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Learning from Unstructured Data

= Data: Large corpora of images & associated metadata that includes free text (open source)

= Problem: Given a multimedia corpus, can we create a joint vector space between multimodal
elements?

« Constraint 1: Unstructured text of any length, language, or relevance
« Constraint 2: Minimal training guidance and minimal tuning

= Challenge: Very messy, lots of noise, heterogeneous, and sometimes irrelevant tags
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Current Problem (ICCV 2015)

= Goal: Create a vector space to where multimodal
elements can be mapped

= Advantages:
« Similarities, distances, and differences between a diverse set of
media make sense. For example:

— Words to other Words: A
grammatical & contextual

— Images to other images
— Words to Images
— Images to Words
« Euclidean operations have meaning
over diverse domain. For example: man

— Analogies: >
King is to queen as man is to woman

— V("Woman") =V("King") -V(*Queen”) + V("Man")

— V(*Woman”) =V( ¥
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Roadmap of implementation

Supervised Neural Network, Targeted Training [Krizhevsky et al, *12]
« Supervised deep learning architecture

« ILSVRC classification Task: 1000 “synset” classes, 150k images

« YFCC100M have no labels, but intermediate layers are useful

Word2Vec multithreaded structure [ Mikolov et al, NIPS, '13]
« Distributed representation of semantics information
* Not multi-modal, but it is extendable (codebase)

CaffeNET [Y. Jia et al, '13]

« Necessary for large-scale feature extraction and back propagation
« Final layers need to be implemented

Dual autoencoders with association labels [Vincent et al, ‘10, Feng ‘14]
« Unsupervised cross-modal structure with autoencoders

« Unprincipled and poor performance, especially at large scale.

« Dimensionality is too large in both image and word space

« However, it does offer a nonlinear solution for a highly complex solution
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The AlexNET deep learning architecture

= ImageNET Competition (ILSVRC 2012) : 1000 Classes Target Output Layer

= AlexNET Architecture:

Softmax: W

N
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i3 [dense] fensd T Deep Image Network
— i | | 1000
Max = R pooling 294 2048
pooling pooling
Convolutional (Gabor) 8x8
= Final softmax layer, learning posteriors: / \
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= Base structure is useful, but final

layer is unsuitable for unstructured oo02sa73d122Caone RN
text at Iarge scale \ Red Noel christmas electric signs noel /
«  Manually intensive training -

+ Inflexible targeted single labels
»  Concurrent definitions unsupported

« Large dimensionality of vocabulary

« Not “concept” driven User description: User description:
\_ My black camaro datracing machine  /
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Training with distributed representations

= Unstructured text is extremely noisy & varied

square  iphoneography square format instagram app california travel
nikon usa canon london japan france
nature art music europe beach united states
england wedding italy new york canada city
vacation germany party park water people
uk spain architecture summer festival nyc
taiwan paris san francisco australia winter sky
SNOW concert night family china museum
food street live washington  landscape flower
sunset photo flowers holiday trip photography

e
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= Neural approaches are state of the art and perform surprisingly well [Baroni, ‘14]

= Mikolov et al: skip-gram distributed modeling
T (V, Vo) = log o(va v + Z Ep, [1og a(—vgvn)]
« Semantic-based vector rep?esentation of words

« Context-based: taking a window around a word

= Solving the multiple label problem:
* Robust to noisy metadata associated with imagery
« Extendable a large corpus of “clean data”
* Relate images to concepts (context) rather than labels

word(3)
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Context-based “skip"” network

Semantic Context
P Loss Layer

trained: one hot encoding

Final Feature Current ]
Layer Backprop
4096 4096 &
Deep Image Network Krizhevsky Deep Image Network Future
Architecture Backprop
Convolutional (Gabor) 8x8 Convolutional (Gabor) 8x8 V
Original Architecture New Architecture Optimization

= Trained network places images and semantics in the same vector space

= Improvements: tune the network to use the negative gradient to back
propagate
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Positive association with
negative sampling reqularization

