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Abstract
Recognizing causal activities of human protagonists, and jointly inferring context information like location of objects and 
agents from noisy sensor data is a challenging task. Causal models can be used, which describe the activity structure sym-
bolically, e.g. by precondition-effect actions. Recently, probabilistic programming languages (PPLs) arose as an abstraction 
mechanism that allow to concisely define probabilistic models by a general-purpose programming language, and provide 
off-the-shelf, general-purpose inference algorithms. In this paper, we empirically investigate whether PPLs provide a feasible 
alternative for implementing causal models for human activity recognition, by comparing the performance of three different 
PPLs (Anglican, WebPPL and Figaro) on a multi-agent scenario. We find that PPLs allow to concisely express causal models, 
but general-purpose inference algorithms that are typically implemented in PPLs are outperformed by an application-specific 
inference algorithm by orders of magnitude. Still, PPLs can be a valuable tool for developing probabilistic models, due to 
their expressiveness and simple applicability.

Keywords Bayesian filtering · Causal model · Probabilistic programming language · Anglican · WebPPL · Figaro · Particle 
filter

1 Introduction

Recognizing human activities and inferring context informa-
tion from sensor data is a challenging task of high relevance, 
e.g. for providing automatic assistance. Specifically, the 
objective we are concerned with in this paper is to recon-
struct structured causal activity sequences (i.e. individual 
actions have preconditions and effects), as well as context 
information (the state of the environment, like location and 
state of objects). This setting is illustrated by the following 
example [12] (see Fig. 1):

Example 1 Multiple persons act in an office environment. 
They can move between locations, carry objects (like cof-
fee or paper), and perform activities like brewing coffee or 
printing documents. The actions have a causal structure, e.g. 
to make a coffee, the coffee machine must have been filled 
with water and ground coffee. Each room is equipped with a 

presence sensor that signifies whether one or more persons 
are present at the corresponding room. The goal is to esti-
mate the performed activities and environment state from 
the sensor observations. A more detailed description can be 
found in Sect. 3.1.

Causal symbolic models, like Computational Causal 
Behaviour Models [11], can elegantly solve this task. They 
model the system dynamics symbolically by a set of proba-
bilistic precondition-effect actions, and perform Bayesian fil-
tering using that symbolic description: That is, they repeat-
edly predict the posterior state distribution at time t + 1 from 
the prior at time t (by using the symbolic description, i.e. 
the transition model) and then update the estimate by incor-
porating observed sensor data (using another probabilistic 
model, the observation model).

Probabilistic Programming Languages (PPLs) arose as 
an abstraction mechanism, that allow to represent proba-
bilistic models concisely in terms of a general-purpose 
programming language (like Javascript or Scala), and per-
form inference over probabilistic runs of such programs. 
An advantage of these approaches is that they separate the 
inference algorithm from the model specification, allowing 
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to re-use existing implementations of inference algorithms 
for different scenarios. PPLs have for example been used for 
scene perception [13] (e.g. generating a 3D model from a 
2D image), or for skill rating systems in online multiplayer 
games [3]. In principle, PPLs should directly allow to spec-
ify causal probabilistic models, and perform inference in 
these models (see Fig. 2).

The contribution of this paper is to investigate whether 
PPLs are a suitable tool for this task. Surprisingly, there has 
been little work on experimental comparison of multiple 
PPLs. We do this by implementing a causal model (describ-
ing the scenario illustrated in Example 1) in three differ-
ent PPLs (Anglican [24], WebPPL [9] and Figaro [20], see 
Sect. 2), and comparing their performance regarding runtime 
and convergence speed (Sect. 3). As a baseline, we use a 
custom inference algorithm [17] that is tailored towards cat-
egorical states and provides an upper bound on performance.

In this work, we only consider what has been called 
expressive PPLs [25], as they naturally allow to specify 
causal constraints, and they provide suitable inference 

algorithms. Other types of PPLs are discussed in more detail 
in Sect. 5.

We find that causal models can be expressed concisely 
in PPLs. However, the different available general-purpose 
inference algorithms vary strongly in their suitability for the 
problem, and thus their performance. Even the most suitable 
algorithm (particle filtering) is outperformed by the custom 
inference algorithm by orders of magnitude (Sect. 4). Thus, 
PPLs do not release the user from the burden of choosing 
appropriate inference algorithms. Furthermore, some prob-
lem domains can require the user to implement domain-
specific algorithms. Still, PPLs can be a valuable tool for 
developing probabilistic models and research prototypes, 
due to their expressiveness and simple applicability.

