
CS246: Mining Massive Datasets
Jure Leskovec, Stanford University
Mina Ghashami, Amazon

http://cs246.stanford.edu

Note to other teachers and users of these slides: We would be delighted if you found our
material useful for giving your own lectures. Feel free to use these slides verbatim, or to 
modify them to fit your own needs. If you make use of a significant portion of these slides 
in your own lecture, please include this message, or a link to our web site: http://www.mmds.org

http://www.mmds.org/


It is to learn a mapping that embeds nodes, 
subgraphs, or the entire graphs, as points in a 
low-dimensional vector space.

Such that geometric relationships in the learned 
space reflect the structure of the original graph.
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Examples of link prediction task:
- Identifying real-world friends in social network
- Discovering novel interactions between genes in genomics
- Recommender systems
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Classifying the 
function of proteins 
in the interactome

Image from: Ganapathiraju et al. 2016. Schizophrenia interactome with 504 novel 
protein–protein interactions. Nature.
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learn the features

¡ (Supervised) Machine Learning Lifecycle 
requires feature engineering every 
single time!
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Goal: Efficient task-independent 
feature learning for machine learning 

in networks!
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vecnode
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Feature representation, 

embedding

u
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What is network embedding?
• We map each node in a network into a low-

dimensional space
– Distributed representation for nodes
– Similarity between nodes indicate the link 

strength 
– Encode network information and generate node 

representation
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Task: We map each node in a network to a 
point in a low-dimensional space
§ Distributed representation for nodes
§ Similarity of embedding between nodes indicates 

their network similarity
§ Encode network information and generate node 

representation
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2D embedding of nodes of the Zachary’s 
Karate Club network:

Jure Leskovec & Mina Ghashami, Stanford C246: Mining Massive Datasets

Example

• Zachary’s Karate Network:
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Image from: Perozzi et al. DeepWalk: Online Learning of Social Representations. KDD 2014.
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Assume we have a graph G:

¡ V is the vertex set

¡ A is the adjacency matrix (assume binary)

¡ No node features or extra information is 
used!
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¡ Goal is to encode nodes so that similarity in 
the embedding space (e.g., dot product) 
approximates similarity in the original 
network  
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similarity(u, v) ⇡ z>v zuGoal:

Need to define!
in the original network Similarity of the embedding
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1. Define an encoder (i.e., a mapping from 
nodes to embeddings)

2. Define a node similarity function (i.e., a 
measure of similarity in the original 
network)

3. Optimize the parameters of the encoder 
so that:
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similarity(u, v) ⇡ z>v zu
in the original network Similarity of the embedding
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¡ Encoder maps each node to a low-
dimensional vector

¡ Similarity function specifies how relationships 
in vector space map to relationships in the 
original network
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enc(v) = zv
node in the input graph

d-dimensional 
embedding

Similarity of u and v in 
the original network

dot product between node 
embeddings

similarity(u, v) ⇡ z>v zu
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¡ Simplest encoding approach: encoder is just 
an embedding-lookup
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Matrix, each column is 𝑑-dim node 
embedding  [what we learn!]
Indicator vector, all zeroes 
except for a “1” at the 
position that corresponds to 
node 𝑣

enc(v) = Zv

Z ! Rd! |V|

v ! I |V|
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¡ Simplest encoding approach: encoder is just 
an embedding-lookup
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Z = Dimension/size 
of embeddings

one column per node 

embedding 
matrix

embedding vector for a 
specific node
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!"#$%&'()&*+,-"*.)/$$0,/+12)encoder is 
just an embedding-lookup

Each node is assigned a unique 
embedding vector

3/*4)#&(1,-'2)*,-&56&+7) 8&&$9/%:7);<=>
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Key choice of methods is how they define node 
similarity.

E.g., should two nodes have similar embeddings 
if they…
! !"#$%&''#%(#)*
! +,!"#$'#-.,/&"+*
! +-0-1!"$2+("3%(3"!1$"&1#+4*
! 5*
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Material based on:
! Perozzi et al. 2014. DeepWalk: Online Learning of Social Representations. KDD.
! Grover et al. 2016. node2vec: Scalable Feature Learning for Networks. KDD.

https://arxiv.org/pdf/1403.6652.pdf
https://cs.stanford.edu/~jure/pubs/node2vec-kdd16.pdf
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Probability that !
and " co-occur on 
a random walk over 

the network

z!
u zv !

! ! !"#$%#&&'()"*+"(*&#" "
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¡ For every 𝑢, what 𝑣 to consider?

