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Iterative Model Design
Data

Blei, D. M. (2014). Build, compute, critique, repeat: Data analysis with latent variable models. Annual Review of 
Statistics and Its Application, 1, 203-232.
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https://github.com/biaslab/ForneyLab.jl
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Model Specification

@RV x_0 ~ GaussianMeanPrecision (0.0 , 0.04) # State prior

x_t_min = x_0

for t=1:T

@RVx[t ] ~ GaussianMeanPrecision ( x_t_min , 100.0) # State transition model

@RVy[t ] ~ GaussianMeanPrecision (x[t], 10.0) # Observation model

placeholder(y[t], :y, index=t) # Placeholder for data

x_t_min = x[t] # Reset state for next section

end

Build Model
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Prior:

State transition model:

Observation model:
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Factor Graph Representation
Build Model

Forney, G. D. (2001). Codes on graphs: Normal realizations. IEEE Transactions on Information Theory, 47(2), 520-548.

Loeliger, H. A. (2004). An introduction to factor graphs. IEEE Signal Processing Magazine, 21(1), 28-41.
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Infer 
Quantities

Inference Specification

Dauwels, J. (2007, June). On variationalmessage passing on factor graphs. In Information Theory, 2007. ISIT 2007. IEEE 
International Symposium on(pp. 2546-2550). IEEE.

q = RecognitionFactorization([x_0; x ], ... ) # Specify a recognition distribution

algo = variationalAlgorithm(q) # Construct the inference algorithm
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Infer 
Quantities

VariationalMessage Passing
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q = RecognitionFactorization([x_0; x ], ... ) # Specify a recognition distribution

algo = variationalAlgorithm(q) # Construct the inference algorithm
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Infer 
Quantities

Automated Algorithm Generation

function step! ( data :: Dict , marginals :: Dict =Dict (), 

messages ::Vector{Message}=Array{Message}(499))

messages [1 ] = ruleVBGaussianMeanPrecisionM ( ProbabilityDistribution ( Univariate , 

PointMass , m= data[:y][50] ), nothing , ProbabilityDistribution ( Univariate , 

PointMass , m=10.0 ))

...

messages [499 ] = ruleSVBGaussianMeanPrecisionMGVD ( messages [498] , nothing , 

ProbabilityDistribution ( Univariate , PointMass , m=100.0))

marginals [:x_0] = messages [3] .dist * messages [499] .dist

...

return marginals

end

q = RecognitionFactorization([x_0; x ], ... ) # Specify a recognition distribution

algo = variationalAlgorithm(q) # Construct the inference algorithm
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Infer 
Quantities

Inference Results
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