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Abstract. Stochastic Petri Nets (SPNs) are a powerful formalism,
widely used for modeling complex systems in various domains, rang-
ing from manufacturing and logistics to healthcare and computer net-
works. In this paper, we introduce PySPN, a flexible and easily extend-
able Python library for Modeling & Simulation (M&S) of SPNs. PySPN
aims to provide researchers, engineers, and simulation practitioners with
a user-friendly and efficient toolset to model, simulate, and analyze SPNs,
facilitating the understanding and optimization of stochastic processes
in dynamic systems.
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1 Introduction

SPNs are a popular formalism for system M&S due to their ability to capture
concurrency, synchronization, and stochastic behavior. SPNs are an extension of
Petri nets, developed in the 1960s by Carl Adam Petri, and are used today in
many domains such as manufacturing [12] and healthcare [14]. Existing tools for
SPN M&S, however, often suffer from usability issues and limited extensibility.

GUI-based solutions like GreatSPN [1], Oris [9], or CPN Tools [11] offer
user-friendly interfaces and facilitate quick modeling of Petri nets. However, they
lack the flexibility and customization required for specific use cases. Conversely,
command-line-interface-based solutions, such as SNAKES [10], gspn-framework
[2], or PNet [4], are often domain-specific or have complex software architectures.

PySPN [6] fills this gap by offering an open-source, easy-to-use, and exten-
sible library that integrates seamlessly with the Python ecosystem, empowering
users to efficiently explore and analyze stochastic processes in a wide range of
applications.

Our previous work on data-driven Digital Twins [7] and data-driven relia-
bility modeling [8] in the manufacturing domain motivated the development of
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this library. In the referenced work, we demonstrate the potential of SPNs to
be used in combination with techniques such as Process Mining for data-driven
model extraction and continuous validation.

The remainder of this paper is organized as follows: In Sect. 2, we provide a
comprehensive technical overview of PySPN. Subsequently, in Sect. 3, we illus-
trate the application of our developed library using a two-server queuing system.
Lastly, in Sect. 4, we summarize this work and discuss potential future expan-
sions of PySPN.

2 Library Overview

Our library focuses on discrete-event systems, where system changes occur at dis-
crete points in time as a result of completing particular activities in the system.
These activities are associated with transitions, which can either fire instantly
when certain conditions are met (immediate transitions) or have firing delays
determined by probability distribution functions (timed transitions). Beyond
transitions, a SPN comprises a finite number of places, a finite number of arcs,
and an initial state, denoted by the initial marking of the Petri Net. Formally,
the class of SPNs that can be modeled using the library is defined as:

SPN = (P, T,A,G,m0)

where:

– P = {P1, P2, .., Pm} is the set of places, drawn as circles;
– T = {T1, T2, .., Tn} is the set of transitions along with their distribution func-

tions or weights, drawn as bars;
– A = AI ∪ AO ∪ AH is the set of arcs, where AO is the set of output arcs, AI

is the set of input arcs and AH is the set of inhibitor arcs and each of the
arcs has a multiplicity assigned to it;

– G = {g1, g2, .., gr} is the set of guard functions which are associated with
different transitions;

– and m0 is the initial marking, defining the distribution of tokens in the places.

Each transition is represented as Ti = (type, F ), where type ∈ {timed,
immediate} indicates the type of the transition, and F is either a probability
distribution function if the corresponding transition is timed, or a firing weight
or probability if it is immediate. PySPN currently supports empirical distribu-
tions, as well as several theoretical distributions such as exponential, normal,
and Weibull. The sets of arcs are defined such that

AO = {ao1, ao2, ..., aok}, AI = {ai1, ai2, ..., aij} and AH = {ah1 , ah2 , ..., ahi }
where:

AH , AO ⊆ P × T × N
+ and AI ⊆ T × P × N

+.
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Figure 1 illustrates the directory structure of PySPN. spn.py defines the nec-
essary classes for constructing a SPN, including places, transitions, input and
output arcs, inhibitor arcs, guard functions, memory policies, and the SPN itself.
spn simulate.py implements the SPN simulation algorithm based on the discrete-
event simulation paradigm [3]. In order to retrieve firing times for timed tran-
sitions during simulation, RNGFactory.py includes a factory method returning
a random sample of a probability distribution function. We have employed the
scientific computing library scipy [13] for defining distribution functions and
obtaining random samples. scipy defines theoretical distribution functions with a
consistent set of parameters, making it easy to extend our tool with other, not yet
implemented, distributions. Furthermore, scipy ’s .ecdf function can be employed
to define empirical cumulative distribution functions based on underlying data
samples. spn io defines methods for printing a textual description of a SPN,
printing statistics, printing a simulation protocol, and importing and export-
ing SPNs using Python’s pickle format. Lastly, spn visualization.py includes a
method to create a graphical representation of a SPN using the graphviz [5]
library. For further information about the tool and how to get started, we refer
the reader to the documentation on GitHub [6].

Fig. 1. Directory structure of PySPN.

3 Application Example

To illustrate the capabilities of PySPN, we use the popular model of a two-
server queueing system (Fig. 2). In this particular model, Server1 operates at a
faster speed than Server2, but Server2 has the capability to process two entities
simultaneously, whereas Server1 can only process one entity at a time. A guard
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function is implemented on the TApproach Server2 immediate transition, only
enabling the transition if there are at least two entities present in the queue.

Fig. 2. SPN of a two-server queueing system.

By modeling, simulating, and analyzing the described model, several insights
into the performance and behavior of the system can be gained, for example:

– Performance Metrics: throughput (rate at which entities are served and
leave the system), queue length, and waiting times.

– Resource Utilization: utilization of each server (fraction of time a server
is busy serving entities).

– Sensitivity Analysis: by varying the arrival times, service times, and num-
ber of servers the impact of these parameters on the system can be analyzed.
This can help in optimizing resource allocation to minimize queue lengths,
waiting times, or other performance metrics.

– Bottleneck Identification: Bottlenecks (model components that limit the
overall system performance) can be identified and potentially mitigated.

In Listing 1 we show, how to implement the SPN for the described model
using PySPN. The process of modeling a SPN follows a clear structure: After
importing the required components (lines 1–3), a SPN object is instantiated
(line 5). Then, places and transitions are instantiated (lines 7–25) and added
to the SPN object (lines 27–35). Next, the places and transitions are connected
by arcs (lines 37–45). Finally, the modeled SPN can be simulated (line 47).
The simulation function (i.e., simulate) takes as arguments the SPN object, the
maximum time to run the simulation, the output verbosity, and whether to write
a protocol file to store the marking for each discrete state transition during the
simulation.

1 from components . spn import ∗
2 from components . spn s imulate import s imulate
3 from components . s p n v i s u a l i z a t i o n import draw spn
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4

5 spn = SPN( )

6

7 p1 = Place ( l a b e l=”Queue” , n tokens=0)
8 p2 = Place ( l a b e l=” Server1 ” , n tokens=0)

9 p3 = Place ( l a b e l=” Server2 ” , n tokens=0)

10

11 t1 = Trans i t i on ( l a b e l=”Arr ive ” , t type=”T” )

12 t1 . s e t d i s t r i b u t i o n ( d i s t r i b u t i o n=”expon” , a=0.0 , b=1.0/1 .8)
13 t2 = Trans i t i on ( l a b e l=”Approach Server 1” , t type=” I ” )

14 t2 . s e t we i gh t ( weight =0.5)
15 t3 = Trans i t i on ( l a b e l=”Approach Server 2” , t type=” I ” )

16 de f guard t3 ( ) :

17 i f p1 . n tokens >= 2 :
18 r e turn True

19 e l s e : r e turn Fal se
20 t3 . s e t we i gh t ( weight =0.5)

21 t3 . s e t gua rd f un c t i on ( guard t3 )

22 t4 = Trans i t i on ( l a b e l=” Se rv i c e Server 1” , t type = ”T” )

23 t4 . s e t d i s t r i b u t i o n ( d i s t r i b u t i o n=”expon” , a=0.0 , b=1.0/0 .9)
24 t5 = Trans i t i on ( l a b e l=” Se rv i c e Server 2” , t type = ”T” )
25 t5 . s e t d i s t r i b u t i o n ( d i s t r i b u t i o n=”expon” , a=0.0 , b=1.0/0 .9)

