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Deep Cross-Modal Hashing
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BP for updating 0,. For each sampled point y;, compute the gradient:

o f(x;,0,): the output of deep neural net- 0T 1 Z” (0(0;;)F,i — SiiFy) + 2v(G.; — B,;) + 2nG1.
work for image modality. 0Gy; 2ei=]

e[ earn B, with 0, and 0, fixed.

Conclusion

e DCMH is an end-to-end deep learning framework which can perform simultaneous feature learning
and hash-code learning.

e X = {x;}" ;: n points of image modality.

Y ={yi}": ints of text modality:.
’ Wi} j=it 1 points of text modality °g(yj;0,): the output of deep neural net-

work for text modality. B = sign(y(F + G)).

oS = {5 }nxn: cross-modal similarities.

e DCMH can significantly outperform other baselines to achieve the state-of-the-art performance.




