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Evaluation: measuring the ranking of the correct matches.



What makes a good retrieval
algorithm?

> Time scalability
> Minimum storage

> Efficient evaluation



Global feature representation

local descriptors

base encoder (example) ======"

Images are represented by a D-dimensional normalized feature vector.
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C > Evaluation: Inner product.



Exemplar classifier as feature
representation

Image retrieval algorithm f
Query image q

Database B

Negative database N




Square-loss exemplar machine
(SLEM)

New feature representation is given the solution of an
ophmlzahon problem.
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Kernel feature representation

If the distance between two image representations can be
measured by a “similarity score”, we can generate a larger
vectorial space by changing its similarity score.

Feature representation: d(z,y) = (z,y),
Kernel feature representation: K(z,y) = (p(x), ¢(y)).

By computing {K(q, b), b in B}, we compare feature
representations in a larger Hilbert space (called kernel space)
without augmenting storage.



Kernel SLEM
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Offline: Cholesky decomposition of kernel matrix K.

K =BBT pB=B'a
Online: Add one new row to the decomposition B,
corresponding to positive exemplar.
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Solve linear problem similar to non-kernelized case.



Quantitative results

Query Image:

VLAD [1]
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Qualitative results

Dataset Holidays Oxford 5k Oxford 105k
Model, features VLAD SPoC AlexNet NetVLAD VLAD SPoC AlexNet NetVLAD SPoC NetVLAD
Baseline 727 765 682 85.4 463 544 406 67.5 50.1 65.6
PCAW 755 817 @92 88.3 509 637 450 69.1 55.5 66.1

LDA 547 822 4.1 74.3 206 622 425 727 52.4 40.7
ESVM [37] 775" 84.0%  T71.3 01.4° 5720 621 439 72.5 56.5 675

Linear SLEM 7807 83 721 91.3* 593 6417 4620 7297 56.7°  68.0°
Gaussian SLEM (16) 76,8 803  71.2 91.4° 528 63.0 435 71.9 558 674
Gaussian SLEM (32) 774 817 720  914° 549 631 440 71.1 56.0 678
Gaussian SLEM (fr)  78.1 86.2° 729 91.7 59.0° 649 47.0° 744 59.5  70.0°

Poly SLEM (16) 769 823 714 91.3* 53.0 63.6 436 714 56.1 675
Poly SLEM (32) 773 824 72.1° 91.7 549 636 441 71.6 563 679
Poly SLEM (fr) 78.1 863 729 91.7 593 64.8° 413 74.17 625 702

| —e— Poly SLEM —e— Gaussian SLEM —e— ESVM —e— Linear SLEM |
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