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Apprasimated and usr steerable for progresive visual analytics o il
o Barnes Hut SNE = Most real world datasets are high dimensiona.
Nicol Pesaot ot a1 = High dimensional data vis s hard.
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o SNE
= A ool for dimensionaity reducton/vis of high dimensional data « B Hut SNE
. data pints i high pace to Pand Q.
Joint probablty distribution P. = Use gadient descent for minimizaton
= Computes a oint probabity distribution @ describing simiarity in = Each point atracts o repes al other points vith a force .
low dimensional space
= Goal: Represent P faithfully using Q.
Barnes-Hut SNE Barnes-Hut SNE Outline ASNE
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= Uses two approsimations
« Orginl (SNE uses brute force approach for rosimation 1: Smilarities betueen data poits ae compus
Original tSNE uses brute force approach for F- dproxmaton 1 Siniaives betvcen tata ponts puted by  Evalution of BH-SNE.
= Compatation and memory complexity of O(n?), only taking set of nerest neighbours ey o Uses aprosimations to geneate useul intermecite results
= Barnes Hut SNE is an evolution of tSNE. * Approsimation 2 Uses Bames-Hut algorithm. @ e
= Reduces computationsl and memory complesity to O(Nlog()) and @ Introduction © Approxmation defined by user
O) respectively.
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nroducson nroducson nroducson
s = \
E—ﬁ} o Improves BH.SNE using approsinated KNN compuratons for
spprosimated P.
Fiure: Progessive isul anaytics using SNE = Using a precison parameter , descrbe the average percentage of
poins in approsimated neighbourhood tht belong o the exact Fgure BHSNE: 31916 5 Fire ASNE (5= 023) 2045 | @ ssnE
(=S neighbourhood
o s ser defined, large vales of ) means better approximations but o Inteactive analysis
8 — more computationa overhead
« These approximations mke AtSNE computatonaly sterable. ?
i Progressive s ansytcs sing A 1SNE Figre ASNE (=036 015 Figre ALSNE (5= 007): 130
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= Breadth first search: If only a few points are slected, include the o Visualizing approximations: Precison of high dimensional similarites @ Inseting points
neighbourhoods, is gradually refined until exact, requested precision can be visualized o Deleting points
® Density based refinement: Global overview, user defined selection or ‘while refinement s ongoing. @ Dimensionality modification
il « Use maic ens 0 show aproimations
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