2  Background

The general workflow for using PPLs for causal activity rec-

ognition is visualized in Fig. 2: The PPL inference algorithm 
works on (i) a probabilistic model (in our case, the transition 
model and observation model of a Bayesian filter), defined 
in terms of a probabilistic program, and (ii) evidence on the 
probabilistic model (in our case, the sensor data), to produce 
an estimate of the random variables of interest (the system 
state, in our case). In the following, we introduce the basic 
concepts underlying this approach in more detail: PPLs and 
probabilistic inference algorithms.

2.1  Probabilistic Programming Languages

The general idea of PPLs is to take a general-purpose (often 
functional) programming language and enhance it by proba-
bilistic constructs: Methods to define distributions, sample 
from a distribution (in the following called elementary ran-
dom procedure) and methods for conditioning distributions 
on observed values � . A program that uses these constructs 
is then a generative probabilistic process: Each run of the 

Water Tap Paper 
Coffee 

Machine 

Printer Coffee 
Beans 

Door 

Fig. 1  Scenario used for evaluation of PPL inference. The environ-
ment consists of multiple locations, and multiple agents can move 
between locations, carry objects or perform activities like printing 
objects. Light grey rectangles denote floor pressure sensors

Fig. 2  Illustration of how PPLs 
can be used for recognition of 
causal activities. Probabilistic 
models of the system dynamics 
and the observation distribution 
are described in terms of a PPL 
program. Inference is per-
formed on this program (given 
a sequence of observations) 
to estimate the distribution 
of state sequences explaining 
these observations. The parts 
are explained in more detail in 
Sect. 2

Probabilistic Model
(described as probabilistic program)

System dynamics p(Xt+1|Xt):
Function from xt to distribution over xt+1
at time t+1 (pedict in Fig. 5)
Observation distribution p(Yt|Xt):
Function from xt to distribution over
possible observations yt (make-obs in
Fig. 6)

Inference algorithm
(MCMC, PF, ...)

For t in 1...T                  

Compute p(Xt|yt) by     
prediction (Eq. 1) and 
correction (Eq. 2)

State estimate p(X1:T|y1:T)

p(x1|y1) p(x2|y1:2) ... p(xT|y1:T)

Observation sequence y1:T

y1 y2 yT...
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program can be seen as a sample of the distribution p(�|�) , 
where � are the observed values, and � are the execution 
traces of the program, i.e. the values of all variables of the 
program. Such a program is not executed directly, but passed 
to an inference algorithm that uses some strategy to compute 
the distribution of program traces.

Example 2 We illustrate this concept with a simple gen-
erative probabilistic model, involving three binary random 
variables A, B and C. In PPLs, we specify the process that 
defines the distribution of these variables. Suppose that in 
our case, p(A=1) = 0.5 . B is either sampled uniformly at 
random (when A = 1 ) or is always 0 (when A = 0 ), and a 
similar relationship holds for C and B. We are interested in 
the probability p(A|C=0) . The situation can be modeled in 
Anglican (one of the three PPLs investigated in this paper) 
as follows (Lisp keywords printed in blue, Anglican key-
words printed in green):

1 (defquery example []
2 (let [A (sample (flip 0.5))
3 B (sample (flip (if A 0.5 0)))
4 f (flip (if B 0.5 0))
5 C (sample f)]
6 (observe f false)
7 A))

Note that in the example, we are only interested in the 
distribution of a single variable A, instead of the distribu-
tion of program traces p(A, B, C). However, p(A) can easily 
obtained from p(A, B, C) by marginalization, and thus, in 
the following, we still consider the general case, where the 
distribution of program traces is of interest.

In the example, lines 2–5 define the generative model, 
line 7 specifies the distribution that we are interested in, and 
line 6 (the observe statement) specifies conditions on the 
distribution of interest. Directly executing lines 2–7 would 
result in a single sample of p(A|C=0) . In PPLs, however, 
such a program is not called directly, but passed to an infer-
ence algorithm, that uses a more elaborate strategy to com-
pute the distribution of program traces.

