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* Applies to Chung Lu and
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 Compare 4 Generative Graph

Models with and without AGM FeL AGMLFCL

« Two large attributed networks TCL AGM-TCL
— CoRA and Facebook KPGM AGM-KPGM
KPGM AGM-KPGM

« Measured structural features and
attribute correlations

Name Nodes Edges Features

CoRA 11,881 31,482 1

Facebook 449,748 1,016,621 2
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AGM-TCL Matches TCL
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Structural Features

AGM-TCL Matches TCL

Degree Distributions are -not-

éigzz statistically significantly different
10 (as shown 1n Corollary 1)

10
Degrees

Facebook
AGM-KPGM Matches KPGM

Degree Distribution KS Distances

Dataset
k| T | KPGM | KPGM
0.003 0.002 0.004 0.004
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 |ntroduced Attributed Graph Model Framework
— Analysis of scalable generative graph models

— Generalized and exploited sampling process to
Incorporate rejection sampling

« Sample edges conditioned on attributes

— Preserve structural graph properties provided by
generative graph models

 Future Work

— Extend rejection framework to other types of features
* e.g., Iriangles, Paths, etc...

— Annealing / Gibbs Sampling
— Investigate temporal network domains (homophily)
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CoRA ciations dataset. FCL model used
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is whether the topic is Al or not.

CoRA cmations dataset, TCL model used
cora_agm_wl 11258 31482 | CoRA [4] TCLI2) as proposal distribution. Amribule modelod

is whether the 1pic is Al or not.

CoRA cimations dataset. KPGM 2x2 model
com_agm_kpgm2x2 16384 330659 1 CoRA [4) KPGM (3]  used as proposal distribution, Attnbuese
modeied is whesher ®he opic is Al o not.

facebook_agm_large_kppm2x2 | $24 288 | 924789 2 KPGM 3] " "' _’. i § oﬁt 36
(label) and conservative (attr) is used. !
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http://www.cs.purdue.edu/homes/jpfeiff/agm/agm.html

Thanks!

Email: feiffer@purdue.edu
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=D Synthetic Dataset Downloads

ORA citations dataset. FCL model used

st S it S Dl Bl =7 r=ry T Sebastian Moreno Timothy La Fond

CoRA cimations dasaset. TCL model used
cora_agm_wl 11258 31482 1 CoRA 4] TCLI2) as proposal disribution. Atribule modelod

i e o i b Al o . smorena@purdue.edu tlafond @purdue.edu

CoRA cimations dataset. KPGM 2x2 model
com_agm_kpgm2x2 16384 | 33699 1 CoRA [4] KPGM (3]  used as proposal distribution, Attribese

modeled is whesher e pic s Al or not.

CoRA citations dataset. KPGM 3x3 model
com_agm_kpgm3x3 19683 | 33,137 1 CoRA [4) KPGM (3]  used as proposal distribution. Attribute

modeled is whesher the topic is Al or not.

Faccbook wall posting dataset. FCL model
used as proposal distribution. Joint
distribution of religion (label) and
conservative (w) is used

Faccbook wall posting dataset. TCL
model used as proposal distrbutce.
distribution of religion (label) and
conservative (a) is used.

Facebook wall posting dataset. KPGM
with 2x2 initissor matrix used as proposal
distribution. Joint distribution of religion
(label) and conservative (attr) is used.
Facebook wall posting dataset. KPGM
with 3x3 initiator matrix used as proposal
distributon. Joint distribution of religion
(label) and conservative () is used

facebook_agm_large_fcl 444317 1016821 2 NA FCL (1]

facebook_agm_large_wcl 444317 1016821 2 NIA TCLII2)
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facebook_agm_large_kpgm3xd | S31441 | 1303071 2 NIA KPGM 13)
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