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extracted from images in a dataset,

Our BoW architecture consists of
five layers of representations, with

K
— Z logz Pr (xg,zr) + Ah(z)
k=1 Z

o arg min
- . . S ised Classifier Training &
can we co_nstruct an accurate, small the fo||ow|ng operations: Fi‘:gi‘}’:;ﬁg Local Error Backpropagation {W,c,b}
and fast visual codebook through 1) Local feat tract image Loal | Foature () .
unsupervised & supervised learning? ) Local feature extraction ot renrd FEEUES T ] GCodes | Spatial Pyramids sym | Image RBM (max. likelihood approx.)
k 2) Unsupervised RBM learning, Extraction Local Codin & Max-Pooling Classifier| Category
3) Supervised fine-tuning, >‘ ﬁ F‘Siﬁzﬁeh Label P
- N\ A\
Previous Work 7 | @ Lowdlevel inference. hz) == D pinlogzj + (1= pji)log (1 — z)
5) Spatial pooling, and 1 b1
\. J 9 —

6) SVM training & classification.
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Regularize RBM with Selectivity and Sparsity

Cross-Entropy Penalty (per descriptor & codeword)

 Non-Learned Assignment Coding RBM-baseg Codebook

* Hard assignment [Lazebnik et al.]
« Kernel codebooks [van Germert et al.]
« Soft assignment [Liu et al]
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Local Supervised Fine-Tuning

A A

« Sparse Coding
« SCSPM [Yang et al]
 LLC [Wang et al.]
* SC & max pooling [Boureau et al.]
* Multi-way local pool [Boureau et al.]

* Restricted Boltzmann Machine (RBM)

Descriptors

« Selectivity — each codeword should respond to
only a small subset of input descriptors.

« Supervised learning is performed on the codebook
initialized by the unsupervised reguarized RBM.

« Sparsity — each input descriptor should only have
a small subset of codewords responding to it.

* The error backpropagation algorithm is used to fine-tune

Codewords . the local descriptor codebook using image labels.

* We map the distributions of observed activations Local
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codebook conciseness. Smooth Edges dﬁ/iér:Zﬂ;gg;?;I:tive Caltech-101 (30 tr.) 78.0% 78.9% » Supervised fine-tuning improved performances slightly.
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