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Abstract

When performing supervisory controller synthesis using the ESCET toolkit, a user has no indication of
how long the algorithm will take before it terminates. In fact, a user does not know whether they should
wait until it finishes, or if they should try again using different settings. In this master thesis, we explore
the symbolic computations used in the synthesis algorithm to determine when a set of settings produces a
bad run of the algorithm. In particular, we explore the saturation algorithm used for performing symbolic
reachability computations. We consider the algorithm from three perspectives: the input of the algorithm,
its inner workings and the implementation of the algorithm. We find that when using bad settings, the
algorithm performs a lot of duplicate work, which can be measured during a run. In the end, we come up
with a predictor using this data on duplicate work that can detect a bad run when having seen 20% of that
run, with 82% accuracy.
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1 Introduction

In the current day and age, a world without cyber-physical systems is unthinkable. They include, but are
not limited to, medical imaging machines, modern cars, factory equipment and waterway locks. These cyber-
physical systems are composed of two parts: a physical one and a virtual one. The physical part interacts with
the world around it. For instance, sensors in a conveyor belt detect where products are moving, induction loops
in front of traffic lights detect waiting cars, and medical scanners detect whether a patient is in the machine.
These systems then use this data to control a series of actuators, in order to respond to certain events. For
example, when the induction loop detects that there is traffic on one side of the road but not on the other, it
decides to turn the light to green, and let the traffic through safely.

This communication between sensors and actuators is facilitated by the “cyber” part: software that deter-
mines which actuators can be activated, under which circumstances. Engineering such software is anything but
trivial. Aside from functional requirements, there are many safety requirements that the system must at all
times adhere to, in an environment where unexpected events may occur at any time. For example, when a robot
in a factory moves between stations, it must stop immediately if it suddenly detects a worker in front of it.

To combat this complexity, the software consists of a hierarchy of supervisory controllers. At the lowest level
of the hierarchy, a resource controller controls the operation of a single sensor or actuator. One level higher,
a supervisory controller controls several of these resource controllers, facilitating communication and ensuring
some of the safety requirements are met for this part of the system. Another level higher, another supervisory
controller controls several of these lower-level supervisory controllers, again allowing these to communicate and
operate according to the (safety) requirements.

Even though this hierarchy of supervisory controllers offers a conceptual framework for the software, de-
signing and implementing this hierarchy is still a complex task using traditional software engineering methods.
However, over the years, more and more aspects of software engineering have become automated, or at least
computer-aided. One of the steps in this automation is the introduction of formally defined models. These
models capture the behavior and requirements of the system, allowing for automated techniques such as model
checking and model-based testing for finding bugs, and even allow code generation from the model. Going
one step beyond this automation, synthesis-based engineering allows a system engineer to synthesize models
automatically, allowing them to focus on what a system should do, instead of how it should do it. The process
is as follows: the engineer designs plant models, representing what (components of) the system can do, and
requirement models, which represent what a system must or must not do. After this, the engineer synthesizes a
correct-by-construction controller model at the click of a button. The engineer then needs to validate whether
the original requirements were correct, using simulation. When the engineer deems the model to be correct,
they can either use it to implement the controller in code manually, or generate code automatically.

One of the toolkits available for synthesis-based engineering is the Eclipse Supervisory Controller Engineering
Toolkit, or Eclipse ESCET™? for short [1]. In order to synthesize a model using the ESCET toolkit, the engineer
has to model the system’s plant and requirement models as extended finite automata, in the CIF modeling
language. In CIF, a plant model is a model that specifies which behavior can occur. For example, a plant
model for a button would specify that the button can be pressed or not. A requirement model specifies which
behavior must not occur. A CIF model may consist of several of these automata. Together, these automata
represent a state space. It is well-known that the number of states in such a state space blows up exponentially.
In order to be able to do efficient computations on this state space, the CIF model is converted into a symbolic
representation, using binary decision diagrams (BDDs) [2]. The model is then synthesized, by performing
reachability computations on these BDDs.

Even though this symbolic representation is generally efficient for synthesis, there are still models that are
infeasible to synthesize [3]. There is also no indication on the progress that the algorithm makes, so that a user
does not know how much more time the algorithm will take. This due to the fact that the synthesis algorithm
is a fizrpoint computation. The algorithm continuously trims states from the state space, until a safe, controlled
system is left. Since it is not known beforehand how many states need to be trimmed, it is impossible to give
an exact percentage on the progress that the algorithm has made.

An observation on the efficiency of the synthesis algorithm is that the settings that the user chooses can
have a massive influence on the efficiency of the algorithm. For example, it is known that the variable order
used for creating the BDDs can make an exponential difference on the size of the BDD [4], and therefore on
the efficiency of operations on this BDD. Different settings can lead to slower or faster runs of the synthesis
algorithm, even on the same model. We can compare runs of the same model with each other, using different
settings. If a run outperforms most of the other runs, we call it a good run. Otherwise, it is a bad run. Since
the synthesis algorithm represents state spaces as BDDs and performs computations on these BDD, the BDDs
ultimately determine whether a run will be good or bad. Therefore, inspecting the behavior of the BDDs during
the synthesis algorithm could provide an insight into whether a run is good or bad. If a run is indeed bad, we

2See also https://eclipse.dev/escet/. ‘Eclipse’, ‘Eclipse ESCET’ and ‘ESCET’ are trademarks of Eclipse Foundation, Inc.



would like to communicate this to the user as early as possible. The user could then act on this, by terminating
the run, and choosing different settings. This brings us to the research question: is it possible to determine,
having seen a small fraction of a run of the synthesis algorithm, whether the run is good or bad?

In order to answer this question, we investigate the BDDs that are at the core of the synthesis algorithm.
These BDDs are used to perform state-space explorations. To do this, CIF uses the state-of-the-art saturation
algorithm [5] for its reachability computations. The saturation algorithm itself is also a fixed point computation.
It takes a BDD representing certain states of the system, and repeatedly applies transition relations to this BDD.
This creates a new, intermediate BDD. It then applies transition relations to that BDD, again creating a new
BDD. Once the newly created BDD is the same as the previous BDD, the algorithm terminates. The efficiency
of this algorithm thus depends on how often transitions are applied, and on which BDDs these are applied. Also,
since the same set of transitions can be applied many times, it is not unthinkable that some BDD operations
may be performed multiple times. These duplicate operations could also be detrimental to a run.

This thesis aims to answer the research question by studying the saturation algorithm from the three
aforementioned perspectives: the evolution of the intermediate BDDs, the application of transition relations,
and the occurrence of duplicate computations. Since this is an exploratory study, we employ a structured
approach to study each of the three perspectives, using different experiments. From these results, we determine
which of these three directions is the most promising. Then, we construct a heuristic using the insights gained
from this perspective, that determines whether a run of the synthesis algorithm is good or bad. The final step
is to determine whether this heuristic can also predict whether the run is good or bad, after having seen a small
part of a run.

From studying the three perspectives, we find that the duplicate computation perspective is the most
promising for creating a heuristic. More precisely, the creation of duplicate nodes is used as an indicator of how
good or bad a run is. Using this data, several predictors are created and validated. This predictor is then tuned
using more experimental data. Lastly, this predictor is evaluated, using separate validation data. It is shown
that it can predict that a run is bad with 82% accuracy, while having only seen 20% of the run.

The rest of this thesis is structured as follows. Section 2 contains background information on the synthesis
algorithm and the symbolic algorithms used in synthesis. Next, Section 3 describes work related to progress
made in symbolic algorithms, and the efficiency of these algorithms. Section 4 details the structured approach
in finding an indicator for synthesis progress. In the next section, Section 5, we further investigate the duplicate
computations performed by the algorithm, and we tune and evaluate a predictor for synthesis progress. Section
6 contains a conclusion and discussion, and lastly Section 7 contains suggestions for future work.



