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Motivation and Context

« Wijth the arise of big data, we witness a constant Cross-media retrieval performance on a social-media dataset
proliferation of Multimodal data, such as images and text, ( Edinburgh Festival 2016)
across the web. =, =y A
Method % mAP nDCG | mAP nDCG | mAP nDCG
» This data contains high information value. However, its CCA [22] 80 769 | 577 754 | 578 762
. . . . . Bi-AE [17] 72.5 88.6 67.0 32.2 69.7 85.5
dynamic nature, hinders multimedia retrieval. Thus, the BIDBN [26] | 645 829 | 561 742 | 603 786
i . . ) Corr-AE [8] 73.5 89.1 71.4 36.1 72.4 87.6
focus is on the development of intelligent tools for CorrCross-AL[s] | 705 859 | 722 863 | 714 860
. . . . . Corr-Full-AE [8] 74.1 89.4 71.8 86.5 73.0 838.0
multimedia retrieval, over dynamic data collections. DCCA[1,32] | 884 955 | 738 862 | SL1  90.9
. . . . . TempXNet-Rec 87.2 93.9 89.1 94.6 88.2 94.3
» Multimedia information have strong temporall lcorrelatlons TempKNeCot | 926 %68 | 915 959 [ o2l %
that shape the way (textual and visual) modalities co-occur
over time. Such temporal correlations have not been Modelling temporal correlations resulted in a cross-media
considered by state-of-the-art until now. Our hypothesis is retrieval performance improvement
that accounting for such correlations is important for Fempora Textual Query of class Castle
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» We devised a Temporal Cross-Media Neural Architecture, to Documents of M |
. . : : Class Castle
learn projections for both textual and visual data, while
modelling temporal correlations between modalities. ords ot /J\/\/\/— =
Class Castle
Semantically similar and temporally related instances,

Ground- Truth Distribution

should lie in the same neighbourhood.

Next Steps

 Temporal correlation between document pairs are encoded Devise a search space that preserves the temporal dimension.
In the search space through a set of constraints: Recency, This is will allow searching for textual and visual data, while
Temporal relevance of categories and Temporal relevance of accounting for temporal correlations at each time instant.
categories;

* [Ime Is encoded In projected modalities neighborhoods;

e \Work published and presented at ACM MM 2018 (Rank A*). This work was done in the context the H2020 COGNITUS project. C.GN |TUS
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