
Attributed network embedding

q Motivations & challenges

q Mining attributed networks with shallow embedding
Coupled spectral embedding
Coupled matrix & tri-factorization
Random walk based embedding

q Mining attributed networks with deep embedding

q Human-centric network analysis

14
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Coupled spectral embedding

● Spectral embedding on plain networks:

● For each pair of nodes ' and (, larger )$* tends to make their vector 
representations more similar

● Spectral Graph Theory: Eigenvalues are strongly connected to
almost all key invariants of a graph

● How to extend spectral embedding to attributed networks?
○ Challenges: Heterogeneity & Large Scale

Normalized Graph Laplacian

minimize
U

1

2

nX

i,j=1

gijk
uip
di

� ujp
dj

k22 = Trace[U>(I�D� 1
2GD� 1

2 )U]

<latexit sha1_base64="XHq/634jARfcx/UBrJUjFcR2y38="></latexit>
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Label informed attributed network embedding

● Goal: embed nodes with similar network structure, attribute
proximity, or same label into similar vector representations
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Couple embedding via correlation projection

● Though network !, node attributes ", labels + are heterogeneous,
node proximities defined by !, ", + are homogeneous

● We map the node proximities in network and node attributes into
two latent representations via spectral embedding
and fuse them by extracting their correlations
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U(G) and U(A)

maximize
U(G),U(A)

Tr(U(G)>L(G)U(G) + ↵U(A)>L(A)U(A) + ↵U(A)>U(G)U(G)>U(A))
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Uniform projections

● Consider nodes with the same label as a clique, and employ the 
learned network proximity to smooth the label information

● Uniformly project all of the learned latent representations into %

n1
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n5
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Projections

II. Label Informed Embedding
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maximize
U(G),U(Y )

Tr
⇣
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⇣
H
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Experimental results

● LANE and its variation outperform Original Features

● LANE achieves significantly better performance than the state-of-
the-art embedding algorithms
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Summary of coupled spectral embedding

I. Convert node attributes into a network by computing the affinity
matrix and couple multiple spectral embedding

○ Label informed attributed network embedding, WSDM 2017
○ Co-regularized multi-view spectral clustering, NIPS 2011

○ ANE for learning in a dynamic environment, CIKM 2017
■ Initialization:

■ Joint representations:

maximize
U(G),U(A)

Tr(U(G)>L(G)U(G) + ↵U(A)>L(A)U(A) + ↵U(A)>U(G)U(G)>U(A))

maximize
p,q

p>U(G)>U(G)p+ p>U(G)>U(A)q+ q>U(A)>U(G)p+ q>U(A)>U(A)q
<latexit sha1_base64="MBvsX2vCzDB4BTg2b7h/D3fODX4="></latexit>

H = [U(G),U(A)]⇥ [P,Q]
<latexit sha1_base64="rBSUD4aV9/1So7c9ZD98gE68thY="></latexit>
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Summary of coupled spectral embedding

II. Leverage spectral embedding to handle networks and couple with
other low-rank approximations, including matrix factorization

○ Exploring context and content links in social media, TPAMI 2012

○ Attributed signed network embedding, CIKM 2017
■ Use spectral embedding to encode node attribute affinity matrix

III.Spectral filters in graph neural networks
○ Eigenvalues & Eigenvectors are identified as the frequencies of graph &

graph Fourier modes
○ CNN on graphs with fast localized spectral filtering, NIPS 2016
○ Semi-supervised classification with graph convolutional networks, 2016
○ GCN networks with complex rational spectral filters, 2019

minimize
H

kA�Hk2F + �Trace[H>(D�G)H] + �kHk⇤
<latexit sha1_base64="IgeCW86HUjX3RpuI+09klVvUdIA="></latexit>
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Coupled matrix & tri- factorization

● Learning a unified representation from two matrices is trivial

● Intuitive solutions:
○ Combining Content and Link for Classification 

using Matrix Factorization, 2007 (LCMF)

● Focuses:
○ Factorizing networks
○ Improving efficiency

min
H,U,V

kG�HUk2F + ↵kA�HVk2F
<latexit sha1_base64="zH7TzDlu2JMMCMgFEDsW16VbL+s="></latexit>

min
H,U,V

kG�HUH
>k2F + ↵kA�HVk2F + �kUk2F + �kVk2F

<latexit sha1_base64="r0vmLxYek7VmTvikqnBipPFebKw="></latexit>
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Accelerated attributed network embedding

● Goal: Preserve the network & node attributes into a unified latent
representation, in an efficient way

● AANE accelerates the optimization by decomposing it into low
complexity sub-problems
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Network structure modeling

● Objective function:

● Network lasso [Hallac et al. KDD, 2015]:
○ If we use squared norms, it would reduce to Laplacian regularization
○ A generalization of group lasso, encouraging ℎ$ = ℎ* across the edge
○ For each edge ' to (, set {(ℎ$1−ℎ*1), (ℎ$4−ℎ*4), … } as a group
○ Group lasso:

● 7 adjusts the size of clustering groups

● ℓ4-norm alleviates the impacts from outliers and missing data

min
H

J = kS�HH
>k2F + �

X

(i,j)2E

gijkhi � hjk2.
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Network Lasso

min
���

ky �X���k22 + �
X

I=1,...,I

k���Ik2
<latexit sha1_base64="a4nNSpO7b1tXZxpfBSehOCN2oH8="></latexit>
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Incorporating node attribute affinities

