AVOIDING BIASES DUE TO SIMILARITY ASSUMPTIONS IN NODE EMBEDDINGS

Deepayan Chakrabarti (deepay@utexas.edu)

PROBLEM APPROACH RESULTS

@LE WL

(2) Build node Use as 4 ~N
1 embeddings @' WEmammm fegture vectors | ¢ Classify
3 | > Q)immuminin I % | + Recommend
e Cluster
oG () vo - - L y
G T
<+ dimd —»
People not

—)ve class
connected to me ( )

\
\
\
\
\

2

’
’
’
\ ’
’
’ \\ \ ! \\ 14
’ N \ 7
’ N \ ll \\ e
S \
/ a1 " e
\\ ’/
\§_— ”

People connected

(+)ve class
to me

Me ‘ NINEE  WmE
My embedding ... “embeds” these classes
Most nodes have > * Very few positive examples
low degrees « Extreme class imbalance

ﬂfxisting Methods Assume A Similarity I\/Ieasura

Weaknesses of Assumptions

 Hidden biases

(—)ve class

* May not match intuition

(+)ve class

 Costly re-computations for

Assumed links to
“similar” nodes

NEWS: Node Embeddings Without Similarity Assumptions
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Goal: build personalized node embeddings
without similarity assumptions
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A robust covariance has

smaller estimation error

Sample covariance
\ IS inaccurate

NEWS is robust, personalized, and parameter-free

[ https://github.com/deepayanl2/news ]
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21 real-world datasets Metric

Social, Collaboration,
Citation, Product, Financial,
Transportation, Biological,
Location-based, ...
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Cora (1, 434 nodes, 4, 256 edges) \/
(0,2] 0.04 | 048 | 0.10 | 0.17 | 0.69 | 0.48 | 0.25 | 0.70
(2,3] 0.04 47 | 031 | 0.34 0.52 | 031 | 0.67
(3,5] 0.04 | 044 | 026 | 023 | (0.66) | 0.46 | 0.28 | 0.63
(5,10] 0.05 36 | 0.28 | 0.23 | 059 | 037 | 0.30 | 0.54
(10,140] || 0.09 | 0.37 | 036 | 0.27 | (0.55) | 0.29 | 0.25 | 0.49
Gowalla (196, 591 nodes, 950, 327 edges)
(0,4] 0.03 | 0.12 | 0.09 | 042 | 056 | 036 | 0.09 | (0.69
(4,9] 0.03 | 020 | 0.10 | 0.54 | 072 | 048 | 0.13
(9,17] 0.03 | 026 | 0.13 | 059 | 077 | 0.53 | 0.20 | 0.78
(17,35] || 0.04 | 034 | 0.19 | 0.64 | 0.80 | 0.59 | 034 | 0.79
(35,14118]|| 0.11 | 0.54 | 0.41 | 074 | (0.88) | 0.68 | 0.58 | 0.81
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