Hficient Nearest

Neighbor Search in
Distributed Manner

Cheng, Ti-Chung (1155043421) Supervised by Prof. James Cheng
The Chinese University of Hong Kong, CSE Department
y



Introduction

Background and Theory

Overall Design and implementation

From single machine to distributed computation
CGeneralized framework

Experiments and Results

Discussion and Conclusion




Introduction
This is where it all began




}f} Introduction

Last semester: explore the basic of Nearest Neighbor Search
Motivation: Solve real world nearest neighbor problems efficiently
Theory -> Application

Compare real world solution

Real world question: large dataset, high dimensional, useful

Image retrieval



Introduction

Curse of dimensionality

1 dimension:
10 positions
L ]

Combinatorial explosion
Exponential growth: O(29)

Each added dimension doubles
the need to apply all
combination

2 dimensions:
100 positions
[ ]

3 dimensions:
> 1000 positions!

Image reference: https://www.scinethpc.ca/wp-content/uploads/2012/02/bengio.jpg .



Introduction

Nearest Neighbor Search

Definition  Nearest neighbor Search

Retrieving a set of k—most similar items as set R C X when given a query g, where the superset X
includes n points, X = {x; | i=1...n} and x; € R
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Image reference: http://images.slideplayer.com/21/6323701/slides/slide_6.jpg




Introduction

Satisfying Results

FLANN I 45.815

1 thread 37.0426
Sthread N 9.0842
10thread I 5.4765
20thread I 3.449706
0 10 20 30 40 50

Time (s)




Introduction

Contributions:

Working distributed Image retrieval using Distributed Nearest
Neighbor Search Algorithm

Perform better than QpenCV AH_ANN library

Scalable compared to GpenCV AH_ANN library
Implement HLSH on general distributed LSH platform
Implement C2LSH on general distributed LSH platform
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Background and Theory

Building upon others




Background

Content-based image retrieval (CBIR) Concept-based image retrieval
Focus on low-evel image information Focus on high-evel image concepts

le. The color and shapes in images le. A boy riding a horse

ocean sky
man-made boat
sky cruise
water
M building ship people
T« s ' historical .

:ﬁ —_— _ . architecture stupa
C———

Vew Large View semlar View Lamge View semilar

Source: Image Retrieval: Ideas, Influences, and Trends of the New Age, RITENDRA DATTA, DHIRAJ JOSHI, JIA
LI, and JAMES Z. WANG, The Pennsylvania State University https://goo.gl/ozdXc2




Background

Nearest Neighbor Search is our focus

Concept-based image retrieval
Kd-tree?

Image reference: Internet image

Only low dimension: bad at high
dimension pruning

NP — hard for comparing tree for exact
search

kD tree
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Background

Nearest Neighbor Search is our focus
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Experiment Reference: http://www.alglib.net/other/nearestneighbors.php
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Background

Nearest Neighbor Search is our focus

Concept-based image retrieval
Kd-tree?

Only low dimension: bad at high
dimension pruning

NP — hard for comparing tree for exact
search

Image reference: file:///D:/Program%20Files/Downloads/kD-tree_02.gif
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Background

Nearest Neighbor Search is our focus

Concept-based image retrieval
Kd-tree?

Only low dimension: bad at high
dimension pruning

NP — hard for comparing tree for exact
search

Approximate Nearest Neighbor Search

Image reference: file:///D:/Program%20Files/Downloads/kD-tree_02.gif
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Background

Locality Sensitive Hashing (LSH)

Definition 1 Ball B, (?,r) : In d-dimensional space RY, under distance metric | » Bp is centered at

point ¢ with radius r such that : BHHBP(?,J'} ={V eR| 1, (7, q)<r}

Only when the following conditions were met can this family function be called (r, cr, pl, p2)-

sensitive:

Definition 2 (Locality-sensitive Hashing)

l.ifd(q.r) <r, then B.[h(p)=h(q)] = p1
2.ifd(q,r) > cr, then P,Jh(p) = h(q)] < p2
3.¢> land

4.p1>p2




Background

Locality Sensitive Hashing (LSH)

general hashing locality-sensitive hashing
N T
(o] o] (o] | Te] [ ] Jee| [ Je e]

sim(X,Y) = P{h(x)=h(y)}

16
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Husky 4

@ F scala

pUthon
Open Source AP
e s )
Distributed Platform Map Machine Graph Stream SQL
iject-oriented Reduce Learning Analytics Processing OLAP
Load-balancing and [ Husky Kernel

fault tolerance ac ac C AC

Messaging paradigm { Hadoop J NoSQL [Key-value } [Messaging}{ Search }

Ecosystem Stores System Engine

Map-reduce friendly

Image from CSCI5570 Lecture
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Overall Design

