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Introduction
[ ]

Disparate Data Types

Text: emails, ships' logs, computer logs, - - -

Audio: speech, cell phone, other communications, - - -
Image: UAV, satellite, mutlispectral, hyperspectral, - - -

Fingerprint data,
Facial/Character recognition data,
Other abstract data.
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Disparate Data Types

Text: emails, ships' logs, computer logs, - - -

Audio: speech, cell phone, other communications, - - -,

Image: UAV, satellite, mutlispectral, hyperspectral, - -,

Fingerprint data,

Facial/Character recognition data,
Other abstract data.

Goal:

To obtain superior performance in the exploitation tasks (inference,
prediction, synthesis, and general mining) through the fusion of
available disparate data types.
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Dissimilarities
Setup:

(X;,Y:) i.idPXY with X;: Q — = x---xZg, and
Y, :Q {1, ]}

Definition
A dissimilarity measure is a function & : = x Z — R U {0} with:
1. Positivity: 8(xq1,xp) > 0,
2. Symmetry: d(xq, x2) = 6(x2,x1),
3. Reflexivity: 8(x,x) =0,
4. ldentifiability: d(x1,x2) =0 = x1 = x».
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Dissimilarities
Setup:
jid )
(X;,Y;) ™~ Fyy with X;:Q — =y x -+~ xZk, and
Y;:Q—{1,--- ]k
Definition

A dissimilarity measure is a function & : = x Z — R U {0} with:

1. Positivity: 8(xq1,xp) > 0,

2. Symmetry: d(xq, x2) = 6(x2,x1),

3. Reflexivity: 8(x,x) =0,

4. ldentifiability: d(x1,x2) =0 = x1 = x».
A dissimilarity representation for a set of n objects is expressed as
a symmetric, nonnegative and hollow matrix A.
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Motivation

on the joint vs the product of marginals in disparate dissimilarity fusion

1. “The product of the marginals has less information than
the joint.”

e We all understand that we can derive the marginals from the
joint,

e but that we cannot (necessarily) recover the joint from the
marginals.

e So ... how shall we fuse disparate dissimilarities?
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Motivation

on the joint vs the product of marginals in disparate dissimilarity fusion

2. A Toy Example:

Consider four objects: @, @ , .

[ ]
e Consider three “marginal dissimilarities”: siz€, (S)hapkE, color.
e Each marginal dissimilarities alone produces its own clusters:
° siz€ — {1},{2,3,4};
e ®hape — {1,2},{34};
e color — {1,2,3},{4}.
e With the joint information, we can distinguish all four objects.
e Combining marginal information, in this case, also provides

full information.



Outline Introduction

Approaches
00

00@00000

Examples
00000000

Motivation

on the joint vs the product of marginals in disparate dissimilarity fusion

3. Tilted Parallel Cigars:

e Neither marginal yields much discriminatory power, but the
joint does.

o If the two canonical Euclidean marginal dissimilarities are
considered, the joint information can be recovered.

e This is not, in general, the case.
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Motivation

on the joint vs the product of marginals in disparate dissimilarity fusion

4. Image/Caption Fusion:

e Images and text are most naturally considered marginally,

e Our fusion methodologies allow for subsequent “joint”
analyses.

Images =r Captions Ec

i
pil Tiger Woods
S| et Detroit Tigers

11 o4 s A two-month-
af nif ¢l &,

sqwd )
o q

Indochinese
tiger cub is

d4 seen inside its
cage at the ...




Outline Introduction Approaches Examples
00 00000000 00000000

Motivation

on the joint vs the product of marginals in disparate dissimilarity fusion
5. Brain Shape Comparison:

o left & right hippocampi

e scale & shape

A(shape)

A(scale)

A(scale & shape)
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Motivation

on the joint vs the product of marginals in disparate dissimilarity fusion

6. Streaming Content in Context:

e Here we have Tr and T, and
o T =g(TE, T¢c) provides superior inference than either Tr alone
or T¢ alone.

