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Ground Rules / Expecta9ons
• Please ask ques+ons! 

• 45 minutes: feel free to stand up, get more coffee 

• Expecta+on: can't learn Stan in 45 minutes.



Overall Goals
• Stan is awesome! 

• Technical breakthroughs 

• Modeling flexibility 

• It's not easy. 

• Introduces a new dimension of difficulty 

• There are resources. 

• Forums: hLps://discourse.mc-stan.org

https://discourse.mc-stan.org


Who's heard of Stan?



Who's wriBen a Stan program?



What is Stan?



What is Stan?
1. Language 
 

2. Algorithms 
 

3. Interfaces



Language for Sta9s9cal Models
• Goal: specify staDsDcal models p(✓, x)

data



Language for Sta9s9cal Models
p(✓, x)

dataparameters

• Goal: specify staDsDcal models



Language for Sta9s9cal Models
p(✓, x)

dataparametersmodel

• Goal: specify staDsDcal models



Language for Sta9s9cal Models
• Goal: specify staDsDcal models 

• Stan is a language 

• staDcally typed, imperaDve 

• users define programs: data, parameters, log joint pdf 

• User can specify any differen'able joint probability distribuDon funcDon 
over data and parameters

p(✓, x)
dataparametersmodel



Language for Sta9s9cal Models
p(✓, x)

dataparametersmodel

• Goal: specify staDsDcal models

What's the problem?



Example: Hello World



Example: Logis9c Regression



Users define the sta9s9cal model
p(✓, x)



Inference algorithms use       p(✓, x)
▸ Bayesian inference; Markov Chain Monte Carlo (MCMC) 

▸ Approximate Bayesian inference 

▸ OpDmizaDon



▸ Bayesian inference; Markov Chain Monte Carlo (MCMC) 

▸                     approximated with  

▸ Approximate Bayesian inference 

▸ ex:                                         where  

▸ OpDmizaDon 

▸                                                     (only holds when there's a single opDma)

p(✓ |x) {✓(1), ✓(2), . . . , ✓(N)}
<latexit sha1_base64="FpPnCNZqoMHXD02O4ilwteaVslg=">AAACHHicbVDLSgMxFM3UV62vqks3wSK0IGWmFNRdwU1XUsHaQmcsmTRtQzMPkjtCGeZH3PgrblyouHEh+Dem00G09UDg3HPu5eYeNxRcgWl+GbmV1bX1jfxmYWt7Z3evuH9wq4JIUtamgQhk1yWKCe6zNnAQrBtKRjxXsI47uZz5nXsmFQ/8G5iGzPHIyOdDTgloqV+s27ENYwbkLi5bleQU/1S1tBKDANQv9aqS2Em/WDKrZgq8TKyMlFCGVr/4YQ8CGnnMByqIUj3LDMGJiQROBUsKdqRYSOiEjFhPU594TDlxel2CT7QywMNA6ucDTtXfEzHxlJp6ru70CIzVojcT//N6EQzPnZj7YQTMp/NFw0hgCPAsKjzgklEQU00IlVz/FdMxkYSCDrSgQ7AWT14m7Vr1ompe10uNZpZGHh2hY1RGFjpDDdRELdRGFD2gJ/SCXo1H49l4M97nrTkjmzlEf2B8fgOhkKCe</latexit><latexit sha1_base64="FpPnCNZqoMHXD02O4ilwteaVslg=">AAACHHicbVDLSgMxFM3UV62vqks3wSK0IGWmFNRdwU1XUsHaQmcsmTRtQzMPkjtCGeZH3PgrblyouHEh+Dem00G09UDg3HPu5eYeNxRcgWl+GbmV1bX1jfxmYWt7Z3evuH9wq4JIUtamgQhk1yWKCe6zNnAQrBtKRjxXsI47uZz5nXsmFQ/8G5iGzPHIyOdDTgloqV+s27ENYwbkLi5bleQU/1S1tBKDANQv9aqS2Em/WDKrZgq8TKyMlFCGVr/4YQ8CGnnMByqIUj3LDMGJiQROBUsKdqRYSOiEjFhPU594TDlxel2CT7QywMNA6ucDTtXfEzHxlJp6ru70CIzVojcT//N6EQzPnZj7YQTMp/NFw0hgCPAsKjzgklEQU00IlVz/FdMxkYSCDrSgQ7AWT14m7Vr1ompe10uNZpZGHh2hY1RGFjpDDdRELdRGFD2gJ/SCXo1H49l4M97nrTkjmzlEf2B8fgOhkKCe</latexit><latexit sha1_base64="FpPnCNZqoMHXD02O4ilwteaVslg=">AAACHHicbVDLSgMxFM3UV62vqks3wSK0IGWmFNRdwU1XUsHaQmcsmTRtQzMPkjtCGeZH3PgrblyouHEh+Dem00G09UDg3HPu5eYeNxRcgWl+GbmV1bX1jfxmYWt7Z3evuH9wq4JIUtamgQhk1yWKCe6zNnAQrBtKRjxXsI47uZz5nXsmFQ/8G5iGzPHIyOdDTgloqV+s27ENYwbkLi5bleQU/1S1tBKDANQv9aqS2Em/WDKrZgq8TKyMlFCGVr/4YQ8CGnnMByqIUj3LDMGJiQROBUsKdqRYSOiEjFhPU594TDlxel2CT7QywMNA6ucDTtXfEzHxlJp6ru70CIzVojcT//N6EQzPnZj7YQTMp/NFw0hgCPAsKjzgklEQU00IlVz/FdMxkYSCDrSgQ7AWT14m7Vr1ompe10uNZpZGHh2hY1RGFjpDDdRELdRGFD2gJ/SCXo1H49l4M97nrTkjmzlEf2B8fgOhkKCe</latexit>