● Though network & node attributes are heterogeneous info, node
proximity defined by attributes is homogenous with network

● Based on the decomposition of similarities defined by attributes and
penalty of embedding difference between connected nodes

min
H

J = kS�HH
>k2F + �

X

(i,j)2E

gijkhi � hjk2.
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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Acceleration via distributed optimization

● Make sub-problems independent to each other to allow parallel
computation
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Low-complexity independent sub-problems

● Make a copy of %, named >

● Reformulate objective function into a linearly constrained problem

● Given fixed %, all the row J$ could be calculated independently

● Each sub-problem only needs row <$, not the entire K

● Time complexity of updating #$ is , with space
complexity

min
H

nX

i=1

ksi�hiZ
>k22 + �

X

(i,j)2E

gijkhi � zjk2,

subject to hi = zi, i = 1, . . . , n.
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Algorithm 1: Accelerated Attributed Network
Embedding

Input: W, A, d, ✏.
Output: Embedding representation H.
1 A0  First 2d columns of A;
2 Set k = 0, and Hk

 Left singular vectors of A0;
3 Set Uk = 0, Zk = Hk, and calculate S;
4 repeat

5 Calculate Zk>Zk;
/* Assign these n tasks to t workers: */

6 for i = 1 : n do
7 Update hk+1

i based on Eq. (3.10);

8 Calculate Hk+1>Hk+1;
/* Assign these n tasks to t workers: */

9 for i = 1 : n do
10 Update zk+1

i based on Eq. (3.11);

11 Uk+1
 Uk + (Hk+1

� Zk+1);
12 k  k + 1;
13 until krkk2  ✏pri and kskk2  ✏dual;
14 return H.

3.5 Complexity Analysis As it is typical for
ADMM [2], Algorithm 1 tends to converge to a modest
accuracy in a few iterations. In the initialization, the
time complexity for calculating singular vectors of an n
by d matrix A0 is O(d2n), and we denote the number
of operations required to obtain the attribute a�nity
matrix S as TS. In each subtask, the updating time for
hi should be O(d3+dn+d|N(i)|) since we only need to

compute Zk>Zk once per iteration. Since d⌧ n, it can
be reduced to O(n). It is easy to check that the space
complexity of each subtask is also O(n). Therefore, the

total time complexity of AANE should be O(nNA+ n2

t ),
where NA is the number of nonzero in A.

4 Experiments

In this section, we empirically evaluate the e↵ectiveness
and e�ciency of the proposed framework AANE. We
aim at answering three questions as follows. (1) What
are the impacts of node attributes on network embed-
ding? (2) How e↵ective is the embedding representation
learned by AANE compared with other learning meth-
ods on real-world attributed networks? (3) How e�cient
is AANE compared with the state-of-the-art methods?
We first introduce the datasets used in the experiments.

4.1 Datasets Three real-world attributed networks
BlogCatalog, Flickr and Yelp are used in this work. All
of them are publicly available and the first two also have
been used in previous work [14, 20]. Statistics of the
datasets are summarized in Table 2.

Dataset BlogCatalog Flickr Yelp
Nodes (|V|) 5,196 7,564 249,012
Edges (|E|) 171,743 239,365 1,779,803

Attribute (m) 8,189 12,047 20,000
Label (`) 6 9 11

Table 2: Detailed information of the three datasets.

BlogCatalog is a blogger community, where users in-
teract with each other and form a network. Users are
allowed to generate keywords as a short description of
their blogs. These keywords are severed as node at-
tributes. Users also register their blogs under predefined
categories, and we set them as labels. The user with no
follower or predefined category has been removed.
Flickr is an online community that people can share
photos. Photographers can follow each other and form
a network. We employ the tags specified on their
images as attribute information. We set the groups that
photographers joined as labels.
Yelp2 is a social networking service, where crowd-
sourced reviews about local businesses are shared. We
employ users’ friend relationships to form the network.
Bag-of-words model is used to represent users’ reviews
as attribute information. All local businesses are sepa-
rated into eleven primary categories, such as Active Life,
Fast Food and Services. A user may have reviewed one
or several businesses. We use the categories of these
businesses as the user’s labels.

4.2 Baseline Methods AANE is compared with
two categories of baseline methods. To evaluate the con-
tribution of incorporating node attributes, two scalable
network embedding methods and a classical method
for modeling attributes are used for comparison, i.e.,
DeepWalk, LINE and PCA. To investigate the e↵ec-
tiveness and e�ciency of AANE, we compare it with
two state-of-the-art attributed network learning meth-
ods, i.e., LCMF and MultiSpec. The detailed descrip-
tions of these methods are listed as follows.

• DeepWalk [29]: It involves language modeling tech-
niques to analyze the truncated random walks on a
graph. It embeds the walking tracks as sentences,
and each vertex corresponds to a unique word.

• LINE [34]: It embeds the network into a latent
space by sampling both one-hop and two-hop neigh-
bors of each node. It is one of the state-of-the-art
scalable network embedding methods.

• PCA [16]: It is a classical dimensionality reduction
technique. It takes the top d principal components
of attribute matrixA as the learned representation.

