
object in the hierarchy. Specifically, we propose the following form of
regularization for node u that resides in hierarchy i:

ci(u) =
1

2
kfi(u)� f⇡(i)(u)k22. (3)

This recursive form of regularization enforces the features of node u in
the hierarchy i to be similar to the features of node u in i’s parent ⇡(i)
under the Euclidean norm. When regularizing features of all nodes in the
elements i of the hierarchy, we obtain:

Ci =
X

u2Li

ci(u), (4)

where Li = Vi if i 2 T is a leaf object in the hierarchy, and otherwise
Li = [j2TiVj . Here, Ti denotes the set of leaf objects in the sub-
hierarchy rooted at i. In words, we specify the features for both leaf as well
as internal, i.e., non-leaf, objects in the hierarchy, and we regularize the
features of sibling (i.e., sharing the same parent) objects towards features
in the common parent object in the hierarchy.

It is important to notice that OhmNet’s structured regularization allows
us to learn feature representations at multiple scales. For example, consider
a multi-layer network in Figure 2, consisting of four layers that are
interrelated by a two-level hierarchy. OhmNet learns the mappings fi, fj ,
fk , and fl that map nodes in each layer into a d-dimensional feature space.
Additionally, OhmNet also learns the mapping f2 representing features
for nodes V2 = Vi [ Vj at an intermediate scale, and the mapping f1

representing features for nodes V1 = Vi [ Vj [ Vk [ Vl at the highest
scale.

Fig. 2: A multi-layer network with four layers. Relationships between
the layers are encoded by a two-level hierarchyM. Leaves of the hierarchy
correspond to the network layers. Given networks Gi and hierarchy M,
OhmNet learns node embeddings captured by functions fi.

The modeling of relationships between layers in a multi-layer network
has several implications:

• First, the model encourages nodes which are in nearby layers in the
hierarchy to share similar features.

• Second, the model shares statistical strength across the hierarchy as
nodes in different layers representing the same protein share features
through ancestors in the hierarchy.

• Third, this model is more efficient than the fully pairwise model.
In the fully pairwise model, the dependencies between layers are
modeled by pairwise comparisons of nodes across all pairs of layers,
which takes O(T 2

N) time, where T is the number of layers and
N is the number of nodes. In contrast, OhmNet models inter-layer
dependencies according to the parent-child relationships specified by
the hierarchy, which takes only O(|M |N) time. Since OhmNet’s
hierarchy is a tree, it holds that |M | ⌧ T

2, meaning that the proposed
model scales more easily to large multi-layer networks than the fully
pairwise model.

• Finally, the hierarchy is a natural way to represent and model biological
systems spanning many different biological scales (Carvunis and
Ideker, 2014; Greene et al., 2015; Yu et al., 2016).

3.3 Full OhmNet model

Given a multi-layer network consisting of layers G1, G2, . . . , GT , and a
hierarchy encoding relationships between the layers, the OhmNet’s goal
is to learn the functions f1, f2, . . . , fT that map from nodes in each layer
to feature representations. OhmNet achieves this goal by fitting its feature
learning model to a given multi-layer network and a given hierarchy, i.e.,
by finding the mapping functions f1, f2, . . . , fT that maximize the data
likelihood.

Given the data, OhmNet aims to solve the following maximum
likelihood optimization problem:

max
f1,f2,...,f|M|

X

i2T
⌦i � �

X

j2M
Cj , (5)

which includes the single-layer network objectives for all network layers,
and the hierarchical dependency objectives for all hierarchy objects.
In Eq. (5), parameter � is a user-specified parameter representing the
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X

i2T
⌦i � �

X

j2M
Cj , (5)

which includes the single-layer network objectives for all network layers,
and the hierarchical dependency objectives for all hierarchy objects.
In Eq. (5), parameter � is a user-specified parameter representing the

𝐿| has all graphs appearing in sub-hierarchy rooted at 𝑖
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Solve the maximum likelihood problem:

Single-graph 
objective

Cross-graph
objective

4 Zitnik & Leskovec

The objective is inspired by the intuition that nodes with similar network
neighborhoods tend to have similar meanings, or roles, in a network.
It formalizes this intuition by encouraging nodes in similar network
neighborhoods to share similar features.

We found that a flexible notion of a network neighborhoodNi is crucial
to achieve excellent predictive accuracy on a downstream cellular function
prediction task (Grover and Leskovec, 2016). For that reason, we use a
randomized procedure to sample many different neighborhoods of a given
node u. Technically, the network neighborhood Ni(u) is a set of nodes
that appear in an appropriately biased random walk defined on layer Gi

and started at node u (Grover and Leskovec, 2016). The neighborhoods
Ni(u) are not restricted to just immediate neighbors but can have vastly
different structures depending on the sampling strategy.

