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1 Introduction

Finite state automata are a well known and elegant formalism used to model systems when studied
in theoretical computer science. Depending on their semantics, they can be adopted for instance as
computational models to represent the behavior of programs and reactive systems, and to identify
whether such behaviors are acceptable or need to be rejected. This can be achieved by e.g. checking
whether the behavior is in the language of the automaton, i.e., the set of words whose letters are from
a given alphabet Σ that make the automaton reach specific states marked as accepting.
In literature there are several types of automata that have been developed for different purposes and
with different interpretations, so finite state automata can be partitioned into multiple classes depend-
ing on a variety of criteria. The first, main syntactic classification criterion is whether the automaton
is deterministic or it exhibits nondeterministic behaviors, that is, whether from each state there is only
one successor state or there may be multiple possible successor states for a given letter, respectively.
The second, main semantic classification criterion is the type of the language L(A) the automaton A
recognizes: whether L(A) is composed by finite words (L(A) ⊆ Σ∗), or by infinite words (L(A) ⊆ Σω).
The third, main temporal classification criterion is whether the automaton considers the passage of time
as a sequence of discrete ticks or as a continuous flow.
As examples of automata classified differently according to the three criteria, deterministic finite au-
tomata (DFAs) and nondeterministic finite automata (NFAs) are discrete automata accepting regular
languages, i.e., languages whose words have finite (but not bounded in advance, in general) length and
are generated by a regular expression. Nondeterministic Büchi automata (NBAs) are the simplest type
of automata accepting infinite words belonging to a given ω-regular language and the same type of lan-
guages is also recognized by other deterministic ω-automata such as Rabin, Street, Muller, and parity
automata, while deterministic Büchi automata (DBAs) are strictly less expressive. Real-time automata
(RTAs) are automata working with continuous time and the accepted words are of finite length and
also include time delays between consecutive letters. This means that, while two words with the same
sequence of actions lead to the same state in a DFA, different timing information can make two timed
words make a deterministic RTA reach different states, with possibly different acceptance outcomes.
When working with finite state automata, for example by using them in model checking to verify the
correctness of a system (see, e.g., [6, 7, 10]), the first issue one needs to tackle is how to get the au-
tomaton modelling the “good” and “bad” behaviors of the system that need to be accepted and rejected,
respectively. If the “good” behaviors are exactly those satisfying a given temporal logic formula, such
as a linear temporal logic (LTL) formula, then the corresponding NBA can be obtained mechanically;
if nondeterminism is not suitable for the analysis, like when analyzing systems exhibiting both proba-
bilistic and nondeterministic behaviors (see, e.g., [6]), then the NBA can be translated to an equivalent
deterministic Rabin/Street/Muller/parity ω-automaton (see, e.g., [7, 10]). If the intended behaviors
are not expressed by a logical formula but directly as a black-box automaton or by its language, for
which we have an oracle answering membership and equivalence queries, then active learning algo-
rithms can be used to learn an automaton equivalent to the target one. For a language L ⊆ Σ∗, the
notorious A∗ algorithm by Angluin [4] can be applied to learn a DFA A such that L(A) = L. For an
ω-regular language L ⊆ Σω, a learning algorithm for Büchi automata based on families of DFAs [13]
can be used to learn a limit deterministic Büchi automaton A accepting the same ultimately periodic
words in L; ROLL [14] provides the implementation for multiple variants of such algorithm.
Sometimes, however, the whole language L is not available, but only two finite, disjoint sets of words
that provide positive samples that must be accepted by the DFA A and negative samples that must be
rejected by A are available; whether to accept or reject each of the remaining words not in the two
sets is not specified. This scenario happens for instance when simulating or interacting with a system,
so the positive and negative sample sets depend on the finite number of executions obtained from the