2 Background information

This section contains relevant background information on the CIF tooling, the synthesis algorithm and symbolic
computations.

2.1 Supervisory controller synthesis using the CIF tooling

The main tool for performing supervisory controller synthesis in the ESCET toolkit is the CIF tooling®. It
supports the complete development process for synthesizing correct-by-construction controllers for discrete-
event systems.

A single CIF model can consist of multiple plant and requirement models. Plant models describe what a
system can do, such as the physical behavior of a system. A plant model is therefore a model of the uncontrolled
system, and the two terms can be used interchangeably. Requirement models on the other hand aim to limit
this uncontrolled behavior, and model what a system must or must not do.

The modeling of plants and requirements is based on extended finite automata (EFAs) [3]. An EFA consists
of locations, connected with directed edges. It is always in one location at a time, its current location. Each
edge is labeled with an event of the discrete-event system. When an event occurs, the EFA takes the edge
corresponding to that event, thus ending up in the next location. Note that self-loops are allowed, so this next
location is not necessarily different from the original. When a system is modelled with many EFAs, then the
combination of all the current locations of the individual EFAs corresponds with the state of the system. The
automata are further extended with wvariables, guards and updates. An EFA can define variables, that can be
updated by the edges. A guard is a boolean predicate over some of the variables, that can be attached to an
edge. That edge may then only be taken if the guard evaluates to true. This allows for precise specification of
the system.

After the system has been modeled, the plant and requirement models are combined in parallel. Here, they
synchronize on shared events. This means that when an event occurs, all EFAs must take an edge corresponding
to that event. If an event is missing from the local state of a plant model, it is considered physically impossible.
On the other hand, if it is missing from the states of a requirement model, it is considered undesirable behavior,
and must be restricted by the controller. This way, the synthesis algorithm ensures safety.

Events can be controllable, or uncontrollable [3]. When an event is controllable, then the controller determines
when it occurs or not. For example, an event where a robotic arm is moved is controllable. An uncontrollable
event is not controlled by the controller. For example, an event where an induction loop detects a waiting car,
is uncontrollable, as the controller has no control over whether a car waits on the sensor or not. Controllable
events can be prevented by the controller, but uncontrollable events cannot. If an uncontrollable event must
be prevented, the synthesis algorithm does so by preventing controllable events leading to that uncontrollable
event. This way, the algorithm ensures controllability.

Safety and controllability together are sufficient for creating safe systems. However, consider once again
the example of the traffic light with the induction loop. The simplest way of creating a safe, controllable
supervisor for this system is to simply always leave the traffic light on red. In order to have some more control
over the behavior of the system, the user can mark states of the model. The resulting supervisor makes sure
that at least one marked state can always be reached. This way, the resulting controller is non-blocking. The
synthesis algorithm guarantees that the properties of safety, controllability and non-blockingness are obtained
in a mazimally permissive manner, meaning that the system is minimally restricted in order to obtain these
properties.

As mentioned earlier, the separate EFAs are composed by synchronizing them on events. This produces a
linearized model. This model contains a single location with self-loops. It still represents the same behavior,
but in a single EFA. Here, the locations of all EFAs are represented using variables. For example, if there are
two EFAs in the model, each with 3 possible locations, then the linearized model would contain two variables
1 and Iy, whose possible values are 0, 1 and 2. Transitions of the EFAs are then represented by guards on
self-loop edges, using these location variables. The advantage of creating such a linearized model is that the
entire model behavior is captured by the edges of the linearized model. This allows for the model to be described
by predicates.

2.2 Symbolic EFAs

It is well known that synchronizing EFAs can cause the number of possible states of the model to blow up. This
is a problem for the reachability computations on which the synthesis algorithm is based, as searching the state
space one state at a time becomes infeasible. To combat this state-space explosion, the synthesis algorithm
uses a symbolic representation of the system, where many states can be represented and explored at once. This

3See also https://eclipse.dev/escet/cif/.



symbolic representation is known as a symbolic extended finite automaton (SEFA). Since this is a broad topic,
the information given in this section is limited, and we refer the interested reader to [3].

Using the linearized model, the uncontrolled system can be represented symbolically using boolean pred-
icates. These predicates represent sets of states. The way this works is as follows. Consider a predicate
P : {0,1}™ — {0,1} over n variables. This predicate can now be interpreted as the characteristic function
of a set S, where each element is a satisfying assignment of the predicate. When each vector of variables is
interpreted as a state, then the set S represents a set of states, as in Equation 1.

S = {(vo, ..., vn) € {0,1}"P(ug, ... v,) = 1} (1)

Aside from representing states, we can also represent the edges of the model using predicates. We will refer
to an edge represented by a predicate as a transition relation. In order to construct this representation, the
boolean variables are divided into old-state variables and new-state variables. Given an old-state variable x,
we denote its new-state variable by =1 [3], doubling the number of boolean variables. We make sure that the
states described earlier consist only of old-state variables. The new-state variables are only used in transition
relations.

By combining old-state and new-state variables using boolean functions, we can construct predicates that
represent transition relations. A satisfying assignment for this predicate can be divided into its old-state and
new-state variables. The old-state variables indicate the state of the model that the transition relation can be
applied to, and the new-state variables dictate the result of applying the transition. For example, applying the
transition x A —z* on state z results in —zt, which then becomes the next current state —z.

The operation as described above is known as a relnext operation [6]. This operation is defined as
relnext(s,t,v) = J,(s At)[VT := V]. Here, s is a set of states, ¢ is the transition relation, and v is the
set of relevant variables. This set v is necessary to be able to apply partial transition relations. If a variable
is not in v, then it is implied to remain unchanged by the transition. First, relnext computes s A t. Since we
want to compute the next state, we need to consider the new-state variables. Therefore, we remove the old-state
variables using an existential quantification, resulting in a set of new-state variables. This quantification will
result in the correct set, as long as there is a satisfying assignment using the old-state variables. Lastly, the
term [V := V] indicates that the new-state variables are replaced by their corresponding old-state variables,
since new-state variables are only used in transition relations.

There are a few variations on this operation. First, there is a relprev operation. This operation works sim-
ilarly to relnext, but instead interprets the given set of states as the result of applying a transition relation. It
then computes the previous set of states, essentially taking an edge in the opposite direction. Both relnext and
relprev have 2 additional variants, namely a union and intersection variant. relnextUnion takes an additional
set of states u as parameter, and computes relnextUnion(s,t,v,u) = relnext(s,t,v)V u, in one optimized oper-
ation. relnextIntersection takes an additional set of states ¢ and computes relnextIntersection(s,t,v,i) =
relnext(s,t,v) A i, in an optimized operation. The variants for relprev behave similarly.

Formally, a SEFA is a 6-tuple (V, D, X, E, po, pm) [3]. Here, V is its finite set of variables, D contains a finite
domain of possible values for each variable, X is its alphabet, that is, its finite set of events, F is its finite set of
edges, pg is the predicate representing its initial states and p,, the predicate representing its marked states.

2.3 Fully-reduced ordered BDDs

The symbolic computations in the synthesis toolkit are performed using binary decision diagrams (BDDs), as
implemented in the JavaBDD library*. These BDDs represent boolean predicates as rooted, directed, acyclic
graphs [2], and allow for efficient manipulation of these predicates. There are several variations of BDDs, such
as zero-suppressed BDDs [7], tagged BDDs [8] and RexBDDs [9], but the ESCET toolkit uses fully-reduced
ordered BDDs [2], which we will refer to simply as BDDs.

BDDs are graphs that consist of decision nodes and terminal nodes. There are two terminal nodes, which
represent the boolean values true and false. These terminal nodes are often called one and zero respectively.
The decision nodes are associated with boolean variables. As such, these nodes have two outgoing edges, called
the high and low edges. The high edge corresponds to when the associated variable evaluates to true, and
the low edge similarly corresponds to false. See Figure 1 for an example of two BDDs, both representing
the same boolean function. Here, a solid arrow represents a high edge, and a dotted arrow represents a solid
edge. When evaluating a BDD, simply start at the root, evaluate the corresponding variable, and take the edge
corresponding to that evaluation, which leads to a different node. Then, evaluate the variable corresponding
to this node. Repeat this process until a terminal node is reached. This terminal node then represents the
outcome of the function.