For example, in Anglican, 1000 samples of p(A|C=0) are 
produced via a specific inference algorithm (the Metropo-
lis–Hastings algorithm) as follows: 

(take 1000 (doquery :lmh example []))

This way, the model specification and inference algorithm 
are separated, which has the following advantages: (i) The 
user of a PPL can quickly develop probabilistic models, 

without being concerned with complex probabilistic infer-
ence algorithms, and (ii) the inference algorithm can be 
exchanged easily, without changing the model.

2.2  Inference Algorithms

In the following, we give a brief overview of different proba-
bilistic inference algorithms that are typically implemented 
in PPLs. The goal of the inference algorithms is to estimate 
the distribution p(�) of program traces � . Typically, the dis-
tribution cannot be calculated exactly. Instead, a distribution 
p̃(�) that approximates p(�) is estimated.

2.2.1  Rejection Sampling

Rejection sampling is a very simple inference algorithm. It 
evaluates the program (i.e. simulates the process described 
by the program) multiple times. Whenever an observation 
operation occurs, the program sample is either accepted 
(when the current values of the sample match the evidence), 
or discarded (when they do not match). The set of all sam-
ples that are not discarded (i.e. that match the observations) 
form the approximate distribution p̃(�).

Proceeding like this can be very inefficient: In cases 
where the evidence is very unlikely, most of the samples 
are discarded at some point, and thus the program must be 
run many times to obtain a given number of samples.

2.2.2  Markov Chain Monte Carlo

The idea of Markov Chain Monte Carlo (MCMC) algorithms 
is to construct a Markov Chain of samples  = �(1), �(2),… 
that has p(�) as its stationary distribution, i.e. the sequence 
of samples represents the distribution p̃(�).

In the following, we describe a specific MCMC algo-
rithm, the Metropolis–Hastings (MH) algorithm [10], 
in more detail. The samples are produced iteratively by 
employing a proposal distribution p(�(i+1)|�(i)) that proposes 
a move to the next sample �(i+1) , given the current sample 
�(i) . The proposed sample is accepted with a probability that 
is chosen such that p(�) really is the stationary distribution 
of the chain (see [10] for more details).

The reasoning is that by making the next sample depend 
on a previous (accepted) sample, inference can be more 
efficient than by rejection sampling: The previous sample 
already provides an idea on which variable assignments have 
a high probability, and based on that, it can be much easier to 
find a new sample with high probability, instead of needing 
to construct a sample “from scratch”.

In the context of PPLs, each sample represents a run 
of the program, i.e. a program trace. The proposal func-
tion works by changing the value of a single elementary 
random procedure in the program—which then requires 
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to re-evaluate all random procedures that depend on the 
changed value—in the extreme case, all “later” random pro-
cedures. How the value of the random procedure is changed 
exactly depends on the implementation: It is always possible 
to re-evaluate the random procedure (i.e. draw a new sam-
ple), but often, better results can be obtained by performing 
local moves: For example, a sample drawn from a normal 
distribution can be shifted by a certain amount [8].

The MH algorithm is problematic when there are many 
dependencies in the random variables. In these cases, sam-
pling from the proposal distribution can be difficult, to the 
point where it resorts to rejection sampling (as all random 
procedures that depend on a changed value must be re-eval-
uated). As an illustration, consider Example 2. Suppose that 
the value of A is changed. As B and C depend on A, it is 
necessary to re-evaluate the whole program, and thus the 
inference algorithm resorts to rejection sampling.

2.2.3  Particle Filtering

Particle filters (PF), or Sequential Monte Carlo (SMC) meth-
ods [6], are sampling-based approximate algorithms that 
implement the Bayesian filtering (BF) framework.

BF assumes that a sequence of observations y1∶T is made, 
and each observation yt depends on the (hidden) state �t of 
the system. Given such a sequence y1∶T , BF iteratively com-
putes the distribution of states �t for each t by decompos-
ing the computation in the following two steps: The predict 
step calculates the distribution after applying the transition 
model p(�t+1|�t) (that models the system dynamics), i.e.

The update step calculates the posterior distribution, by 
employing the observation model p(y1∶t+1|�t+1) (that models 
how observations depend on the state), i.e.

In the context of PPLs, the program trace (i.e. the sequence 
of variables drawn from the random procedures) can be seen 
as a state sequence �1∶T . Each conditioning operation cor-
responds to an update step, and the sampling of random pro-
cedures occurring between observations correspond to the 
transition step. In a probabilistic program, there can be mul-
tiple random procedures between two conditioning opera-
tions. We can define the transition model as being simply the 
composition of the individual random procedures between 
two observations. More details are provided by [26].

