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data {
int N;
real y[N];

}
parameters {

real mu; 
real sigma;

}
model {

sigma ~ gamma(0.1, 0.1);
mu ~ normal(0, 1);
y ~ normal(mu, sigma);

}
generated quantities {

real variance; 
variance = sigma * sigma;

}

Fast, but has 
unusual syntax 



Goals: Understand the language 
principles behind Stan’s efficient 

black-box inference.
&

Make Stan more compositional. 



Goal: Understand the principles behind Stan’s 
inference and design a compositional alternative.

1. Stan programs are 
deterministic.

2. Blocks correspond to different 
information-flow levels.

SlicStan



1. A Stan program is deterministic.
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data {
int N;
real y[N];

}
parameters {

real mu; 
real sigma;

}

model {
target += gamma_lpdf(sigma | 0.1, 0.1);
target += normal_lpdf(mu | 0, 1);
target += normal_lpdf(y | mu, sigma);

}
generated quantities {

real variance; 
variance = sigma * sigma;

}

log 𝑝(𝔇, 𝜃)
= log𝐺𝑎𝑚𝑚𝑎 𝜎, 0.1, 0.1

+ log𝒩 𝜇, 0, 1
+ log𝒩(𝑦1, 𝜇, 𝜎)
+ log𝒩(𝑦2, 𝜇, 𝜎)
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𝔇 = {𝑁: 2, 𝒚: 0, 2 }

𝜃

log 𝑝(𝔇, 𝜃)

Fixed!



data {
int N;
real y[N];

}
parameters {

real mu; 
real sigma;

}
model {

target += gamma_lpdf(sigma | 0.1, 0.1);
target += normal_lpdf(mu | 0, 1);
target += normal_lpdf(y | mu, sigma);

}
generated quantities {

real variance; 
variance = sigma * sigma;

}

𝔇 = {𝑁: 2, 𝒚: 0, 2 }

𝜃 = {𝜇: 0, 𝜎: 1}

log 𝑝(𝔇, 𝜃) = 0
+ (-0.1)
+ (-0.4)

+ ((-0.4) + (-0.3))
= -1.2

𝑣 = 𝜎 ∗ 𝜎 = 1



Inference

• Observed variables: 𝔇

• Parameters: 𝜃

• 𝑓(𝜃) = log 𝑝(𝜃|𝔇) + 𝑐𝑜𝑛𝑠𝑡𝔇

• Inference: evaluate 𝑓(𝜃) repeatedly!



Inference

• Observed variables: 𝔇

• Parameters: 𝜃

• 𝑓(𝜃) = log 𝑝(𝜃|𝔇) + 𝑐𝑜𝑛𝑠𝑡𝔇

• Inference: evaluate 𝑓(𝜃)!

log 𝑝(𝜃,𝔇) = log 𝑝(𝜃|𝔇) + 𝑐𝑜𝑛𝑠𝑡𝔇

⇒ 𝑓(𝜃) = log 𝑝(𝜃,𝔇) = log 𝑝∗(𝜃|𝔇)

model {
target += 

gamma_lpdf(sigma | 0.1, 0.1);
target += 

normal_lpdf(mu | 0, 1);
target += 

normal_lpdf(y | mu, sigma);
}

Bayes rule in log space

Unnormalised posterior



Stan: Density-Based Semantics

Standard big-step 
operational semantics



Stan: Density-Based Semantics

Standard big-step 
operational semantics
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An Extended Stan Program

data {
int N;
real y[N];

}
transformed data {

real alpha = 0.1;
real beta = 0.1;

}
parameters {

real mu;
real tau;

}

transformed parameters {
real sigma;
sigma = pow(tau, -0.5);

}
model {

tau ~ gamma(alpha, beta);
mu ~ normal(0, 1);
y ~ normal(mu, sigma);

}
generated quantities {

real variance;
variance = sigma * sigma;

}



2. Blocks correspond to different 
information-flow levels



Information Flow in Stan

data {
int N;
real y[N];

}
transformed data {

real alpha = 0.1;
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}
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}
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model {
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y ~ normal(mu, sigma);
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variance = sigma * sigma;

}

DATA

MODEL

GENQUANT

<

<



SlicStan

real mu ~ normal(0, 1);

real alpha = 0.1;
real beta = 0.1;
real tau ~ gamma(alpha, beta);
real sigma = pow(tau, -0.5);

data int N;
data real[N] y ~ normal(mu, sigma);

real variance = sigma * sigma;
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}



Information Flow in SlicStan

DATA real alpha = 0.1;
DATA real beta = 0.1;
MODEL real tau ~ gamma(alpha, beta); 

MODEL real mu ~ normal(0, 1);

MODEL real sigma = pow(tau, -0.5);
data DATA int N;
data DATA real[N] y; 
y ~ normal(mu, sigma);

GENQUANT real variance = sigma*sigma

Standard* information 
flow type system

Volpano, Irvine, and Smith. A sound type system for secure flow analysis. Journal of computer security 4, 2-3 (1996), 167–187.



Information Flow in SlicStan

DATA real alpha = 0.1;
DATA real beta = 0.1;
MODEL real tau ~ gamma(alpha, beta); 

MODEL real mu ~ normal(0, 1);

MODEL real sigma = pow(tau, -0.5);
data DATA int N;
data DATA real[N] y; 
y ~ normal(mu, sigma);

GENQUANT real variance = sigma*sigma;

Standard* information 
flow type system

+

Derived rule:



Translation of SlicStan to Stan

In the paper:

• Formal semantics of SlicStan.

• Formal elaboration, slicing and translation procedures.

• Proof of semantic preservation.
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inference and design a compositional alternative.

1. Stan programs are 
deterministic.

2. Blocks correspond to different 
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Comparison with sampling-based semantics


