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Introduction
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Geolocalized models[1] Probabilistic framework|[2]
Problem: a global classifier ignores the location and solves a very complicated Formulate the problem in terms of probabilities and dependences between different
problem (all dishes). Filtering the classes during test helps but Is suboptimal. variables.
Optimal classifier: for each query image (and geolocation), select the Observed for query g: (estimated) geolocation p, , visual feature x
neighboring restaurants and retrain a classifier only for the candidate classes. Joint distrib.: p(s, k, @|pg, x) = p(@|u, )p(k|l@)p(s|k, x)
Advantages: simpler classifier, lower bias, more efficient
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By marginalizing we can infer either s, k, ¢, leading to different tasks:
- Dish recognition p(sluq, x)

- Restaurant recognition p(k| 199 x)

. . - - Location refinement X
Shortlist Optimal classifier P(@lrg x)

Neighborhood Rest. location  Visual classifier +

However optimal classifier 1s not feasible in practice.
P P Approach model p((pluq) model p(k|p)  menup(s|k, x)

Approach: geolocalized models
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- Pairwise models (train) and geolocalized voting (test)
- Combination of bundled classifiers (CBC)
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