This is how it works

18



Image Retrieval

Images

Nearest
neighbor
matching

Result
aggregation +
visualization

all matching
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binary
compression

Stock Images

Sift descriptor
extraction

data
preprocess

Results
User query




Image Retrieval

12D
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Image Retrieval

12D
Images l
Mearest y Result
neighbor Al matching aggregation + NNS

descriptors

matching visualization

binary
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Nearest Neighbor Matching




Image Retrieval

12D
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all matchin ; \
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Feature extraction

SFT (Scale Invariant Feature Transform)
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Feature extraction

SIFT (Scale Invariant Feature Transform)

12D
Robust : perspective change |
Locality preserving NIIIS

Large Quantity ol




Feature extraction




Feature extraction

Data Format: (ID + FileID) Descriptor*128




Image Retrieval
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Nearest Neighbor Search

=21 SH (Exact Euclidean LSH)




Nearest Neighbor Search

D?ta Des.1 | Des.2 | Des.3 | Des.4 | Des.5 | Des. 6 | Des. 7
Dz;ta Des.1 | Des.2 | Des.3 | Des. 4 | Des.5 | Des. 6 | Des. 7
Dgta Des.1 | Des.?2 | Des.3 | Des. 4 | Des.5 | Des. 6 | Des. 7

Data Data Data Data Data Data Data

1 2 3 4 5 6 7

'I:;:‘it Sig.1 | Sig.2 | Sig.3 | Sig. 4 | Sig.5 | Sig.6 | Sig. 7
'I:(;J:;t Sig.1 | Sig.2 | Sig.3 | Sig.4 | Sig.5 | Sig. 6 | Sig. 7
'T(;Jr:‘gt Sig.1 | Sig.2 | Sig. 3 | Sig. 4 | Sig.5 | Sig. 6 | Sig. 7

ha._b(v) —

a-v+b

12D

NNS

R2I
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Nearest Neighbor Search

D?ta Des.1 | Des.2 | Des.3 | Des.4 | Des.5 | Des. 6 | Des. 7
Dz;ta Des.1 | Des.2 | Des.3 | Des. 4 | Des.5 | Des. 6 | Des. 7
Dgta Des.1 | Des.?2 | Des.3 | Des. 4 | Des.5 | Des. 6 | Des. 7

Data Data Data Data Data Data Data

1 2 3 4 5 6 7

'I:;:‘it Sig.1 | Sig.2 | Sig.3 | Sig. 4 | Sig.5 | Sig.6 | Sig. 7
'I:(;J:;t Sig.1 | Sig.2 | Sig.3 | Sig.4 | Sig.5 | Sig.6 | Sig. 7
'T(;Jr:‘gt Sig.1 | Sig.2 | Sig. 3 | Sig. 4 | Sig.5 | Sig. 6 | Sig. 7

ha._b(v) —

a-v+b

12D
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Nearest Neighbor Search

Data Data Data Data Data Data Data

1 2 3 4 5 6 7
'T;‘:‘f Sig. 1 | Sig.2 | Sig.3 | Sig. 4 | Sig.5 | Sig. 6 | Sig. 7
'I:(;‘r:“;t Sig. 1 | Sig.2 | Sig.3 | Sig. 4 | Sig.5 | Sig.6 | Sig. 7
'I:(;‘:gt Sig.1 | Sig.2 | Sig.3 | Sig. 4 | Sig.5 | Sig.6 | Sig. 7
'i:g:zt Sig.1 | Sig.2 | Sig.3 | Sig. 4 | Sig.5 | Sig.6 | Sig. 7

And - Or operation: (1,4), (3,7)

12D

NNS

R2I
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Matching Images

1290602
1300002
1310302
1335302
1342302
1349502

1354902

.472136
.316625
.403124
.403124
.358899
.582576
. 795832

2179303 47.053162
2397503 43.046486
2397503 49.203659
1259909 34.044090
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Distributing the design
Upbgrade Avaliable
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Nearest Neighbor Search