¡ Idea: Consider nearby nodes

¡ For a node 𝑢, consider all 𝑣 in neighborhood of u
§ ! ! " … neighbourhood of " obtained by some 

strategy #
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;< Run short fixed-length random walks 
starting from each node on the graph using 
some strategy R

=< For each node 𝑢 collect 𝑁"(𝑢), the multiset!

of nodes visited on random walks starting 
from u

>< Optimize embeddings according to: Given 
node 𝑢, predict its neighbors 𝑁#(𝑢)

max
$

3
% ∈'

log P(𝑁#(𝑢)| 𝑧%)
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Putting it all together:

!"#$%&'($)**$
+%,'!$"

!"#$%&'($+%,'!$#
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Optimizing random walk embeddings =

Finding node embeddings 𝒛 that minimize L

L =
!

u! V

!

v! N R (u)

! log
"

exp(z"
u zv )

#
n ! V exp(z"

u zn )

$
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But doing this naively is too expensive!!

!"#$"%&#'(&)*"+&,)%"#&-.*"#&
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#
n ! V exp(z"

u zn )

$
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But doing this naively is too expensive!!

The normalization term from the softmax is the 
culprit… can we approximate it? 

L =
!

u! V

!

v! N R (u)

! log
"

exp(z"
u zv )

#
n ! V exp(z"

u zn )

$
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log
!
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"
n " V exp(z!

u zn )

#

! log(! (z!
u zv )) "

k$

i =1

log(! (z!
u zn i )) , ni # PV

¡ Solution: Negative sampling

Instead of normalizing w.r.t. all nodes, just 
normalize against 𝑘 random “negative samples” 𝑛(
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+5,%)(&%.#$+.6'$.),&
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! Sample 𝑘 negative nodes proportional to degree
! Two considerations for 𝑘 (# negative samples):

78 901:'($$ 10&'!$#%('$(%5"!/$'!/0#)/'!

;8 901:'($$ 4%(('!3%+,!$/%$:01:'($4%#3"/)/0%+$4%!/

<+$3()4/04'$$ %=>;?
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We can efficiently approximate this using 
negative sampling!

L =
!

u! V

!

v! N R (u)

! log(P(v|zu ))
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¡ So far we have described how to optimize 
embeddings given random walk statistics

¡ What strategies should we use to run these 
random walks?
! 7.(01"#$&.%"58&!"#$%&"'%()*+,-.+'/$01%"'2)3#+,%

&3',45%63.7#%#$3&$)'/%(&45%+380%'4,+%9.:":;&
<""0=51> ?+)(&@"+)AA."$&51:;&BCDEF:
! !"#$%&&'#$%&$(")($&'*"$+,(%,+$,-$&%.%/)0%(1$%&$(,,$*,+&(0)%+#2

! G)H&/5,&H"&-","+51.A"&$I.#J
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Idea: use flexible, biased random walks that can 
trade off between local and global views of the 
network (Grover and Leskovec, 2016).  
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ABSTRACT
Prediction tasks over nodes and edges in networks require careful
effort in engineering features for learning algorithms. Recent re-
search in the broader Þeld of representation learning has led to sig-
niÞcant progress in automating prediction by learning the features
themselves. However, present approaches are largely insensitive to
local patterns unique to networks.

Here we proposenode2vec, an algorithmic framework for learn-
ing feature representations for nodes in networks. Innode2vec, 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 deÞne a ßexible notion of nodeÕs
network neighborhood and design a biased random walk proce-
dure, which efÞciently 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 ßexibility in exploring neighborhoods
is the key to learning richer representations.

We demonstrate the efÞcacy ofnode2vecover existing state-
of-the-art techniques on multi-label classiÞcation and link predic-
tion in several real-world networks from diverse domains. Taken
together, our work represents a new way for efÞciently learning
state-of-the-art task-independent node representations in complex
networks.

Categories and Subject Descriptors:H.2.8[Database Manage-
ment]: Database applicationsÑData mining; I.2.6 [ArtiÞcial 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 classiÞcation
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 nodeu (k = 3 ).

and edges. A typical solution involves hand-engineering domain-
speciÞc features based on expert knowledge. Even if one discounts
the tedious work of feature engineering, such features are usually
designed for speciÞc 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 deÞn-
ing an objective function, which involves a trade-off in balancing
computational efÞciency and predictive accuracy. On one side of
the spectrum, one could directly aim to Þnd 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 deÞned 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 efÞcient and with a carefully designed objective, it results
in task-independent features that match task-speciÞc approaches in
predictive accuracy [25, 27].

