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Neighborhood Autoencoder Methods

The autoencoder objective for DNGR and SDNE:
DEC(ENC(s;)) = DEC(z) = s;



Neighborhood Autoencoder Methods

Each node v; Is associated with a neighborhood vector, s; € IRM, which

corresponds to v;’s row in the matrix S.

Sij = S¢ (v, vj). Sc(vi,v1) Sg(vi.w) -+ Sg(vi,va)

Sg(va,vi) Sg(va,va) -+ Sg(va,vy)

Random surfing
= 0|85 Ze —— 5=

Sc(vi.vi) Scg(vi,va) -+ Sg(vi, vp)
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Deep Neural Graph Representations (DNGR)

1. We introduce random surfing model to capture graph
structural information and generate a probabillistic co-
occurrence matrix.

2. We calculate the PPMI matrix.
3. We use a stacked denoising autoencoder.
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Random Surfing

e State Transition Matrix

The state transition probability is defined by
Pss) = Pr(seqq = s'Isy = 5) .

We assume there is a transition matrix A that captures the transition
probability between different nodes.

Pii P2 - Prp node 2 0| A
P>y Py --- Py,m—]| noden2=
A= 0| &
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Random Surfing

e pb o iHW HE20| 10|12 LY X|= 02! one-hot vector.
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Deep Neural Graph Representations (DNGR)

1. We introduce random surfing model to capture graph
structural information and generate a probabillistic co-
occurrence matrix.

2. We calculate the PPMI matrix.
3. We use a stacked denoising autoencoder.




PMI matrix

 Pointwise Mutual Information matrix (PMI matrix)

The PMI of x € X and y € Y quantifies the discrepancy between the
probability of their co-occurrence given their joint distribution and
their individual distributions, assuming independence.

We write PMI matrix as follows 4 x@t y7b S0 L &t
p(x,y)

PMI(x;y) = lo
Y= O op()
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PMI matrix

 Pointwise Mutual Information matrix (PMI matrix)
We write PMI matrix as follows

PMI(Ui;Uj) — log p(vi, vj)

p(w)p(vj)
i il I pcofij)
o | ' Il vl K oS3 = v, of

n - CET 2E
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PPMI matrix

* Positive Pointwise Mutual Information matrix (PPMI matrix)
We write PMI matrix as follows

0

i) = og 28

We assign each negative value to 0 to form the PPMI matrix
PPMI(x;y) = max(0,PMI(x;y)).




Deep Neural Graph Representations (DNGR)

1. We introduce random surfing model.
2. We calculate the PPMI matrix.
3. We use a stacked denoising autoencoder.
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Single Layer Autoencoder




Stacked Autoencoder




Denoising Autoencoder




Denoising Autoencoder

e Reason for x = x + noise

High dimensional input data often contains redundant information and

noise.

It is believed that the denoising strategy can effectively reduce noise

and enhance robustness.



Stacked Denoising Autoencoder

We assign some of the

@%“‘( entries in the vector to 0 with
A

a certain probability.

X = Xx + noise



Stacked Denoising Autoencoder

We are interested In: y
min > L@, fp, 0o fo, (D))

where ¥ s corrupted input data of x¥, N is the number of
layer and n is the number of input data.
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Neighborhood autoencoder methods

1. Structural Deep Network Embeddings (SDNE)



Definition 1. (Graph) A graph is denoted as ¢ = (V,E), where V = {v,---, v,,}

represents n nodes and E = {e; ;}{;-, represents the edges. Each edge e,
Is associated with a weight s; ; = 0. For v; and v; not linked by an edge,
s; j = 0. Otherwise, for unweighted graph s; ; = 1 and for weighted graph,

Si,j >0



Each edge e; ; is associated with a weight s; ; = 0. For v; and v; not linked

by an edge, s; ; = 0. Otherwise, for unweighted graph s; ; = 1 and for

weighted graph, s;; > 0. Adjacency Matrix of Adjacency Matrix of
Unweighted Graph  |__ Weighted Graph |
0 0 1 0 0 0 3 0
|00 11 0 0 2 2
110177 3 9 0 1
0 1 10 0 2 1 0




First-Order Proximity

Definition 2. (First-Order Proximity) The first-order proximity describes the
pairwise proximity between nodes. For any pair of nodes, if s; ; > 0, there

exists positive first-order proximity between v; and v;. Otherwise, the first-

order proximity between v; and v; Is 0.

The first-order proximity captures the local network structure.



Second-Order Proximity

Definition 3. (Second-Order Proximity) The second-order proximity between

a pair of nodes describes the proximity of their pair’s neighborhood structure.
Let Ny, = {sy1,°*, Sy, |v(} denote the first-order proximity between v, and
other nodes. Then, second-order proximity is determined by the similarity of

N, and N,,.

The second-order proximity captures the global network structure.



Network Embedding

Definition 4. (Network Embedding) Given a graph denoted as ¢ = (V, E),
network embedding aims to learn a mapping function f : v; —» y; € R,

where d < |V|. The objective of the function is to make the similarity

between y; and y; explicitly preserve the first-order and second-order

proximity of v; and v;.



Structural Deep Network Embedding (SDNE)

We propose a semi-supervised deep model, which

simultaneously optimizes the first-order and second-order

proximity.