The particle filter maintains a set of weighted samples 
(called particles), that represent the approximation of the 
true joint distribution of states up to time t, i.e. p̃(�1∶t) . The 

(1)p(�t+1|y1∶t) =
∑

�t

p(�t|y1∶t) p(�t+1|�t).

(2)p(�t+1|y1∶t+1) =
p(�t+1|y1∶t) p(yt+1|�t+1)

p(yt+1|y1∶t)
.

prediction (Eq. 1) is approximated as follows: For each parti-
cle �i

t
 , a sample from p(�t+1|�it) is drawn, i.e. the particles are 

propagated through the transition model. Afterwards, each 
particle is reweighed by the observation model.

This method can lead to situations where the particle 
weights degenerate, or where particles vanish completely: 
For example, an observation that is very unlikely (or impos-
sible) for a large portion of the particles lead to a situation 
where a small number of particles concentrate a large pro-
portion of the total weight. Resampling is used to avoid this 
problem, making sure that particles with large weight are 
duplicated and particles with very low weight are removed 
(with a high probability). Thus, PF can avoid the problem 
of the MH algorithm in PPLs: Even when the random vari-
ables in the program are highly correlated, PF can efficiently 
generate samples from the distribution p(�1∶T ) of program 
traces.

2.2.4  Particle MCMC

Particle Markov chain Monte Carlo (PMCMC) methods [1] 
are a combination of MCMC methods like the MH algo-
rithm and particle filtering. The PMCMC variant discussed 
in the following is particle Gibbs (PG). PG is a MH algo-
rithm that uses particle filtering for the proposal: A new 
sample p(�(i+1)

1∶T
|y1∶T , �

(i)

1∶T
) is proposed by running a particle 

filter, where the run of the particle filter is conditioned on 
the previous sample �(i)

1∶T
 (also resulting from a run of a PF): 

At each step of the particle filter, “retained” particle traces 
(from previous particle filter runs) are inserted into the par-
ticle set.

This way, as opposed to the standard MH proposal, it is 
feasible to sample from the proposal distribution, and the 
proposal can easily change more than one variable at a time. 
It has been shown [1] that this approach can achieve good 
results, even when only few particles are used in the underly-
ing particle filter.

2.2.5  Marginal Filtering

The marginal filter (MF) [17] is an inference algorithm tai-
lored towards inference in categorical domains, where it can 
outperform conventional inference algorithms like particle 
filtering.

As explained above, the particle filter approximates the 
joint distribution p(�1∶t) . The idea of the MF is to instead 
only maintain the marginal distribution p(�t)—which is the 
quantity we are eventually interested in. This is achieved as 
follows: Instead of sampling from the prediction distribution 
(Eq. 1), we exactly represent the prediction p(�t+1|yt) by 
computing p(�t+1|�it) for all �t+1 and all particles �i

t
 . This is 

only possible when all random variables in �t+1 are categori-
cal, as this allows us to enumerate the complete categorical 
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distribution. Identical successor states �t+1 are merged and 
their probability is summed. This way, the particles represent 
only the marginal distribution p(�t+1|yt) instead of the joint 
distribution.

Although this computation is exact, it is based on the 
approximation p̂(�t|yt) from the previous time step. The only 
approximation for each time step is then to limit the number 
of particles that represent p(�t+1|yt) by an operation called 
pruning. Different pruning strategies have been devised. 
Here, we use the stratified resampling scheme proposed in 
[16], which guarantees unbiased pruning.

3  Experimental Evaluation

The overall goal of the experiments is to evaluate the suit-
ability of PPLs to specify causal models for behavior and 
context (environmental state) recognition, and to investigate 
the performance of different inference algorithms for this 
task. In the following, we describe the experimental design 
in more detail.

3.1  Evaluation Scenario

We consider the office scenario described in Example 1.
The office environment consists of six distinct locations: 

door, printer, coffee machine, paper stack, water tap, and 
coffee jar. Pressure mats on the floor at every location sig-
nify whether at least one person is present at the correspond-
ing location. The sensor data is always correct, i.e. no false 
negatives or false positives are produced (see Fig. 3). Also, 
there is a seventh unobserved location (outside of the office). 
The persons can perform one of the following activities:

– move from a location to another (all locations can be 
reached from one another, except the “outside” location 
is only connected to the “door” location)

– take an object (paper, ground coffee, water, coffee)
– refill an object (printer with paper, coffee machine with 

water or ground coffee)
– make coffee
– repair the printer
– print a document at the printer

To perform any of these actions, specific preconditions 
have to be satisfied. For example, to refill ground coffee at 
the coffee machine, a person must be standing at the coffee 
machine, holding ground coffee. The task is to estimate 
which actions have been performed, as well as the state of 
the environment form a sequence of sensor data.