Define the following vectors:

v, : word vectors (v, € RZOO), v image feature (v, € R4096)

200 200 200
) )

v,: output vector (v, € R™™), v,: positive sample (v,€ R™™"), v,: negative sample (v, € R

Mikolov et al., noise contrast estimation

T (U, Vo) = log o (v, vu) + Z Ep, [log 0(—@5%)]

Added term to deal with related images:

W(f) Z log o (v Wyf) + Z E, [log 0(—U£va)}

s~

Gradient update:

VwJWY = v, +VJ_

- (Sl Sdndwd

n
N

Weighting matrix is the final layer of network
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Implementation details

T (U, Vo, W) = Z {log o (vg Vw) + Z log a(ngvf) -+ Z Ep, [log J(—U;‘Cva)a(—v;‘fvw)] }

w’f5o

= Joint optimization overv,, v, and W
« Mikolov does this with SGD over
* Substitute v, with v, for joint training

« The vocabulary is roughly 15% larger than necessary
(meaningless and infrequent words / emoticons)

= Pre-training and vocabulary pruning
« Lots of noise and unicode characters
« Clean datasets: NY Times (20 years), Wikipedia (1% g billion characters)
. va0¢vp (i.e., joint training is not necessary)

— Optimize word space first, then optimize W matrix

— Better if we use a “clean” dataset first, and then optimize over the images based on
the context that it sees.
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Yahoo! FlickR Creative Commons 100M Dataset

= YFCCa00M Offers Opportunity to Learn Semantic Space for Images,
Videos, and Text

= One of the Largest Publicly Available Multimedia Datasets
« 99.3 million images, 0.7 million videos
« Metadata includes: description, camera type, gps location, tags, user

= Collaboration with ICSI Berkeley, Yahoo!, Amazon, and LLNL

= LLNL'sVideo Analytics LDRD provided speech and video features for the
geo-location task in MediaEval2014, and ACM competition at ACM 2015

ICSI| Works With Yahoo Labs and
Lawrence Livermore Lab to Offer
Analytics Tools for Over 100 Million
Flickr Images and Videos

50TB Computing Program Runs Analysis on the Entire Flickr Creative Commons
Dataset, One of the Largest Public Multimedia Datasets Ever Released to the
Public

wanypr 1051
ARKE
mwmu July 3, 2014 9:00 AW Y + X “n n

BERKELEY, CA—(Marketwired - Jul 3, 2014) - The International Computer Science Institute {(ICSI), a
leading center for computer science research, today announced a collaboration with Yahoo Labs and
Lawrence Livermore National Laboratory to process and analyze the recently released Yahoo Flickr
Creative Commons 100 Million (YFCC100M) dataset, a publicly available corpus of user-generated
content comprising more than 100 million images and videos.
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Query Results on Text Alone

= Query "Red”, Metadata+NYTimes, Metadata Only

Cosine distance I Word Cosine distance

. 766820
.690916
.690356
.659482
.624348
.622471
.615909
.523828
.518938
.517546
[ L, 3 A

.765134 yellow
667090 purple
660480 pink
.655323 orange
.647688 blue
.646990 green
.633826 white
.549109 glowing
.539543 black
527789 ~sky

= Query “kg”, Metadata+NYT|mes Metadata Only

Cosine distance Cosine distance

yellow
pink
purple
orange
white
blue
green
stripes
striped

black

PO OO OO OO0 OO
DO OO O OOO OO0

.461504
.454843
.446335
444728
.443189
.432801
.429903
.429756
426570
425053
.423600
.423025
420620
.417837
.415530
.413818
.412476
.410803
.409479
.408169

.452182 hund
.436650 australiancattledog
.434721 germanshepherd
. 430973 canine
.424129 shorthaired
.415784 sennenhunde
.415089 puppy
. 408709 neuter
.407449 perro
.405896 apbt
404788 bostonterrier
. 403975 mynoias
.399475 k-9
.398497 pekingese
.396222 ciscc
.395836 mastiff
394518 hundewelpen
.393059 udstillinger.
.389093 mutt
. 388342 dog

hund

corgi

canine

udstillinger.

