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Probabilistic model checking (PMC) is used to verify safety-critical systems in uncertain environments.
When neither continuous time nor nondeterminism is relevant in these systems, they can be modelled
using discrete-time Markov chains (DTMCs). In the space domain, DTMCs can be applied for depend-
ability analysis [5, 14, 18] to model the system and using PMC to analyse the effects of uncertainty.

Given the fundamental importance of DTMCs, a variety of algorithms exists to analyse them, such
as interval iteration [3], optimistic value iteration [12], and sound value iteration [19]. Moreover, these
algorithms have been implemented in a variety of tools, including PRISM [17], STORM [15], MCSTA [10],
and UPPAAL [4].

With such a wide variety of analysis options, one might wonder about the differences in performance
between these tools and algorithms. Several studies have been conducted to determine the differences
between these algorithms and tools, with most of them using the Quantitative Verification Benchmark
Set [13] (QVBS). QVBS contain only contains 10 DTMC models, which is quite limited for such a
fundamental type of model. Moreover, this raises questions regarding the variety available when bench-
marking and testing DTMC algorithms and tools. For Markov decision processes, for example, an earlier
investigation has shown that QVBS did not include any models with non-trivial end components [11].

An obvious solution to this problem is to generate DTMCs randomly. However, PMC might provide
incorrect results [1, 21], which would go unnoticed if the actual result is unknown. Moreover, it has been
shown that for totally random models, the results of properties may converge in the non-probabilistic
context [6], which allows for almost certain model checking without inspecting the model at all.

To overcome this problem, we introduce a method to generate DTMCs where the result of each prob-
lem is known by construction, as is also used for LTL benchmarking [20]. This allows us to benchmark
PMC tools and algorithms and test for correctness while keeping the approach sufficiently general to
generate any DTMC. Furthermore, we make the generation configurable by guiding the generation to-
wards properties such as the branch factor and strongly connected components. This allows for more
thorough investigations of algorithms and tools, since it could be that one algorithm outperforms another
only on models with a high branching factor.

Many PMC tools use double precision to represent probabilities, which means that these tools cannot
represent each real number exactly [16]. This leads to rounding errors propagating throughout the PMC
tools, potentially compromising the final results [9]. To ensure that the model and actual results can be
represented without rounding errors, if required, we introduce a method to generate models which only
contain rational probabilities with a fixed denominator.

The generated DTMCs are stored in the recently proposed UMB format [2] using the UMBI [8]
Python library. This format allows explicit state spaces to be stored and is supported by several tools,
including PRISM, STORM, and MCSTA, which allows our generated benchmarks to be used by all these
tools.
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