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Imbalanced data is everywhere...

= The data distribution from different classes are
significantly skewed.
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Imbalanced data

Grid-like structure

Graph structure

1200

1000

800

600

# Occurrences

400

200

0

Long tail |

0 50 100 150 200 250 300 350 400
Class index

SUN-397 image data set

Yu-Xiong Wang, Deva Ramanan, and Martial Hebert. "Learning to model the tail." In Advances in Neural Information

Proce

Social network

ssing Systems, pp. 7029-7039. 2017.

IS everywhere...

Distributions of Overall Ratings for Users and Amazon Products
Products Users

1 2 3 4 5

Overall Ratings (5 Ratings Minimum)

Amazon reviews

PatnancGrace
Dewirivesncw A
5 * ChangeweCaneieven ,
Barde » Otutenain Wi Ow o 0 wonyal dmeel carw dtory
¥ s P R L When MarketsColige
e Pro Foreverniar . ! Pos LA meicard o
Creamufromihys ather orevertiar 44 Flatan e rowaded
“ AR 3 & TRl anCot arvectown
. HopesmdOrams  ShadowPactoty | 4l " .
W Audactpofmoge cooom vu-l}-am-« Bamboney | S ———
W B s’y NewParadigutorPinanciaibarkets
Y Wapenhetpds ‘% Y Warwenin
> ‘ Angec
Loser TakeAs , Densice u
CremateConfusion
Cracsingmecode + Prlsecut onol Geor grivBuanfortiuroer . -
. WrecxingCrew Ennomrosgenty g«'g; Satyn
GiveMeUberty , . » . .
!ﬂg,m_n:‘ . ‘ . !ﬁmtwn--wm TedninteancBue

a SoedPuscian 4
" ShocaOoctrine ' 5.,.,'._,‘ . n

BoicFresnPiececteumant

Conscrenceofalbers Ruiestor® y s .
- ReaiChange Biack BeitPatronsm

EconomicF sctsandPuriaces

Online transaction




Representation learning

= Problem definition

— Input: (i) a (directed or undirected) network ¢ = (V,E),
(i) imbalanced class labels for nodes in V

— Output: a low-dimensional vector representation for
each node v € V, so that the minority class is
separated from majority class in the embedding feature
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Imbalanced network embedding
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Vertex-Diminished Random Walk

= |ntuition: the probability of a transition to one node
would decrease each time when it is visited.

s Ry, if(5@)
P(Yir1 =JjlF) = ZiRYt,if(Si(t)) (1)
where f(S;@®) =a5i® (2)

R;;: transition probability from node i to node j
S;(t): the number of visits to node j up to time ¢
f(-): a visiting function based on §;(t)

a: hyper-parameter to be specified

il Robin Pemantle. "Vertex-reinforced random walk." Probability Theory and Related Fields 92, no. 1 (1992): 117-136.



Vertex-Diminished Random Walk

= |ntuition: the probability of a transition to one node
would decrease each time when it is visited.

(a) Random Walk (b) VRRW (c) VDRW
— Unchanged transition probability = = =» Weakened transition probability
wmelp Ernhianced transition probability [ ] Affected area

— — — St
f(5m) =1 f(5;(0) = 5;(®) f($;(0) = a1

il Robin Pemantle. "Vertex-reinforced random walk." Probability Theory and Related Fields 92, no. 1 (1992): 117-136.



Vertex-Diminished Random Walk

-10 -

= Convergence analysis

f(S:i(¢))
2. f(5i(1))

Theorem 1: With probability one, dist(V(t),C U Cy) = 0
where

Vi(t) =

dist(x,A) = inf{|x — y|: y € A}

.

Corollary 3: If all the off-diagonal entries of R are positive
and all the principal minors of R are invertible, V' (t)
converges almost surely.
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Vertex-Diminished Random Walk
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Vertex-Diminished Random Walk
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Imbalanced network embedding

®" The loss of our semi-supervised framework:
L=L,+ AL,
— L.: supervised loss of predicting the label

— L,,: unsupervised loss of predicting the graph context

« Assumption: nodes with the same context would have the
similar embeddings
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Imbalanced network embedding
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= Unsupervised loss

L, =— 2 [logo(wle;) + k - Ey ~p (v, l0g o(—wle)]

(vi;vc)

(vi,v:): a node-context pair of node i and its
corresponding context c

e;: embedding of node i
w,: representation of context c

= Supervised loss (cross-entropy error)

z exp([h'(x;) R (e)]Ty;)
Zy, exp([h'(x;) h2(e)]Ty")