The variables in an ordered BDD are totally ordered. This means that for variables z and y with « < y, nodes
corresponding to variable x are closer to the root than nodes corresponding to variable y. As a consequence,

4See https://github.com/com-github-javabdd/com.github. javabdd.



the nodes of the BDD are divided into levels, where each level corresponds to a certain variable. The root of
the BDD has the lowest level. However, when showing a BDD visually, we often draw the root at the top of
the BDD, which is counterintuitive. Therefore, we use the term layer for discussing traveling up and down a
BDD, where lower layers are closer to the terminals, and higher layers are closer to the root. The levels follow
the opposite direction: a lower level is closer to the root, and a higher level is closer to the terminal. The same
boolean function has many different representations, obtained by changing the order of the variables. In the
synthesis tool, once an order for the variables is selected, it is not changed anymore. Also, when operations are
performed on multiple BDDs, then all of these BDDs need to adhere to the same variable order. The set of
variables that appear in a BDD is called the support of the BDD.

In order to keep the BDD representation compact, every node in a BDD is unique. Two nodes are the same
when their levels are equal, their low edges lead to the same node, and their high edges lead to the same node.
If this is the case, the node can be represented just once, where it has multiple parent nodes. Additionally,
the BDDs in the synthesis tool are fully-reduced, for an even more compact representation. This means that
the BDD does not contain don’t-care nodes, where the low and high edges lead to the same node. It is well-
known that the uniqueness of nodes, the fully-reducedness and the total order together lead to a canonical
representation for boolean functions [2].

The variable order can have a massive impact on the performance of BDD operations, as choosing a different
order could make an exponential difference in the number of nodes needed to represent the same boolean
function. Figure 1 shows a BDD representing (a A b) V (¢ A d), using two different variable orders. Note the
difference in the number of nodes between these BDDs. Finding an order that can represent the function with
the fewest amount of nodes is NP-complete [10]. For that reason, the synthesis tool implements several heuristics
to try and find a good order. These heuristics aim to find the minimal total span, or the minimal weighted event
span [11]. The total span metric is calculated by taking the sum of the spans of each event, where the span is
defined as the difference between the top and bottom variable. The weighted event span is a weighted variant on
this, where variables higher in the BDD carry more weight. The synthesis tool also has several algorithms that
attempt to optimize these metrics. Some of these operate on the variable order globally, while others attempt
to make local updates to this order. On a global level, the FORCE algorithm [12] attempts to find a good
variable order by having variables that occur together in events gravitate to each other in the order. Like the
FORCE algorithm, the DCSH algorithm [13] also attempts to place variables that appear together often close
to each other. Contrary to FORCE, however, it uses dependency structure matrices, and reduces the bandwidth
of these matrices. Lastly, the sliding window algorithm [4] attempts to locally optimize the order, by making
permutations of subsets of the variable order, and selecting the best one. Aside from these algorithms, the
synthesis tool supports performing these algorithms sequentially, reversing orders, selecting the best order out
of multiple and choosing different initial variable orders.

2.4 The synthesis algorithm

When the model is represented symbolically using an uncontrolled system (or plant) SEFA, the synthesis
algorithm can be applied to compute the controlled system. The synthesis algorithm in CIF is based on the
algorithm by [14]. It is a fizpoint computation. By performing several reachability computations, it continuously
strengthens guard predicates on edges until a fixed point is reached, and forbidden states (by the requirements)
have become unreachable in the controlled system.

Algorithm 1 provides the pseudocode for the synthesis algorithm. This algorithm takes the uncontrolled

F T
(a) Variable order (b) Variable order
a<b<c<d a<c<b<d

Figure 1: Two BDDs representing (a A b) V (¢ A d) for different variable orders. The order on the left results in
a BDD with only 4 nodes, while the order on the right results in 6 nodes. Image taken from [3].



Algorithm 1 Symbolic Supervisory Controller Synthesis (SSCS), taken from [3]

Require: Plant SEFA P = (V,D, X, E, py, pr,) and forbidden states py over V.
Ensure: Controlled-system SEFA S.
1: C «+ Py
2: repeat
C'+C
4 C + BRS(pm, E,C)
5 B < BRS(—=C, E,, true)
6 C < —-B
7: C <+ FRS(po, E,C) > Optional step.
8
9

@

s until C =’

: for all e € E with 0 € X, do
10: g < g A relprev(e, C)
11: S+ (V,D, X, E,po A C,pm A C)

system, in the form of the uncontrolled SEFA, and a set of forbidden states, and computes the controlled system.
This controlled system is represented by a set of states that are safe, controllable, nonblocking and maximally
permissive. The algorithm starts by initializing the set of controlled states C' as he complement of the set of
forbidden states in line 1. The goal of the algorithm is to restrict C until this set is safe, controllable and
nonblocking. It does this in a fixed point computation, that starts at line 2. At the beginning of this fixed
point computation, a copy is made of C', which is later used to decide whether the computation is done. The
algorithm then repeatedly computes sets of nonblocking, controllable and reachable states®, until the resulting
set of states does not change anymore. First, at line 4, the set of nonblocking states of C is calculated by
performing a backward reachability search, starting from the marked predicate p,,, and bounding this result
to be a subset of C'. It then updates C' to be equal to this new set of nonblocking states. Then, the algorithm
computes the set of bad states for this new C. Since C represents the set of good states, its complement
represents the set of bad states. The algorithm then computes more bad states, by performing a backward
reachability search using the edges labeled with uncontrollable events, in line 5. This pushes back the bad
states through these uncontrollable events, revealing more bad states, which are stored in the set B. Now, in
line 6 we can find the set of good states again by complementing B. Optionally, on line 7, a forward reachability
operation can be performed, to determine which states are actually reachable by the system. This step is
optional, as the plant already encodes which states are reachable. It can make the result of the synthesis
algorithm more intuitive for the user, however, as it would no longer represent states that the controlled system
cannot reach. Also, it can have a big impact on the performance of the algorithm, as some models synthesize
faster with forward reachability, and others slower. In line 8, it is checked whether the fixpoint operation has
completed, by determining whether the operations have made an impact. If the set of states C is different
from the copy C’ that the algorithm made earlier, then we need to do the reachability computations again, as
the algorithm has trimmed states from the state space, revealing new potentially bad states. If no change is
detected, the algorithm strengthens the system guards g for controllable events in Y. in lines 9-10. This way
it makes sure that the system stays within the computed controlled states C'. Lastly, in line 11, the initial and
marked states are restricted to be within the controlled states C, and the resulting controlled system SEFA is
returned.

Algorithm 2 Backward reachability search (BRS), adapted from [3] to match the current version of the
synthesis tool.

Require: Starting predicate S, edges E, restriction R
Ensure: The coreachable states S’, that is, those states that can reach states in S via edges in F, restricted
to states in R.
E + E.sort()
Vo
for all e € F do
V « V U support(e)

if R = true then

P’ « saturationBackward(S, E,V,i,0) > See Algorithm 3.
else
P’ + boundedSaturationBackward(S, R, E,V,i,0) > See notes under Algorithm 3.

5The order of these computations can be set by the user prior to performing the synthesis.



2.5 The saturation algorithm

When a symbolic representation for the states and transition relations is chosen, one can use several strategies
to perform the reachability computations. There are multiple possibilities, but the preferred strategy in the
synthesis tool is the saturation strategy [5]. It is a state-of-the-art algorithm that, empirically, outperforms
other reachability algorithms. This section provides a concise treatment of the algorithm. For a more detailed
overview, we refer the reader to [5] and [15].