Next, we expand OhmNet’s single-layer network objectives to leverage
information provided by the tissue taxonomy and this way inform
embeddings across different layers.

3.2 Hierarchical dependency objective

So far, we specified T layer-by-layer objectives each of which estimates
node features in its layer independently of node features in other layers.
This means that nodes in different layers representing the same entity have
features that are learned independently of each other.

To harness the dependencies between the layers, we expand OhmNet

with terms that encourage sharing of protein features between the layers.
Our approach is based on the assumption that nearby layers in the
hierarchy are semantically close to each other and hence proteins/nodes
in them should share similar features. For example, in the tissue multi-
layer network, we model the fact that the “medulla” layer is part of the
“brainstem” layer, which is, in turn, part of the “brain” layer. We use the
dependencies among the layers to define a joint objective for regularization
of the learned features of proteins.

We propose to use the hierarchy in the learning process by
incorporating a recursive structure into the regularization term for every
object in the hierarchy. Specifically, we propose the following form of
regularization for node u that resides in hierarchy i:

ci(u) =
1

2
kfi(u)� f⇡(i)(u)k22. (3)

This recursive form of regularization enforces the features of node u in
the hierarchy i to be similar to the features of node u in i’s parent ⇡(i)
under the Euclidean norm. When regularizing features of all nodes in the
elements i of the hierarchy, we obtain:

Ci =
X

u2Li

ci(u), (4)

where Li = Vi if i 2 T is a leaf object in the hierarchy, and otherwise
Li = [j2TiVj . Here, Ti denotes the set of leaf objects in the sub-
hierarchy rooted at i. In words, we specify the features for both leaf as well
as internal, i.e., non-leaf, objects in the hierarchy, and we regularize the
features of sibling (i.e., sharing the same parent) objects towards features
in the common parent object in the hierarchy.

It is important to notice that OhmNet’s structured regularization allows
us to learn feature representations at multiple scales. For example, consider
a multi-layer network in Figure 2, consisting of four layers that are
interrelated by a two-level hierarchy. OhmNet learns the mappings fi, fj ,
fk , and fl that map nodes in each layer into a d-dimensional feature space.
Additionally, OhmNet also learns the mapping f2 representing features
for nodes V2 = Vi [ Vj at an intermediate scale, and the mapping f1

representing features for nodes V1 = Vi [ Vj [ Vk [ Vl at the highest
scale.

Fig. 2: A multi-layer network with four layers. Relationships between
the layers are encoded by a two-level hierarchyM. Leaves of the hierarchy
correspond to the network layers. Given networks Gi and hierarchy M,
OhmNet learns node embeddings captured by functions fi.

The modeling of relationships between layers in a multi-layer network
has several implications:

• First, the model encourages nodes which are in nearby layers in the
hierarchy to share similar features.

• Second, the model shares statistical strength across the hierarchy as
nodes in different layers representing the same protein share features
through ancestors in the hierarchy.

• Third, this model is more efficient than the fully pairwise model.
In the fully pairwise model, the dependencies between layers are
modeled by pairwise comparisons of nodes across all pairs of layers,
which takes O(T 2

N) time, where T is the number of layers and
N is the number of nodes. In contrast, OhmNet models inter-layer
dependencies according to the parent-child relationships specified by
the hierarchy, which takes only O(|M |N) time. Since OhmNet’s
hierarchy is a tree, it holds that |M | ⌧ T

2, meaning that the proposed
model scales more easily to large multi-layer networks than the fully
pairwise model.

• Finally, the hierarchy is a natural way to represent and model biological
systems spanning many different biological scales (Carvunis and
Ideker, 2014; Greene et al., 2015; Yu et al., 2016).

3.3 Full OhmNet model

Given a multi-layer network consisting of layers G1, G2, . . . , GT , and a
hierarchy encoding relationships between the layers, the OhmNet’s goal
is to learn the functions f1, f2, . . . , fT that map from nodes in each layer
to feature representations. OhmNet achieves this goal by fitting its feature
learning model to a given multi-layer network and a given hierarchy, i.e.,
by finding the mapping functions f1, f2, . . . , fT that maximize the data
likelihood.

Given the data, OhmNet aims to solve the following maximum
likelihood optimization problem:

max
f1,f2,...,f|M|

X

i2T
⌦i � �

X

j2M
Cj , (5)

which includes the single-layer network objectives for all network layers,
and the hierarchical dependency objectives for all hierarchy objects.
In Eq. (5), parameter � is a user-specified parameter representing the
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Algorithm

1.For each graph 𝐺|:
§ Sample fixed-length random walks 

starting from each node 𝑢 ∈ 𝐺|
2.Optimize the objective using stochastic 

gradient descent
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Scalability: No pairwise comparison of 
nodes from different graphs:

𝑂(∑ 𝑉| |𝑉�|�
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Based on material from:
• Zitnik et al., 2017. Predicting multicellular function through multi-layer 

tissue networks. ISMB & Bioinformatics.
• Wang, Pourshafeie, Zitnik, et al., 2018. Network Enhancement as a 

general method to denoise weighted biological networks. Nature 
Communications.