gsp

dachsunds
shorthaired
sennenhunde

haustier

102212005

kelpie

k-9

butcherwhiteZ2c
pekingese
kennelsZ0asite joplin
dog

malinois

hunde
staffordshire_bull_terrier
kennels

DO ODOOOOOOOOOOOO0O OO0

0
0
0
0
0
0
0
0
0
0
0.
0
0
0
0
0
0.
0
0
0
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Image analysis: concept driven

Terminal — ssh — B0x42

Cosine distance

CSlad6a
ALY
CATIELE
CAESET2
LAEeE741
cAEE142
cAE6 550
cA62154
453542
cAd4a964
4453418
cd42 510
cA41 525
4411359
441113
c44E 555
435237
43581354
437152
433555
c43204]1
4317356
cA31255
429040
CAZE5LT

purpleglory
Carangoides
wais=thand
Zipper
hanometres
trousers
placket
EYES
scrunched
scyliorhinus
turnbacks
blue
acuminate
Uraeginthus
tomentose
trevally
hylexetastes
Zape
waistcoat
bodysuit
starlike
shirt
margararnis
suspenders

S A

T
-

ey B I e B I o Y N w Y wcn  wew J cn  wx  wcw  ww J wew  wcn  ww  wcw  ww J wcw  wc wn  cx  w  cw
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escriptive adjectives and nouns

& 00 Terminal — ssh — 80x41

Word

panteleimon
ierarhi

ziligue
urch

mothe
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Descriptive verbs and nouns

Wlord Cozine distance

0,672234
53425

LUPFEE&IHUN
dacrydium

qumriLt 0, B051 37

=0 |:l hor-a l'.'l I:':|-'-'|-'-"':':

I'_I: ||'_I|'| y "

|:u::r'+u1 1-:41:.-:4 0,575 195
cichorium :

eat
intybus
'dnl+r41f
saprophytes
hlplrratu
quajava

1ibwort |"'| LG70476
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General and specific terms
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nnrdl

atchf/mayhewS/ ImageCLEF/imag

terur1um
groundplan
achonry

ancud
vallalta
indeed
sernin
Enter word or sentence (EXIT to break

Position in vocabulary:

Cosine distance
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Semantic-based examples

ystem ca ]

t ./eogy.sh 01033aa5beb3dbb1/ddbd/ SealcdIla
Opening image /p/lscratchf/videousr/YLI/raw_data/pearce?/2nd/yfccl00n_inages/0000/01033aa55eh3450174d5d73ealeddl

Hord: 010332a55eb945b17dd5d73ealcd9]l Position in vocabulary: 7915

Hord

Cosine distance

wooden
falcon%3f
eagle%sf
sachi
carved

Susten call to 0S: ./eogy.sh 0142aF9899d5e0eBu S dRR 12500,

wooden
falconZ3f
eagle’3f
sachi
carved
sushi
2009,12,11
turning
andromeda
Japonica
pieris
banshees
thrashers
96

ikebana

railroads

f lowerarrangenent.
touch?2c

nordic
copyright%3a
Japanese
#4e97bbB3%e57b1%b1
saipan
4%2F22%,2F2007
shen

brixton
11,2,13-64
garapanz2c

suede
festival-9177

chinasquare
satellite

0,999018
0,993688
0,998636
0,998590
0,998049
0,946142
0,919562
0,888647
0,848497
0,843746
0,841031
0,792362
0,791142
0,787241
0,784596
0,781760
0,780012
0,777637
0,771064
0,769514
0,768818
0,768597
0,753743
0,753694
0,752610
0,752599
0,752433
0,749263
0.,747911
0,747100
0,741353
0,739753
0.729532

< e
D" ImageMagick: 01033aa55eb945b174...