To perform saturation, the transition relations created by the synthesis tool are put in a list and sorted,
so that the levels of the root nodes are sorted low to high. The transition relations are also implicitly divided
into groups. Transition relations belong to the same group when their top nodes have the same level. Now,
the saturation algorithm traverses both the states BDD as well as the list of transition relations. It moves up
and down through the structure of the states BDD, as well as left and right in the list of transition relations.
It first traverses all the way down the states BDD, and all the way right in the list of transition relations. It
then applies this last group of transition relations, whose root nodes are closest to the terminal nodes out of all
transition relations. This produces a small intermediate BDD, as it is close to the terminals. The same group of
transitions is then again applied to this BDD. This process continues until the BDD does not change anymore,
so that this is a fixpoint computation. At this point, we say the BDD node is saturated. Then, the algorithm
moves back up in the states BDD, and to the left in the transition relations. It then applies this next group of
transition relations to its current states BDD. If the states BDD changes, the algorithm saturates the bottom-
right again, before attempting to saturate using the current transition relations. This way, the algorithm moves
back and forth, up and down, until finally the root of the states BDD is saturated. Intuitively, the algorithm
is efficient due to this up and down strategy. When a sub-BDD has been saturated, then the nodes above it
can be saturated more easily, given that the already saturated nodes do not change much anymore. This is of
course especially true when every group of transition relations acts on different variables. This way, the size of
the intermediate BDDs remains close to the size of the final result.

Algorithm 3 shows pseudocode for the saturation algorithm, based on its implementation in the JavaBDD
library. In fact, it shows the pseudocode for the backward saturation algorithm. Here, the backward in the
name reflects the fact that it is a backward reachability computation. Saturation takes as input the BDD
representing the set of starting states s, a list of transition relations ¢, a list of sets of variables v, corresponding
to the variables used in the transition relations, and an index c representing the current transition relation to
apply. Additionally in JavaBDD, the algorithm has an instance number parameter i, which is used to store
and look up results from previously applied saturation operations in an operation cache. The list of transition
relations, and thus also the variable sets, needs to be sorted based on the top variable, as mentioned earlier.
Furthermore, the algorithm uses a few helper functions, namely: LEVEL, ISONE, ISZERO and makeNode. LEVEL
returns the level of a node, ISONE returns whether a node is the terminal node one, and ISZERO returns whether
a node is the terminal node zero. The makeNode function creates a new BDD node at a given level, with given
low and high child nodes.

The algorithm starts by checking whether a base case is reached in lines 2 and 3. Line 2 tests whether the
given states BDD is a terminal node. If so, no transition relations can be applied to this node, and it is returned
instead. Line 3 checks whether the algorithm has already applied all transition relations, by checking whether
the current transition relation is out of bounds. If so, it again can simply return the current states. Next, in
lines 4 and 5, the operation cache is consulted. This cache stores BDD operations that it has already performed.
If the result of the current operation is present in this cache, it can return the previously computed result.

If the current parameters do not constitute a base case and no result is found in the cache, the algorithm
has to actually perform the computation. Here, there are two cases. The first case is that the states node is
above that of the set of variables for the current transition relation c. Here, nothing has to be done on this level.
Instead, as seen in lines 7-9, the saturation algorithm travels downward: the algorithm is performed recursively
on the low and high children of the states node, and a node is constructed using the results. In the second case,
when the states node is at equal level, or below the current set of variables, the actual saturation takes place.
First, in line 11-13, the current group of transition relations is determined. These are determined based on
having the same top level. The variable n marks the end of this group, so that the current transition relations
to apply are those with indexes in the range [c..n). In line 14, we store a copy of the states BDD in a variable
r. This variable represents the result of the operation, as well as the intermediate BDDs. Next, in lines 15-20,
the fixpoint computation is performed in a loop. First, in line 16, the algorithm moves to the right in the list of
transition relations, and saturates the intermediate result using those transitions. Then, before saturating with
the current group of transition relations, the intermediate result is stored in line 17. This intermediate result
is useful for determining whether or not the fixpoint computation has completed. In lines 18-19, the current
group of transition relations is applied to the intermediate result, producing new intermediate results. The
relprevUnion operation makes sure that new states are added to the intermediate result, without removing
states. When the transition relations have been applied, the algorithm checks whether the fixpoint computation
has been completed in line 20. If so, the algorithm breaks out of the loop, as the result of the computation is
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now known. If not, the algorithm loops back to line 15, where the computation is performed again, but now on
a different intermediate result. Finally, in lines 21-25, the operation cache is updated, and the result is returned
in line 26. This result is the saturated node obtained by saturating s. When s is the BDD representing the
starting states, this result is the set of backward reachable states from this set of starting states.

Algorithm 3 Backward Saturation

Require: Starting states s, list of transitions ¢, list of variables v, instance number ¢ and current index c.
Ensure: Return the states node saturated from the current transition relation onward.
1: procedure SATURATIONBACKWARD(s, t, v, i, ¢)

2: if ISONE(s)V ISZERO(s) then return s

3 if ¢ = relations.length then return s

4: cacheEntry < cacheLookup(s, i, c)

5 if cacheEntry.s = s A cacheEntry.i = i A\ cacheEntry.c = ¢ A cacheEntry.o = saturationBackward then

return cacheEntry.result

6: if LEVEL(s)+ 1< LEVEL(v[c]) then

7: low < saturationBackward(LOW(s), t, v, i, c)
8: high < saturationBackward(HIGH(s), t, v, i, ¢)
9: r < makeNode(LEVEL(s), low, high)
10: else
11: n<c
12: while n < v.length N LEVEL(v[n]) = LEVEL(v[c]) do
13: n<—n+1

14: < S

15: repeat

16: r < saturationBackward(r,t,v,i,n)

17: DT

18: for all j € [c..n) do

19: r < relprevUnion(t[j],r,r,v[j])
20: until r =p
21: cacheEntry.s < s
22: cacheEntry.i < 1
23: cacheEntry.c < ¢
24: cacheEntry.o < saturationBackward
25: cacheEntry.result < r
26: return r

Aside from backward saturation, JavaBDD also contains forward saturation, bounded backward satura-
tion and bounded forward saturation. In forward saturation, the set of forward reachable states is computed,
by using relnext operations instead of relprev operations. In the bounded variations, the algorithm receives
an additional set of states as parameter, that represents a restriction on this result. The result of such a
bounded saturation operation is always a subset of this restriction. As seen before, the synthesis algorithm uses
this restriction to make sure that the controlled system remains within the set of safe states.

2.6 The JavaBDD library

As mentioned previously, the ESCET toolkit uses JavaBDD, a single-threaded library for performing BDD
operations. This library makes it possible to create and manipulate BDDs, using the factory programming
pattern. The central object here is the JFactory object, as it is the object that stores and manipulates BDD
nodes.

Under the hood, JFactory uses a node table to keep track of BDD nodes. This node table is sometimes
also referred to as the unique table, as BDD nodes are unique. An entry in this node table consists of 5 integer
values, that together represent a BDD node and some bookkeeping. The first integer stores the level of the
node, as well as a reference count and a mark. The second integer is the address of the low child of the node.
Here, address is simply the index of the node in the node table. The third integer is the address of the high
child of the node. The fourth integer is the hash value of the node. This hash is calculated over the level of the
node and the references to its low and high children. Lastly, the fifth integer represents the next free entry in
the node table. When creating a factory, the user specifies the initial size of this table, that is, the maximum
number of nodes that it can store.

