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EagleMine: vision-guided large graph mining

= Our EagleMine: Automatically summarize the node distribution
in graph correlated feature spaces.
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= Our EagleMine: Effectively, concisely describe and detect node
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EagleMine: vision-guided large graph mining

= Our EagleMine: Detect explainable anomaly pattern more effective
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Graph-Theoretic Scagnostics
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Graph-Theoretic Scagnostics

m graph-theoretic summaries of high-dimensional
scattered point data.
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* |.Recognize node groups with Hierarchical tree
structure for H

WATERLEVELTREE algorithm

* 2.Search the tree and get summarization of the histogram:
TREEEXPLORE algorithm

Vocabulary-based summarization model

Hypothesis test selection

Brain recognize object [J. DiCarlo et al Neuron’|2]
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2.Summary node group model.

|. Vocabulary-based summarization model;

use statistical distribution describe node in island.

- Vocabulary: distributions y

Description: For C' node groups:

- Assignments: S = {s1,-,sc}
- Model parameter: © = {0;,---,0¢)

- Outliers: unassigned bins O
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3. ldentify suspicious micro-clusters.

Node group suspiciousness score:

Weighted probability KL distance with the majority island.
<(0;) = logd; - ) N; - KL(Pg,(b) || Py, (b))
b
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Data sets

B
AAERISEN
Pl
77074918

Table |. Dataset statistic information

# of nodes

# of edges Content

Amazon rating
Android
BeerAdvocate
Yelp

Tagged
Youtube

Sina weibo

(2.14M, 1.23M)
(1.32M, 61.27K)
(33.37K, 65.91K)
(686K, 85.54K)
(2.73M, 4.65M)
(3.22M, 3.22M)
(2.75M, 8.08M)

5.84M Rate

2.64M Rate

1.57M Rate

2.68M Rate

150.8M Anonymized Links
9.37M Who-follow-who
50.1M User-retweet-msg
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Data sets

Table |. Dataset statistic information

# of nodes

# of edges Content

Amazon rating
Android
BeerAdvocate
Yelp

Tagged
Youtube

Sina weibo

(2.14M, 1.23M)
(1.32M, 61.27K)
(33.37K, 65.91K)
(686K, 85.54K)
(2.73M, 4.65M)
(3.22M, 3.22M)
(2.75M, 8.08M)

5.84M Rate

2.64M Rate

1.57M Rate

2.68M Rate

150.8M Anonymized Links
9.37M Who-follow-who
50.1M User-retweet-msg

Related publications [J. McAuley, R. Pandey & J. Leskovec, KDD’15], [J. McAuley & J.
Leskovc, WWW’13], [A. Mislove, M. Marcon et al, SIGCOM’07], [S. Fakraei et al KDD’15]
Most of datasets are public available at https://snap.stanford.edu/data/index.html
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Exp |. Quantitative evaluation of summarization

L

Measure: MDL (minimum Description Length)
The best model has shortest MDL.

x 1000
H Eaglemine
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Measure: MDL (minimum Description Length)

x 1000
H Eaglemine

= Eaglemine_ DM
¥ G-means

1000

X-means
EDBSCAN

The best model has shortest MDL.
B STING

‘II ||
bl il

Android Yelp Amazon Youtube Sina Weibo Tagged

100

1

=]

EagleMine achieves concise summarization of graph.
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Exp 2. Qualitative of identifying micro-clusters

Sina_weibo user: out-degree vs. hubness
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Exp 2. Qualitative of identifying micro-clusters

Sina_weibo msg:  in-degree vs. authority
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Exp 2. Qualitative of identifying micro-clusters

Tagged friendship:
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Exp 3. Anomaly detection

Sina Weibo dataset: (user-retweet-msg)

0.9
# user: 2.75M o7
# msg: 8.08M B [ o8 §. S
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g T S
Time: < ~ / I
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Exp 3. Anomaly detection
Sina Weibo dataset: (user-retweet-msg)
0.9
# user: 2./5M or——
# msg: 8.08M B B 0.8 ) B
# edge: 50.IM 10.0% 0.7 @ <
3
v 06 ) 8 06 only 6 msgs
Time: = N / )
0.55 0.5
Nov. 1-30, 2013 L . I

Suspicious Users Suspicious Msgs

GetScoop [M. Jiang et al PAKDD’14], SpokEn [B.Prakash PAKDD’ 0],
Fraudar [B. Hooi et al KDD’| 6] 25



Exp 4. Scalability test

EagleMine time complexity:
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h,, 45t maximum of H;

p: water-level step size;

C: # of node group;

nnz(H): # of non-zero values of H;

T: # of iteration of learning;
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Exp 5. Network pattern discovery

User-Retweet-Msg Graph
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Exp 5. Network pattern discovery

User-Retweet-Msg Graph
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Conclusion

= EagleMine: vision-guided large graph mining

vl Automated summarization:

e

= Kaglemine_DM

and get wsually sense-making results g |'|T||| |||‘ ||| “| “ |H “

0.7

v Anomaly detection: spot explainable anomaly patterns .. I

vl Scalability: runs linearly in # of graph node

Time taken (s)
2 3
@
S
&

Number of Nodes

v’ Reproducible: open source code & data
OGitHub https://github.com/wenchieh/eaglemine
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