system, for instance in computational biology [8], inference of network invariants [11], regular model
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checking [18], and reinforcement learning [12]. In this situation, active learning is not suitable (as
membership and equivalence queries cannot be answered reliably for words not sampled); instead,
passive learning is tailored to such a scenario, where one looks to infer a minimum-size separating DFA
A consistent with the given sets of positive and negative samples. Finding such a minimal separating
DFA can be done in two steps: one can first learn a concise representation of an almost deterministic fi-
nite automaton with three values: accept, reject, and don’t-care, that are used to match the given positive
and negative samples and the other remaining words, respectively. That is, one first represents them
as a 3-valued almost deterministic finite automaton (3ADFA), and then, as second step, the problem of
finding a minimal DFA that agrees with the 3ADFA outside of don’t-care entries is reduced to a Boolean
Satisfiability (SAT) problem. This approach has been proposed in [9] and implemented in DFAMiner.
One main drawback of inferring a minimum-size separating DFA consistent with a given sets of positive
and negative samples is that the obtained automaton can be quite large, and this affects its simplic-
ity, interpretability, and interoperability, as a single DFA representing complex system behaviors can
have a very intricate structure. To address this issue, recent work [12] has moved toward the DFA de-
composition identification problem (DIP), i.e., inferring a group of DFAs from the samples, where their
conjunction language includes all positive samples and excludes all negative samples. This approach al-
lows for capturing sub-tasks performed by the system, with the overall system behavior being described
as the intersection of the languages from several DFAs, one for each sub-task. Since the resulting DFAs
are likely to be small and easy to interpret, the overall behavior is also interpretable, as language in-
tersection is easy to conceive. In a recent work [16], we have shown how the approach by Lauffer
et al. [12] can be considerably improved by using again DFAs with 3 values and an appropriate SAT
encoding when looking for the Pareto optimal decomposition with a given number of DFAs in the de-
composed DFA. We have also proposed in [16] a new optimization objective for the DFA decomposition
identification problem: the states optimal DIP. In this optimization problem, the aim is to find the min-
imum total number of states in a decomposition consistent with the given sets of samples and, among
the decompositions having the same minimum number of states, one that has the highest entropy. The
experimental evaluation provided in [16], and briefly presented in Section 3, shows that our approach
scales much better in terms of running time than the one in [12]; also solving the minimum states
optimal DIP can be done efficiently.
Inspired by recent work on learning real time automata [3], we considered in [17] to apply DFAs with
3-valued states to the synthesis of deterministic real time automata from sets of positive and negative
timed samples, together with the corresponding SAT encoding. Compared with previous work (see,
e.g., [19,20]), our solution advances the RTA learning from samples with respect to multiple aspects:
it introduces 3DRTAs, the real-time counterparts of 3DFAs; it provides a procedure to construct them
from the input set of samples; it gives the means to synthesize minimal DRTAs with theoretical guar-
antees on correctness and optimality; it specifies an efficient SAT encoding for DRTA synthesis taking
advantage of the 3DRTA structure; and it indicates how to merge regions so to reduce the excessive
number of transitions that may arise in coarse DRTAs. The experimental evaluation presented in [17]
and summarized in Section 3 shows that compared with the existing FlexFringe tool1 implementing
the technique developed in [20], our approach generates deterministic RTAs with considerably fewer
states, with cases where FlexFringe produced more than 300 times the number of states generated
by our tool.
In this deliverable, we provide a unified automata learning tool supporting the learning of Büchi au-
tomata through ROLL, of minimal separating DFAs via DFAMiner, and of separating decomposed DFAs
and RTAs by means of our specific implementations; the remainder of this document is devoted to
present our automata learning tool.