However, current techniques fail to satisfactorily deÞne 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 efÞcient algorithms but are largely insensitive to patterns
unique to networks. SpeciÞcally, 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 nodesu ands1 belong-
ing to the same community exhibit homophily, while the hub nodes
u ands6 in the two communities are structurally equivalent. Real-
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Two classic strategies to define a neighborhood 
𝑁" 𝑢 of a given node 𝑢:

Walk of length 3 (𝑁" 𝑢 of size 3):
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𝑁)*+ 𝑢 = { 𝑠,, 𝑠-, 𝑠.}

𝑁/*+ 𝑢 = { 𝑠0, 𝑠1, 𝑠2}
Local microscopic view
Global macroscopic view
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1. INTRODUCTION
Many important tasks in network analysis involve some kind of

prediction over nodes and edges. In a typical node classiÞcation
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
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and edges. A typical solution involves hand-engineering domain-
speciÞc features based on expert knowledge. Even if one discounts
the tedious work of feature engineering, such features are usually
designed for speciÞc 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 deÞn-
ing an objective function, which involves a trade-off in balancing
computational efÞciency and predictive accuracy. On one side of
the spectrum, one could directly aim to Þnd 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 deÞned 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 efÞcient and with a carefully designed objective, it results
in task-independent features that match task-speciÞc approaches in
predictive accuracy [25, 27].

However, current techniques fail to satisfactorily deÞne 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 efÞcient algorithms but are largely insensitive to patterns
unique to networks. SpeciÞcally, 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 nodesu ands1 belong-
ing to the same community exhibit homophily, while the hub nodes
u ands6 in the two communities are structurally equivalent. Real-
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Biased fixed-length random walk 𝑹 that given a 
node 𝒖 generates neighborhood 𝑵𝑹 𝒖
¡ Two parameters:
§ !"#$%&'()%)*"#"%'$+

! A'/"(+$5)4.$/%$/:'$3('&0%"!$+%,'

§ ,&-.$#'()%)*"#"%'%+
! B%&0+1$%"/-)(,!$CDEFG$&!8$!3('),0+1$CHEFG
! <+/"0/0&'*6I$&0!$/:'$J()/0%K$%2$HEF$&!8$DEF
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Biased 2"# -order random walks explore network 
neighborhoods:

§ Rnd. walk just traversed edge &' #() * and is now at )
§ ,&/012#+Neighbors of ) can only be:

,3")+ Remember where that walk came from
Jure Leskovec & Mina Ghashami, Stanford C246: Mining Massive Datasets
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¡ Walker came over edge (s,, w) and is at w. 
Where to go next?

¡ 𝑝, 𝑞 model transition probabilities
§ + … return parameter
§ , … “walk away” parameter

Jure Leskovec & Mina Ghashami, Stanford C246: Mining Massive Datasets
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¡ Walker came over edge (s,, w) and is at w. 
Where to go next?

§ 456-708"walk: Low value of +
§ 956-708"walk: Low value of ,

𝑁"(𝑢) are the nodes visited by the biased walk
Jure Leskovec & Mina Ghashami, Stanford C246: Mining Massive Datasets
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¡ 1) Compute random walk probabilities
¡ 2) Simulate 𝑟 random walks of length 𝑙 starting 

from each node 𝑢
¡ 3) Optimize the node2vec objective using 

Stochastic Gradient Descent

Linear-time complexity. 
All 3 steps are individually parallelizable
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Small network of interactions of characters in a 
novel:

Jure Leskovec & Mina Ghashami, Stanford C246: Mining Massive Datasets

Figure 3: Complementary visualizations of Les MisŽrables co-
appearance network generated bynode2vecwith label colors
reßecting 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 asnode2vecpa-
rameters are set such that they generate equal samples at runtime.
As an example, ifK is the overall sample constraint, then thenode2vec
parameters satisfyK = r ál á |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 bynode2vecin (2). How-
ever, hierarchical softmax is inefÞcient 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 innode2vecand LINE. Second, bothnode2vecand
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 fork epochs.

The parameter settings used fornode2vecare in line with typ-
ical values used for DeepWalk and LINE. SpeciÞcally,d = 128,
r = 10 , l = 80 , k = 10 and the optimization is run for a single
epoch. (Following prior work [34], we used = 500 for spec-
tral clustering.) All results for all tasks are statistically signiÞcant
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
node2vecsettings (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 classiÞcation 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 overp, q ! { 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 classiÞcation
In the multi-label classiÞcation setting, every node is assigned

one or more labels from a Þnite setL . 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 ifL is large. We perform multi-label classiÞcation
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 Þrst 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 Ôfamiliar strangersÕ, 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 Þnd, 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 MisŽrables co-
appearance network generated bynode2vecwith label colors
reßecting 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 asnode2vecpa-
rameters are set such that they generate equal samples at runtime.
As an example, ifK is the overall sample constraint, then thenode2vec
parameters satisfyK = r ál á |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 bynode2vecin (2). How-
ever, hierarchical softmax is inefÞcient 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 innode2vecand LINE. Second, bothnode2vecand
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 fork epochs.