The challenge is that despite the fact that the sensor data 
is correct, it does not provide complete information about 
the system state (i.e. the number of agents at each loca-
tion, the performed action, and handled objects). Instead, 
the action and state distribution must be reconstructed by 
incorporating knowledge about the causal structure. Fig-
ure 4 illustrates this on a simplified version of the scenario, 
consisting of three locations (two of which are observed by 
presence sensors), and three agents. At time t, we assume 
that one agent is at the sink, and one is outside. At time 
t + 1 , three successor states are consistent with the obser-
vation, corresponding to different actions. At time t + 2 , 
both sensors are active, which can only be explained by a 
single state that can be reached from the states at time t. 
In general, the number of possible state can quickly grow 
very large.

If the assumption that the sensor data is correct does 
not hold, only the observation model needs to be adapted, 
but not the model of system dynamics—here, we see one 
of the main benefits of generative probabilistic models. 
However, this would lead to an increased support of the 
state distribution, and thus more challenging inference. In 
the example, all three states at t + 1 would have successor 
states, but those states that are inconsistent with the obser-
vation would have a different (lower) weight.

We simulated an observation sequence from the sym-
bolic description of the scenario (assuming uniform sam-
pling from the applicable actions at each time step), which 
is used for the empirical evaluation.

door
printer

coffee_machine
paper_stack

water_tap
coffee_jar

0 5 10 15 20 25

t

Fig. 3  Sensor data sequence for the office scenario. White: No person 
present, black: one or more persons present at the location

move

take water

nothing

move

t t+1 t+2 

Fig. 4  Example of the state distribution estimated from sensor read-
ings. A green/red circle denotes activity/inactivity of the respective 
sensor. At t + 1 , multiple states can explain the observation, but only 
one of them has a successor state at t + 2 that is consistent with the 
observation
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3.2  Implementation

We implemented the scenario in three different PPLs. We 
considered recent PPLs that are actively developed and sup-
port SMC inference—other, non-sequential inference algo-
rithms are unsuitable for our domain (as shown in Sect. 4). 
Specifically, the following PPLs have been selected:

– Anglican [24] is based on Clojure, a functional Lisp 
dialect running in the Java Virtual Machine. It supports 
rejection sampling, MCMC inference, and SMC infer-
ence. Furthermore, it is the only PPL considered by us 
that implements the recently proposed PMCMC infer-
ence.

– WebPPL [9] is based on Javascript, and can be executed 
locally via node.js or in a web browser. It implements 
rejection sampling, variational inference, MCMC infer-
ence, and SMC inference.

– Figaro [20] is based on Scala, a functional, object-ori-
ented language. Figaro implements a large number of 
inference algorithms. In this paper only SMC inference 
was considered.

The implementations of the scenario in these PPLs, as well 
as the simulated observation sequence, is publicly available 
[22].

Furthermore, we use a custom implementation of the 
marginal filter [17], implemented in Haskell and compiled 
by the Glasgow Haskell Compiler (GHC). In this imple-
mentation, states �t are maintained explicitly, as maps from 
state properties to values. This implementation is used for 
two purposes: (i) It is applied without the pruning step, thus 
calculating the exact state estimate, that is used as a ground 
truth to assess the convergence of PPL inference, and (ii) 
it is used as a baseline for assessing the PPL performance.

Figures 5 and 6 provide an intuition on how the scenario 
has been implemented, by showing the central part of the 
Anglican implementation. The function predict calcu-
lates the distribution p(�t+1|�t) for a specific state �t and 
returns it as a categorical distribution. This function actu-
ally encodes the causal model, i.e. it checks which actions 
can be executed, and applies the effects to the posterior 

states. The function make-obs (not shown) computes the 
categorical distribution p(Yt+1|�t+1) for a specific state �t+1.