Arizona State University



Imbalanced network embedding
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Imbalanced network embedding

[[ Node attributes } [ Node label } [

Network structure ﬂ

i

AV

AV

[ Node-context pairs }

I \ N
SKip-gram
@L negative-samvx

[ Node embeddings } \

~ ™\
Feed-forward
. neural network "

-

Feed-forward

. neural network

|

A

h

Balanced sampling
method

A

Label prediction




Imbalanced network embedding

= Key intuition: node-context pairs within the same
for learning node representation
ass.

class are crucia
In the minority c
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Correct pair

Class 2

&rect pair }
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Context sampling

= Node-context pair sampling:

— Label information: nodes with the same label would
be seen as the contexts for each other

— Network structure: short VDRW can explore the
context for each node within the class

Arizona State University
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Context sampling

= Node-context pair sampling:

— Label jAlgorithm 2 Context Sampling would
Input: Graph G with transition matrix R, labels ¥,
be see initial node v,
jumping probability
— Netwo length of walking sequences 1’ he

Output: Node-context pairs (v;, v.)

contex
r~

2 I
3 if Node is labeled then :
4 With r, select one node v with the same label; :
5 With 1 — r, select its neighbor v based on R; i
6: else :
7 Select its neighbor v based on R !
8 end if :
9 Update R using VDRW; :
“7710: - Update the walking path p; T ’
11: end for

12: Return the node-context pairs sampled from path p.

Arizona State University



Balanced-batch sampling

= |t adopted the under-sampling method to select
the seeds for mini-batch training
— All the labeled minority instances are selected
|Smin|
— Randomly select the labeled majority instances

|S‘r,naj| = |Sminl

— Randomly select the unlabeled instances

|Sother| = Batchsize — |Sr,naj| _ |Smin|

-21 - Arizona State University
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Experiments

= Data sets:
# nodes | #edges | # classes | # features
Cora 2,708 5,439 7 1,433
Citeseer 3,327 4,732 6 3,703
Pubmed 19,717 44,338 3 500
NTSB 1,473 11,784 4 4,424

- B | th d ] NTSB: each node represents one accident
aseline metnods. report from National Transportation Safety

Board database, and each edge reflects the

— Planetoid similarity between two reports using TF-IDF
features. Node labels correspond to the

— Node2vec accident causes.

— DeepWalk

-23 . https://www.ntsb.gov/Pages/default.aspx



Binary node classification

Planetoid  DeepWalk node2vec SMOTE  ImVerde-VDRW
Cora_1 0.639 0.650 0.612 0.473 0.720
Cora_2 0.749 0.778 0.761 0.664 0.852
Cora_3 0.900 0.863 0.840 0.707 0.910
Cora_4 0.783 0.657 0.761 0.723 0.826
Cora_5 0.637 0.610 0.471 0.641 0.769
Cora_6 0.557 0.722 0.505 0.584 0.805
Cora_7 0.501 0.474 0.503 0.404 0.657
Citeseer_1 0.238 0.116 0.169 0.252 0.304
Citeseer_2 0.396 0.225 0.250 0.550 0.513
Citeseer_3 0.651 0.616 0.693 0.605 0.666
Citeseer_4 0.608 0.352 0.415 0.729 0.732
Citeseer_5 0.706 0.512 0.610 0.790 0.785
Citeseer_6 0.591 0.310 0.432 0.644 0.651
Pubmed 1 0.298 0.335 0.203 0.631 0.631
Pubmed_2 0.454 0.632 0.497 0.669 (0.663
Pubmed_3 0.489 0.736 0.462 0.685 (0.653

Average precision for the binary node classification (The best results are
indicated in bold)

- 24 -
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Binary node classification
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Multi-class node classification

Accuracy
Planetoid 0.311
DeepWalk (0.458
node2vec 0.408

ImVerde-VRRW 0.416
ImVerde-VDRW 0.460

The accuracy of multi-class text classification on NTSB data set
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Imbalance analysis
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Conclusion

= Vertex-Diminished Random Walk (VDRW) is
proposed, which is effective to extract the node-
context pairs from imbalanced network

= A novel semi-supervised framework, ImVerde, is
presented to learn the network representation
from imbalanced data

= Experimental results on real-world data sets
demonstrated the effectiveness of the proposed
model

Arizona State University
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Thanks!
&
Questions?

Presenter: Jun Wu Email: junwub6@asu.edu
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