The parameter settings used fornode2vecare in line with typ-
ical values used for DeepWalk and LINE. SpeciÞcally,d = 128,
r = 10 , l = 80 , k = 10 and the optimization is run for a single
epoch. (Following prior work [34], we used = 500 for spec-
tral clustering.) All results for all tasks are statistically signiÞcant
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
node2vecsettings (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 classiÞcation 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 overp, q ! { 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 classiÞcation
In the multi-label classiÞcation setting, every node is assigned

one or more labels from a Þnite setL . 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 ifL is large. We perform multi-label classiÞcation
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 Þrst 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 Ôfamiliar strangersÕ, 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 Þnd, 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
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network neighbourhood

p=1, q=0.5
Macroscopic view of the 
network neighbourhood

5/11/23



=">)$"*3)+0*$%,&%<*)+*01"0/'#,*),4'#7*)'3)>*
! ),%2+0-?&)$0+#$&,&5),6/"+%&+5&$2*$.&H-$5/I
! ),%2+0-?&,22&,&5),6/"+%&+5&$2*$.&H)"*7/I

Jure Leskovec & Mina Ghashami, Stanford C246: Mining Massive Datasets

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Fraction of missing edges

0.00

0.05

0.10

0.15

0.20

M
ac

ro
-F

1
sc

or
e

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Fraction of additional edges

0.00

0.05

0.10

0.15

0.20

M
ac

ro
-F

1
sc

or
e

Pr
ed

ic
tiv

e 
pe

rfo
rm

an
ce

Pr
ed

ic
tiv

e 
pe

rfo
rm

an
ce

5/11/23



9'4$%84:+&+,%)'%,+$3).+,%0+&+%2"$%(4&%;4"&%&+(+&+'8+<
! =)((+&+'$%7)',#%4(%2)3#+,%&3',45%63.7#>

! H)!',$%+$+%,'$)//(05"/'!$CD%+1$'/$)*8I$;?7LG8
! H)!',$%+$)$*')(+',$-'01:/!$CM5">N*>9)0O)$'/$)*8I$;?7LG

! ?.$+&'3$):+%4@$)5)A3$)4'%#80+5+#>
! D0('4/*6$%3/0#0P'$5)!',$%+$7>:%3$)+,$;>:%3$()+,%#$-)*.$

3(%5)50*0/0'!$C)!$0+$Q<RN$2(%#$S)+1$'/$)*8$;?7=G8
! B+$64&7%@&+@&48+##)'/%$+80')C"+#>

! A"+$()+,%#$-)*.!$%+$#%,020',$&'(!0%+!$%2$/:'$%(010+)*$
+'/-%(.$C'818I$A05'0(%$'/$)*8$;?7LT!$!/("4/;&'4I$U:'+$'/$)*8$
;?7VT!$9MAWG8

Jure Leskovec & Mina Ghashami, Stanford C246: Mining Massive Datasets5/11/23

https://ericdongyx.github.io/papers/KDD17-dong-chawla-swami-metapath2vec.pdf
https://arxiv.org/abs/1710.09599
https://arxiv.org/abs/1503.03578
https://arxiv.org/pdf/1704.03165.pdf
https://arxiv.org/abs/1706.07845
https://arxiv.org/abs/1706.07845


¡ How to use embeddings 𝒛𝒊 of nodes:
§ :7$/#"%0&1;<.**$&0#='3"#"<#0.&+Cluster 

nodes/points based on / $

§ >.3"'<7)//0?0<)#0.&+Predict label 0&/ $* of node 1
based on / $

§ @0&8'(%"30<#0.&+Predict edge &1(2* based on 0&/ $(/%*
! X:'('$-'$4)+Y$4%+4)/'+)/'I$ )&1I$3(%,"4/I$%($/).'$)$
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¡ Basic idea: Embed nodes so that similarities 
in embedding space reflect node similarities 
in the original network.

¡ Different notions of node similarity:
§ Adjacency-based (i.e., similar if connected)
§ Multi-hop similarity definitions.
§ Random walk approaches A<.B"%"3'#.3)=C
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¡ So what method should I use..?
¡ No one method wins in all cases….

! K:-:;&,)%"B*"/&0"+?)+(#&6"$$"+&),&,)%"&/15##.?./5$.),&
HI.1"&('1$.LI)0&("$I)%#&0"+?)+(&6"$$"+&),&1.,>&
0+"%./$.),&9M)351&5,%&N"++5+5;&BCDO&#'+*"3F

¡ Random walk approaches are generally more 
efficient

¡ In general: Must choose def’n of node 
similarity that matches your application!
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