The query repeats the following steps for each observa-
tion yt+1 : Obtain a posterior state distribution p(�t+1|�t) 
via predict; sample a state �t+1 from this distribution; 
obtain the distribution p(Yt+1|�t+1) via make-obs; weigh 
the probability of the sample �t+1 with p(Yt+1=yt+1|�t+1) , 
where yt+1 is the actual observation at time t + 1 . Figure 2 
shows how this model and query definition relates to the 
overall inference process: Different inference algorithms 
can be used to perform inference for this query and a given 
sequence of sensor observations, to estimate an approxi-
mation p̃(�T |y1∶T ) of the state distribution.

Note that in this paper, we are not concerned with 
learning the probabilistic model from data. Instead, the 
correct probabilities (that were used for calculating the 
exact distribution, see below) are encoded in each proba-
bilistic program. This means that all inference algorithms 
will eventually converge to the exact state distribution 
(although they can have different convergence speed).

3.3  Experimental Design

To evaluate the PPLs, we use a factorial design. Factors 
and levels are shown in Table 1. For each PPL, different 
inference algorithms are considered (as different infer-
ence algorithms are provided by the different PPLs). 
The approximate marginal state distribution at time t, 
p̃(�t|y1∶t) , is computed for each t = 1,… , 26 and different 
numbers of samples of each of the inference algorithms. 
Furthermore, the number of persons that are present in the 
scenario is varied, which varies the size of the state space. 
The reasoning here is that state space size influences infer-
ence performance – some algorithms might show their 
strength only for very large state spaces (e.g. because they 
have a large overhead), while others might work better for 
a small state space. Overall, we perform 11,700 experi-
ments (one for each viable combination of factor levels).

1 (defm predict [x_t]
2 (let [statelist (concat
3 ;not all actions , for illustration
4 (put -weight (print x_t) 1)
5 (put -weight (make -coffee x_t) 1)
6 (put -weight (take -water x_t) 1))]
7 (categorical statelist)))

Fig. 5  Definition of the predict function: Takes a state, returns a 
categorical distribution of states

1 (defquery abc [x_0 y_1T]
2 (loop [x_t x_0
3 y_tT y_1T]
4 (let [y_t (first y_tT)
5 px_t+1 (predict x_t)
6 x_t+1 (sample px_t +1)]
7 (observe (make -obs x_t+1) y_t)
8 (if (= (count y_tT) 1)
9 x_t+1

10 (recur x_t+1 (rest y_tT))))))

Fig. 6  Anglican query definition. The implementation of make-obs 
(returning a categorical distribution) is not shown
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3.4  Performance Measures

To assess the convergence of the inference algorithms, 
we use the Jensen-Shannon divergence (JSD). Let pt be 
the exact marginal state distribution at time t, and let p̃n

t
 

be the distribution estimated by the inference algorithm 
by drawing n samples. The JSD at time t when drawing n 
samples, JSDn

t
 , is then

where mn
t
=

1

2
(pt + p̃n

t
) and D is the Kullback-Leibler 

divergence

The JSD measures the distance between the true distribution 
pt and the estimated distribution p̃n

t
 , and is 0 when pt = p̃n

t
 . 

The mean JSD over time is calculated as

We also assess the mixing time �(�) , that measures how 
many samples need to be drawn until the mean JSD falls 
below a threshold �:

The mixing time is an indicator of the number of samples 
that need to be drawn (and thus also of the runtime of the 
algorithm) until a “good” approximation is achieved. Fur-
thermore, we measure the runtime of each experiment (as 
different PPLs or inference algorithms might need a different 
time to draw a given number of samples). All experiments 
were performed on a PC with 4 ∗ 2.6GHz CPUs and 16GB 
of RAM.

JSDn
t
(pt ∥ p̃n

t
) =

1

2
D(pt ∥ mn

t
) +

1

2
D(p̃n

t
∥ mn

t
))

D(p ∥ q) = −
∑

x

p(x) log
q(x)

p(x)
.

JSDn = 1∕T
∑

t

JSDn
t
.

�(�) = min{m | JSDn
≤ � for all n ≥ m}

4  Results

We find that the causal model describing the application 
domain can be concisely expressed in all three PPLs (less 
than 300 lines of code in each language, including specifica-
tion of inference methods, in/output and comments).