Supervised Learning
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Unsupervised Learning

\ Unlabeled Data
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Semi-Supervised Learning

Second-order prOX|m|ty|
7/ - = =
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Supervised Learning __

Large number of unlabeled data «- Unsupervised Learning
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Loss Function of Semi-Supervised Learning

We write the loss function of semi-supervised learning as follows:

Loss =L, + L,

where L. Is the loss function of supervised learning and L, is the loss

function of unsupervised learning.



Framework

We propose a semi-supervised deep model to perform network embedding,
whose framework is shown below.

First-Order I
Unsupervised Component/ Proximity Unsupervised Component
(Local structure preserved cost] (Local structure preserved cost)
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Framework

We design the supervised component to exploit the first-order proximity.

And we design the unsupervised component to exploit second-order proximity.



Loss Function

To preserve the first-order and second-order proximity simultaneously, we
minimize the followingNQss fuattion:

£mi;r S EQnd + OfEEE- 1 ’/»Cz'e,g

mn

(‘\Af — 4.\7) j BH./Z + o Z Si,j Hyz = y_j H:; -+ I/Crf-"g

ij=1

where L., IS an L2-norm regularizer term to prevent overfitting, which is
defined as follows:

1 _~
Lreg = 5 k=1 ([IW®|F+[[W | |F)
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Notation

Table 1: Terms and Notations

Symbol Definition
n number of vertexes
K number of layers

the adjacency matrix for the network
the input data and reconstructed data
the £-th layer hidden representations
the k-th layer weight matrix
the k-th layer biases
the overall parameters




Loss Function (First-Order Proximity)

The loss function is defined as follows:

mn

K K ik
Lise =Y siglys =5 I3

ij=1

The loss function above borrows the idea of Laplacian Eigenmaps, which
Incurs a penalty when similar nodes are mapped far away in the embedding
space.




Laplacian Eigenmaps

* Graph - R
We denote node i's embedding as y;.

We wish to minimize

n

Fio (Vi — Y%A

fory, eRand 1<i<n.



Loss Function (Second-Order Proximity)

Reconstructed data

\

| Input data |

Lond = Z HXZ Xz”z

| Neighborhood structure |

- /
Lond = Z I8i — SzHg
=il

£2nd = Z H

@/szz

| Penalty |

Since each s; characterizes the
neighborhood structure of the node v;

We impose more penalty to the
reconstruction error of the non-zero
elements than that of zero elements.



Loss Function (Second-Order Proximity)

We impose more penalty to the reconstruction error of the non-zero
elements than that of zero elements. The revised loss function is shown as
follows:

£2nd—ZH ®b HZ

where ® means the Hadamard product, b; = {bi,j}}?zl. Ifs;; =0,b;; =1,
elseb;; =p > 1.



ﬁznd—ZH s) Obyfly Moo

|f Si,j > 0, bi,j > 1




Loss Function

To preserve the first-order and second-order proximity simultaneously, we
minimize the following loss function:

L = C‘.an + alist + ’/»Cz'e,g

mn

(‘\Af — 4.\7) j BH./Z + o Z Si,j Hyz = y_j H:; -+ I/Crf-"g

ij=1

where L., IS an L2-norm regularization term to prevent overfitting, which is
defined as follows:

1 _~
Lreg = 5 k=1 ([IW®|F+[[W | |F)



Thank you for listening.
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Co-occurrence Matrix

e Co-Ooccurrence matrix
ex)

Q 0 1 0 0
1 0 1 1
0 1 0 1
0 1 1 0

Window size : 1



Stacked Autoencoder
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PMI matrix

e PMI Z}CO| ﬂ[|— — _'|:_ _LEEgl _IQI_Al.EjI_ ﬂEl’ matle (PMI mat”X)

SV GRS SRS RS R E I ntifies the discrepancy between
rence given their joint distribution
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PMI matrix

 Pointwise Mutual Information matrix (PMI matrix)
We write PMI matrix as follows

PMI(x;y) = log plx,y)

p()p(y)’
We use co-occurrence matrix to rewrite PMI matrix
p(x,y) ey
. —_ ) — N
PMI(x;y) = logp(x)p(y) = log Cﬁ“ﬁ@”

where C(x,y) Is the number of co-occurrence of node x and node
y, C(x) Is the occurrence of node x and N Is the number of nodes.



PPMI matrix

 Positive Pointwise Mutual Information matrix (PPMI matrix)
We write PMI matrix as follows

i) = og 250

We assign each negative value to 0 to form the PPMI matrix
PPMI(x;y) = max(0,PMI(x;y)).




Singular Value Decomposition (SVD)

We perform dimension reduction using SVD.

We assume that the PPMI matrix X can be decomposed into three matrices

X = UXVT where U and V are orthonormal matrices and X is a diagonal
matrix.

In other words,
X~X;=U,2,V})
Here U,; and V; are the left d columns of U and V corresponding to the top-d
singular values (in 2;). Then the word representation matrix R can be:
R= Uy(Z;)’2 or R = Uy.

The PPMI matrix X is the product of the word representation matrix and the

context matrix. The SVD procedure provides us a way of finding the matrix R
from the matrix X.



