Fast Comparative Analysis of Merge Tree
Using Locality Sensitive Hashing

Weiran Lyu, Raghavendra Sridharamurthy, Jett M. Phillips, Bei Wang

Problem Statement LSH for Comparing Merge Trees

Motivation Pipeline Preprocessing GSei?\garl:iiroen LSH
I
e L. Input Dat TN N Lbeleg ) Cann ) )
* Measuring similarity between objects is ;E,u et persistence Merge Tree Ve Trec RMVH e
fundamental in data analysis. " >imPificatior . ® S=imim| =5 &
* The need for meaningful and efficient ‘ < _ , . 4
— —_— W, s o
similarity measures 1s especially important in ! " S LI |
studying time-varying scientific data and = || B LT,
ensembles. £ ¢ L
* LSH remains unexplored 1n topological data - DN =\ /
analysis and visualization. s
Hiimismeem g b Pair
: bt f ety (24,12)
Challenges Subpath Signature for R o | (1534
Labeled Merge Trees (d s (62,47)
 LSH framework for hierarchical data that S ( ) ) e RN /
can be extended to merge tree ®
* Labeling strategy that preserves topology ® > MinHash
 LSH Parameter tuning: K, b, r X, X,7 1,3]
* Similarity matrix design Subpath 1 7 & 4,2
generation T
7,6,1] 5,9
Main Contributions 76 8.6
[6,5,[3.4]] -_5’7-_ Concatenation
« Two new similarity measures for labeled [6.5,2] 6,3
2-MinHash

merge trees that can be computed via LSH,
using new extensions to Recursive MinHash
and subpath signature, respectively.

* Our similarity measures are extremely efficient
to compute and closely resemble the results of
merge tree edit distance (dg) or geometric
interleaving distance (d;)

* Efficiency with up to a 1000x speed-up

Results

[1 !3!4!2!5!9!8!6!5!7!6!3]
Signature

3,4 2

Recursive MinHash for Labeled Merge Trees (dg)

Truncate tree i 2-MinHash

2y (XG5 g e

i Reorganize i Truncate tree

Q@ 4,2,1}{2,7,6,9}

© o

C

2 o) [1,2][4,7
# . é G o {1}{35[} ][[2]61[19] \14.2112.7.6.9)
- [1,3]  [1,5] {1} {3,5) |
Centaur David Gorilla l
2-MinHash Reorganlze ' Truncate tree e 2-MinHash e Concatenation 0
&x ! {3,4}{5,7} [1,4][2,5] [1,4,2,5]
L {1,4,2,1}{2,7,6,9} [3,5][4,7] {3, 4} {5,7} Signature
Horse Michael Seahorse Victoria Wolf
Shape Matching .
25 Data: TOSCA shape dataset contains various non-rigid shapes in different poses | e tening
@g I EStEE T Exper1m§nts. Alm. to classify shapes correctly using labeled merge trees, 120 - —* Comerflow
R i3t - S v - irrespective of their poses 3 100- —— ViscousFinger
ﬂ 1 ST | et * Key result: ds and dp classifies most shapes into correct categories £ 80 i
. BEd ¢ Bk I | =% /
Michael 5'.‘ : .'-_ﬁf': — 1" . .‘ | - i K=20 K=40 K=60 K=80 40 -
Seahorse u_!- 'B'JM *1-" : — : -:'..:.‘:"‘ Siodd aiz 32 -3 v Dataset Method
Victoria ,,13 kB ETE . B e 3 LSH  Total LSH Total LSH Total LSH Total 20 1
WOIf oo T .‘.:‘.n--i- i: o WE AR SRS AR o FPV———F———%———=
0 - g . i e TSP dg 1.50 2660.7 1.72 2661.0 2.03 2661.3 2.31 2661.5 (9x)(80x) o 10 5 0 0
Heated d, 76.90 2736.1 254.00 2913.2 663.20 3322.4 1357 4016 (6x)(5x) A
Flow 10000 + —a— \ortexStreet
(2000) dy 23686 ShapeMatching
8000 - —e— CornerFlow
dE 211688 HeatedFlow
de 45.10 13825 55.18 13835 65.45 13845 72.18 13845 6000 - —+— Viscoustinger
Viscous (33x)(1000x)
ggi:r) dy 374 14154 1156 14936 2843 16624 5636 19416 oo
(23x)(800x) 5000 -
d, 455388* e
0] S —— &
Similar ST |Dissimilar Min | Max dg 15965520% 20 30 40 50 60 70 80

THEU

UNIVERSITY
OF UTAH

S

www.sci.utah.edu