1https://github.com/tudelft-cda-lab/FlexFringe
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Figure 1: The architecture of our automata learning tool

2 The Automata Learning Tool

In this section we describe our automata learning tool in detail.

2.1 Architecture

Our unified automata learning tool is written in Python and is available publicly at https://github.
com/andreat/automata_learning under the MIT license. Its architecture is shown in Figure 1 and
comprises two main components: the dispatcher and the specific learning tools.
The dispatcher: this component is responsible for invoking the appropriate learning tool according
to the type of automaton the user wants to obtain and for providing the specified options based on the
format the invoked learning tool expects. To ensure maximal flexibility in supporting the addition of
new learning tools and to adapt to new versions of the ones already included in our unified automata
learning framework, the dispatcher interacts with the underlying learning tools by calling each of them
as an independent subprocess. In this way the dispatcher, and so our unified tool, is not bound by the
choices made by the developers of the single learning tools and their dependencies and requirements.
Moreover, in case the underlying tools have conflicting requirements, the user of our unified software
can just create multiple virtual environments according to the different dependencies of the specific
program; then the user can just call our unified learning tool in each of them accordingly, in a uniform
way and without having to modify our code.
The learning tools: currently we support four different learning tools that are specifically developed
for four types of finite state automata: ROLL [14] for DBAs, DFAMiner [9] for DFAs, our tool from [16]
for decomposed DFAs, and the tool we developed for DRTAs in [17]. Except for ROLL that is currently
implemented in Java, all other tools are implemented in Python.

2.2 Tool usage

To use the automata learning tool, it suffices to call it at command line as follows:

python3 learning.py aut_type options
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usage: learning.py [-h] {dba ,ddfa ,dfa ,drta} ...

Learn different types of automata

options:
-h, --help show this help message and exit

automaton type:
type of automata to work with

{dba ,ddfa ,dfa ,drta}
dba use ROLL to work with Buchi automata
ddfa synthesize decomposed deterministic finite automata
dfa use DFAMiner to synthesize deterministic finite automata
drta synthesize deterministic real time automata

Figure 2: Automata learning tool main help

usage: learning.py ddfa [-h] -i file [-m {pareto -apta ,pareto -3dfa ,states -optimal }]
[--n-min int] [--n-max int] [-s {Cadical195 ,Glucose4 }] [--optimized]

options:
-h, --help show this help message and exit
-i file , --in file the input file with the positive and negative samples
-m {pareto -apta ,pareto -3dfa ,states -optimal}, --method

{pareto -apta ,pareto -3dfa ,states -optimal}
the solution method to use (default: pareto -3dfa)

--n-min int , --n-dfas -min int
minimum number of DFAs to use (default: 2)

--n-max int , --n-dfas -max int
maximum number of DFAs to use (default: unlimited)

-s {Cadical195 ,Glucose4}, --solver {Cadical195 ,Glucose4}
SAT solver to use (default: Cadical195)

--optimized whether to optimize the construction

Figure 3: Automata learning tool help for synthesizing decomposed DFAs

where aut_type is the type of the automaton to be learned and options are the specific options available
for the associated tool. The list of available types can be obtained by using the -h option, which prints
the usage help. Thus, by calling

python3 learning.py -h

we get the help listed in Figure 2, providing the four automata types dba, ddfa, dfa, and drta, associ-
ated with the corresponding tools as shown in Figure 1.
Each tool offers different options to control its behavior and usually expects to receive an input file
with the automaton/samples to be used in the analysis. As before, how to call the tool and the list of
available options can be obtained again with the -h option; for instance, by calling

python3 learning.py ddfa -h

we get the usage details for learning decomposed DFAs, shown in Figure 3. From this help, we can see
that we must provide an input file with the positive and negative samples through the -i/--in option; in
addition, we can specify what kind of optimization problem we want the solution method for (option
-m), what kind of SAT solver to use, and so on and so forth.
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8 4
1 6 0 0 0 0 0 1
1 5 0 1 1 1 1
1 6 0 1 2 1 1 3
0 8 0 0 1 2 0 1 3 0
0 4 0 1 2 0
0 10 0 3 1 2 2 2 3 3 0 1
0 4 0 3 3 2 3
0 7 1 0 0 1 2 1 2