p̂(✓ |x) ⇡ q(�̂)

✓̂ = argmax
✓

p(✓, x)

�̂ = argmin
�

DKL (q(✓ |�) || p(✓, x))
<latexit sha1_base64="YU71ZQxTrmorMb2/OGsQFcXUFYA="></latexit><latexit sha1_base64="YU71ZQxTrmorMb2/OGsQFcXUFYA="></latexit><latexit sha1_base64="YU71ZQxTrmorMb2/OGsQFcXUFYA="></latexit>

Inference algorithms use       p(✓, x)



▸ Bayesian inference; Markov Chain Monte Carlo (MCMC) 

▸                     approximated with  

▸ Approximate Bayesian inference 

▸ ex:                                         where  

▸ OpDmizaDon 

▸                                                     (only holds when there's a single opDma)

p(✓ |x) {✓(1), ✓(2), . . . , ✓(N)}
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p̂(✓ |x) ⇡ q(�̂)

✓̂ = argmax
✓

p(✓, x)

�̂ = argmin
�

DKL (q(✓ |�) || p(✓, x))
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Inference algorithms use       p(✓, x)



Interfaces
• CmdStan, RStan, PyStan 

• C++ API 

• C++ automaDc differenDaDon library 

• RStanArm, brms, prophet, …



Stan: mc-stan.org

• Language 

• Inference algorithms 

• Interfaces 

• Open-source github.com/stan-dev 
core: BSD 
interfaces: GPL or BSD

http://mc-stan.org
http://github.com/stan-dev


Why is Stan so awesome?



MCMC Algorithm Breakthrough
• The No-U-Turn Sampler (NUTS). MaLhew D. Hoffman, Andrew Gelman.  

Journal of Machine Learning Research. 2014.  
hLp://jmlr.org/papers/v15/hoffman14a.html 

• Improved on Hamiltonian Monte Carlo (HMC). 

• 2 tuning parameters: stepsize, number of steps 

• Performance (very) sensi+ve to tuning parameters 

• NUTS 

• 1 tuning parameter: stepsize 

• Works for many models

http://jmlr.org/papers/v15/hoffman14a.html


250 dimensional Normal distribuDon

Hoffman and Gelman. "The No-U-Turn Sampler." JLMR. 2014.