26

27 spn . add place ( p1 )

28 spn . add place ( p2 )

29 spn . add place ( p3 )
30

31 spn . add t r an s i t i o n ( t1 )
32 spn . add t r an s i t i o n ( t2 )
33 spn . add t r an s i t i o n ( t3 )

34 spn . add t r an s i t i o n ( t4 )
35 spn . add t r an s i t i o n ( t5 )

36

37 spn . add output arc ( t1 , p1 )
38 spn . add input arc (p1 , t2 )

39 spn . add input arc (p1 , t3 , mu l t i p l i c i t y =2)
40 spn . add output arc ( t2 , p2 )
41 spn . add output arc ( t3 , p3 , mu l t i p l i c i t y =2)

42 spn . add input arc (p2 , t4 )

43 spn . a dd i nh i b i t o r a r c ( t2 , p2 )
44 spn . add input arc (p3 , t5 , mu l t i p l i c i t y =2)

45 spn . a dd i nh i b i t o r a r c ( t3 , p3 , mu l t i p l i c i t y =2)

46

47 s imulate ( spn , max time = 100 , v e rbo s i t y = 2 , p ro to co l = True )

Code Listing 1. Two-server queue example.

We executed a simulation run of the described two-server queuing model
using the arguments shown in Listing 1 (line 47). As can be seen form the listing,
the simulation time is set to be 100 time units, the output verbosity is set to be
2 and a protocol file is to be written and stored.
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In Fig. 3, we display an excerpt of the generated terminal output during the
simulation. At a verbosity level of 2, basic information regarding the simulation
run, such as the initial marking and the firing of transitions is returned. The
initial marking describes the distributions of tokens in each of the three places
(i.e., 0 for Queue, Server 1, and Server 2 ).

Fig. 3. Excerpt of the terminal output for the simulation run.

Table 1 shows an excerpt of the generated simulation protocol file. The pro-
tocol shows the changes of the markings at discrete points in time for the three
places throughout the simulation. For this two-server queuing model, the mark-
ing of the place Queue corresponds to the number of entities waiting in the queue
and the marking of the places Server 1, and Server 2 corresponds to the number
of entities being processed by the servers (i.e., either 0 or 1 for Server 1 and 0
or 2 for Server 2 ).

Based on the generated protocol, Fig. 4, displays a graph depicting the dis-
crete changes in queue size (i.e., marking of the place Queue) throughout the
simulation.

4 Summary and Outlook

In this paper, we introduced PySPN, a Python library for M&S of SPNs. PySPN
aims to provide a user-friendly and extensible toolset for researchers, engineers,
and simulation practitioners to model, simulate, and analyze SPNs, facilitating
the understanding and optimization of stochastic processes in dynamic systems.

PySPN offers a comprehensive set of features, including support for imme-
diate and timed transitions, various probability distribution functions, inhibitor
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Table 1. Excerpt of the generated protocol file.

Place Time Marking

. . . . . . . . .

Queue 5.6 2

Queue 5.6 0

Server 2 5.6 0

Server 2 5.6 2

Queue 6.05 0

Queue 6.05 1

Server 1 6.15 1

Server 1 6.15 0

Queue 6.15 1

Queue 6.15 0

Server 1 6.15 0

Server 1 6.15 1

. . . . . . . . .

Fig. 4. Changes in queue size throughout the simulation.

arcs, guard functions, and more. It integrates seamlessly with the Python ecosys-
tem, making it easy to extend and adapt for specific use cases.

Looking ahead, PySPN has potential for further development and expansion.
Some avenues for future work include:
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– Parallel Simulation: Implementing parallel and distributed simulation
techniques to enable the efficient simulation of large-scale and highly con-
current systems.

– Advanced Analysis Tools: Developing additional tools and libraries for
advanced analysis of SPNs, including sensitivity analysis, optimization algo-
rithms, and statistical inference.

– Enhanced Visualization: Improving the visualization capabilities of
PySPN to provide more detailed and customizable representations of SPNs,
facilitating better insights into model behavior.

Furthermore, we are aiming to provide a more comprehensive review and
comparison of related tools for SPN M&S in the future.
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