






































































































Chapter 4. Probabilistic programming

matic constructs like recursion and stochastic branching into the model. Figure
4.1 shows a simple probabilistic program with stochastic branching— depend-
ing on the value of the random variable 𝑥 the random variable 𝑦 will be drawn
from different distributions. This model can not be realized as a graphical
model, at least not in the standard sense.

1: x ∼ Gaussian(1,2);
2: if (x>2) then
3: y ∼ StudentsT(x,3,2);
4: else
5: y ∼ Gaussian(x,2);

Figure 4.1: A probabilistic program illustrating stochastic branching. The symbol “∼”
indicates sampling of the variable from the distribution on the right-hand side.

The probabilistic program in Figure 4.1 generates a draw from the joint dis-
tribution of 𝑥 and 𝑦 by sampling from their respective distributions. Proba-
bilistic programming languages also contain a construct to encode observed
random variables, implying that the probabilistic program can also represent
distributions conditioned on data. Figure 4.2 shows an example of a prob-
abilistic program that incorporates both sample (denoted by ∼) and observe
checkpoints.
When the probabilistic program is run, it executes deterministically until it

reaches a checkpoint. At the checkpoint the execution is paused and the infer-
ence engine updates the current state of the program according to the statement
in the probabilistic program. The basic setup is to have two types of check-
points [106], sample and observe, but more advanced constructs are also possi-
ble [26]. All randomness enters the program at these checkpoints and multiple
runs of the program may yield different sequences of random variables.
Compared to encoding the probabilistic model and inference algorithm in a

standard programming language, e.g. MATLAB or Python, the probabilistic
programming framework is simple and user-friendly. The main reason is that
the complex part — the inference algorithm — is already implemented and
hidden from the user who only has to write down the model using simple sam-
ple and observe statements, i.e the model design and the inference algorithm
are separated.
Paper I contains an example of a more complex probabilistic program than

those in Figure 4.1 and 4.2. It implements a disease-spread model similar to
the one introduced in Section 2.4 in the probabilistic programming language
Birch [6].
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