Figure 7 shows the runtime of the MH and PF inference 
algorithms of Anglican and WebPPL, in relation to the 
length of the observation sequence that is processed (the 
number of timesteps). The runtime of the MH algorithm 
increases exponentially after the first few timesteps. This is 
not surprising, given the considerations about the working of 
the MH proposal function above: The MH algorithm needs 
to draw exponentially many samples to get a fixed number 
of samples with non-zero probability. The MH algorithm is 
infeasible for inference with more than 7 timesteps, and thus 
not suited for inference in this domain—at least, using the 
off-the-shelf proposal function used in the PPLs. Therefore, 
in the following, we limit the evaluation to the other infer-
ence algorithms.

Figures 8 and 9 show the evaluation results for the other 
inference algorithms (for a fixed complexity of the scenario). 

Table 1  Factors and levels of experimental design

Factor Levels Description

Language Anglican, WebPPL, Figaro
Algorithm MH (Anglican, WebPPL), PF (Anglican, WebPPL, Figaro), 

PIMH (Anglican), PGIBBS (Anglican), MF (custom Haskell-
based implementation)

PPLs in bracktets denote which PPL supports each of the infer-
ence algorithms

Samples 1000, … , 10000 (Anglican, WebPPL)
1000, … , 30000 (Figaro)

Number of samples/particles drawn by the inference algorithm

Agents 3, 5, 8, 13, 21 Number of persons that move around the environment in the 
simulated scenario

Timesteps 1, … , 26 Length of the observation sequence, i.e. number of predict and 
update steps that are performed
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Fig. 7  Runtime of MH and PF inference, relative to the number of 
timesteps that are processed. Note the logarithmic y axis. The MH 
algorithm was infeasible for timesteps > 7 . Other parameters are set 
to: 5 agents, 1000 samples
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In Figure 8, the mean JSD of the algorithms in relation to 
the number of particles is shown. Naturally, the JSD is lower 
the more particles are available, and in all cases converges 
towards 0. Interestingly, we see the same JSD trajectory 
for all inference algorithms of Anglican and WebPPL, and 
we see that Figaro’s particle filter has a higher JSD for the 
same number of particles. This indicates that PMCMC algo-
rithms (like PGibbs and PIMH) do not have an advantage 
over particle filtering in our domain—they basically reduce 
to particle filtering. This is due to the fact that the estimated 
distribution is categorical, and thus no “local” moves can 
be made.

The inferior performance of Figaro’s particle filter can be 
explained, for example, by a different resampling strategy 
that is used internally. Note that still, the estimated state 

distribution eventually converges to the true distribution, 
i.e. our implementation of the scenario in Figaro is correct.

The MF converges much faster than the other inference 
algorithms—thus confirming that the MF is better suited to 
inference in categorical domains than the other inference 
algorithms. Furthermore, it is the only algorithm that can 
perform exact inference (i.e. achieve JSD = 0 ), given suf-
ficiently many particles. For eight agents, the posterior esti-
mate is exact when 2000 particles are available.

Figure 9 shows the JSD in relationship to the runtime 
of the algorithms (instead of the number of samples), to 
investigate the efficiency of the different PPL implementa-
tions. Figaro is faster than the other PPL-based algorithms in 
producing a given number of samples, i.e. it is implemented 
more efficiently. However, due to the poorer approximation 
quality for a given number of samples, it is still inferior to 
Anglican for a given runtime. The MF is again superior to 
the other inference algorithms, regarding the convergence 
with respect to algorithm runtime: Given a specific runtime, 
the MF achieves a more accurate estimation of the true pos-
terior than the PPL-based algorithms.

Next, we investigate the effect that the scenario complex-
ity (in terms of states space size due to varying the number 
of agents) has on algorithm performance. Figure 10 illus-
trates the different convergence speeds for the Anglican-
based PF. Naturally, a larger state space leads to slower con-
vergence (i.e. a given number of samples relates to a lower 
approximation quality). In Fig. 11, this effect is illustrated 
for all inference algorithms (for a fixed number of 10,000 
samples). We observe that for all inference algorithms, the 
JSD grows linearly with the number of agents.1 As seen 
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Fig. 8  Mean JSD of the different inference algorithms, for different 
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1 Interestingly, the state space size relates exponentially to the num-
ber of agents (due to the exponential number of agent permutations). 
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before, the algorithms of Anglican and WebPPL behave 
identical (for identical number of samples), and Figaro has 
a larger JSD for a given number of samples. Furthermore, 
the marginal filter is able to perform exact inference with 
10,000 samples for up to 13 agents (i.e. JSD = 0 ), and has a 
very low JSD (8e−4) for 21 agents.