2d projection

1000 draws



Quick aside: HMC is not enough

Hoffman and Gelman. "The No-U-Turn Sampler." JLMR. 2014.



Stan: algorithm + autodiff
• The No-U-Turn Sampler requires the funcDon and gradients 

1.                                                             i.e.  

2.                                                             gradients with respect to parameters, 
             all parameters 

• Automa+c differen+a+on 

• Provides gradients of any (conDnuous) funcDon (even non-analyDc) 

• Reverse mode: O(1) +me complexity with respect to number of parameters

log f(✓, x) = log p(✓, x) + C
<latexit sha1_base64="6Wc9TLSq7QqBAqQir+bEkgmmt4I=">AAACEnicbZBNSwJBGMdn7c3sbatjlyEJlEJ2LahLIHjxaJAvoCKz46wOzu4sM89GIn6GLn2VLh2K6NqpW9+mcfVg2h8G/vye5+GZ5+9FgmtwnB8rtba+sbmV3s7s7O7tH9iHR3UtY0VZjUohVdMjmgkeshpwEKwZKUYCT7CGNyxP640HpjSX4T2MItYJSD/kPqcEDOra+baQfezn2jBgQC7wYx7f4oRFi+wcl7t21ik4ifCqcecmi+aqdu3vdk/SOGAhUEG0brlOBJ0xUcCpYJNMO9YsInRI+qxlbEgCpjvj5KQJPjOkh32pzAsBJ3RxYkwCrUeBZzoDAgO9XJvC/2qtGPybzpiHUQwspLNFfiwwSDzNB/e4YhTEyBhCFTd/xXRAFKFgUsyYENzlk1dNvVhwLwvFu6tsqTKPI41O0CnKIRddoxKqoCqqIYqe0At6Q+/Ws/VqfVifs9aUNZ85Rn9kff0Chuqa2g==</latexit>

f(✓, x) / p(✓, x)
<latexit sha1_base64="uCHj8jnbnznGPWtajBT+xpuh4kw=">AAACC3icbVDLSgMxFM3UV62vUZduQotQQcpMFXRZcNNlBfuAtpRMmmlDM5OQ3BFL6d6Nv+LGhSJu/QF3/o1pOwttPRA4nHMvN+cESnADnvftZNbWNza3stu5nd29/QP38KhhZKIpq1MppG4FxDDBY1YHDoK1lGYkCgRrBqObmd+8Z9pwGd/BWLFuRAYxDzklYKWemw+LHRgyIOf44Qx3lJYKJFa/xFzPLXglbw68SvyUFFCKWs/96vQlTSIWAxXEmLbvKehOiAZOBZvmOolhitARGbC2pTGJmOlO5lmm+NQqfRxKbV8MeK7+3piQyJhxFNjJiMDQLHsz8T+vnUB43Z3wWCXAYro4FCYC27izYnCfa0ZBjC0hVHP7V0yHRBMKtr5ZCf5y5FXSKJf8i1L59rJQqaZ1ZNEJyqMi8tEVqqAqqqE6ougRPaNX9OY8OS/Ou/OxGM046c4x+gPn8wcl4Jk3</latexit>

d log f(✓, x)

d✓
<latexit sha1_base64="JFbQe/yf26izQ3TjaefZB0MW88s=">AAACC3icbVDLSsNAFJ3UV62vqks3Q4tQQUpSBV0W3HRZwT6gCWUymbRDJw9mbsQSsnfjr7hxoYhbf8Cdf+O0zUJbD1w4c869zL3HjQVXYJrfRmFtfWNzq7hd2tnd2z8oHx51VZRIyjo0EpHsu0QxwUPWAQ6C9WPJSOAK1nMnNzO/d8+k4lF4B9OYOQEZhdznlICWhuWK7UtCU88W0Qj7NRvGDMg5fjjLtDZ/ZMNy1aybc+BVYuWkinK0h+Uv24toErAQqCBKDSwzBiclEjgVLCvZiWIxoRMyYgNNQxIw5aTzWzJ8qhUP+5HUFQKeq78nUhIoNQ1c3RkQGKtlbyb+5w0S8K+dlIdxAiyki4/8RGCI8CwY7HHJKIipJoRKrnfFdEx0OKDjK+kQrOWTV0m3Ubcu6o3by2qzlcdRRCeogmrIQleoiVqojTqIokf0jF7Rm/FkvBjvxseitWDkM8foD4zPH6w5mtY=</latexit>



