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1 Overview
® Observation: many scenarios involve nearest

Table 1. MAP (%) of different hashing algorithms using 32 - 128
bits on Holidays dataset.

neighbor search on the data in matrix form, . .oa . ¥ onoan - on 3; 0 0 5 3 0 L L £ B 1
where two different types of, yet naturally asso- § BE : f BERRDE BE : 8§ 0o|[3/0/0|5 N el P e
ciated entities respectively correspond to its two ° S TOTE Y TR0 4305
dimensions or views. - EBKS L‘ ﬂﬂnﬂﬂ Eln E% lln!lﬂﬂ T | me | e S B
| A "\\..\. """"""" . e A\ .\\.}! \ CSH 0560 T TIios 26950010
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® Applications: a novel generic hashing scheme for the fast and accurate (1) search inside a single view: eq., the visual search using Table 2. NDCG (%) of different methods using 16 - 64 bits on MovieLens and Netflix
local descriptors, and (2) search across different views: eg., recommendation using user-item rating matrix | - [ NDroes [ NDCGeT0 | Nbeoes ] NDEGET | NDCGes | NDCGETy | NDCGEs | Nbeoem
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neighbor structures in each view and semantic correlations be-
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binary codes H and G: singular value decomposition ) 4 Conclusions

Iterative Quantization [Gong et al. 2011] in each view, considering view correlations

rotation matrices R, and R,: singular value decomposition (
prediction scalar: least sguare problem min  ||o (1 = HTG) _ U3 Preserve view correlations by matching the predictions and the true observations
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) ® a collaborative hashing scheme for data in matrix form that
can learn hash codes for both types of entities in the matrix

® an efficient optimization method to learn hash functions sim-

ultaneously exploiting both intra- and inter-view similarities

® two classic search applications based on collaborative hashing

® Applications: a general hashing framework for different search paradigms
search inside a single view: finding similar entities of the same type, where U is dense with all elements observed
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search across different views: seeking correlated entities of different types, where U is sparse =E..- Hj‘hua(l = HTG) 0 A= U
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