2https://www.yelp.com/dataset_challenge/dataset

O(n)
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Summary of coupled matrix & tri- factorization

I. Accelerate coupled matrix factorization via distributed optimizations
○ Accelerated attributed network embedding, SDM 2017
○ Accelerated local anomaly detection via resolving AN, IJCAI 2017

■

■ A parallel mini-batch SGD to accelerate the optimization
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H,V

kG�HH
>k2F + ↵kA�HVk2F + �(kHk2F + kVk2F)
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29

Summary of coupled matrix & tri- factorization

II. Modeling networks via matrix tri-factorization
○ Network Representation Learning with Rich Text Information, IJCAI 2015

■ Let L be the transition matrix of the PageRank on !, and M = (L + L4)/2

■

○ Preserving Proximity and Global Ranking for Network Embedding, 2017
■ Lemma: Matrix tri-factorization preserves the second-order

proximity, where (shifted) pointwise mutual information is defined as follows

■ , ,

■ Negative values are filtered since less informative [Levy and Goldberg, 2014]

ps,t(i, j) =
1

|E|
<latexit sha1_base64="OF8XzWRp6hwvsugAsBX9rAKoE2U=">AAACD3icbVDLSsNAFJ34rPUVdelmsCgVSkmqoBuhKILLCvYBTQiT6aQdO3kwMxFKmj9w46+4caGIW7fu/BsnbRbaeuDC4Zx7ufceN2JUSMP41hYWl5ZXVgtrxfWNza1tfWe3JcKYY9LEIQt5x0WCMBqQpqSSkU7ECfJdRtru8Crz2w+ECxoGd3IUEdtH/YB6FCOpJEc/ipxEVGRappX7Y3gBLY8jnJhpMrZ8JAcYseQ6HaeOXjKqxgRwnpg5KYEcDUf/snohjn0SSMyQEF3TiKSdIC4pZiQtWrEgEcJD1CddRQPkE2Enk39SeKiUHvRCriqQcKL+nkiQL8TId1VndqSY9TLxP68bS+/cTmgQxZIEeLrIixmUIczCgT3KCZZspAjCnKpbIR4glYhUERZVCObsy/OkVauaJ9Xa7WmpfpnHUQD74ACUgQnOQB3cgAZoAgwewTN4BW/ak/aivWsf09YFLZ/ZA3+gff4AeNScVg==</latexit>

ps(i) =
degreeiout

|E|
<latexit sha1_base64="f/IX9wSCo5uWMA13ivjWs6Ag7kg="></latexit>

pt(j) =
degreejin

|E|
<latexit sha1_base64="L3z9hCQFrI5iYAyRw+exIDwm67c="></latexit>

min
H,V

kM�HVA
>k2F +

�

2
(kHk2F + kVk2F)

<latexit sha1_base64="tLkvWOh6AiVPR7EHBcwnLhmVNpw="></latexit>
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PMI
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MPMI =

(
max{0, log ps,t(i,j)

ps(i)pt(j)
� log↵}, if (i, j) 2 E

0, otherwise
<latexit sha1_base64="mBw5b6/aGDMJMUfsNQ1ZCOnOSlg="></latexit>
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Random walk based embedding

● Random walks on plain networks:
○ Conduct random walks on a network and record the walking trajectories
○ Treat nodes as words and sequences as sentences to learn embedding

● Nodes’ co-occurrence probabilities ≈ linking probabilities

● It converts geometric structures into structured sequences while 
alleviating the issues of sparsity and curse of dimensionality

● Random walks on attributed networks? (Heterogeneity)
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the output of the network, a vector ŝwi 2 RN con-
taining the approximated similarities of the word
w to all other words. The training error is then
computed by comparing a subset of the output to a
binary target vector twi 2 Rk+1, which serves as
an approximation of the true similarities sw when
considering only a small number of random words.
We refer to this interpretation of the model as con-

text encoders (ConEc), as it is closely related to
similarity encoders (SimEc), a dimensionality re-
duction method used for learning similarity pre-
serving representations of data points (Horn and
Müller, 2017).

Input Embedding Output Target

xwi 2 RN ywi 2 Rd sw ⇡ twi 2 Rk+1ŝwi

the

black

slept

on

cat

W0 W1

Figure 1: Context encoder (ConEc) NN architec-
ture corresponding to the CBOW word2vec model
trained with negative sampling.

While the training procedure of ConEc is iden-
tical to that of word2vec, there is a difference in
the computation of a word’s embedding after the
training is complete. In the case of word2vec, the
word embedding is simply the row of the tuned W0

matrix. When considering the idea behind the opti-
mization procedure, we instead propose to create
the representation of a target word w by multiply-
ing W0 with the word’s average context vector xw,
as this better resembles how the word embeddings
are computed during training.

We distinguish between a word’s ‘global’ and
‘local’ average context vector (CV): The global CV
is computed as the average of all binary CVs xwi

corresponding to the Mw occurrences of w in the
whole training corpus:

xwglobal =
1

Mw

MwX

i=1

xwi ,

while the local CV xwlocal is computed likewise but
considering only the mw occurrences of w in a

single document. We can now compute the em-
bedding of a word w by multiplying W0 with the
weighted average between both CVs:

yw = (a · xwglobal + (1 � a)xwlocal)
>W0 (1)

with a 2 [0, 1]. The choice of a determines how
much emphasis is placed on the word’s local con-
text, which helps to distinguish between multiple
meanings of the word (Melamud et al., 2015).2 As
an out-of-vocabulary word does not have a global
CV (as it never occurred in the training corpus), its
embedding is computed solely based on the local
context, i.e. setting a = 0.