When more and more nodes are created, the table eventually fills up, and no new nodes can be inserted.
When this happens, the factory attempts to free space in the table by performing a garbage collection. This
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garbage collection happens using a mark-and-sweep algorithm, as follows. Before collection, the root nodes of
the BDDs are given a reference count. From these roots, the rest of the nodes of these BDDs are recursively
marked, to indicate that they cannot be collected. The terminals are not marked, but also never collected.
Now, the factory goes through the table, removing nodes that are both unmarked and have no reference count.
These include BDDs that have been freed manually by the user, as well as nodes that have become redundant
due to BDD reduction rules. If garbage collection resulted in many free spots for nodes, operation continues
as usual. However, if the number of free spaces is still below some threshold, the table can be resized. This
resizing is different for small and large tables. If the size of the table is below some threshold, the size of the
table is doubled. Otherwise, it is increased by a constant factor. This way, the table can arrange itself to find a
good size. This is often preferred over using a large initial table size, since choosing a large size results in more
memory usage, and can lead to worse performance due to CPU cache and page misses.

Aside from a node table, the JFactory object uses cache tables to keep track of which operations were
performed already, and what the result of that operation was. It is known that these tables are essential to the
performance of BDD operations [16]. This can be seen by the fact that a single BDD node can have multiple
parent nodes. This means that when an operation traverses a BDD, it can come across the same node multiple
times. If no cache table is used, that same computation has to be performed multiple times. By storing the
result in a cache, the computation is only performed a single time. In fact, JavaBDD uses several cache tables,
for different operations. The aforementioned relational operations and saturation operations are stored in the
same cache table, however.

Like the node table, the cache tables have a finite size. JavaBDD allows for the size of these tables to be
different from the size of the node table. This is important, as in practice there are often many more cache
entries than BDD nodes. This also means that there is not enough space in the tables to store all previous
computation results. Therefore, JavaBDD allows new cache entries to overwrite existing cache entries. The
cache tables are also cleaned up, during the garbage collection of the node table. After the node table is cleared
of unused nodes, the algorithm clears cache entries that still contain references to these removed nodes. The
cache tables are also doubled in size, whenever the node table is resized, so that a growing number of nodes
also corresponds to more available cache storage.
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3 Related work

Since this thesis studies the progress that the synthesis algorithm makes, and in particular the progress that
the reachability computations make, there are quite a few works that are tangentially related to this thesis.

Since we are interested in the progress that the synthesis algorithm makes, we should consider works that
also address this topic. Unfortunately, there is not much work on this. There is work, however, on the progress
that SAT-solvers make. SAT solving is a technique that is related to BDDs, where a satisfying assignment for a
boolean predicate is found by searching through possible assignments of the boolean variables. There have been
several attempts at estimating the progress that a SAT solver makes. This could be interesting, as SAT solvers
can also be used to perform reachability computations [17]. Notably, the work by [18] seems most related to
our work. Here, they use machine learning techniques to estimate the size of the search tree that needs to be
searched until a satisfying assignment will be found. This is not directly applicable to our work, however, as our
search space is in general not a tree. Also, the type of SAT solving considered is not a fixed point operation, so
that it does not apply directly to our work.

If we look at BDD-based reachability computations only, then the issue of a computation stagnating is
explicitly addressed in [19]. This stagnation is what we are interested in, as it could be the moment to com-
municate to the user that they should change the settings of the algorithm. The authors define stagnation
to occur when too few new states are reached at each iteration of the fixed-point computations. They then
attempt to overcome this issue by applying a new strategy to performing high-density fixed-point computations.
Unfortunately, they do not come up with a detection mechanism of when a computation stagnates, however,
and instead attempt to solve the issue directly. For this reason, this work is also not directly applicable to our
work.

Since it seems difficult to find work related to the progress of the synthesis algorithm, we can instead turn
our attention to works that attempt to estimate the efficiency of the algorithm. In the past, there have been
attempts to predict the efficiency of symbolic supervisory synthesis based on the input of the algorithm. In
[20], the authors use so-called process communication graphs to quantify the effort needed to perform symbolic
reachability computations. In this way, they try to capture the intrinsic complexity of the model in a metric.
They then use the insights gathered here to construct a reachability algorithm, called the workset algorithm,
that computes a set of reachable states using a fixed-point computation. However, the authors do not come up
with any progress indication for their algorithm. Also, their research focuses on the intrinsic complexity of the
models, while we focus on accidental complexity, due to the settings used, regardless of intrinsic complexity.
For these reasons, their work is not directly applicable to the research in this thesis.

Aside from looking at the efficiency of the synthesis algorithm, one can look more generally at predicting the
efficiency of BDD operations based on the input of the operations. The number of operations needed to perform
an operation on BDDs is related to the size of the input BDDs. Therefore, a smaller BDD representation leads
to more efficient operations. The size of BDDs is influenced by the chosen variable ordering. In Section 2.3 we
mentioned several heuristics for choosing a variable order, as described in [12], [4] and [13]. Related to this is
the work by [21], where the complexity of BDDs is estimated using a mathematical model. This allows them
to predict the size of a BDD for a given variable ordering, without explicitly building the BDD. However, this
does also does not quite solve our problem. In fact, the saturation algorithm can start with a small BDD, but
increase exponentially in size during a run of the algorithm. Aside from that, it is not known how the size of
the input BDD relates to the number of fixed-point iterations needed. Therefore, this work is also not directly
applicable to our research.

Another method of achieving smaller BDD representations is by using different reduction rules. Different
types of BDDs can be more or less efficient than others for a particular problem. As mentioned earlier, the
synthesis tool uses fully-reduced ordered BDDs [2], which has as a reduction rule that don’t care nodes are
not explicitly represented. Another type of BDD is the zero-suppressed BDD (ZDD) [7]. Like fully-reduced
BDDs, every node in a ZDD is unique. However, the reduction rule is replaced by the rule that no high edge
should point to the zero terminal node. Tagged BDDs [8] attempt to combine these two, by applying both
reduction rules to create an even more compact representation of boolean functions. Edges in tagged BDDs
are given a tag, that specifies up to which level a given reduction rule is used. Finally, RezBDDs [9] attempt
to overcome the flaws of tagged BDDs by using nine reduction rules, which are stored on the edges between
nodes. All of these different BDDs could influence the efficiency of the synthesis algorithm. However, even
when using these different representations, the progress that the algorithm makes is still not known. It seems
unlikely that a different representation completely solves the problem, and that using these representations the
synthesis algorithm can still slow down considerably given the wrong set of settings. Therefore, we do not focus
on different BDD representations in this thesis.

If we broaden the scope to more general algorithm runtime prediction, the work in [22] uses machine learning
techniques to predict the runtimes for algorithms concerning SAT solving, mixed integer programming and the
traveling salesperson problem. Using a large set of parameters for each problem, they construct models for each
of the three problems based on random forests. However, in order to construct such models, a large dataset
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containing many runs of the algorithm is needed. Since we do not have hundreds of CIF models at our disposal,
this would not work for our purposes. Aside from that, we do not yet know what data to collect to feed into
a machine learning model, while the authors have access to many parameters, as their chosen problems are
well-studied. Lastly, the problems that the authors have studied are not fixed-point computations, which is
what we intend to study. Therefore, this approach is not feasible for this thesis.

Although the works mentioned relate to this work somewhat tangentially, there is no solution yet for our
particular problem. Most of the papers mentioned focus on increasing the efficiency of the algorithm instead
of detecting when the algorithm should be terminated. The work on process communication graphs does focus
on quantifying the effort needed to synthesize a model, but it focuses on intrinsic model complexity instead of
accidental complexity due to the settings used. The work that comes closest to what we want is the work on
SAT-solving, but unfortunately it does not apply to our work, as the computation differs too much from what
we aim to do. Since there is no solution available yet for our problem, we need to do an initial exploration on
this topic.
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4 Distinguishing good and bad synthesis runs

4.1 Approach

Remember that the user of the synthesis algorithm is presented with a dilemma. When the algorithm does
not terminate quickly, should the user wait until it does, or rather terminate the run? Ideally, we would like
to communicate to the user how long the algorithm will take. For some algorithms, it is possible to make
an estimate of the runtime based on the size of the input. However, the synthesis algorithm is a fixed point
computation, and it is not trivial to determine how much time the algorithm will need. Still, we would like to
be able to communicate some indication of progress to the user, so that they can decide whether to stop a run
of the synthesis algorithm or not.

