
Neural networks
Restricted Boltzmann machine - contrastive divergence (parameter update)



TRAINING
2

• To train an RBM, we’d like to minimize the average negative
   log-likelihood (NLL)

• We’d like to proceed by stochastic gradient descent{ {
positive phase negative phase

Topics: training objective
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• To train an RBM, we’d like to minimize the average negative
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compute
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•Derivation of             for⇤E(x,h)
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Topics: contrastive divergence
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Topics: contrastive divergence
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• Given        and     the learning rule for             becomesx̃ � = W

Topics: contrastive divergence
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CD-K: PSEUDOCODE
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Topics: contrastive divergence

1. For each training example
i. generate a negative sample     using

k steps of Gibbs sampling, starting at 
ii. update parameters

2. Go back to 1 until stopping criteria
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CONTRASTIVE DIVERGENCE (CD)
(HINTON, NEURAL COMPUTATION, 2002)
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• CD-k:  contrastive divergence with k 
           iterations of Gibbs sampling
• In general, the bigger k is, the less biased the 

estimate of the gradient will be
• In practice, k=1 works well for pre-training

Topics: contrastive divergence