Autodiff comparison
• For open-source C++ packages:  

Stan is fastest (for gradients),  
most general (funcDons supported), and most easily extensible (simple OO) 
heps://arxiv.org/abs/1509.07164 

https://arxiv.org/abs/1509.07164


Stan: algorithm + autodiff + language
• Great! We have an algorithm + autodiff. 

• Who wants to write staDsDcal models in C++? 

• Btw, this was Stan circa 2011, pre v1.0. 

• Enter the Stan language. 

• Any Stan program can be autodiffed! 

• No-U-Turn Sampler can be applied to any Stan program!



Why is Stan so awesome?



For any model, we can  
run the No-U-Turn Sampler!

• A high-level language for specifying staDsDcal models 

• Does a whole lot of $#*! under the hood 

• Produces MCMC draws 

• EsDmate the pdf with draws from the posterior



So... what's the bad news?



Difficul9es

• Modeling:     Not all models match data;  
        fails to produce good output 

• Computa+on:    New diagnosDcs 

• Skills:      Programming in Stan;  
        leaky abstracDon -- mcmc, computaDon, autodiff 

• No built-in models: Blessing and a curse; 
        no veeed, canned models with robust, built-in 
         regularizaDon / approximaDons



Language basics



RECAP



STATISTICAL INFERENCE

Given

Want
posterior distribution of  
   parameters given data

data

joint model

✓parameters

p(✓ |x)

p(✓, x)

x



WHY MCMC?

p(✓ |x) = p(✓, x)

p(x)

=
p(✓, x)R
p(✓, x)d✓



WHY MCMC?

p(✓ |x) = p(✓, x)

p(x)

=
p(✓, x)R
p(✓, x)d✓



WHY MCMC?

▸ MCMC generates draws from the posterior distribution 

▸ We write the joint distribution, Stan does the MCMC 

▸ Stan estimates expectations

p(✓ |x) / p(✓, x)

E[f(x, ✓)] =
Z

f(x, ✓)⇥ p(✓ |x)dx



IN STAN, WE DEFINE

▸ Joint model of data and parameters:  

▸ Define data 

▸ Define parameters ✓

x

log p(✓, x)



STAN LANGUAGE



GENERAL PROPERTIES OF STAN LANGUAGE

▸ Whitespace does not matter 

▸ Comments 

▸ // or # 

▸ /* … */ 

▸ semicolon ( ; ) 

▸ Variables are typed and scoped 

▸ Compile-time vs run-time errors



BLOCKS: STRUCTURE OF A STAN PROGRAM
functions

data

transformed data

parameters

transformed parameters

model

generated quantities

‣ Blocks start and end with 
braces ( {  } ) 

‣  model block is required 

‣ Variables declared in 
each block have scope 
over all subsequent 
statements



STAN TYPES



VARIABLE DECLARATION

▸ Each variable has a type (static type) 

▸ Only values of that type can be assigned to the variable 
(strongly typed) 

▸ Declaration of variables happen at the top of a block 
(including local blocks) 
 

▸ Start by learning about the types in the context of the data block



SCALAR DATA TYPES
real

▸ scalar 

▸ continuous

int

‣ scalar  

‣ integer 

‣ can’t be used in parameters 
or transformed parameters 
blocks

data { 
  real y; 
}

data { 
  int n; 
}



CONSTRAINING SCALAR VARIABLES

▸ Validates data is within range 

▸ lower bound, upper bound, both 

▸ inclusive 

▸ can use infinite constraints: 
positive_infinity()  
negative_infinity()

▸ bounds can be expressions

data { 

  int<lower = 1> m; 

  int<lower = 0, upper = 1> n; 

  real<lower = 0> x; 

  real<upper = 0> y; 

  real<lower = -1, upper = 1> rho; 