What Does My Protein Do?
Goal: Given a protein, a tissue, and a function, predict how 
likely the protein has that function in that tissue

Protein	×	(Function, Tissue) → [0,1]
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WNT1
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WNT1
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Angiogenesis

Midbrain 
development

HPSE

Machine
Learning

multi-label node 
classification

Brain tissue Brain tissue



FemaleReproductiveSystemFemaleReproductiveSystem

ChoroidChoroid
EyeEye

NervousSystemNervousSystem

PlacentaPlacenta

IntegumentIntegument RetinaRetina
HindbrainHindbrain

PancreaticIsletPancreaticIslet
BasophilBasophil

SpinalCordSpinalCord

SpermatidSpermatid

EndocrineGlandEndocrineGland

ReproductiveSystemReproductiveSystem

ParietalLobeParietalLobe

HepatocyteHepatocyte

CorpusCallosumCorpusCallosum

PonsPons

TemporalLobeTemporalLobe

PancreasPancreas

OviductOviduct

BloodPlasmaBloodPlasma

LensLens

GliaGlia

Data: 107 Tissue Graphs
§ Graphs are PPI nets:

§ Nodes: proteins
§ Edges: tissue-specific PPIs

§ Tissue hierarchy:
§ BRENDA tissue ontology

§ Node labels:
§ Tissue-specific protein functions
§ GIANT / Human Base:

§ E.g., Function Cortex development in 
renal cortex tissue

§ E.g., Function Artery morphogenesis 
in artery tissue
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Networks

I Networks are a great way of encoding structure in the data

I We use Markov random fields (MRFs), which denote conditional
independencies between di↵erent entities

Introduction 4

One graph



Experimental Setup
§ Task: Multi-label node classification:

§ E.g., Does RPT1 play a role in angiogenesis in 
blood tissue?

§ Every node (protein) is assigned one or 
more labels (functions)

§ Setup:
§ Learn features for multimodal network
§ Train a classifier for each function based on a 

fraction of proteins and all their functions 
§ Predict functions for new proteins
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0.756OhmNet

Standard function 
prediction methods

Homogeneous 
network embeddings

Tensor 
decomposition

>10% improvement over function 
prediction methods

>18% improvement over non-
hierarchical versions of the dataset

>21% improvement over 
matrix-based methods
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Results: Protein Function 
Prediction Across Tissues

Substantial improvement over methods that ignore 
tissue-specific information



Case Study: 9 Brain Tissues

Frontal
lobe

Medulla
oblongata

PonsSubstantia
nigra

Midbrain

Parietal
lobe

Occipital
lobe

Temporal
lobe

Brainstem

Brain

Cerebellum

9 brain tissue PPI networks
in two-level hierarchy
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Multi-Scale Node Embeddings
Brainstem Brain

100

Learned protein embeddings match human anotomy



Application: Transfer Learning
Predict protein function in a brand new 

functionally uncharacterized tissue

9

TABLE 1: Area under ROC curve (AUROC) and area
under precision-recall curve (AURPRC) scores for tissue-
specific cellular function prediction. Values in the brackets
are halves of the interquartile distance. OHMNET’s results
are statistically significant with a p-value of less than 0.05.

Approach AUROC AUPRC

Tensor decomposition [25] 0.674 (± 0.124) 0.235 (± 0.052)
GeneMania [47] 0.683 (± 0.077) 0.274 (± 0.094)
Independent LINE [31] 0.642 (± 0.053) 0.261 (± 0.068)
Collapsed LINE [31] 0.663 (± 0.047) 0.271 (± 0.053)
Independent Node2vec [24] 0.649 (± 0.063) 0.283 (± 0.052)
Collapsed Node2vec [24] 0.697 (± 0.085) 0.298 (± 0.061)
OHMNET 0.756 (± 0.067) 0.336 (± 0.045)

5.2 Transfer of functions to a new tissue

Experimental setup. In the transfer learning setting,
we attempt to transfer knowledge learned in one or
more source layers and use it for prediction in a target
layer.

As before, we apply OHMNET to obtain a sepa-
rate feature vector for every node and every layer in
an unsupervised way. We then consider, in turn, every
tissue as a target layer and all other tissues as source
layers. For every function and every source layer, we
train a separate classifier using the same classification
model as in Section 5.1. We then predict functions
for the target layer using only classifiers trained on
the source layers. Prediction for one node in the
target layer is the weighted average of predictions of
the trained classifiers. Weights reflect hierarchy-based
distances of source tissues from the target tissue.
They are determined by the closed-form expressions
mathematically equivalent to OHMNET’s regulariza-
tion (details omitted due to space constraints).

