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Point to Point (P2P) Hashing
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Introduction

» P2P (ANN) search characteristics:
~ CompUTOTiOHOI fime (sublinear search complexity)
« Storage space

« What are the unsolved problems ?

o How 1o measure distance between sets
o Is there any useful informartion
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Supervised Information
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Reference:
« Deep Image Set Hashing, [arxiv:1606.05381v2, 2016]

« End-to-End image Set hashing, but No structural
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Introduction

 What are we proposing?
o Set-to-Set Hashing => binary codes for a sef

o Multiple information => stafistical & structural
iInformation to improve the retrieval performance

o State-of-the-art results



Multiple Information for Image Set
Hashing

Structure

» Staftistical information: ststn/ P
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Structural Information and

Similarity Measure
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Ko(xi,%5) = ¢(Ci) " 6(C;)
= exp(—||log(C;) — log(C;)||7/272)

» Structural information: Kxx)=

o Staftistical information:



Structural Information and
Similarity Measure

Image set, ID1 Image set, ID1 Image set, ID2

age se

L s k> L
& & &
g =] =}
= o~ e
5 E s

b
5 g 3

index of image index of image index of image

Ezzzl 221:1 ApAjgg(tip, i)
Zzzzl Aip ZZQ Ajg

K. (xi,x5) = 6(Cs) ' ¢(C;)
= exp(—||log(Ci) — log(Cy)||%/273)
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e Staftistical information:



Structural Information and

Similarity Measure

EZ;I Zgil ApAjgg(tip, i)
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Ko(xi,%5) = ¢(Ci) " 6(C;)
= exp(—||log(C;) — log(C;)||7/272)

» Structural information: Kxx)=

o Staftistical information:



The Mapping Function

Weak Learners:

F0) = sign(Kim (ga,%) ~ Ko (x0) + )

positive The my, kernel hegative

A strong split (bit):

F(x) = sign(32,_, Atj%x))

The best weak learner
at iteration t



Image Set Hashing via Multiple

Information
e Problem Formulation
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Experiment Settings

« Datrasert:

o CIFAR-10: 60, 000 images are randomly selected to 195
Image sets for training process; 100 image sets for test
query, the left images are around 50,000 for test
database (around 1700 image sets)

o Big Bang Theory video (image set) benchmark (BBT):
3,341 videos with 12 characters, 100 image sets for
training, 100 image sets for test query, 3041 image sets
for test database



Retrieval Performance on
CIFAR-10

Compared Methods Our Method
bits | LSH [13] | SH [49] | SSH [41] | KLSH [16] | KSH [21] || HER [18] ISH
8bits | 0.1063 | 0.1279 | 0.1165 0.1067 0.2363 0.2284 0.2822
12bits | 0.1073 | 0.1330 | 0.1416 0.1210 0.2486 0.2672 0.3069

24bits | 0.1086 | 0.1317 | 0.1512 0.1420 0.2680 0.2772 0.3159

32bits | 0.1194 | 0.1322 | 0.1574 0.1501 0.2818 0.2937 0.3292

48bits | 0.1105 | 0.1352 | 0.1629 0.1622 0.3003 0.3154 0.3334
Performance on CIFAR-10. KLSH, KSH, HER, ISH use image sets as input
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Performance on BBT TV-series

TV drama: the Big Bang Theory |

| Method (| 8 bits | 16 bits | 32 bits | 64 bits [ 128 bits |
LSH [13] 0.2109 0.2086 0.2092 0.1963 0.1994
ITQ [10] 0.2935 0.3025 0.2989 0.3029 0.3060
SH [49] 0.2377 0.2652 0.2665 0.2623 0.2673
DBC [30] 0.4489 0.4495 0.4235 0.4005 0.3867
SSH [42] 0.2716 0.2855 0.2662 0.2584 0.3003
MM-NN [25] 0.3752 0.3955 0.4664 0.5124 0.4922
KLSH [16] 0.2450 0.2498 0.2381 0.2256 0.2325
KSH (point) 0.4090 0.4366 0.4454 0.4567 0.4604
KSH [21] (set) 0.4590 0.4619 0.4534 0.4685 0.4631
HER [18] 0.4606 0.5049 0.5227 0.5490 O 5539

ISHU 0.4833 0.5279 0.5359 0.5501

Performance on BBT. KLSH KSH, HER ISHY, ISH use image sets as mput
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Summary

« S2S provides the promising
applications/results comparing to the
traditional hashing methods (P2P)

» S2S hashing improves the retrieval
performance by utilizing mulfiple (structural
and statistical) information

o State-of-the-art results in retrieval datasets

« No complex deep learning frameworks



MAX for Developers

Deploy pre-
Find model p_YFD Use model
trained
asset asset
model asset

Free, deployable, and trainable code.

A place for developers to find and use free and open source deep learning models.

View all models» Try the tutorial » Join the community »

Facial Emotion Classifier

Detect faces in an image and predict
the emotional state of each person

View model »

« Audio classification

Image classification

Text classification

Object detection

Facial recognition

« Image-to-1mage
translation

« Image-to-text
translation

Image Segmenter

Identify objects in an image, addition-
ally assigning each pixel of the image
to a particular object.

View model »

Object Detector

Localize and identify multiple objects in
a single image.

View model »

ibm.biz/model-exchange




IBM Data Asset eXchange (DAX)

Curated free and open datasets under open data licenses
Standardized dataset formats and metadata

Ready for use in enterprise Al applications

Complement to the Model Asset eXchange

ata Asset eXchange

Data Asset eXchange

O d e | S S e -I- e C h O n g e Explore useful and relevant data sets for enterprise data science

ingen Meaning Bank - Modified Contracts Proposition Bank NOAA Weather Data - JFK Airport

A subset of the GMB dataset, consisting of documents Text from approximately 1000 english compliance cal climatological data originally collected by JFK
verified to be in the public domain sentences obtained from IBM's publicly av
contracts, annotated with a layer of "universal”
semantic role labels.
View dataset » View dataset »

View dataset »

Nutch Finance Proposition Bank Forum Subjectivity

. This dataset consists of raw and processed execution Adataset of online discus
August, 2019 / © 2019 IBM Corporation logs generated from two versions of Nutch, an open ed fro : : ancia 1 Ubuntu Forums, with as:
source web crawler aplication.
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