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e SIMILARITY MEASURES

 Requirements and pitfalls

BAYES ENSEMBLE DISTANCE (BED)

e Bayes Estimates (BE)
e Relevance weights
e Feature space optimization

e EXPERIMENTS

e SUMMARY AND OUTLOOK
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PAIR-WISE OBJECT COMPARISON
Objects x,, x, € R¢
s(xq, X5) : Similarity of x; and x,
s(x3, X5) > s(x;, X3) => x; more similar to x, than to x;
APPLICATIONS:
e Similarity / retrieval queries (ranking, range queries)

e Clustering

 Model Training
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PAIR-WISE OBJECT COMPARISON

Distance Measures: s(x;, x,) ~ 1/ d(x,, )%)
P

d
e.g. Ly-norm: L (x;,x,)= (Z‘XL, — lei‘pj
PROBLEMS: =

e Target similarity is ignored
e Correlated Dimensions
e [rrelevant Dimensions

1 Dimension has a large influence on
small distances

e Distances can grow arbitrarily large
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PAIR-WISE OBJECT COMPARISON

Distance Measures: s(x;, x,) ~ 1/ d(x,, )%)
P

e.
PROBLEMS:

07/01/2010

=1

d
g. Lp-norm: Lp(xl,xz) = (Z‘XL/ —le,‘pj

Target similarity is ignored
Correlated Dimensions

Irrelevant Dimensions

1 Dimension has a large influence on @ ¢ @
small distances

Distances can grow arbitrarily large
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PAIR-WISE OBJECT COMPARISON
Distance Measures: s(xq, x;,) ~ 1/ d(x;, x5)
e.g. Ly-norm: L (x;,x,)= Z‘xLi —le,.‘p
PROBLEMS: =
e Target similarity is ignored
e Correlated Dimensions

e Irrelevant Dimensions

* 1 Dimension has a large influence on @ ¢ @
small distances

* Distances can grow arbitrarily large ¢ y &7
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PAIR-WISE OBJECT COMPARISON

e.g. Ly-norm: L (x;,x,)=
PROBLEMS:

d
p
Z‘Xl,i - X2,i‘

Distance Measures: s(x;, x;) ~ 1/ d(x;, x
jﬁ
=1

)

""'r- n:

Target similarity is ignored

Can be solved via Mahalanobis distance:

(6 = T A (3, - 5, 2

Correlated Dimensions
, - Dy, . (x.,x,)=
Irrelevant Dimensions " 172

07/01/2010

1 Dimension has a large influence on
small distances

e Distances can grow arbitrarily large
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PAIR-WISE OBJECT COMPARISON

Distance Measures: s(x;, x;) ~ 1/ d(x;,
d
e.g. L,-norm: Lp(xl,xz):(

PROBLEMS: =1

1 = X

DISTANCE MEASURES [rsmmnses | @ £
Lesser [ |

. SR

J

)

Z‘Xl,i _Xz,i‘p
Target similarity is ignored

Correlated Dimensions
, - Dy, . (x.,x,)=
Irrelevant Dimensions " 172

(2

Can be solved via Mahalanobis distance:

) A (x = x, )

1 Dimension has a large influence on
small distances

 Distances can grow arbitrarily large

© #=©
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BAYES ENSEMBLE DISTANCE 1:&;::3;5;@
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DISSIMILARITY PROBABILITIES OF OBJECT PAIRS:

Bayes classifier for a feature 1:
Xq, X, dissimilar (D1s): P(DIS | (X;; —Xx,;))
BAYES ESTIMATE:

Priors for similar (p.,,) and dissimilar objects (p,,.):
Pois 'P((Xl,i ~ X2,i)| D'S)
Pois 'P((Xl,i - X2,i)| D|S)+ Psin ‘P((Xl,i - X2,i)| S”V‘)

BE.(x,,x,) =

BAYES ENSEMBLE DISTANCE:

d
BED(x,, x,) =%°ZBEI-(X1,X2)
=1
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WHY THE AVERAGE?
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BAYES ENSEMBLE DISTANCE:
d
BED(x,, x,) =%-ZBE,(X1,X2)

NAIVE BAYES CLASSIFIER:

d
NB(xy, x,) =25 - | | BE:(x1, x,)
=1

e BED also results in scores in [0,1]

« BED is more stable against outlier dimensions
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EXAMPLES: COLOR HISTOGRAM DATA
SuBOPTIMAL DIMENSION Goob DIMENSION
T v - [ ] - v
o | SIM ‘——\\\\~’//”——7 SiM
o O pis LN S 0o
_ L~ o DIS ||
| BE o — BE o
<t « _|
o 7] | 0 © "
N
N To) e "
| N
- - 5 " S
= g L o = nm:&:cdgﬁ L o

-0.04 -0.02 0 0.02 0.04 0.2 -0.1 0 0.1 0.2

Differences for D20 Differences for D11
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INTRODUCE FEATURE WEIGHTS:

d 1 ¢
BED(Xl,xz)z(Zq,) Y q; -BE.(xy, x,)
=1 i=1

ASSUMING A GAUSSIAN DISTRIBUTION:

Use variance difference as quality measure

2 2 2 2
Qi =0Ops —Ogm = aVQ (Xd,i)_ av(g (Xs,i)

X4€DIS X ESIM
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ExXPLOIT FEATURE CORRELATION

Distribution on x and y-axis

Isolines of two difference distributions

™

;4 \ -3 -2 -1 0 1 2 3
/7
y o N 7 xory
X\

Distribution on diagonal
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0.0 01 02 03 04 05
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EXAMPLE: COLOR HISTOGRAM DATA

FEATURE DIFFERENCE DISTRIBUTION FOR TWO DIMENSIONS

0.010

0.005

D20
0.000

-0.005

O SIM

K — DIS
| memas transform

-0.010

-0.2 -0.1 0.0 0.1 0.2

D10
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Transform to other space via W= (w,, ..., w J:

. TN

IMIZE VARIANCE DIFFERENCE

-
max  w; '(ZDls _ZSIM) Wi,
st. w, Lw,; Vijefl..,d9

_ T _ T
T ZXS 'Xs’ ZDIS_ Zxd'xd

X ESIM X4€DIS

This is equivalent to solving the EVD:

07/01/2010

Aw = (st _ZSIM)
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TRAIN_BED (X with x; € R9, sim, DIS, d*):

1. Derive X,,, and 2 ¢
2. Compute feature transformation W e R

3. Getweights g; (i €{1, ..., d*}) for new feature space
W™ X using the features’ variance differences

OuUTPUT:

. -1 g
BED(X1,x2)=(qu,j -Zqi-BE,(WTX1,WTx2)
=1

I1=1
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UCI| CLASSIFICATION DATASETS:

Accuracy Comparison to Euclidian Distance (Eucl), Fisher
Faces (FF) and Relevant Component Analysis (RCA)

100
90
80 -
20 m Eucl
50 m FF
RCA
50 -
e < 5 O & m BED
P T T
) AN 2 > Vsb > qs§ L\
& & 0 ¢ S &
X &
0 NS
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IMAGE RETRIEVAL DATASET (PRECISION RECALL CURVES)

100%
80%
-¢o=FEucl
= —
S 60% -B-FF No Ensemble
()] .
S smoothening
o — RCA
3]
o 40% only Rotation
only BE
-9-BED

0% . . . \ _
25% 50% 75% 100%

Recall
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BEDsS Now:

« Balanced, adaptive distance measure
e Easily interpretable

* Flexible w.r.t. data input

IMPROVEMENTS:
e Runtime/ Indexing ideas
e Local adaptivity

e Alternative weighting scheme
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Thank you.
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