{
"alphabet": ["a", "b", "c", "d"],
"accepting": ["aaaaab", "abbbb", "abcbbd"],
"rejecting": ["aabcabda", "abca",

"adbcccddab", "addcd", "baabcbc"]
}

positive_samples = [
[(’h’, 1.9), (’e’, 0.4), (’e’, 1.5), (’d’, 2.6)],
[(’h’, 4.2), (’a’, 4.9), (’a’, 4.0), (’e’, 0.8), (’d’, 2.9)],
[(’f’, 14.6), (’c’, 55.9), (’a’, 10.9)]

]

negative_samples = [
[(’e’, 90.8), (’f’, 10.4), (’f’, 8.0), (’f’, 8.3), (’h’, 2.9)],
[(’e’, 18.3)],
[(’h’, 11.7), (’e’, 15.9), (’f’, 7.1)]

]

Figure 4: Input file format: Abbadingo (top left), JSON (top right), and Python (bottom)

2.3 Input file formats

Each tool supports input of different types, all provided as plain-text files: ROLL needs automata in
the BA [1, 2, 15] or HOA [5] format; the three tools working with sets of samples expect them to be
provided as Python variables or in JSON format, with the Abbadingo2 format also available for the DFA-
based tools. Examples of the input Abbadingo and semantically equivalent JSON formats are shown in
the top row in Figure 4, while a Python input with timed samples is shown in the bottom row.
The Abbadingo format follows a strict syntactical structure: the first line contains the number of samples
and the size of the alphabet, whose letters are consecutive natural numbers starting from 0. Each of the
following lines provides a sample: it starts with a 0/1-Boolean flag indicating whether the sample is
accepted, followed by the number of letters in the sample, and then the single letters (that are actually
natural numbers) forming the sample word.
The JSON format instead allows to use characters instead of natural numbers, so it contains the alphabet
and the vectors of accepting and rejecting samples, given as strings. The JSON data shown in the right
hand side of Figure 4 is semantically equivalent to the Abbadingo data shown on the left hand side,
once the characters are mapped to numbers as follows: {a 7→ 0, b 7→ 1, c 7→ 2, d 7→ 3}.
The Python file instead directly provides two list variables with the positive and negative samples,
where each sample is given as a list of letters; in the example shown in the bottom row of Figure 4, the
samples also carry time information, so this input is suitable for the DRTA synthesis tool.

2.4 Output file formats

Each tool provides its output in a format suitable for the learned automaton. ROLL produces as output
a DBA in the HOA format, unless the translate functionality is chosen to translate two input HOA
automata into the BA format. The three DFA-based automata learning tools produce output files in the
DOT format, suitable to be visualized by Graphviz; DFAMiner can also encode the synthesized DFA in a

2https://abbadingo.cs.nuim.ie/
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3 2
i 0
t 0 0 1
t 0 1 0
t 1 0 2
t 1 1 0
t 2 0 2
t 2 1 2
a 2

digraph {
rankdir=TB;

0 [label ="0", shape=circle ];
1 [label ="1", shape=circle ];
2 [label ="2", shape=doublecircle ];
0 -> 1 [label ="0"];
0 -> 0 [label ="1"];
1 -> 2 [label ="0"];
1 -> 0 [label ="1"];
2 -> 2 [label ="0"];
2 -> 2 [label ="1"];
3 [label="", shape=plaintext ];
3 -> 0 [label =""];

}

0

1

2

1

0 1

0

0 1

Figure 5: Learned DFA as “textual” (left) and “dot” (center) output format, with its pictorial visualiza-
tion on the right

textual format á la Abbadingo: the first line contains the number of states and the size of the alphabet
while each of the following lines is either representing a state by a letter in {i, a, r}, denoting that the
state is initial, accepting, or rejecting, respectively, followed by the numerical identifier of the state, or
representing a transition by the letter t followed by the numerical identifiers of the source state, letter,
and destination state. Note that the output is an ordinary DFA, not a 3DFA, so no output state needs
to be marked as don’t-care. An example of the three output formats, as generated by the tool on the
dfa automaton type, is shown in Figure 5, where each format represents the same DFA.

