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@ Thousands to millions of pixels in an image
e 3,000-30,000 human recognizable object categories
@ Billions of images indexed by Google Image Search

@ How can images be represented?

o Global representations: One vector per image — pixel intensities, color
histograms, etc.

e Local representations: Detect distinctive interest points and extract
descriptors invariant to scale, translation, rotation, illumination, etc.
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@ Use Local Representations to represent each image as a set of
fixed-dimensional vectors

@ Used the pyramid match kernel of [Grauman and Darrell, 2007] to
compute approximate matching between two images
o Place multidimensional, multi-resolution grid over point sets
o Compute intersection of multi-dimensional histograms at multiple
resolutions
o Compute match between image u and v as:

K(u,v) = w;N;(u,v), where w; > wiq >0,

M~

i=0
and N; is number of newly matched pairs at level i

o Can show that K is a positive definite matrix (kernel function)
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Example query results

Top three retrieved images
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Example (bad) query results

Query Top three retrieved images
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@ The Matrix Nearness Problem:

min loss(K, Kp)

(ei —e;)TK(e; —e;) <u if (i,j) € S [similarity constraints]
(e; —e;) T K(e; —e;) > ¢ if (i,j) € D [dissimilarity constraints]
K>=0

@ Learn kernel matrix K that is “close” to the baseline kernel matrix Ky

@ Other linear constraints on K are possible
@ Constraints can arise from various scenarios

e Unsupervised: Click-through feedback
e Semi-supervised: must-link and cannot-link constraints
e Supervised: points in the same class have “small” distance, etc.
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@ The Matrix Nearness Problem:

min loss(K, Kp)

(e —e;)TK(ej —e;) <u if (i,j) €S [similarity constraints]
(ej —e)) T K(e; —e;) > ( if (i,j) € D [dissimilarity constraints]
K>=0

Learn kernel matrix K that is “close” to the baseline kernel matrix Koy

Other linear constraints on K are possible
Constraints can arise from various scenarios

e Unsupervised: Click-through feedback
e Semi-supervised: must-link and cannot-link constraints
e Supervised: points in the same class have “small” distance, etc.

QUESTION: What should “loss” be?

We use “loss” to be the LogDet Divergence
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What is the LogDet Divergence?
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@ Frobenius Distance:

Dfrob = X = Y|lF
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@ Frobenius Distance:
Dfrob = X = Y|lF

@ LogDet Divergence:

Deg(X,Y) = trace(XY 1) —logdet(XY 1) —d,

Inderjit S. Dhillon University of Texas at Austin



@ Frobenius Distance:
Dfrob = X = Y|lF

@ LogDet Divergence:

Dyg(X,Y) = trace(XY 1) —logdet(XY 1) —d,
= trace(Y " Y/2XYY/2) — log det(Y ~/2XY1/2) _ 4,
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@ Frobenius Distance:
Dfrob = X = Y|lF

@ LogDet Divergence:

Deg(X,Y) = trace(XY 1) —logdet(XY 1) —d,
= trace(Y Y2XY V2) —logdet(YY2XY1/?) —d,
= trace(Y"2XY 712 _log YM2XY 12 _ ),
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@ Frobenius Distance:
Dfrob = X = Y|lF

@ LogDet Divergence:

Deg(X,Y) = trace(XY 1) —logdet(XY 1) —d,
= trace(Y Y2XY V2) —logdet(YY2XY1/?) —d,
= trace(Y"2XY 712 _log YM2XY 12 _ ),

= X wp (5 ey 1),
L~ 0; 0;

where X = VAVT and Y = UOUT
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Dia(X,Y) = trace(Y /2XY?) —logdet(Y 12Xy 1/?) —d,
@ Can be used as a measure of distance

o Positive, and zero iff X = Y
e But not symmetric, and triangle inequality does not hold

e Convex in first argument (not in second)
@ Pythagorean Property holds: Given Y and a convex set €,
Dyg(X,Y) > Dyg(X, Pa(Y)) + Deg(Pa(Y),Y), holds for all X € Q

@ Definition can be extended to semi-definite matrices
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Dig(X,Y) = trace(Y Y2XY~1/2) — logdet(Y Y2 XY ~1/2) — d,
@ Scale-invariance
Dyg(X,Y) = Dyg(aX,aY), a>0
@ In fact, for any invertible M
Dyg(X,Y) = Dyg(MT XM, MT YM)

@ In particular,
Deg(X,Y) = Dyg(YH2XYV21)
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Dyg(X,1) = trace(X) — logdet(X) —d,

- i(A;—IogA;—l)

i=1
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Dyg(X,1) = trace(X) — logdet(X) —d,

- i(A;—IogA;—l)

i=1

@ Now, x — log x > 1 with equality at x =1
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Dyg(X,1) = trace(X) — logdet(X) —d,
d
= > ()\,- —log \j — 1)
i=1
@ Now, x — log x > 1 with equality at x =1
@ Also, x — logx > log x + 1 — log 4 with equality at x =2
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Dyg(X,1) = trace(X) — logdet(X) —d,

- i ()\,-—Iog)\,-— 1)

i=1

Now, x — log x > 1 with equality at x =1

Also, x — log x > log x + 1 — log 4 with equality at x =2
Letting, A1 > Ap--- > Ag >0

Dya(X, 1)
= cond(X)

(log A1 +1 —log4) — (log Ay + 1),

>
S 4exp ng(X, I)

Thus, LogDet yields an upper bound on the condition number
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Where does LogDet occur?
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@ Suppose x1,Xa, ..., Xy are drawn from:

1 1 _
PIXltn B) = o arersyia P {—§(x —p) S (x - u)}
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@ Suppose x1,Xa, ..., Xy are drawn from:

1 1 _
PIXltn B) = o arersyia P {—§(x —p) S (x - u)}

@ Log-Likelihood:
Lw,Z) = ]]pxiln, %)
 ep {7 (D=8 + (AW =HE - w)

where 1 = L5 x;and S = LS (% — @) (x; — @) "
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@ Suppose x1,Xa, ..., Xy are drawn from:

1 1 _
PIXltn B) = o arersyia P {—§(x —p) S (x - u)}

@ Log-Likelihood:

L(p,X) = Hp(xilu, )
x ep{~2 (D=8 + (A-w = A -w)},

where 1 = L5 x;and S = LS (% — @) (x; — @) "

@ Thus, iz and S are the maximum likelihood estimates of the mean &
covariance matrix, respectively
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@ Wishart Distribution — Given m samples from a Gaussian distribution,
the pdf of the sample covariance matrix may be written as:

d+
2

p(S,m) x exp {—%ng(z—l,s—l) - ! IogdetS}

o Differential Relative Entropy between two Multivariate Gaussians:

[ Pl Zo)og (%) dx = 2 Dyg(, o)

@ [James and Stein, 1961] LogDet divergence is known as Stein's loss in
the statistics community
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@ LogDet Divergence arises in the BFGS and DFP updates

o Quasi-Newton methods
e Approximate Hessian of the function to be minimized

[Fletcher, 1991] BFGS update can be shown to optimize:

mBin ng(B, Bt)

subject to Bs: =y ("“Secant Equation”)

St = Xt+1 — Xt, Yt = Vfry1 — V£

Closed-form solution:

B;sss! B T
Biy1 = Bi — tSsS; t+ytyt

T T
s¢ Btst St Yt

Similar form for DFP update
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How do we use LogDet?
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@ The Matrix Nearness Problem:

min Dyq(K, Ko)

(ei —e;)TK(e; —e;) <u if (i,j) € S [similarity constraints]
(e; —e;) T K(e; —e;) > ¢ if (i,j) € D [dissimilarity constraints]
K>=0
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@ Algorithm: project successively onto each linear constraint followed by
correction — converges to globally optimal solution

@ Each projection updates the Kernel matrix:
mKin Dia(K, Kt)
st. (ej—e) K(e;—e) <u
@ Can be solved by rank-one update:
K1 = Ke+0:Ki(ei —e)(ei — ) K:
= K' = Ky+ Ki©OKp

@ Advantages:
e Automatic enforcement of positive semidefiniteness
o Simple, closed-form projections (#; computable in closed form)
o No eigenvalue/eigenvector calculation
e Easy to incorporate slack for each constraint
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@ Impose structure on K:

o low-rank
o Ky + low-rank
o Each iteration costs only O(r?), where r is rank

@ Extension to new data points:
o Learned kernel can be shown to be of the form

K(x,y) = Ko(x,y) + Z Z 07 Ko(x, i) Ko(y: X;)

J J

@ Fast Nearest-Neighbor Search
e Can incorporate “locality-sensitive hashing”

@ Online algorithms
o Constraints are presented incrementally
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Results
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Data Set: Caltech 101
e Standard benchmark for multi-category image recognition
@ 101 classes of images
@ Wide variance in pose etc.
o Challenging data set
Experimental Setup
@ 5, 10, 15 & 30 images per class in training set; rest in test set
@ Performed 1-NN using original kernels and learned kernels
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Caltech 101: Comparison to Existing Single Metric/Kernel Methods

—— LogDet with PMK
K = Berg (thesis)
SSD baseline

—e—LogDet with Zhang Kernel

—<+Zhang, Berg, Maire, & Malik(CVPR06)
Lazebnik, Schmid, & Ponce (CVPRO06)

—<Mutch, & Lowe(CVPRO06)
—<Grauman & Darrell(ICCV 2005)
= Berg, Berg, & Malik(CVPRO05)

Zhang, Marszalek, Lazebnik, & Schmid
—<Wang, Zhang, & Fei-Fei (CVPRO06)
—e—Holub, Welling, & Perona(ICCV05)
—o—Serre, Wolf, & Poggio(CVPRO05)

o Fei-Fei, Fergus, & Perona(CVPR04)

20 30 40
number of training examples per class
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Application monitoring

Program execution database

program executions
Clarify runtime

l Learned distance metric

nearest neighbor algorithm I
Nearest neighbor search

o Clarify: system to compare a user's program execution to existing
executions in a database to automate software support

Application

Semi-supervised
metric learning

@ Need appropriate notion of “distance” between program executions
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@ Representation: System
collects program features
during run-time

e Function counts
o Call-site counts
e Counts of program paths 05
e Program execution

0.45r-
represented as a vector of
counts 0.4
@ Class labels: Program 5 035
execution errors % oos)
@ Nearest neighbor software 0.25F
support

. 02}
e Match program executions 2§

e Underlying distance
measure should reflect this
similarity

LaTeX Results

—¥— LogDet
—O— Euclidean
—»— MCML

r | —+—LMNN

5 10 15 20 25

Number of Dimensions
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LogDet Divergence
o Previously used in Statistics & Optimization

@ Has intriguing properties

Applications
@ Leads to new matrix nearness problems
@ Successive projection-correction algorithm

@ Each projection can be computed efficiently

Challenges
@ Faster solutions to matrix nearness problem — interior point methods?

@ Apply to find low-rank correlation matrices
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