With this new perspective on the model and op-
timization procedure, another advancement is fea-
sible. Since the context words are merely a sparse
feature vector used as input to a NN, there is no
reason why this input vector should not contain
other features about the target word as well. For ex-
ample, the feature vector xw could be extended to
contain information about the word’s case, part-of-
speech (POS) tag, or other relevant details. While
this would increase the dimensionality of the first
weight matrix W0 to include the additional fea-
tures when mapping the input to the word’s em-
bedding, the training objective and therefore also
W1 would remain unchanged. These additional
features could be especially helpful if details about
the words would otherwise get lost in preprocess-
ing (e.g. by lowercasing) or to retain information
about a word’s position in the sentence, which is ig-
nored in a BOW approach. These extended ConEcs
are expected to create embeddings that even better
distinguish between the words’ different senses by
taking into account, for example, if the word is used
as a noun or verb in the current context, similar to
the sense2vec algorithm (Trask et al., 2015). But
instead of explicitly learning multiple embeddings
per term, like sense2vec, only the dimensionality of
the input vector is increased to include the POS tag
of the current word as a feature, which is expected
to improve generalization if few training examples
are available.

4 Experiments

The word embeddings learned by word2vec and
context encoders are evaluated on the CoNLL 2003
NER benchmark task (Tjong et al., 2003). We use
a CBOW word2vec model trained with negative
sampling as described above where k = 13, the

2This implicitly assumes a word is only used in a single
sense in one document.

Word2vec Figure from Franziska Horn, “Context Encoders as A Simple But Powerful Extension of Word2vec”, 2017.
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Large-scale heterogeneous feature embedding

● Goal: Incorporate multiple networks & multiple types of high-
dimensional node attributes into a unified latent representation

● E.g., amazon products have product info, customer reviews, etc.
Networks: customer purchase record, & customer viewing history
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<latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit>

Q(i)
<latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit>
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a Network
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Network

X(i)
<latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit>

Details

Scalable Word
Embedding
Technique to
Learn Final

All Sets
{Q(i)}

<latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit>

H
<latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit><latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit><latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit><latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit>

FeatWalk [Huang et al. AAAI, 2019]
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● Node proximity: Similarities between nodes defined by links or
attributes of nodes, i.e., rows of each       

● Node proximities learned from different are homogeneous

● FeatWalk projects each node proximity into a set of node
sequences , and learns % from all

X(i)
<latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit>

{X(i)}
<latexit sha1_base64="QjbPJ1yv/8kPY1KX8VbZKfE5e4w=">AAAB+nicbVBNS8NAEJ34WetXqkcvi0Wol5JUQY9FLx4r2A9oatlsN+3SzSbsbpQS81O8eFDEq7/Em//GbZuDtj4YeLw3w8w8P+ZMacf5tlZW19Y3Ngtbxe2d3b19u3TQUlEiCW2SiEey42NFORO0qZnmtBNLikOf07Y/vp767QcqFYvEnZ7EtBfioWABI1gbqW+XvDT1/AB1svu0wk4zL+vbZafqzICWiZuTMuRo9O0vbxCRJKRCE46V6rpOrHsplpoRTrOilygaYzLGQ9o1VOCQql46Oz1DJ0YZoCCSpoRGM/X3RIpDpSahbzpDrEdq0ZuK/3ndRAeXvZSJONFUkPmiIOFIR2iaAxowSYnmE0MwkczcisgIS0y0SatoQnAXX14mrVrVPavWbs/L9as8jgIcwTFUwIULqMMNNKAJBB7hGV7hzXqyXqx362PeumLlM4fwB9bnD8QUk60=</latexit>

Q(i)
<latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit>

{Q(i)}
<latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit>

Learn node proximities to handle heterogeneity
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X(i)
<latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit>

Q(i)
<latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit>

Is it a
Network

No

Yes

Network

Scalable Word
Embedding to
Learn

All Sets
{Q(i)}

<latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit>

H
<latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit><latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit><latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit><latexit sha1_base64="xKYgWuLcjRPXiiopN8UafI94uVI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48V7Ae0oWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jps1BWx8MPN6bYWZekAiujet+O6WNza3tnfJuZW//4PCoenzS0XGqGLZZLGLVC6hGwSW2DTcCe4lCGgUCu8H0Pve7T6g0j+WjmSXoR3QsecgZNVbqZoMgJM35sFpz6+4CZJ14BalBgdaw+jUYxSyNUBomqNZ9z02Mn1FlOBM4rwxSjQllUzrGvqWSRqj9bHHunFxYZUTCWNmShizU3xMZjbSeRYHtjKiZ6FUvF//z+qkJb/2MyyQ1KNlyUZgKYmKS/05GXCEzYmYJZYrbWwmbUEWZsQlVbAje6svrpHNV99y693Bda9wVcZThDM7hEjy4gQY0oQVtYDCFZ3iFNydxXpx352PZWnKKmVP4A+fzB+YLj0Q=</latexit>
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The intuitive solution

● To learn , intuitive solution is to compute node similarity matrix
K based on , and perform random walks on K

● Random Walks: In , a sequence of node indices, probability of '
follows ( approaches their similarity in K