Experimental results. Table 2 shows the classifica-
tion accuracy results for transfer learning based on
OHMNET. Since transfer tasks are more difficult than
non-transfer tasks (Section 5.1), it is expected that
the AUC scores will decrease on transfer tasks. Re-
sults in Table 2 confirm these expectations; however,
we observe a very graceful degradation in perfor-
mance leading to an only 7% average decrease in
the AUC scores. We get the smallest performance
differences for target tissues with many biologically
similar source tissues (i.e., source layers) in the tissue
network. For example, performance difference for
the forebrain is only 5.2%, which is due to the
fact that there are nine other layers in the tissue
network closely related to the forebrain, such as the
cerebellum and the midbrain. Considering all 48 tis-

TABLE 2: Area under ROC curve (AUROC) scores for
transfer learning. Shown are the scores for ten tissues
with best performance on cellular function prediction task.
“Original”/“Transfer”: a classifier is trained on a tissue and
then used to predict a cellular function in that/some other
tissue.

Target tissue AUROC (Original) AUROC (Transfer)

Natural killer cell 0.834 (± 0.076) 0.776 (± 0.063)
Placenta 0.830 (± 0.082) 0.758 (± 0.068)
Spleen 0.803 (± 0.030) 0.779 (± 0.043)
Liver 0.803 (± 0.047) 0.741 (± 0.025)
Forebrain 0.796 (± 0.036) 0.755 (± 0.037)
Macrophage 0.789 (± 0.037) 0.724 (± 0.024)
Epidermis 0.785 (± 0.030) 0.749 (± 0.032)
Hematopoietic stem c. 0.784 (± 0.035) 0.744 (± 0.036)
Blood plasma 0.784 (± 0.027) 0.703 (± 0.039)
Smooth muscle 0.778 (± 0.031) 0.729 (± 0.041)

Average 0.799 0.746

sues with tissue-specific cellular functions, OHMNET
outperforms all comparison methods on most transfer
tasks, achieving a gain of up to 20.3% over the
closest benchmark in AUC scores (scores not shown).
Notice that we exclude GeneMania in the comparison
because it is not amenable to transfer learning. This
result suggests that considering the relationships be-
tween tissues when learning features for proteins has
a significant impact on transfer performance.

Generally speaking, we observed that the trans-
ferability of classifiers decreased when the tree-based
distance between the source and the target tissue in
the tissue hierarchy increased, which is consistent
with the empirical evidence in transfer learning [48].
This also matches our intuition that a source tissue
should be most informative for predicting cellular
functions in anatomically close target tissue (e.g.,
source and target tissues are both part of the same
organ).

Finally, transfer learning is especially important
for biological data where many tissues are short
of functionally labeled proteins. Since experimental
labeling of a sufficient number of training proteins
for diverse cellular functions and tissues is resource-
intensive, there is strong motivation to build effective
classifiers that can leverage rich labeled proteins in a
different tissue.

5.3 The multiscale model of brain tissues

In Section 4.1 we observed that human tissues have
a multi-level hierarchical organization. The tissue
hierarchy categorizes tissues into: cell types, groups

42% improvement 
over baselines

G1
G2

G3
G4

Task: Predict functions in 
target tissue without access 
to any annotation/label in that 
tissue
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1) Biological networks
§ Why networks? Why is learning on networks hard?

2) Node embeddings
§ Methodology: Map nodes to vector representations
§ Applications: PPIs, Disease pathways

3) Heterogeneous networks
§ Methodology: Embedding heterogeneous networks
§ Applications: Human tissues

Outline of this Lecture
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Lecture Resources
§ MAMBO: Multimodal biomedical networks

§ Scales to networks with 2.3 billion edges and over 
2,000 modes

§ snap.stanford.edu/mambo
§ Network data:
§ snap.stanford.edu/projects.html: 

§ CRank, Decagon, MAMBO, NE, OhmNet, Pathways, 
Tree of Life, and many others

§ snap.stanford.edu/biodata
§ Algorithm benchmarking, method development 
§ Easy to link entities across datasets
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Two Lectures
Part1: May 15, 2019, 2:30 pm - 4:00 pm
§ Methodology: Shallow network embeddings: 

§ Map nodes to low-dimensional features
§ Resources: Data, tools, codebases
§ Applications: PPIs, Disease pathways, Tissues

Part2: May 16, 2019, 9:00 am – 10:30 am
§ Methodology: Deep network embeddings: 

§ Graph neural networks for rich biomedical graphs
§ Resources: Data, practical advice and demos
§ Applications: Polypharmacy, Drug repurposing
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