3 Brief Experimental Evaluation

We now briefly present the experimental results for the tools using 3-valued automata in learning
decomposed DFAs and DRTAs; these programs and their underlying theory have been proposed and
developed during the MISSION project. A more detailed analysis of the experiments can be found in
the corresponding papers: [16] for decomposed DFAs and [17] for DRTAs.
The scatter and box plots presented in the remainder of this section adopt a logarithmic scale for their
axes, when the values associated with the ticks on the axes are written in exponential notation, e.g., 10i.
In a scatter plot, each mark corresponds to one experiment, and its coordinates are derived from the
results of the corresponding tools. A box plot provides the quartile distribution of the results; from
bottom to top we find the horizontal lines corresponding to: minimum value, lower quartile (25%),
median (50%), upper quartile (75%), and maximum value, with lower, median, and upper quartiles
forming the box. Missing extreme values just coincide with the nearest quartile.

3.1 Experiments on decomposed DFAs

The scatter plots in Figure 6 show a comparison between the running time required to synthesize a
decomposed DFA when using the ordinary APTA acceptor tree or our version based on 3DFAs, where
an acceptor tree is a tree used to store the input samples and their accepted/rejected label in a compact
way. Marks on the solid line at 600 seconds represent the fact that the corresponding tool hit the 10
minutes timeout we set in the experimental evaluation; marks on the dashed line at 1000 seconds
stand for the tool exhausting the 15GB of memory we assigned to each run. As we can see from the
plots, by changing the number of DFAs in the decomposition and the alphabet size, our 3DFA-based
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Figure 6: Running time comparison between ParetoAPTA and Pareto3DFA
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Figure 7: Box plots for the states optimal DIP experiments

version is consistently outperforming the original APTA-based version for all cases requiring more than
few seconds. For shorter running times, the positive effect of our advanced techniques in simplifying
the encoding is not sufficient to compensate the time spent to apply them.
The box plots in Figure 7 depict the running time and the total number of states required to get a
decomposed DFA that is minimal with respect to the state optimal DIP. We evaluated our tool on 460
benchmarks for the alphabet of size 2 and over 1000 benchmarks for each of the other alphabet sizes.
As we can see from the plots, the running time of our tool is usually rather short, except for few very
challenging cases requiring a rather large number of states. Usually, however, no more than 10 states
in total are needed in the decomposition.

3.2 Experiments on DRTAs

The plots in Figure 8 provide two different representations of the distribution of the states generated
by our RTA tool developed in [17] and FlexFringe from [20]. It is immediate to recognize that RTA
always generates much fewer states than FlexFringe, with cases where FlexFringe produced around
300 times the number of states generated by RTA.
The plots in Figure 9 show the distribution of the number of states in the learned DRTA when varying
the number of samples it has to be consistent with. As we can see from the plots, RTA uses at most 5
states even when dealing with 1000 samples, while FlexFringe can even need around 1000 states in
the learned DRTA. Even with just 5 samples, FlexFringe requires up to 30 states to deal with them,
while RTA just uses 3 states at most. This clearly shows that our novel approach based on 3-valued
acceptors and region merging outperforms existing techniques.
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Figure 9: State distribution vs. number of samples by RTA and FlexFringe

4 Conclusion

In this deliverable, we have presented the tool we developed to learn a variety of finite automata: from
the well known deterministic finite automata consistent with the given set of samples to their decom-
posed version and their real time counterpart, as well as deterministic Büchi automata recognizing
ω-regular languages. Our automata learning tool provides a unified and consistent access to the imple-
mentation of state-of-the-art algorithms, masking the differences in the way the single implementations
expect their input. A Docker file is provided to make the automata learning tool portable and to provide
details about the specific libraries and external tools that need to be installed in the system in case the
user wants to run our automata learning tool natively.
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