Hashing Techniques

= & 2| (Sung-Eui Yoon)
Professor
KAIST

http://sgvr.kaist.ac.kr
KAIST



Class Objectives

e Understand the basic hashing techniques
based on hyperplanes

e Unsupervised approach
e Sematic hashing using deep learning

e At the last class:

e Discussed re-ranking methods: spatial
verification and query expansion

e Talked about inverted index
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Review of Basic Image Search
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Image Search

Finding visually similar images




Image Descriptor

High dimensional point
(BoW, GIST, Color Histogram, etc.)
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neighbor search (NNS)
h dimensional space
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Challenge

BoW CNN
Dimensions 1000+ 4000+
1 image 4 KB+ 16 KB+
1B images 4 TB+ 16 TB+

144 GB memory 128 bits

1 billion images 1 image

KAIST
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Binary Code

00001




Binary Code
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* Benefits
- Compression

- Very fast distance computation
(Hamming Distance, XOR)
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Hyper-Plane based Binary Coding
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Hyper-Plane based Binary Coding
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Distance between Two Points

e Measured by bit
differences, known as
Hamming distance

o Efficiently computed
by XOR bit operations 0

dhd(biu bj) —
‘bz @bj‘
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Good and Bad Hyper-Planes

Previous work focused on

how to determine good hyper-planes
2 KAIST
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Components of Spherical
Hashing

e Spherical hashing
e Hyper-sphere setting strategy

e Spherical Hamming distance
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Components of Spherical
Hashing

e Spherical hashing
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erical Hashing [Heo et al.,
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erical Hashing [Heo et al.,
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Hyper-Sphere vs Hyper-Plane
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closed

Average of maximum distances within a partition:
- Hyper-spheres gives tighter bound!
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Components of Spherical
Hashing

e Hyper-sphere setting strategy
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Good Binary Coding [veiss 2008, He 2011]

1. Balanced partitioning
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Intuition of Hyper-Sphere Setting

1. Balance 2. Independence
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Hyper-Sphere Setting Process

1. Balance

- by controlling radius

for n(S) = %
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2. Independence
- by moving two hyper-

spheres forn(s; N sS,) = %

Iteratively repeat step 1, 2 until convergence.
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Components of Spherical
Hashing

e Spherical Hamming distance
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Max Distance and Common ‘1’

Common ‘1’s

KAIST
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Max Distance and Common ‘1’

Common ‘1’s
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Max Distance and Common ‘1’

Common ‘1’s: 1 Common ‘I’s: 2 |9C:=ur5
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Average of maximum distances between two
partitions: decreases as number of common ‘1’
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Spherical Hamming Distance (SHD)
_ |bi B by
b; N\ D

SHD: Hamming Distance divided by the number
of common ‘1’s.

dsnd(bi, b;)
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Results
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Results of Image Retrieval

e Collaborated with Adobe

e 11M images

e Use deep neural nets for image representations
e Spend only 35 ms for a single CPU thread

# 10483341, 51,818407
-

I:I Imagesearch_Demo

[Choose Guer| [Specify Guerv] 55 Search time: 34.24 ms ¢ image loading time: 45.89 ms

# 10645703 # 10645703 # B0B2092. 49528861 # 3406844, 50, 56305 # 3771751, 51.483219 # 2526873, 51.615131 #512352, 61.517845

Search Params

nvisits: [100K - 3 028150, 52, # 670G, 52,342533 # 5551926, 59,405077

n.Result [100 -

InvFile Params
Indexer ’m
nindex [ 7] #14881d, 535030

Encode[DOPG - £
Codele ’m
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Semantic Hashing:
Finding binary codes for BoW model

Train an auto-encoder using 30 logistic

units for the code layer.

— We simply threshold the activities
of the 30 code units to get a binary

code.

Ack. Hinton

2000 reconstructed counts

T

500 neurons

T

250 neurons

30 | code

250 neurons

T

500 neurons

T

2000 word counts




Using a deep autoencoder as a hash-function for
finding approximate matches

supermarket

search

Similar
3 Documents

= ‘:.\ Semantically

hash
function

Document



Binary codes for image retrieval

« Maybe we should extract a real-valued vector that has information
about the content?

— Matching real-valued vectors in a big database is slow and
requires a lot of storage.

« Short binary codes are very easy to store and match.



A two-stage method

First, use semantic hashing with 28-bit binary codes to get a long
“shortlist” of promising images.
Then use 256-bit binary codes to do a serial search for good
matches.
— This only requires a few words of storage per image and the
serial search can be done using fast bit-operations.
But how good are the 256-bit binary codes?

— Do they find images that we think are similar?



Krizhevsky’s deep autoencoder

The encoder has

256-Dbit binary code

about 67,000,000 &
parameters. 512 There is no theory to
It takes a few days on justify this architecture
a GTX 285 GPU to 102&
ftraln on two million "
images. ~
4096
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8192
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1024 1024 1024

Start w/ 32 by 32 image patch




Reconstructions of 32x32 color images from 256-bit codes
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retrieved using 256 bit codes
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retrieved using Euclidean distance in pixel intensity space
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retrieved using 256 bit codes

dist: 60 dist: 61 dist: 62 dist: 62 dist: 63 dist: 64 dist: 64

dist: 64 dist: 65

dist: 66

retrieved using Euclidean distance in pixel intensity space

dist: 0.0 dist: 2725.1 dist: 2764.2 dist: 2807.8 dist: 2844.9 dist: 2855.9 dist: 2870.3 dist: 2899.1
| . n e
dist: 2909.1 dist: 2916.7 dist: 2916.7 dist: 2916.8 dist: 2922.7 dist: 2930.2 dist: 2931.3 dist: 2942.6
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Class Objectives were:

e Understand the basic hashing techniques
based on hyperplanes

e Unsupervised approach
e Semantic hashing

e Codes are available

http://sglab.kaist.ac.kr/software.htm
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Homework for Every Class

e Go over the next lecture slides

e Come up with one question on what we have
discussed today

e Write questions three times

e Go over recent papers on image search, and submit
their summary before Mon. class

53 KAIST



54

Next Time...

e Person Re-Identification, Re-ID

KAIST
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