}



VECTOR DATA TYPES

▸ Contains real values 

▸ Indexing starts at 1 

▸ Declared with size

‣ vector[3] a;  
column vector

‣ row_vector[4] b;  
row vector

‣ simplex[5] c;  
vector, sums to 1, non-negative 
entries

‣ unit_vector[5] d;  
vector with norm of 1

‣ ordered[6] e;  
vector in ascending order

‣ positive_ordered[7] f;  
positive, ordered vector



MATRIX DATA TYPES

▸ Contains real values 

▸ Indexing starts at 1 

▸ Declared with size

‣ matrix[3,4] A;  
3x4 matrix  
A[1] returns a 4-row_vector

‣ corr_matrix[3] Sigma;  
square, symmetric matrix  
positive definite  
entries between -1 and 1  
diagonal 1

‣ cholesky_factor_corr[K] L;  
represents Cholesky factor  
  of correlation matrix  
K x K lower-triangular  
positive diagonal entries  
rows are length 1  
L L^T is a correlation matrix

‣ cov_matrix[3] Omega;  
symmetric, square, positive definite

‣ cholesky_factor_cov[M,N] L;  
cholesky_factor_cov[4] L; (square matrix)  
L L^T is a covariance matrix



ARRAYS

▸ All types can be made arrays 

▸ Arrays can be multi-dimensional 

▸ Examples 

▸ real a[5]; 

▸ vector[5] b[3];

▸ int N[2,3];

▸ vector<lower=0>[5] c[L,M,N];



RECAP: STAN TYPES

Scalar types 

▸ real

▸ int  

Vector types 

▸ vector, row_vector

▸ simplex, unit_vector

▸ ordered, positive_ordered

Matrix types 

‣ matrix

‣ corr_matrix, cov_matrix

‣ cholesky_factor_corr, 
cholesky_factor_cov

Bounds 

‣ lower, upper, both
Arrays



DATA



THE DATA BLOCK

‣ Declare data only 

‣ Within the block, can’t do anything else 

‣ Data read in from Stan interface in order declared 

‣ All data declared must be passed by the Stan interface 

‣ Data is validated; happens once per execution



RECAP: DATA AND TRANSFORMED DATA

‣ data and transform data is the data in  
 

‣ Both blocks are executed once for the whole program 

‣ Execution is fast 

‣ Both blocks validate data 

‣ Variables in transformed data are not saved 
 

p(✓, x)



LOOPS, CONDITIONALS, BLOCKS, HELPER FUNCTIONS
‣ For loop: for (n in 1:N) … 

‣ while loop: while (cond) …

‣ conditional: if (cond) … else if (cond) … else …

‣ blocks:  { … }  (local variables can be declared at the top) 

‣ helper functions: 

‣ print(“message”, expression, …) — prints message and expressions 

‣ reject(“message”) — throws an error (used for debugging) with the message 
specified



PARAMETERS AND 
TRANSFORMED PARAMETERS



PARAMETERS

‣ Declare variables in the same way as data 

‣ int parameters are not allowed 
Not differentiable; Stan language limited by inference algorithms 

‣ Parameters with constraints has implicit transforms;  
changes constrained parameters to unconstrained parameters: 
guarantees sampling is over the range provided 

‣ Can’t define the value of a parameter  
(no assignment)



EXERCISES
1. Improper posterior. Run this model. (no data) 
 
 
 
 
 
 
 
 
fit <- stan("example.stan")

2. Proper posterior. Put lower and upper bound on theta. 
Run new model.

parameters {  
  real theta;  
}  
model {  
}  



MODEL



WRITING A JOINT MODEL

‣ Data and parameters of model defined 

‣ Model block: log joint probability 

‣  
— directly increments the log probability 

‣ sampling statements provide convenient, often efficient 
shortcuts

target += 



EXAMPLE: BERNOULLI COIN FLIP

One way of writing this model: 

Another is: 
yi ⇠ Bernoulli(✓)
✓ ⇠ Beta(1, 1)

