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specific artificial neural network, the Helmholtz 
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● They proposed the “Wake-Sleep” algorithm as the 
method to find optimal parameters.

● The model was unique in that it was neurobiologically 
plausible:
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Artificial neural networks
Neurons  are called “units”, 
and they can either fire (1) or 
not fire (0)

Each connection has a 
synaptic strength, referred 
to as the “weight”
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The Wake-Sleep algorithm

1. Input a sample into the network
2. Wake-phase, propagate bottom-up using recognition weights, update generative weights
3. Sleep-phase, update top-down using generative weights, update recognition weights
4. Repeat over all samples

During each phase, follow two simple equations:
1. Stochastic binary unit update
2. Weight update
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The Wake-Sleep algorithm

1. Input a sample into the network
2. Wake-phase, propagate bottom-up using recognition weights, update generative weights
3. Sleep-phase, update top-down using generative weights, update recognition weights
4. Repeat over all samples

During each phase, follow two simple equations:
1. Stochastic binary unit update
2. Weight update
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The Sleep phase
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The Wake-Sleep algorithm

1. Input a sample into the network
2. Wake-phase, propagate bottom-up using recognition weights, update generative weights
3. Sleep-phase, update top-down using generative weights, update recognition weights
4. Repeat over all samples

During each phase, follow two simple equations:
1. Stochastic binary unit update
2. Weight update



Generative samples from the Helmholtz machine (MNIST)
Real



Generative samples from the Helmholtz machine (MNIST)
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Generative samples from the Helmholtz machine (Caltech 101)
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Why does this work?

● Approximate the true distribution using a more economical 
representation:
a. Binary values instead of reals
b. Assume units in the same layer are conditionally 

independent from each other (factorial distribution)

p
1
 = 0.8 p

2
 = 0.2 p

3
 = 0.4

1 1 0

Prob(1,1,0) = 0.8 * 0.2 * (1 - 0.4) = 0.384



Neuroscience of wake and sleep

● Wake phase
○ Observe environment and receive unlabeled inputs

● Sleep phase
○ Receive random inputs (“fantasies”) and conform them to fit the representation of your wake input

● Wake phase
○ Continue gathering from the environment and eliminate incorrect fantasies

● Sleep phase
○ Generate more fantasies

● Continue wake-sleep cycle until your fantasies align with your inputs. Now you can 
generate more fantasies that align with inputs you have never seen.