D?ta Des.1 | Des.2 | Des.3 | Des.4 | Des.5 | Des. 6 | Des. 7
Dz;ta Des.1 | Des.2 | Des.3 | Des. 4 | Des.5 | Des. 6 | Des. 7
Dgta Des.1 | Des.?2 | Des.3 | Des. 4 | Des.5 | Des. 6 | Des. 7

Data Data Data Data Data Data Data

1 2 3 4 5 6 7

'I:;:‘it Sig.1 | Sig.2 | Sig.3 | Sig. 4 | Sig.5 | Sig.6 | Sig. 7
'I:(;J:;t Sig.1 | Sig.2 | Sig.3 | Sig.4 | Sig.5 | Sig.6 | Sig. 7
'T(;Jr:‘gt Sig.1 | Sig.2 | Sig. 3 | Sig. 4 | Sig.5 | Sig. 6 | Sig. 7

ha._b(v) —

a-v+b

12D

NNS

R2I
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Distributing E2LSH

Map-Reduce

worker Intermediate '
Files ‘

output
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Distributed E2LSH

We move only the
hash value of Query

Scalable

buckets

Query

Result

Result

Result

rOnNE

Initialization

Calculate hash values
Create the key/buckets
Calculate Candidate pairs

m



A Generalized Framework

Now we can do more

42



Distributed E2LSH

Colliding instances
are searched

<<n
Database
110101
h 110111
rl . -rh :
Series of b o1
randomized LSH Query Hash table:
functions ) '

Similar instances collide, w.h.p.

Hash method Search method

Distance metric Termination decision
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Image reference: https://micvog.files.wordpress.com/2013/08/Ish1.png



Distributed LSH

Result

oSOk whE

Initialization

Create hash functions
Calculate hash values
Create the key/buckets
Calculate Candidate pairs
Decide termination
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Hamming Distance Locality
Sensitive Hashing (HLSH)
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Collision Counting Locality

Sensitive Hashing (C2LSH)
[
a-v+b 1. Initialization
g hap(v) = | ] 2. Create hash functions
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Experiments and Results
It’s pretty fast, and scalable!
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Stock images + Query Images

Experiment 1. simple correctness test, small dataset
Experiment 2: Robustness test, medium dataset
Experiment 3: Scalability test, large dataset




JAMES
PATTERSON

DAVID ELLIS

004,jpg 005jpg

18940 SIFT points, 9.4MB, 0.49 seconds
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THE WORLIVS 91 BESTSELLEWG WRITER

THE VERY
HUNCEY
(EEPILLAR

WITEN
BREATI
BECOMES %

When Breath Becomes Air The Very Hungry... The Black Book

» Paul Kalanithi » Eric Carle ) James Patterson
i W Wi 7 6,266 Wiy 2,002 dr ¥ y7 88
Kindle Edition Board book Kindle Edition

$12.99 $8.09 «/Prime $14.99
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Experiment — Robustness

30 high quality images
Around 440 MB

Cats: very similar item test
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}f} Experiment: CpenCV H.ANN

H_ANN (Fast Approximate Nearest Neighbors with
AUtomatiC Algonthm COnfigUFaIion) 2009 Marius Muja, David G. Lowe. 2000 citations

Compare NNS time 0
Prove scalability c o

Prove performance OpenCV

56



Experiment 3-1
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Experiment 3-1

FLANN I 45.815
1thread I 570426
5thread | ©.0842

10 thread | 5.4765

20 thread I 3.445706
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Experiment 3 -2
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Experiment 3 - 2




Experiment 3 - 2

Scalability

20M 1thread ] 5.522217

10M 10 thread | 2.030615

0 50 100 150 200 250
Time (s)

1/100 time possible
Distributed setup = Scalability




Discussion and

Conclusion
Not the end, but the start
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Scalability

F AN | —— 45815 FLANN — 2 27 .6 55

lthread | 370426 1M 1thread I 210.25

Sthread N ©.0E42 20M 1thread W 5.522217

10thread M 5.4765

10M 10 thread | 2.030615
20thread NN 3.449708

0 50 100 150 200 250
] 10 20 30 40 50 .
Time (s) Time (s)

It is pretty robust
Very efficient
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}f} Conclusion

Working distributed Image retrieval using Distributed Nearest
Neighbor Search Algorithm

Performance: better than OpenCV HLANN library

Scalability: better than GQpoenCV H.ANN library

Implement HLSH, C2LSH on general distributed LSH platform
Open-sourcing in near future
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