Externals Zg Content Z¢ Graph =G
———

Date: Mon, 30 Oct 2000 23:48:00
From: rosalee fleming@enron.com

Date: Wed, 9 Jan 2002 20035 s roay e
§ From: kishorer@inventx.com As announced
Date: Wed, § Jan 2002 16:043 earlier, we will
{ From: schedule@clayfarmer.com be bringing all
& Dae: Tue, 2 Sep 2001 130:46 Managing
From: kenneth.lay@enron.com emj Directors
To: hasan kedwaii@enron.com together, on a
Subject: RE: Media Reports quarterly bass
_— _— _—
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Framework

Three dissimilarity classification approaches

Dissimilarity Matrix (n x n)

~ .

N /]

Neighborhood-based

Dissimilarity Matrix (n x n)

Dissimilarity Space-based

Feature Matrix (n x d)

Embedding



Framework

Three dissimilarity classification approaches

Dissimilarity Matrix (n x n) Dissimilarity Matrix (n x n)

.

Feature Matrix (n x d)
N e

Neighborhood-based Dissimilarity Space-based Embedding

The neighborhood-based approach interprets dissimilarities as
neighborhood relations.



Framework
Three dissimilarity classification approaches

Dissimilarity Matrix (n x n) Dissimilarity Matrix (n x n)

Feature Matrix (n x d)
N .
N e

Neighborhood-based Dissimilarity Space-based Embedding

1. The neighborhood-based approach interprets dissimilarities as
neighborhood relations.

The dissimilarity space approach defines a representation set

R ={p1,--- ,pr}, and interprets dissimilarities from a point to

each element of the representation set as features of this
point.



Framework

Three dissimilarity classification approaches

Dissimilarity Matrix (n x n) Dissimilarity Matrix (n x n) Feature Matrix (n x d)
N — -
N7
s N
/|
Neighborhood-based Dissimilarity Space-based Embedding

1. The neighborhood-based approach interprets dissimilarities as
neighborhood relations.

2. The dissimilarity space approach defines a representation set
R ={p1,--- ,pr}, and interprets dissimilarities from a point to
each element of the representation set as features of this
point.

3. The embedding approach embeds dissimilarities into IR? in
such a way that the configuration’s interpoint distances
approximate the original dissimilarities.
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Framework
Three DIF approaches
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Method 1 g
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Framework
Three DIF approaches

A — &1
Ny
Method 1 g
/!
Ax — 8k
Al E— 321
N\
Method 2 X, — g
-/
Ax — Xk
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Framework
Three DIF approaches

A — &1
Ny
Method 1 : : -
/!
Ax — 8k
Al E— 321
N\
Method 2 X, — g
-/
Ax — Xk
Ay
N\
Method 3 Av — g
/!
Ak
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Image/Caption Fusion

e 140,577 images & captions were collected from Yahoo!
Photos website [Jeff Solka and his team].
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Image/Caption Fusion

e 140,577 images & captions were collected from Yahoo!
Photos website [Jeff Solka and his team].

e 1,600 pairs were selected using query word “tiger” on
captions.
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Image/Caption Fusion

e 140,577 images & captions were collected from Yahoo!

Photos website [Jeff Solka and his team].

e 1,600 pairs were selected using query word “tiger” on

captions.

e They were labeled manually based only on captions:

label #
animal tiger 148
Detroit Tigers baseball team 145
Tiger Woods the golfer 897
Tamil Tigers soldiers of Sri Lanka | 330
Leicester Tigers rugby team 48
others 32

Examples
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Image/Caption Fusion
e 140,577 images & captions were collected from Yahoo!

Photos website [Jeff Solka and his team].

e 1,600 pairs were selected using query word “tiger” on
captions.

e They were labeled manually based only on captions:

label #
animal tiger 148
Detroit Tigers baseball team 145
Tiger Woods the golfer 897
Tamil Tigers soldiers of Sri Lanka | 330
Leicester Tigers rugby team 48
others 32

e Two class problem: “Tiger Woods" and “Tamil Tigers".
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“Tiger" Dissimilarity Matrices

Images =1 Captions Zc

etroit Tiger:
Atwo-month-
old
Indochinese
tiger cub is
seen inside its
cage at the ...

Figure: Conceptual depiction of the “tiger data set”

e image features: first & second order pixel derivatives [Jain].

e caption features: Mutual Information [Lin & Pantel].
e dissimilarities: 1 - (Random Forest proximity) [Breiman].