● Expensive: K is dense with n × [ dimensions

……
1 6 4 2 5
1 2 6 3 2

5 1 3 4 6
5 6 1 3 2……

Q(i)
<latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit>

Q(i)
<latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit>

A(i)
<latexit sha1_base64="4zCasMu4lE8uQMUV7PEVv9ewqgE=">AAAB9HicbVBNT8JAEJ3iF+IX6tHLRmKCF9KCiR5RLx4xkY8EKtkuW9iw3dbdLQlp+ju8eNAYr/4Yb/4bF+hBwZdM8vLeTGbmeRFnStv2t5VbW9/Y3MpvF3Z29/YPiodHLRXGktAmCXkoOx5WlDNBm5ppTjuRpDjwOG1749uZ355QqVgoHvQ0om6Ah4L5jGBtJDfpeT66Th+TMjtP+8WSXbHnQKvEyUgJMjT6xa/eICRxQIUmHCvVdexIuwmWmhFO00IvVjTCZIyHtGuowAFVbjI/OkVnRhkgP5SmhEZz9fdEggOlpoFnOgOsR2rZm4n/ed1Y+1duwkQUayrIYpEfc6RDNEsADZikRPOpIZhIZm5FZIQlJtrkVDAhOMsvr5JWteLUKtX7i1L9JosjDydwCmVw4BLqcAcNaAKBJ3iGV3izJtaL9W59LFpzVjZzDH9gff4A7xORjQ==</latexit>
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Node Attributes
Node Similarities

Defined by Attributes
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Equivalent similarity-based random walks

● Theorem 1. Probability of walking from ' to ( via FeatWalk is equal
to the one via random walks on K, where

● + is the node attribute matrix after special normalizations

● FeatWalk learns the same sequences as the intuitive solution, while
avoiding the computation of node similarities K

1

Walk Through Features:
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Proposed Equivalent Distributed Algorithm

1 6 …
……

1 6 4 2 5
1 2 6 3 2

5 1 3 4 6
5 6 1 3 2……

S = YDY>
<latexit sha1_base64="lXmwFFzhcFSR/V0Jl42ZTf/mRKE=">AAACAXicbZDLSsNAFIYn9VbrLepGcDNYBFclqYJuhKIuXFa0N5pYJtNJO3SSCTMToYS48VXcuFDErW/hzrdxmmahrT8MfPznHM6c34sYlcqyvo3CwuLS8kpxtbS2vrG5ZW7vNCWPBSYNzBkXbQ9JwmhIGooqRtqRICjwGGl5o8tJvfVAhKQ8vFPjiLgBGoTUpxgpbfXMvcTxfHibwnOYUeeqk947ikc9s2xVrExwHuwcyiBXvWd+OX2O44CECjMkZde2IuUmSCiKGUlLTixJhPAIDUhXY4gCIt0kuyCFh9rpQ58L/UIFM/f3RIICKceBpzsDpIZytjYx/6t1Y+WfuQkNo1iREE8X+TGDisNJHLBPBcGKjTUgLKj+K8RDJBBWOrSSDsGePXkemtWKfVyp3pyUaxd5HEWwDw7AEbDBKaiBa1AHDYDBI3gGr+DNeDJejHfjY9paMPKZXfBHxucP60GV6g==</latexit>



● are normalized node attributes

● Given the initial , we walk
to the _`a attribute category
with probability

● We focus on the _`a attribute
category and walk from \b to

with probability
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FeatWalk walks via features

1

Walk Through Features:

!"!#!$…… !%

1 !$ 6

!$

4

1
2
3

6
5

Proposed Equivalent Distributed Algorithm

1 6 …

j

x̂im and yjm
<latexit sha1_base64="oTow5K2JZ5OblmpDC3mvceJzQRU=">AAACC3icbVC7TsNAEFzzDOFloExzAiFRRTYNKSNoKINEEqQkss7nCzk4n627NYpluafhV2goQIiWH6DjN/gCLgkFr5FWGs3sancnTKUw6Hnvztz8wuLScmWlurq2vrHpbm13TJJpxtsskYm+CKnhUijeRoGSX6Sa0ziUvBten0z87g3XRiTqHPOUD2J6qcRQMIpWCtzd/ohiMS6DQsQl6SMfY0GoikhJSB4UV1YM3D2v7k1B/hL/i+w1ax/HYNEK3Ld+lLAs5gqZpMb0fC/FQUE1CiZ5We1nhqeUXdNL3rNU0ZibQTH9pST7VonIMNG2FJKp+n2ioLExeRzazpjiyPz2JuJ/Xi/DYWNQCJVmyBWbLRpmkmBCJsGQSGjOUOaWUKaFvZWwEdWUoY2vakPwf7/8l3QO675X989sGg2YoQI12IUD8OEImnAKLWgDg1u4h0d4cu6cB+fZeZm1zjlfMzvwA87rJ/k7nGk=</latexit><latexit sha1_base64="e604M4toCfcJqjojLrzV/axt0+k=">AAACC3icbVC7TgJBFJ31BYIP1JJmAjGxIrs2UhJtLDGRRwJkMzsMMDI7u5m5a9hstrfQX7Gx0Bhbf8DO37C2cHgUCp7kJifn3Jt77/FCwTXY9qe1tr6xuZXJbufyO7t7+4WDw6YOIkVZgwYiUG2PaCa4ZA3gIFg7VIz4nmAtb3wx9Vu3TGkeyGuIQ9bzyVDyAacEjOQWSt0RgWSSugn3U9wFNoEEE9nHKcaxm9wY0S2U7Yo9A14lzoKUa8Wv80z+/rvuFj66/YBGPpNABdG649gh9BKigFPB0lw30iwkdEyGrGOoJD7TvWT2S4qPjdLHg0CZkoBn6u+JhPhax75nOn0CI73sTcX/vE4Eg2ov4TKMgEk6XzSIBIYAT4PBfa4YBREbQqji5lZMR0QRCia+nAnBWX55lTRPK45dca5MGlU0RxYVUQmdIAedoRq6RHXUQBTdoUf0jF6sB+vJerXe5q1r1mLmCP2B9f4DHEGeAw==</latexit><latexit sha1_base64="e604M4toCfcJqjojLrzV/axt0+k=">AAACC3icbVC7TgJBFJ31BYIP1JJmAjGxIrs2UhJtLDGRRwJkMzsMMDI7u5m5a9hstrfQX7Gx0Bhbf8DO37C2cHgUCp7kJifn3Jt77/FCwTXY9qe1tr6xuZXJbufyO7t7+4WDw6YOIkVZgwYiUG2PaCa4ZA3gIFg7VIz4nmAtb3wx9Vu3TGkeyGuIQ9bzyVDyAacEjOQWSt0RgWSSugn3U9wFNoEEE9nHKcaxm9wY0S2U7Yo9A14lzoKUa8Wv80z+/rvuFj66/YBGPpNABdG649gh9BKigFPB0lw30iwkdEyGrGOoJD7TvWT2S4qPjdLHg0CZkoBn6u+JhPhax75nOn0CI73sTcX/vE4Eg2ov4TKMgEk6XzSIBIYAT4PBfa4YBREbQqji5lZMR0QRCia+nAnBWX55lTRPK45dca5MGlU0RxYVUQmdIAedoRq6RHXUQBTdoUf0jF6sB+vJerXe5q1r1mLmCP2B9f4DHEGeAw==</latexit><latexit sha1_base64="2T4k2QJAi+pt5DtKGqGDsdE8vAU=">AAACC3icbVC7TsNAEDyHVwivACXNKRESVWTTkDISDWWQyEOKLet8viRHzmfrbo0SWe5p+BUaChCi5Qfo+BsuiQtIGGml0cyudneCRHANtv1tlTY2t7Z3yruVvf2Dw6Pq8UlXx6mirENjEat+QDQTXLIOcBCsnyhGokCwXjC5nvu9B6Y0j+UdzBLmRWQk+ZBTAkbyqzV3TCCb5n7Goxy7wKaQYSJDnGM887N7I/rVut2wF8DrxClIHRVo+9UvN4xpGjEJVBCtB46dgJcRBZwKllfcVLOE0AkZsYGhkkRMe9nilxyfGyXEw1iZkoAX6u+JjERaz6LAdEYExnrVm4v/eYMUhk0v4zJJgUm6XDRMBYYYz4PBIVeMgpgZQqji5lZMx0QRCia+ignBWX15nXQvG47dcG7teqtZxFFGZ6iGLpCDrlAL3aA26iCKHtEzekVv1pP1Yr1bH8vWklXMnKI/sD5/AN1+mto=</latexit>

i

\]

1

6
5
4
3
2

\1

\4

\^

P (am ! j) =
yjmPN

n=1 ynm
<latexit sha1_base64="R4z3L2QSTVCayjyG+gorBxvfl5o=">AAACG3icbZDNSgMxFIUz/lv/Rl26CRahbspMFXRTEN24kgrWFjp1yKSZNm2SGZKMUMK8hxtfxY0LRVwJLnwb09qFth4IHL57Lzf3RCmjSnvelzM3v7C4tLyyWlhb39jccrd3blWSSUzqOGGJbEZIEUYFqWuqGWmmkiAeMdKIBhejeuOeSEUTcaOHKWlz1BU0phhpi0K3UiuhkMNAJ7B/CKswiCXCZhiaPs9zE6iMh0ZU/fzOXOWWCktDt+iVvbHgrPEnpggmqoXuR9BJcMaJ0JghpVq+l+q2QVJTzEheCDJFUoQHqEta1grEiWqb8W05PLCkA+NE2ic0HNPfEwZxpYY8sp0c6Z6aro3gf7VWpuPTtqEizTQR+GdRnDFokxgFBTtUEqzZ0BqEJbV/hbiHbDraxlmwIfjTJ8+a20rZPypXro+LZ+eTOFbAHtgHJeCDE3AGLkEN1AEGD+AJvIBX59F5dt6c95/WOWcyswv+yPn8BjJooZk=</latexit>

P (i ! am) =
x̂imPM
p=1 x̂ip

<latexit sha1_base64="ON7JE3ql7bBLK4W04ZGgm6q8AWM="></latexit>
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Summary of FeatWalk

● Project each node proximity into a set of node sequence

● Consider nodes as words and truncated sequences as sentences

● Apply a scalable word embedding technique to all to learn a 
joint embedding representation %

Q(i)
<latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit>

{Q(i)}
<latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit><latexit sha1_base64="ooMUelKsr/9IKhX4w+dO5QDrvSU=">AAAB/nicbVBNS8NAFHypX7V+VcWTl2AR6qUkIuix6MVjC7YWmlg22027dLMJuxuhLAH/ihcPinj1d3jz37hpc9DWgYVh5j3e7AQJo1I5zrdVWlldW98ob1a2tnd296r7B10ZpwKTDo5ZLHoBkoRRTjqKKkZ6iSAoChi5DyY3uX//SISkMb9T04T4ERpxGlKMlJEG1SNPexFSY4yYbmcPuk7PMi8bVGtOw5nBXiZuQWpQoDWofnnDGKcR4QozJGXfdRLlayQUxYxkFS+VJEF4gkakbyhHEZG+nsXP7FOjDO0wFuZxZc/U3xsaRVJOo8BM5lHlopeL/3n9VIVXvqY8SRXheH4oTJmtYjvvwh5SQbBiU0MQFtRktfEYCYSVaaxiSnAXv7xMuucN12m47Yta87qoowzHcAJ1cOESmnALLegABg3P8Apv1pP1Yr1bH/PRklXsHMIfWJ8/YImVvA==</latexit>
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5

