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CH QUESTION

e How do we exploit multiple features for image annotation?

DUCTION

e Problem: Assigning one or more keywords to describe an image.
e Probabilistic generative modelling approach:

— Compute the conditional probability of word given image P(w|I).
— Take the 5 words with highest P(w|I) as the image annotation.
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e Advantages:

— Permits image search based on natural language keywords.

NUOUS RELEVANCE MODEL (CRM): LAVRENKO ET AL. 03

e P(w,f): joint expectation of words w and image features f defined
by images J in the training set 7"
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e P(w;|J)is modelled using a Dirichlet prior:
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e NN, j: number of times the word v appears in annotation of training
image J, p,: relative frequency of word v, u: smoothing parameter.

o P( f; | J) is modelled with a kernel-based density estimator:
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P(fi|J) = (3)

e Hachregion j = 1...R instantiates a Gaussian kernel, bandwidth j:
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KERNEL LEARNING CRM (SKL-CRM)

Extend the CRM to M feature types (e.g. SIFT, HSV, RGB ...):

P(I|J) = ()
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SKL-CRM learns ¥,, ,,: an alignment matrix mapping kernel £ (e.g.
Gaussian) to a feature type u (e.g. SIFT)

Y KERNEL-FEATURE ALIGNMENT ALGORITHM

e Greedily solve for the kernel-feature alignment matrix ¥, ,,

e At each iteration add the kernel-feature that maximises F}
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e SKL-CRM aligns to the generalised Gaussian, x*, Hellinger and
Multinomial kernels

ITATIVE RESULTS

e Mean per word precision (P), recall (R), Number of words > 0 (N+)
and I} measure:
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e Rapid convergence to a sparse subset of the available features:
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ARY OF KEY FINDINGS

e Better to choose kernels based on the data than opt for default as-
signment advocated in literature.
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e Only a small number of carefully chosen features are required for
the best annotation performance.

e See our ICMR’14 paper for further information and results.