Examples
0®000000!
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Combining Dissimilarities
Methods 1, 2 & 3 compared with “image” only and “caption” only

Densities of Lhats

3 4 — cap
— img
— M
— M2
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Outline

Variances

0.03 0.04 0.05 0.06 0.07 0.08 0.09

0.02

Introduction Approaches
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Combining Dissimilarities
Determining the dimensions for exploitation task

Scree plot

—— caption
—— image
—— (cap+img)/2

50 100 150 200 250

300

Examples
[e]ele] Tolelele}
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Semisupervised Learning

Self-Training [Zhu2005]:

"Self-training is a commonly used technique for semi-supervised
learning. In self-training a classifier is first trained with the small
amount of labeled data. The classifier is then used to classify the
unlabeled data. Typically the most confident unlabeled points,
together with their predicted labels, are added to the training set.”

e X. Zhu. Semi-supervised learning literature survey. Technical
Report 1530, Computer Sciences, University of
Wisconsin-Madison, 2005.

19/29
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Combining Dissimilarities
Methods 1, 2 & 3 compared with Self-training

Densities of Lhats

50
1

20
1

10
1
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Brain Shape Comparison

A(shape)

A(scale)

A(scale & shape)
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Brain Shape Comparison

o Liay = 1 L0 MY # Y%, V1), o, (X, Yr))

o ( Z,d;‘{) S argmindL,dR LdL.dR

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

T T T T T T T T T 1
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

d
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Brain Shape Comparison

A(shape)

4
A(scale)+A(shape)

A(scale)[ p>0.3] m m

A(scale & shape)
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Streaming Content in Context

t = tmin t=7-1 =T+AT t=7+AT+1 t = tmax

SR

(n.p) K(n,p.m.q) (n.p)

Figure: Anomaly detection in a time series of graphs

Graph E¢

Externals 2 Content E¢

Date: Mon, 30 Oct 2000 23:48:00
From:rosalee feming@anron com (e an a1
hankvou for |
Date: Wed, 9 Jan 2002 20035 kT -
¥ of As announced
Date: Wed, 9 Jan 2002 16:043 earler, we wil
{ From: schedule@clayfarmer.com 1 ] be bringing all
b La| Managing
] Directors
2 together, on a
quarterly basis.

Figure: Conceptual depiction of the “Enron email data set”
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Streaming Content in Context
Theorem

A test based on fusion of externals and content can be more
powerful than a test based on either externals alone or content
alone.

Proof.
We construct an example wherein the result holds.
Hy: ER(n,p, 0)

Hy:K(n,p,0,m,q,0)

T = size(E): test statistic based on externals only

T, = size(C): test statistic based on content only

T = g(T4,T3): disparate information fusion!

We demonstrate that p > max{f1, f} for appropriate choices of
n,p,0,um,q,0’.

Examples
00000000
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Streaming Content in Context

power difference: p - max ( B+, B2 )

050 0.55 0.60 0.65 070 075 0.80 0.85 0.90 0.95

q
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Streaming Content in Context

context analysis

Detection at k*, t*,v*

[enron content in context]

content analysis

Cluster msgs M;-
By = B(Q(Ny-|

M, = {msgs m,,
at time * s.t. vw € Ej- }

Finally, tracking vertices incident to
, denoted V;*, forwards and
ds in time from ¢* provides
genesis and outcome of topic of
interest Cj.

Cluster msgs M{ = M, U {S;}.
That cluster Cf s.t. S; € Cf is the
collection of msgs at time ¢

associated with S;.

Choose cluster C, a collection
of msgs of interest which make up
(part of) our detection — aka, a “topic”.

S; = summary(C})

Q({v s.t. msg my,, € Cj};t*)




Streaming Content in Context
1000 Monte Carlo replicates at m = 6 yields statistical significance:

B ~ 0.88 > max{p; ~ 0.78, B, ~ 0.76}

o
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Leopold Kronecker to Hermann von Helmholtz:
“The wealth of your practical experience
with sane and interesting problems
will give to mathematics
a new direction and a new impetus.”

Foorekon

Leopold Kronecker Hermann von Helmholtz 29/29
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