Homogeneous
Source :

Feature
Walks

……
1 6 4 2 5
1 2 6 3 2

5 1 3 4 6
5 6 1 3 2……

Random Walks

&'"$

1

4

2

3 1 2 …
X(i)

<latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit><latexit sha1_base64="R4AK65s2uH7hH99tWJ4cQWBqvNc=">AAAB9HicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBD0WvXisYD+gXUs2zbah2eyaZAtl2d/hxYMiXv0x3vw3pu0etPXBwOO9GWbm+bHg2jjONyqsrW9sbhW3Szu7e/sH5cOjlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98e3Mb0+Y0jySD2YaMy8kQ8kDTomxkpf2/AB3sse0ys+zfrni1Jw58Cpxc1KBHI1++as3iGgSMmmoIFp3XSc2XkqU4VSwrNRLNIsJHZMh61oqSci0l86PzvCZVQY4iJQtafBc/T2RklDraejbzpCYkV72ZuJ/XjcxwbWXchknhkm6WBQkApsIzxLAA64YNWJqCaGK21sxHRFFqLE5lWwI7vLLq6R1UXOdmnt/Wanf5HEU4QROoQouXEEd7qABTaDwBM/wCm9ogl7QO/pYtBZQPnMMf4A+fwARUZGg</latexit>

Q(i)
<latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit><latexit sha1_base64="wMYlu5YIKMhyZDlr7WiTvc/ikGo=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoigi6Lbly2YB/QxjKZTtuhk0mYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1z/IgzpR3n2yqsrW9sbhW3Szu7e/sHdvmwrcJYEtoiIQ9l18eKciZoSzPNaTeSFAc+px1/epP5nQcqFQvFnZ5F1AvwWLARI1gbaWCX+wHWE4J50kzvkyo7Swd2xak5c6BV4uakAjkaA/urPwxJHFChCcdK9Vwn0l6CpWaE07TUjxWNMJniMe0ZKnBAlZfMo6fo1ChDNAqleUKjufp7I8GBUrPAN5NZULXsZeJ/Xi/WoysvYSKKNRVkcWgUc6RDlPWAhkxSovnMEEwkM1kRmWCJiTZtlUwJ7vKXV0n7vOY6Nbd5Ualf53UU4RhOoAouXEIdbqEBLSDwCM/wCm/Wk/VivVsfi9GCle8cwR9Ynz8fOZPk</latexit>

Is it a
Network

No

Yes

Network

Scalable Word Embedding

All Sets
{Q(i)}
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the output of the network, a vector ŝwi 2 RN con-
taining the approximated similarities of the word
w to all other words. The training error is then
computed by comparing a subset of the output to a
binary target vector twi 2 Rk+1, which serves as
an approximation of the true similarities sw when
considering only a small number of random words.
We refer to this interpretation of the model as con-

text encoders (ConEc), as it is closely related to
similarity encoders (SimEc), a dimensionality re-
duction method used for learning similarity pre-
serving representations of data points (Horn and
Müller, 2017).

Input Embedding Output Target

xwi 2 RN ywi 2 Rd sw ⇡ twi 2 Rk+1ŝwi

the

black

slept

on

cat

W0 W1

Figure 1: Context encoder (ConEc) NN architec-
ture corresponding to the CBOW word2vec model
trained with negative sampling.

While the training procedure of ConEc is iden-
tical to that of word2vec, there is a difference in
the computation of a word’s embedding after the
training is complete. In the case of word2vec, the
word embedding is simply the row of the tuned W0

matrix. When considering the idea behind the opti-
mization procedure, we instead propose to create
the representation of a target word w by multiply-
ing W0 with the word’s average context vector xw,
as this better resembles how the word embeddings
are computed during training.

We distinguish between a word’s ‘global’ and
‘local’ average context vector (CV): The global CV
is computed as the average of all binary CVs xwi

corresponding to the Mw occurrences of w in the
whole training corpus:

xwglobal =
1

Mw

MwX

i=1

xwi ,

while the local CV xwlocal is computed likewise but
considering only the mw occurrences of w in a

single document. We can now compute the em-
bedding of a word w by multiplying W0 with the
weighted average between both CVs:

yw = (a · xwglobal + (1 � a)xwlocal)
>W0 (1)

with a 2 [0, 1]. The choice of a determines how
much emphasis is placed on the word’s local con-
text, which helps to distinguish between multiple
meanings of the word (Melamud et al., 2015).2 As
an out-of-vocabulary word does not have a global
CV (as it never occurred in the training corpus), its
embedding is computed solely based on the local
context, i.e. setting a = 0.