In practice, we observe that the different settings for the synthesis algorithm can have a large impact on
the efficiency of the algorithm. Among others, these settings include the BDD variable order, whether to apply
forward reachability to compute reachable states, and the order in which the various fixed point computations are
performed. Changing the settings for a given model can make the difference between the controller synthesizing
within a second, to becoming infeasible to synthesize [3]. We are interested in the impact that these settings
have on the runtime of the synthesis algorithm, independent of the intrinsic model complexity.

We can make that actionable by comparing runs of the synthesis algorithm on the same model with each
other. We use different settings for each run. We define a run as good when it outperforms most other runs, and
bad otherwise. Since we are interested in the runtime of the algorithm, we say that a run outperforms another
run if it takes less time to terminate. This leads us to the research question: is it possible to determine, having
seen a small fraction of a run of the synthesis algorithm, whether the run is good or bad? When the run is
over, the user is no longer interested in whether it was good or bad. If instead this classification can be made
after having only seen, say, 10% of the run, then the user can use it to terminate the run early and change the
settings instead of waiting for a long time.

Since the saturation algorithm lies at the core of synthesis, we need to gather more information on saturation
in order to answer the research question. If we gather information on different runs, we may be able to use that
information to determine in hindsight whether that run was good or bad. If this turns out to be possible, the
next step would be to see if it possible to make this classification based on only a part of the data.

We will gather the necessary information in different ways. In general, when an algorithm is performed, it
takes an input, performs some computations on this input, and then gives an output. Also, it is implemented
using some data structures. Therefore, we can study algorithms from three perspectives: the input of the
algorithm, the internal workings of the algorithm and the data structures used to implement it. Together,
these three perspectives provide a complete overview of the algorithm. Specifically applied to the saturation
algorithm, this means that we can look at the states BDD (the input) and how it evolves, the transition relations
that are applied (the internal workings) and the JavaBDD unique and cache tables (the data structures). We
can then look for some indicator of good and bad runs, using these three perspectives.

At this point, we do not know what such an indicator could look like. Therefore, we need to explore the
three perspectives as much as possible. However, we do not know in advance what perspective will yield a good
indicator. Therefore, we explore the perspectives in parallel using a structured, step-wise approach, to work
toward finding an indicator that can predict that a run will be bad, early on in the run. Then, at each step, we
can evaluate whether it makes sense to continue exploring this perspective, or whether the other perspectives
show more promise. This way, we attempt to find the perspective that gives the most promising indicator,
which we can then work out in more detail in Section 5.

In this exploratory study, we use the following six steps.

1. Collect the relevant data, by performing several synthesis runs of the same model, and measuring the
appropriate values.

2. Visualize the data, in order to make it insightful.
Get an overview of the data, and consider whether this is useful or not.
Differentiate between good and bad runs, using the data of a full run.

Differentiate between good and bad runs, using only the data of the first part of a run.

S oo W

Conclude whether this data has predictive power, and whether it can predict whether a run will be good
or bad.

The first step is to collect relevant data, by performing several synthesis runs. Each perspective considers
different data, so this collection step is necessary for every perspective. The next step is to make this data
insightful. Since we do not know what indicator we are looking for, visualizations will be helpful toward gaining
some sort of insight. When the data has been visualized properly, we can get an overview of the data in step
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Name Settings | Operation count | Time (seconds)
Good 163, 065 0.41

Waterway lock Bad 60,804,171 4.24
Worse 914,886, 056 72.78

Good 48,981,942 1.51

Walfer scanner nl Bad 765, 300,632 16.25
Worse 1,519,536, 857 37.18

Table 1: The models and settings used in the exploratory phase, with operation counts. The timings are
provided to give an indication of how long it approximately takes to perform a run.

3, and consider whether this data is useful or not. If it is, we can continue with the next steps. If it is not, we
can decide to abandon this perspective or to generate different data, depending on the time left. If the data
still looks useful, we can continue to step 4, and see if it is possible to differentiate between good and bad runs
using this data, after having seen a full run of the algorithm. If it is not possible to classify a run after having
seen all of the data, then we cannot hope to do so after having seen only a part of the data. If it is possible to
do this classification, we can then see whether it is still possible to do so after having seen a small part of the
run, in step 5. If at this point we still pass the test, we can investigate the predictive power of the data further
in step 6, since we want to make the data actionable. If a perspective passes step 6, we consider it in Section
5 to construct a predictor using the data gathered using that perspective. All experiments can be found in the
artifact that accompanies this thesis [23].

4.2 Benchmark models

Now that the approach is clear, we should define the models that we experiment on. The CIF tooling comes
with a set of 18 benchmark models® [3]. We use the the benchmark models from Eclipse ESCET v8.0, and
experiment on them using Eclipse ESCET v9.0. As the name suggests, these models are used to evaluate
performance improvements of the synthesis tool. This set of benchmark models is quite diverse, and contains
models that can be synthesized within a second (for example, the agv and adas models), as well as models
that are not yet feasible to synthesize (for example, the wafer scanner n7 model). For this initial exploration,
we need to select a few models that perform really well with one set of settings, and poorly with another
set of settings. Since we are limited by the available time, we choose to use only two models, with three
different settings. We choose models that both have a large uncontrolled state space, according to [3], and
whose settings can easily be altered to create different kinds of runs. Also, we choose one model to run with
forward reachability disabled, and another with forward reachability enabled. These models are the waterway
lock and the wafer scanner nl models. Table 1 shows the models and settings used for this exploration, the
operation count for each model, and an indication of the time it takes to synthesize the model. The timings
shown in Table 1 are measured using a laptop with a 2.3GHz Intel Core i7-12650H processor. Alternatively, the
time is measured using the operation count. This operation count is a platform-independent metric, that can
be used to measure the time, in terms of number of BDD operations [24]. Both models have a good run with
relatively few operations, and two increasingly bad runs, as can be seen by the increasing operation counts.

The good settings for the models are the ones currently used in the CIF benchmark models. For the
waterway lock model, this is the default variable order in CIF, with forward reachability turned off. For the
wafer scanner nl model, the custom variable ordering configuration consists of multiple heuristics applied
sequentially. The configuration starts with sorting the variable order, and sets the variable-relation representa-
tions to be ordered according to the model’s original variable order. Then, it reverses both of these orders. Next,
it applies the sliding window algorithm [4], with a window size of 5. Then, it applies the FORCE algorithm
[12]. Finally, it applies the sliding window algorithm once more, using the same window size of 5. Note that
forward reachability is turned on for this model, and that the fixed point computations order is set to computing
reachable states first, then computing the non-blocking states and finally computing the controlled states.

The bad and worse settings are found using some experimentation, and applying random variable orders.
For the waterway lock model, the bad setting is produced by having the tool generate a random variable order,
with seed 57. This seed is found by trying several seeds. The worse setting is produced similarly, using the
seed 19. For the wafer scanner nl model, the bad setting is produced by only sorting the variable order,
and setting the variable-relation representations to be ordered according to the model’s original variable order.
Finally, the worse setting for this model is again a randomly generated order, generated using seed 2.

The rest of this section consists of three subsections that elaborate on the three perspectives, as well as an
evaluation at the end. Section 4.3 elaborates on the input perspective, where the evolution of the states BDD is

6 Although some of these models come in multiple variants, like the wafer scanner and cat mouse tower models, so that the
total number of models is higher than 18.
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tracked. Next, Section 4.4 studies the inner workings perspective. Section 4.5 continues with the data structure
perspective. Lastly, the different perspectives are evaluated in Section 4.6.