Finally, we compare the mixing time of the best-perform-
ing PPL inference algorithm (particle filtering implemented 
in Anglican) and the MF (see Fig. 12). The empirical mix-
ing time for � = 0.1 indicates that the MF will converge 
faster, regardless of the domain size of the problem. We can 
even see that the performance difference of the algorithms 
becomes larger for an increased domain size.

5  Related Work

In this paper, we considered a specific type of PPLs, that has 
been called expressive PPLs [25]. These languages define 
generative probabilistic models via general-purpose (and, in 
many cases, functional) programming languages, i.e. model-
definition is very flexible, but inference in the general case 
is difficult. Other languages that fall in this category are 
Church [8], Probabilistic C [18] and PyMC [19]. Inference 
in these languages is typically done by MCMC-based or 
SMC-based algorithms. Another type of inference paradigm 
supported by some expressive PPLs is variational inference. 
In variational inference, a complicated distribution (e.g. the 
posterior distribution of the model) is approximated by a 
simpler distribution, by making assumptions about the para-
metric form of the distribution, or by making independence 
assumptions. As for MCMC inference, this is typically only 
useful for metrical domains. An example of a PPL that relies 
on this approach is the recently proposed [2], that uses deep 
neural networks to model the variational distribution.

A different class of PPLs is logic-based. They add prob-
abilistic annotations to facts of a probabilistic program. 
Examples are Problog [7] and Prism [23]. Inference algo-
rithms for logic-based PPLs is based on knowledge compila-
tion (where the inference task is compiled into a weighted 
model counting problem) or MC-SAT [21] (an MCMC algo-
rithm that calls a SAT solver in the proposal step). Logic-
based PPLs are not considered here, as they do not consider 
prior distributions [25]. This makes them unsuitable for 
Bayesian filtering tasks.

There are other approaches like Stan [4], Bugs [14] or 
Factorie [15] that are related to probabilistic programming, 
but are not turing-complete, general-purpose programming 
languages themselves: They allow to specify probabilistic 
graphical models by a domain-specific modeling language, 
and provide inference algorithms for these models. They 
do not allow typical programming constructs, like loops or 
branches—which are necessary in the structured domains 
we are considering, where actions can have certain precondi-
tions. Markov Logic Networks (MLNs) fall in an interme-
diate position between these approaches, and logic-based 
PPLs: They are a first-order logic formalism that is annotated 
with probabilities – much like logic-based PPLs, but without 
being turing-complete. For MLNs, tractable inference algo-
rithms that work (partially) in the first-order domain (known 
as Lifted Inference [5]) can be used in some cases.

An overview of the different types of PPLs, and their 
advantages and disadvantages for causal activity recognition, 
is given in Table 2.
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Thus, when the scenario complexity is increased exponentially, the 
estimation error (in terms of JSD) grows only linearly.

Footnote 1 (continued)
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6  Conclusion

In this paper, we investigated the usefulness of probabilis-
tic programming languages (PPLs) for the recognition of 
causal, structured human activities. We found that expres-
sive PPLs allow to concisely specify causal models. How-
ever, some inference algorithms, like MCMC inference, 
are completely unsuitable to the problem. Even the more 
suitable algorithms (particle filtering) are outperformed 
by a domain-specific algorithm. The main reason for this 
is that the scenario is modeled by categorical states (as 
usual in causal models), and inference algorithms like par-
ticle filtering rely on a metrical structure of the random 
variables. These results do not only apply to activity and 
context recognition, but to inferences in categorical states 
spaces in general. Therefore, users of PPLs must be aware 
of the different capabilities of the inference algorithms, 
to be able to select an appropriate algorithm. Providing 
domain-specific inference algorithms that allow efficient 
inference in more application domains can be seen as a 
goal for the further development of PPLs.

Still, given that PPLs allow to model causal models 
very conveniently, they are a viable alternative to hand-
crafted inference algorithms. Using PPLs basically trades 
off a (potentially) increased inference time by faster model 
development. PPLs are thus well suited for developing 
prototypical probabilistic inference systems, as at early 
stages of development, inference performance is probably 
not of critical importance. Aspects not covered in this 
paper are the possibility to learn parameters from data 
(e.g. by expectation maximization), inference in models 
with mixed discrete and categorical variables (which arise 
when processing data of, for example, accelerometers and 
gyroscopes), and exploring PPLs for a real-world activity 
recognition scenario.
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