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Overview

* Explicit feature maps

« Efficient match kernels

* Trigonometric polynomial scores
* Asymmetric feature maps

» Sketch-based image retrieval



Explicit feature maps

Stationary kernels
Fourier series approximation

Low dimensional feature maps



Explicit feature maps

- Stationary kernel that depends on the difference \ = 6; — 6,
k(61,02) = k(61,01 — X) = k()\)

» Construct a mapping: 6 — ¥(0), ¥(f) € R"
* s.t. inner product approximates a non-linear kernel

U(0,) T T(0y) ~ k()

T -nf2 0 w2 n



Fourier series approximation

* Fourier series approximation with N frequencies

k(A) ~ Z iy cOS(NA) = Z o, cos(n(fy — 62))

n=4{0,1,....N} n=4{0,1,....N}
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« Employ trigonometric identity A

cos(01—02) = cos(#1) cos(f2)+sin(f;) sin(f2) = (cos(61),sin(#1))(cos(6s), sin(Hg))T

* Construct embedding with 2N+1 dimensions

V() = (Vag, Vai cos(8), /aqgsin(d), ...,/ an cos(NE), \/ﬁsin(Né’))T
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Fourier series approximation

* Fourier series approximation with N frequencies
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« Employ trigonometric identity

cos(01—02) = cos(#1) cos(02)+sin(6;) sin(h2) = (cos(@ﬂ,sin(@l))(cos(@, sin(fy)) "
\

W(62)

* Construct embedding with 2N+1 dimensions

V() = (Vag, Vai cos(8), /aqgsin(d), ...,/ an cos(NE), \/ﬁsin(f\ﬂé’))T



Fourier series approximation

More frequencies

—> better approximation

Higher selectivity

—> more frequencies needed
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Numeric example
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* map 6; to 11D vector:
x; = [0.3989 04788 02668 002097 -01393 0202 02616 0415 04182 03044 0.1510]"

* map 0, to 11D vector:
x, = [03989 01977 03642 03759 00203 02423 05085 03336 -01855 -0.3335 -0.0705]"



Example: Approximating 1D RBF

Approximate Gaussian on interval [0, M]




Approximation using harmonic frequencies

Approximate a periodic function on interval [0, 2M] instead

Additional constraints on (M, 2M)




Approximation using harmonic frequencies

Approximate a periodic function on interval [0, 2M] instead
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11D explicit feature map using harmonic frequencies



Approximation using harmonic frequencies

Approximate a periodic function on interval [0, 2M] instead

\ Use only on [0, M]

) - S —

0 M

11D explicit feature map using harmonic frequencies




Linear program approximation

Approximate on discrete subset of interval [0,M] using all frequencies

0 M

11D low dimensional explicit feature map



Linear program approximation

Approximate on discrete subset of interval [0,M] using all frequencies

We don't care about the
function outside [0, M]
(it is non-periodic though)

0 M

11D low dimensional explicit feature map



Low dimensional feature maps (LDFM)

Do not restrict to harmonic frequencies: %k(\) ~ Z ar, cos(w)

weld
LP relaxation: (discrete on [-M, M|, in frequencies)
minimize C'o (K, ]%) = max |k(z) — /Af(z)\
zes
Subject to  D(k) = [{w|ow, > 0}] = relaxed to D(k Z a, =N
w2
Equivalent to LP min D(/%) + ~C(k, /%)
k
Taylor approximation: (discrete on [-M, M|, in frequencies)

Z o, cos((w +d.,) Z v, COS(WA) Z dy, A cos(w)

we wef we2



Efficient match kernels (EMK)

* Set representation and matching with EMK

e Joint encoding by modulation
* Applications of EMK



Efficient match kernels (EMK)

* Set representation
* Image: set of local descriptors
* Patch: set of pixels

* Set similarity by cross-matching all elements
* Similarity for two elements: non-linear kernel

* EMK: linear similarity allows to aggregate per set

M(P,Q)=> > kip.g)=>_ > T(p) Ulg) =) ¥(p)' ) ¥

pEP qgeQ pEP qeQ peP geQ
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Efficient match kernels (EMK)

* Set representation
* Image: set of local descriptors
* Patch: set of pixels

* Set similarity by cross-matching all elements
* Similarity for two elements: non-linear kernel

* EMK: linear similarity allows to aggregate per set
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Efficient match kernels (EMK)

* Set representation
* Image: set of local descriptors
* Patch: set of pixels

* Set similarity by cross-matching all elements
* Similarity for two elements: non-linear kernel

* EMK: linear similarity allows to aggregate per set
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Efficient match kernels (EMK)

* Set representation

* Image: set of local descriptors
* Patch: set of pixels

* Set similarity by cross-matching all elements
* Similarity for two elements: non-linear kernel

* EMK: linear similarity allows to aggregate per set

M(P,Q) = >

image 1

D

peP

qeQ

non-linear peP qcQ

U(p) ' U(q)

linear

> w(p)’

peP

representation
for image 1



Kernel descriptors

Jointly encode multiple measurements by modulation
U(p) = puw¥(ps) @ U(py)

Joint similarity: product of different kernels

U(p) ' ¥(q) = puwqwk(pe, ¢:)k(qy, ¢)

Set representation: vector with (2N,+1)(2N,+1) dimensions
- aggregate representation for all elements

V(P) =) pu¥(p.) ® ¥(py)

pEP



Local descriptors

Kernel descriptor — continuous encoding

: 1 o(0g) olem) ¢(og) spatial similarity
o
l

e ¢ o o 0ol red: high . low

P(xg)

==

P(xg)

P(xg) Uﬂ_




Geometric image representation

only descriptor only angle

red: high similarity . low similarity



Trigonometric polynomial scores

e 1D and 2D case

* Prior work on images and local patches



Transformation invariance

We assumed aligned objects How to deal with transformations?

rotated patches

¢

up-right images rotated images




Transformation invariance

* Shift by Az
cos(x — Az) = cos(z) cos(Ax) + sin(x) sin(Ax)

sin(x — Ax) = sin(x) cos(Ax) — cos(x) sin(Ax)

* Naive solution: construct shifted version by original descriptor
* DM operations

* Similarity under shifting forms a trigonometric polynomial
* 2D+(2N+1)M operations

S(Pa,,Q) = Z (Bu cos(wAg) + v sin(wAy))

fixed grid of shifts

* Similarly for 2D shifts.