With this new perspective on the model and op-
timization procedure, another advancement is fea-
sible. Since the context words are merely a sparse
feature vector used as input to a NN, there is no
reason why this input vector should not contain
other features about the target word as well. For ex-
ample, the feature vector xw could be extended to
contain information about the word’s case, part-of-
speech (POS) tag, or other relevant details. While
this would increase the dimensionality of the first
weight matrix W0 to include the additional fea-
tures when mapping the input to the word’s em-
bedding, the training objective and therefore also
W1 would remain unchanged. These additional
features could be especially helpful if details about
the words would otherwise get lost in preprocess-
ing (e.g. by lowercasing) or to retain information
about a word’s position in the sentence, which is ig-
nored in a BOW approach. These extended ConEcs
are expected to create embeddings that even better
distinguish between the words’ different senses by
taking into account, for example, if the word is used
as a noun or verb in the current context, similar to
the sense2vec algorithm (Trask et al., 2015). But
instead of explicitly learning multiple embeddings
per term, like sense2vec, only the dimensionality of
the input vector is increased to include the POS tag
of the current word as a feature, which is expected
to improve generalization if few training examples
are available.

4 Experiments

The word embeddings learned by word2vec and
context encoders are evaluated on the CoNLL 2003
NER benchmark task (Tjong et al., 2003). We use
a CBOW word2vec model trained with negative
sampling as described above where k = 13, the

2This implicitly assumes a word is only used in a single
sense in one document.
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Efficiency evaluation

● Running time of FeatWalk is almost linear to e

● FeatWalk achieves a significant acceleration compared to the
intuitive solution w/o_FW
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Summary of random walk based embedding

Word2vec: words surrounding words [2013]

DeepWalk: nodes neighbors [2014]

FeatWalk: nodes [2019]

:
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w to all other words. The training error is then
computed by comparing a subset of the output to a
binary target vector twi 2 Rk+1, which serves as
an approximation of the true similarities sw when
considering only a small number of random words.
We refer to this interpretation of the model as con-

text encoders (ConEc), as it is closely related to
similarity encoders (SimEc), a dimensionality re-
duction method used for learning similarity pre-
serving representations of data points (Horn and
Müller, 2017).
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ture corresponding to the CBOW word2vec model
trained with negative sampling.

While the training procedure of ConEc is iden-
tical to that of word2vec, there is a difference in
the computation of a word’s embedding after the
training is complete. In the case of word2vec, the
word embedding is simply the row of the tuned W0

matrix. When considering the idea behind the opti-
mization procedure, we instead propose to create
the representation of a target word w by multiply-
ing W0 with the word’s average context vector xw,
as this better resembles how the word embeddings
are computed during training.

We distinguish between a word’s ‘global’ and
‘local’ average context vector (CV): The global CV
is computed as the average of all binary CVs xwi

corresponding to the Mw occurrences of w in the
whole training corpus:

xwglobal =
1

Mw

MwX

i=1

xwi ,

while the local CV xwlocal is computed likewise but
considering only the mw occurrences of w in a

single document. We can now compute the em-
bedding of a word w by multiplying W0 with the
weighted average between both CVs:

yw = (a · xwglobal + (1 � a)xwlocal)
>W0 (1)

with a 2 [0, 1]. The choice of a determines how
much emphasis is placed on the word’s local con-
text, which helps to distinguish between multiple
meanings of the word (Melamud et al., 2015).2 As
an out-of-vocabulary word does not have a global
CV (as it never occurred in the training corpus), its
embedding is computed solely based on the local
context, i.e. setting a = 0.

With this new perspective on the model and op-
timization procedure, another advancement is fea-
sible. Since the context words are merely a sparse
feature vector used as input to a NN, there is no
reason why this input vector should not contain
other features about the target word as well. For ex-
ample, the feature vector xw could be extended to
contain information about the word’s case, part-of-
speech (POS) tag, or other relevant details. While
this would increase the dimensionality of the first
weight matrix W0 to include the additional fea-
tures when mapping the input to the word’s em-
bedding, the training objective and therefore also
W1 would remain unchanged. These additional
features could be especially helpful if details about
the words would otherwise get lost in preprocess-
ing (e.g. by lowercasing) or to retain information
about a word’s position in the sentence, which is ig-
nored in a BOW approach. These extended ConEcs
are expected to create embeddings that even better
distinguish between the words’ different senses by
taking into account, for example, if the word is used
as a noun or verb in the current context, similar to
the sense2vec algorithm (Trask et al., 2015). But
instead of explicitly learning multiple embeddings
per term, like sense2vec, only the dimensionality of
the input vector is increased to include the POS tag
of the current word as a feature, which is expected
to improve generalization if few training examples
are available.

4 Experiments

The word embeddings learned by word2vec and
context encoders are evaluated on the CoNLL 2003
NER benchmark task (Tjong et al., 2003). We use
a CBOW word2vec model trained with negative
sampling as described above where k = 13, the

2This implicitly assumes a word is only used in a single
sense in one document.

Skip-Gram Model &
Negative Sampling

neighbors defined by edges
nodes with same attributes

neighbors defined by edges
nodes with same attributes
nodes with same labels

nodes
attributes

labels
TriDNR
Gat2vec

[2016]
[2019]

Word2vec: Distributed Representations of Words and Phrases and their Compositionality
DeepWalk: Online Learning of Social Representations
FeatWalk: Large-Scale Heterogeneous Feature Embedding 
TriDNR: Tri-Party Deep Network Representation
Gat2vec: Representation Learning for Attributed Graphs



Mining attributed networks with shallow embedding

● Focuses:
Joint learning, embedding networks, & accelerating optimization

● Methods:
Coupled spectral embedding
Coupled matrix & tri-factorization
Random walk based embedding

● Techniques:
Spectral graph theory, Coupling,
distributed optimization, joint
random walks, etc.
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