4.3 Input perspective: the evolution of the states BDD

The first perspective focuses on what happens to the input of the saturation algorithm. Specifically, we aim to
track what happens to the BDD representing the states of the system. As shown in Algorithm 3, this states
BDD is continuously updated, before the final result is returned. The algorithm constructs intermediate states
BDDs, and uses these in the next computation, until a fixed point is reached. By comparing these intermediate
BDDs for good and bad runs, we may be able to gain some insight into the difference between good and bad
runs.

Step 1: Data collection

As mentioned before, we are looking to keep track of the intermediate BDDs, produced by the saturation algo-
rithm. However, the intermediate BDDs created are only sub-BDDs of the original BDD, of other intermediate
BDDs, or of the resulting BDD. For clear terminology, we make the distinction between layers and levels. A
level is a term that we have come across in Section 2.3. The root note has level 0, and increases as we travel to
the terminals. However, when showing a BDD visually, we often draw the root at the top of the BDD, which
is counterintuitive. Therefore, we use the term layer for discussing traveling up and down a BDD, where a
lower layer is closer to the terminals, and a higher layer is closer to the root. When the algorithm travels down
toward lower layers, it alters the states BDD at that particular layer and downward. However, we would like
an overview of the entire BDD. The solution here is to impose these lower-layer BDDs onto the original states
BDD.

In order to do this, we need the location of the node in the states BDD that the saturation algorithm is
currently working on. We can do that by keeping track of a path. This path is simply an ordered list containing
the low and high edges that were taken to reach the current node from the root of the BDD. Whenever the
saturation algorithm recursively travels down, we append the edge that it took to the list. Whenever the
transition relations at that node have been applied, we store this path for later processing. Also, we store the
BDD that was newly created by the application of the transition relations, so that we can impose these in the
right location.

Now that we have collected the intermediate sub-BDDs of the algorithm, along with the locations they were
created in, we can construct new BDDs that represent the entire intermediate states BDDs. To this end, we
create a new BDD operation, called replaceBDD. This operation takes two BDDs and a saturation path. The
first of these BDDs should be the highest up, with its root at the lowest level. The second of these is the
replacing BDD. The path determines where in the higher-layer BDD the lower-layer BDD will be placed. The
algorithm traverses down the higher-layer BDD, following the path. When the node corresponding to this path
is reached, it is instead replaced by the lower-layer BDD. By applying this operation iteratively using all of the
stored intermediate sub-BDDs, we can construct the entire intermediate BDDs at a given time.

Step 2: Visualization

Now that we have collected the intermediate BDDs, we need to find a way of visualizing them. The natural
choice for this is to make an animation that shows the initial BDD changing over time. This begs the question,
how to actually show the frames of this animation? We need to find a way to visually map out the BDDs.
Mapping out a BDD is tricky, however. Since we want to show the visual representation of a mathematical
concept, there are no hard-and-fast rules on how it should look. There are a lot of choices in where to place a
node on the map. Aside from that, the number of possible nodes in a BDD level grows exponentially as you
go through the levels, so that if the representation is poorly chosen, higher levels with fewer nodes may not be
properly visible.

We would like to represent the BDD using some kind of diagram. A logical choice for this is to use a triangle
as the diagram. In fact, we draw a triangle in a rectangular grid of cells, to keep the coordinate system simple.
The x-axis of this grid runs from left to right, and the y-axis runs from top to bottom, so that every cell
corresponds to an integer coordinate. The top cell of the triangle represents the root of the BDD. The lower
cells in the triangle then represent the lower layers of the BDD. We choose the height of the triangle to be equal
to the highest level of the BDD divided by two, to filter out the levels that represent new-state variables. This
way, we can select the y-coordinate of a node to be equal to half its level. We choose the width of the triangle
to be equal to twice the height, as every BDD node has exactly two children.

To fill the triangle, we place nodes in the triangle according to their position in the BDD. This means that
we need to assign integer coordinates (x,y) to every node of the BDD, and color the cell at that coordinate.
The y-coordinate of a node can simply correspond to its level, divided by 2 to account for the lack of new-state
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variables in this diagram. For the x-coordinate, we need to do a more complex computation. Note that we
use the term position in this computation, which is a number used to compute the final x-coordinate. What
follows is the strategy of computing the x-coordinate of node n, followed by the details on every step in the
computation.

1. For each parent node of n, compute the position of node n relative to that parent. Positions are computed
depending on whether node n is a low or high child of its parent node.

2. Assign to node n the average position of all relative positions.
3. Scale the position of node n so that it fits in the triangle.

4. Round the position of node n to the nearest integer value. Then, shift the position of node n to center
the triangle. This results in the x-coordinate of node n.

The first step in the computation is to calculate the position of a node relative to a parent node. We assume
that the parent node already has a known position, called pporent. To compute the position of its child nodes
from this, we should keep two considerations in mind. Firstly, we should place the nodes in such a way that on
a given level, before averaging, no two nodes have the same position. Secondly, levels can be skipped, so that a
child node can be placed way lower than its parent. Assuming we do not skip levels, the first issue is overcome
by multiplying the position of the parent node by 2. Then, the low child can have position 2p,4rent, and the
high child can have position 2ppqrent + 1. This way, we can have at most 2level hositions per level, which is
exactly the amount of possible nodes on that level. When levels are skipped, we essentially have a sub-tree of
the BDD that is not represented in the BDD. Since a skipped level in a BDD means that both the true and
false edges lead to the same node, we have two possible positions per skipped level to place the child node.
We choose to assign a position to the node “in the middle”, where we average over the position obtained by
choosing false at every level, and the position obtained by choosing true at every level, resulting in a position
somewhat in the center of the skipped sub-tree. Using this computation, we can assign a position to every node,
based on the position of a given parent node.

The second step in the computation of the x-coordinate of node n is to calculate the average position relative
to all parents. Recall that node n can have multiple parents due to node sharing in BDDs. To compute the
average position of node n, we must make sure that we know the position of all parent nodes of node n.
Therefore, we must traverse the BDD breadth-first, starting from the root. We assign position p,,o,: = 0 to the
root. When encountering a new node n, we first compute its position by averaging over the relative positions
compared to its parent nodes. Then, we use this position to compute the relative positions of its child nodes,
as described in the previous step. Then we continue traversing the BDD, until the terminal nodes are reached.
This way, we can assign positions to all nodes in the BDD.

The third step in the computation is to scale the positions of all nodes so that they fit within the triangle.
This is necessary as there are more positions in a given BDD layer than there are cells in the triangle at that
layer. As seen from the root, which has level 0, we have at most 2! positions in a given level. However, we have
a width of 21 cells at this layer (excluding level 0, which has a width of 1 cell in order to be able to place the
root). This means that in order to fit all positions in the triangle, we need to scale every position by g—f As a
consequence, the positions are no longer integers, which will be addressed in the next step. The result of this
scaling is that every position is mapped to fall within the bounds of the triangle.

The final step in the computation is to convert the position of node n to a concrete x-coordinate in the grid.
Firstly, since the grid is discrete, we round the position of the node to the nearest integer. If done for all nodes,
this in principle results in a triangle. However, this triangle is aligned to the left of the grid. Therefore, we shift
every position to the center, so that the tree is centered in the grid. Now, the position of a node corresponds
to a concrete x-coordinate in the grid, which completes the computation.

As mentioned earlier in the third step of the computation, the positions of the nodes have to be scaled to fit
the triangle. This means that the positions of multiple nodes can be mapped to the same cell. In order to try
and visualize how many nodes are mapped to each cell, we could color the cell differently based on the number
of nodes in that cell. This way, we can represent densities of nodes in the visualization. Since the lower layers
of the triangle can contain exponentially more nodes per cell, we could scale the color down exponentially too.
However, the experiments reveal that very few nodes are mapped to each cell. Therefore, we decide to give each
cell the same color. Figure 2 shows a visualization for the initial BDD of the backward reachability analysis
of the wafer scanner nl benchmark model, with good settings. Note that there are many black cells in this
image, as the predicate does not require many BDD nodes to represent it.