Pr(✓, y1, y2, . . .) =
Y

i

✓yi(1� ✓)1�yi



EXAMPLE MODEL: BERNOULLI COIN

‣ Start with data: 

‣ N: number of flips 

‣ y: N-array of int between 0 and 1 

‣ Parameters: 

‣ theta: real between 0 and 1 

‣ Model 

‣ use "target += " within a loop



data { 

  int N; 

  int<lower=0, upper=1> y[N]; 

} 

parameters { 

  real<lower=0, upper=1> theta; 

} 

model { 

  target += log(1); 

  for (n in 1:N) 

    target += log(if_else(y[n] == 1, 

                     theta, 1 - theta))); 

}

EXAMPLE MODEL: BERNOULLI COIN



data { 
  int N; 
  int<lower=0, upper=1> y[N];  
} 
parameters { 
  real<lower=0, upper=1> theta;  
} 
model { 
  for (n in 1:N)  
    target += bernoulli_lpmf(y[n] | theta);  
}

EXAMPLE MODEL: BERNOULLI COIN (DISTRIBUTION FUNCTION)



VECTORIZATION

‣ Vectorized statements save calculations  
(where it can be saved) 

‣ What functions are vectorized? 
Plural in manual: reals, vectors, ints



data { 

  int N; 

  int<lower=0, upper=1> y[N]; 

} 

parameters { 

  real<lower=0, upper=1> theta; 

} 

model { 

  target += bernoulli_lpmf(y | theta); 

}

EXAMPLE MODEL: BERNOULLI COIN (VECTORIZED)



ANY ARBITRARY MODEL CAN BE WRITTEN USING

target +=



TARGET +=

‣ define models by incrementing log probability of model 

‣ why log probability? 

‣ numeric stability 

‣ Available functions 

‣ math 

‣ matrix  

‣ probability distributions



“SAMPLING” STATEMENTS
‣ Syntactic sugar for distribution functions: 

target += foo_lpdf(lhs | arg1, arg2, …))  
target += foo_lpmf(lhs | arg1, arg2, …))  

‣ Sampling statements: 

lhs ~ foo(arg1, arg2, …)

‣ Drops constant term 

‣ Stan does not do rejection sampling. 
There is no “drawing” from the distribution



data { 

  int N; 

  int<lower=0, upper=1> y[N]; 

} 

parameters { 

  real<lower=0, upper=1> theta; 

} 

model { 

  for (n in 1:N) 

    y[n] ~ bernoulli(theta); 

}

EXAMPLE MODEL: BERNOULLI COIN (SAMPLING)



data { 

  int N; 

  int<lower=0, upper=1> y[N]; 

} 

parameters { 

  real<lower=0, upper=1> theta; 

} 

model { 

  y ~ bernoulli(theta); 

}

EXAMPLE MODEL: BERNOULLI COIN (VECTORIZED SAMPLING)



FUNCTIONS



USER-DEFINED FUNCTIONS
functions {

}  
data { ... }  
 

‣ First block in Stan program 

‣ Types in signature a little different: lose dimensions 

‣ All arguments mandatory 

‣ Must return 

‣ Can forward declare, if necessary



EXAMPLE FUNCTION
functions { 

  int fib(int n); 

  int fib(int n) { 

    if (n > 2) 

      return n; 

    else 

      return fib(n - 1) + fib(n - 2); 

  } 

} 
...



EXAMPLE DISTRIBUTION (WILL ERROR IN 2.11, BUT THIS IS THE SYNTAX)
functions { 

  real foo_lpdf(real y, real theta) { 

    … 

  } 

} 
... 

model { 

   ... 

   y ~ foo(theta); 

   target += foo_lpdf(y | theta); 

}



Example



Overall Goals
• Stan is awesome! 

• Technical breakthroughs 

• Modeling flexibility 

• It's not easy. 

• Introduces a new dimension of difficulty 

• There are resources. 

• Forums: hLps://discourse.mc-stan.org

https://discourse.mc-stan.org


Thank you!

daniel@generable.com @djsyclik mc-stan.org

mailto:daniel@generable.com
http://mc-stan.org