Opening image /p/lscratchf/videousr/YLI/rau_data/pearce?/2nd/yfccl00n_inages/0000/0142af9893d50e8d3303d8212532

Word: 0142af9899d520e8d3303dB8212592 Position in vocabulary: 24503

Word

Cosine distance

joint
security
soldiers
batallion

Joint
security
soldiers

battalion
eeas

demarcation
somalia
9-18-06
panmnun jom%2c
sicilia
gnuZ2f Linux
uganda
stand

lan
bartonZ27s
assignment
honoluluZ2c
aerodrone
waikiki
airfield
republika
heights
nissing
ncsoft
d427affaires
republica
wallop

aac

toasts
charg#c3%ad
honor
choice,
oahu%2c
portions
vieved
battle
guest
angleterre
queenston

0,884869
0,847315
0,831235

1 ImageMagick: 0142af9899d5e0e8d33b3d8212502

=)

0,709230
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ystem ca. to

Us: ./eogy.sh Olde 9t bazet dd9dbt bt 30d080F ba.
Opening image /p/lscratchf/videousr/YLI/rau_data/pearce?/2nd/ufccl00n_inages/0000/01267F59f Sa2ef dd9ckhfbf 30d080fk

kord: 01267f59f5a2efd49dbfbf30d080fk Position in vocabulary: 16838

Word

Cosine distance

salute
stickmen
dubya
noel

salute
stickmen
dubya

noe
#28usar29
#%28guitar’29
venter
darcy?27s
shelter,
notices

chhs

duncanville
co

sideuvalk
[ES 8
tailed
sisters

molly
rays_20131005_193702
sox

smarties

marbles

treetop

candy

schlenkerla
anticipation

e

alds
today%21
bean

0,997519
0,997018
0,996151
0,919468
0,830412
0,829135
0,821679
0,813508
0,810012
0,809130
0.,806453
0,782679
0,781747
0,778819

9212423

Systen call to 05: ./eogy.sh 013ab7bE6a633F e adleflachf 330
Opening image /p/lscratchf /videousr/YLI/raw_data/pearce? /2nd/ufocl00n_ inages /0000 /013ak7fba6a633F Bof adleblaetf 33

Hordy 013ak7FbBbab33f8cfadleblashf33  Pozition in vocabulary: 22623

Word

Coszine distance

aircraft
airline
airplane

747
aviation

aircraft
airline
airplans

747

aviation
aicZiatrodrone
#2Zavgeeks
rd3aveeek
n19dus

solo

ksfo
picturesque
22000t
highwayxOasast
colg—ord

lan

f-giua

ailes

mandalay
waikiki

nczoft
hanoluluz2s
transmissdc3iaio
azd0abarraza
notouer
hauaiizZc

n
oahuz2c
cargo
nanur
boeing
belzien
Fhulay

cog
county#latucsoni2c

sands
Flight,
paricsiads
bubbles

0,993003
0.9%6767
0,941008
0,934217
0,850612
0.,849825
0.844182
0.841904
0,832353
0,827937
0,821957
0,821452
0.813409
0.813534
0,813476
0,811963
0,806512
0.,804225
0.804199
0.795282
0,798160
0,793537
0,792720
0.792516
0.,792107
0,782302
0,782122
0,781455
0,780381
0. 773d65
0.,779284
0,771630
0,768843
0,759586
0,759392
0,753025
0.751161
0,750508
0,741097
0,739848

I ImageMagick: 01267§59f532ef449dbfbf30d080fb
o

»
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FOUND ALUMINUM HURRICAN
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Summary

= Multimodal vector space
« Deep learning to understand image space
 Final layer replacement with semantic methodologies

« Promising results
— Wikipedia Dataset
— YFCCa00M Dataset

= Future Work
* Integration with UC Berkeley’s Caffe
« Use a better learner (e.g., GoogleNet)
« Full back-propagation for final layer
« Additional layers to be added for more complexity
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