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Problem

| e relationship between the very
different but correlated visual (images, videos,
audio) and textual (descriptions, tags) domains
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Approach

= Deep learning finds underlying non-linear
representations for input data. We will use
Stacked Denoising Autoencoders to learn this
representation.
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Papers

tacked Denoising Autoencoders:
epresentation in a Deep Network
Criterion

and Composing Robust
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et al, Marginalized Denoising Autoencoders
ain Adaptation

= Ngiam et al, Multimodal Deep Learning

= Srivastava et al, Multimodal Learning with Deep
Boltzmann Machines



incent, Stacked Denoising
Autoencoders

ined to reconstruct a clean “repaired”
rrupted version. This is done by
orrup e initial input.

es the hidden layer to discover more robust
res and preven om simply learning the

ity
ition on stacking of ordinary autoencoders
ificantly lower classification error

5 Able to learn Gabor-like edge detectors
= SAE vs. DAE

= SAE constrain the representation
= DAE change the reconstruction criterion to denoising




Viarginalized DAE

ns of SDAs: high computational
- scalability to high-dimensional

ise and thus do not
re optimization algorithms to learn
meters. Computed in closed-form

inear decoders as the basic building block

= Significantly speeds up SDAs by two orders of
- magnitude
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sfivastava, Multimodal Learning
BJ\Y

me problem but using DBM
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tava, Features for the MIR
FLICKR Dataset

e word counts of 2000-most frequent

5 extra or the images

) Color Layout Descriptor (192 dimensions)

olor Structure Descriptor (256 dimensions)
>calable Color Descriptor (256 dimensions)
Homogenous Texture Descriptor (43 dimensions)

= (5) Edge Histogram Descriptor (150 dimensions)

- = (6) Gist (960 dimensions)

W (7) Pyramid Histogram of Words (using SIFT) (2000
dimensions)



Xt steps

ox for SDAs
already been extracted by

e researching and reading papers