Rotation invariance
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N =3 frequencies N = 10 frequencies
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Rotation invariance

similarity score

-0.1

N = 3 frequencies
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angle
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similarity score

N = 10 frequencies




Rotation invariance

similarity score
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Efficient patch alignment

‘A

Patch A Patch B Aligned Patch A

) * - patch similarity
= (.6 “optimal rotation
<] -
w04
= 0.2t
{}_ ..............
~i —3 0 § i
Ad)

Similarities for rotations of Patch A



Asymmetric feature maps (AFM)



Asymmetric feature maps (AFM)

~ Z ag, cos(w(q —p))
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Asymmetric feature maps (AFM)

~ Z ag, cos(w(q —p))
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Asymmetric feature maps (AFM)

~ ) o cos(w(q — p))
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Asymmetric feature maps (AFM)

~ ) o cos(w(q — p))

weldq
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welly Y ) | Y J
U, (q) U, (p)
~ Z a,, cos(w(q — p))
weE)s
— Z a, cos(wq), o sin(wq))T ( cos(wp), sin(wp))
w€ENo Y ) | : J
U2 (q) U2 (p)



Asymmetric feature maps (AFM)
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Asymmetric feature maps (AFM)

~ ) o cos(w(q — p))
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Asymmetric feature maps (AFM)
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Asymmetric feature maps (AFM)

~ ) o cos(w(q — p))

well
- Z o cos(wq), ausinfwy)' ( coslwp),  sin(wp))
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we ) Y J | Y }
U2 (q) v, (p)

* One side defines the kernel
* One descriptor for multiple similarity measures
* Savings in memory



Joint kernel approximation

* AFM compatible with Harmonic frequencies, but not with LDFM

* We jointly optimize LDFM for multiple kernels
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Sketch-based image retrieval

Sketch descriptor
Translation and scale invariance

Ranking and re-ranking procedures



Sketch descriptor

,

s
AU
Rl

* Edge detection: (edge strength, gradient angle) per pixel

» Kernel descriptor encodes position (x,y), angle and strength

V(P) =Y pPulay(pz) ® Vay(py) © To(po)
peP



Translation invariance

(a)
Qo
- 1
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A, 08}
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(c): Alignment with 1D projections (magenta) and with full 2D (green)
(d): 1D translations

(e): Full 2D trigonometric polynomial

(f): Full 2D with binary coefficients/variables



Scale invariance

Query Kernel used Result
1
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Sketch-based image retrieval

* Initial ranking (fast) %/\j\%

* 1D projections on x and y: sum of scores

* Use the discriminative projection first .
= N

* Re-ranking (precise)

* Input from 1D projections — locally refine /\r “’h\
* Full 2D with binary approximation U |




Results on sketch-based image
retrieval



Joint LDFM approximation

35
30
o =F .
< 925 = = = Harmonic, |[2,| = 2
E m— Harmonic, |24 = 4
20 === LDFM, |Q4| =2 a
Y .
,' — LDFM, |Qy] = 4

3 4 D 6 7 8 9 10



Joint LDFM approximation

35

30
A, = ——
< 925 = = = Harmonic, |[2,| = 2
E m— Harmonic, |24 = 4

=== LDFM, |Q4| =2 |
—— LDFM, [|Q,| = 4

3 4 D 6 7 8 9 10

243D vector per image
27D for 1D projections



Joint LDFM approximation

. same performance
243D vector per image 243D for LDFM

27D for 1D projections 675D for Harmonic



Retrieval examples




Evaluation on 1.2M images

Method Time (s)| DB (GB)|P@5|P@25P@50(P@100
|92:] = 8,[924] = 3, AFM, S,y (1.2M) 55 15.6 [43.2]37.3 | 33.8 | 30.0
|92:| = 5,[924] = 2, AFM, S,y (1.2M) 20 34 [25.8]22520.2| 18.1
|92:] = 8,|924| = 3, Suy (1.2M) 55 52 [50.1]41.9 | 37.2 | 32.3
1920 = 5,[924] = 2, Szy (1.2M) 20 1.2 |45.8|38.6 | 355 31.5
|92:] = 6,[924] = 3, Sa+Sy — Sayx (50k) | 3.5 2.8 [49.7| 41.3 | 36.8 | 32.0
|92:] = 6,026] = 3, S-S — Sayw (50k)| 2.5 2.8 49.6| 41.0 | 36.6 | 31.6
|92:| = 5,|924| = 2, Su+Sy — Sazyx (50k) | 2.5 1.2 |45.8| 384 | 353 | 314
102:] = 5,[024] =2, 8.5 8= Says (50k)| 1.7 1.2 |45.7| 383 | 35.1 | 31.3




Conclusions

* Achievements compared to existing kernel approaches
+ x10 speedup compared to full 2D trig. pol. on all images
* 3 times less memory due to AFM
* Better performance due to joint kernel approximation















