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Goal and Motivation Inference Over Hidden Variables Experiments
* Develop a principled approach for incorporating letx =W v, ¢;(h;) =exp(h;jx;), Y(-)=-exp(f(:)) Hypothesis: when the data has a highly variable
sparsity in the hidden units of a Restricted Original Distribution: unary potentials and a u number of active inputs, SpRBM alone is not enough
Boltzmann Machine (RBM). global cardinality potential. to guarantee population sparsity.
* Motivation: sparse feature representations often 0 @ @ @ @
lead to better classification performance, P(hlv) ocp(>  hy) | [ ¢5(hs)
robustness, interpretability. | |
* Problem: inference is seemingly intractable. Introduce auxiliary z variables to store
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a local potential.

* Visible units v € {0, 1} (can be Gaussian) N,
e Hidden units h € {0, 1}N”’
*  Weights W e RNvxNn

Ny,
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* Distribution P(v,h) = = = /= G @ G @ G

1 lf Zj — Zj_l —I—h]

| A |
T B 2 : | Y(hj, 25, 2i-1) = . 0 100 00 0.0 0.2 05 0.0 0.3 0.6
E(U’ h> o w f( hJ) 0 otherwise Convex Pixel Count SpRBM Lifetime SpRBM Population
J , _ , , Distribution
RBEM N—— * We can compute marginals and sample from P(h|v) using dynamic programming.
dinalit tential  Computational complexity is O(Nyk). _ i1 ' '
cardinality potentia p plexity is O(Npk) (Gail et al., 1981, Tarlow et al., 2012) Classification on binary dgtgsets
| | | | N o e CaRBM and SpRBM perform similarly.
* Trained with contrastive divergence, uses conditional distributions. The Cardinal Ity Nonlinea rlty »  Sparsity generally improves classification performance.
RBM CaRBM . \(/:Ve constrl;ctta ::ural nettwcc;rk ;Jsingfu Zs th.(te) o;tputs of the hidder; layer. S — RBM | SyRBM | CaRBM S RBM | SpRBM | CaRBM
. orresponds to the expected value of a distribution over sparse vectors. @ rectangles 105% | 2.66% | 5.60% convex 20.66% | 18.52% | 21.13%
P(U‘h) O-(WTh) O-(W_I_h) L ) t S ft C d lt Y background im 23.78% | 23.49% | 22.16% mnist basic 4.42% 3.84% 3.65%
0O9o1ST1C OItImax ardainali background im rot | 58.21% | 56.48% | 56.39% mnist rot 14.83% | 13.11% | 12.40%
P(h‘v) O-(W U) II’L(W /U) g exp(:n ) y recangles im 24.24% | 22.50% | 22.56% || background rand || 12.96% | 12.97% | 12.67%
o(z;) 3 pj ()
1 J > exp(x;r) J . . .
i = P(h; =1v) = — E exp(vTWh+ f(E hi)) oo Topic modeling with the NIPS dataset
qu - -  Backpropagate error of cost L using finite differences (Domke, 2010). «  All methods learn meaningful topics.
h, 1 (1 68_L r — 9L OL * Ordinary RBM topics tend to include the most common words.
0L ~ M ( T O ) g ( o ) e SpRBM is sensitive to the KL strength )\, and can end up with dead
Thi y f(z ho) {0 if Zj hy <k @xj Ve examples, training examples that are ignored by the model.
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9 Model | Computer Vision Neuroscience Bayesian Inference
. . . . Spa rSIty Pena Ity fOr RBIVIS (SpRBM) RBM il;nagfes,d pixel, computer, quickly, inhibiEer, olrganization, neurons, Erol()iability,.bayesian, priors, likeli-
’ At mOSt k hldden unlts are allowed to be SImUItaneOUSIV aCtlve. SpRBM S':na(l)r object, objects, images, vi- S};nai) 1Sc’bef}(j)oams ike, synaptic, re- cc())od"t'cjvjlmanczbab'l't bayesia
. This is a form of competition or lateral inhibition. Let ¢ be the average activity of a hidden unit across all training hy ho hg P sion | R ke T i den, mackay
exampIES’ and )\ be a penalty Strength. Examp|e1 @m Populatlon CaRBM ]irrenca(,)gger;iti(i);nages, pixels, objects, ;girrézi?glaet,ol;isting, inhibitory, phys- S:fil;ili(;(;(;,l,hggslrparameters, monte,
* Penalize the KL between g and a desired activation p. sparsity
L = —log P(v) + AKL(p||q) Example 2 () O
* Encourages lifetime sparsity, sparse activations across examples. Example 3 Q Q
* Population sparsity: every example is encoded by a sparse vector.
* SpRBM + CaRBM = lifetime sparsity + population sparsity. Example 4 Q Q
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