Now that individual frames of the animation can be constructed, we can construct the entire animation
by showing these frames one after the other. In order to give insight into where the saturation algorithm is
applying transitions, we color the sub-BDD that has changed this frame differently (white pixels) from the rest
of the BDD (orange pixels). Figure 3 shows a few frames of the animation for the first forward saturation pass
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Figure 2: The visualization for the initial BDD of the first backward reachability computation of the wafer
scanner nl benchmark model, with good settings. Note that all cells have been made white, instead of perform-
ing the density calculation. The y-axis represents the level of a node, while the x-axis represents the location
of the nodes relative to their parents.

on the wafer scanner nl benchmark model, with good settings. It can be seen that the saturation algorithm
creates more nodes in this case.

Step 3: Overview of data

When analyzing the animations, it seems as though some of the runs show a “blow-up”. In these runs, a slim
initial BDD explodes into a wide BDD, as can be seen in Figure 4. This figure shows several frames of the
first backward saturation computation on the waterway lock benchmark model, with bad settings. The good
settings do not seem to show this same phenomenon, however, as can be seen in Figure 5. If this is indeed an
indicator of a bad run, then this blow-up could be the moment to signal the user that the run has gone bad.
Therefore, it is worth investigating this phenomenon further.

Step 4: Differentiating good and bad runs

Now that this blow-up has been identified as a possible indicator of a bad run, we need to investigate further
whether it actually is an indicator of a bad run. As an animation can be difficult to follow, we convert it to a
static image. Since we want to focus on the blow-up, we should investigate the number of occupied cells over
time. To this end, we plot the percentage of occupied cells in the grid over time, as in Figure 6. However, from
these plots, it becomes clear that this correlation may not be that strong. In fact, the worse run show less of a
blow-up than the bad run. Even more, the worse run shows a steady decrease of occupied cells in the first part
of the plot. It could still be the case that the blow-up indicates a bad run, but at this point it is not convincing
enough to conclude this. Since the other benchmark also does not show a strong correlation, we decide to stop
exploring this perspective, and focus on the other perspectives instead.

4.4 Inner workings perspective: the application of transition relations

The second perspective focuses on the inner workings of the saturation algorithm. As seen in Algorithm 3,
the core of this algorithm is a loop where groups of transition relations are applied until the given node of
the states BDD is saturated. As mentioned in Section 2.5, the algorithm moves both up and down through
the layers of the states BDD, as well as back and forth through the list of transition relations. These two are
not independent, however, as transitions are applied at the level of their lowest variable, which are determined
before saturation starts.

The relation between transitions and variables can be visualized using the saturation matriz that is already
present in the synthesis tool. When the user chooses to enable debug output, they will see this saturation
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(a) The initial BDD. Note that it is almost a straight line. Also, this BDD is different from the
one shown in Figure 2, as this is the BDD prior to the forward reachability computation instead
of the backward reachability computation.

0 20 40 60 80 100 120

(b) The BDD after a few frames of the animation. Several other nodes have been created by the
algorithm. Note that the algorithm is working on the right side of the BDD (indicated by the
white cells).
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(c) After even more operations, it can be seen that even more nodes have been created. The
algorithm is now working on the left side of the BDD.

0 20 40 60 80 100 120

(d) The final BDD. Note that the BDD has expanded, but far from the entire triangle is occupied.
The white cells indicate the final sub-BDD that the algorithm has worked on.

Figure 3: A few frames of the animation for the first forward reachability calculation for the wafer scanner
nl benchmark model, with good settings. The visualizations consist of orange and white cells. Here, a white
cell means that this is a cell that saturation is currently working on, while the rest of the cells are orange.
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(a) Visualization of the initial BDD. This is almost a straight line from top to bottom.
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(b) Visualization of the BDD after several operations have been performed. There are clearly
more nodes in this frame than in the initial frame.
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(c) A few frames later, even more nodes were created rapidly. Note the algorithm is working on
a small part of the BDD on the bottom-left.

Figure 4: A backward reachability computation for the waterway lock benchmark model, with the bad settings.
There appears to be a blow-up of nodes, where many nodes are created rapidly.

matrix before each reachability computation. The y-axis of the matrix represents the transition relations, and
the variables are represented by the x-axis. Note that the saturation matrix prints information at the BDD
level, so that these variables correspond to BDD variables. Therefore, in the matrix, old-state variables and
new-state variables are interleaved. The cells of the matrix correspond to r or w values, which stand for read
(old-state) and write (new-state) variables. If a cell contains neither r nor w, then the x-coordinate of the cell
corresponds to a variable that is not contained in the transition relation represented by the y-coordinate of that
cell.

Using the saturation matrix, the user can already get an indication on how efficient the saturation algorithm
will be. If the matrix is a diagonal, then no variable appears in more than one transition relation. This means
that when the saturation algorithm saturates a node at a given level, it does not alter the nodes at the lower
layers. As a result, when moving back toward lower layers, the result of the relational products are likely still
in the operation cache. This makes the algorithm work efficiently for these kinds of saturation matrices. In
general, off-diagonal entries impact performance. Most notably, if the matrix contains vertical lines, where the
same variable is read and written to across multiple transition relations, the algorithm will usually perform
poorly. This is due to the fact that writing to a variable invalidates earlier reads of that variable, so that the
nodes corresponding to that variable have to be saturated again. Horizontal lines on their own are less of an
issue, as these indicate that a certain transition relation contains many variables. The odds that other transition
relations also act on a subset of these variables increase, however, such that performance can still suffer from
these horizontal lines.

Transition index FEvent name Variable 1 | Variable 1’ ‘ Variable 2
1 button3.u_push r w
2 button3.u_release r w
3 culvert_N.c_enable r r

Table 2: A small part of the saturation matrix of the waterway lock model, using the good settings. The
matrix shows events, or transitions (identified by their CIF events), on the y-axis, and variables on the x-axis.
An r indicates that the variable is read in the corresponding event, a w indicates that the variable is written to
in that transition, and an empty cell means that that variable is not part of the transition.
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(a) Visualization of the initial BDD for a run with good settings. Note that the BDD is very
slim, as it is almost a straight line.
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(b) Visualization of the BDD after several operations have been performed. The BDD is still
very slim, and few additional nodes seem to have been created.
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(c) At the end of the saturation algorithm, the BDD is still very slim. The blow-up phenomenon
cannot be observed here.

Figure 5: A backward reachability computation for the waterway lock benchmark model, with the good set-
tings. The BDD stays close to its original size, and a blow-up cannot be observed.

Intuitively, the algorithm starts at the bottom-right of the matrix, and ends at the top-left, as it first applies
the transition relations near the lower layers of the BDD, and moves up when nodes are saturated. This means
that perhaps this application of transition relations reveals something about how fast the algorithm works. By
studying the application of these transition relations, we aim to find some indication of the progress that it is
making.

Step 1: Data collection

The data used in this perspective is the application of transition relations over time. This can simply be collected
by recording which transitions are applied at which time, measured in the operation count metric. Specifically,
JavaBDD has a saturationCallback, which is called after every application of a transition relation during
the execution of the saturation algorithm. We use this callback to record the specific transition relation that
was applied and the operation count at which is was applied. We also store the support of this transition,
which is the set of all variables that occur in this transition relation. We write these results to a file for further
processing.

Step 2: Visualization

To visualize the data, we take inspiration from the saturation matrix. The collected transition data can be
used to animate the saturation matrix, to get a feeling for how the saturation algorithm actually “moves to the
top-left”. The canvas for this animation is a heatmap, consisting of cells that can be colored. This heatmap is
structured in the same way that the saturation matrix is, where the columns represent the variables and the
rows represent the transitions. The application of a transition can then be represented by coloring the cells at
the coordinates corresponding to the correct transition and associated variables. The other cells remain black,
so that the matrix itself is as clear as possible. When displaying the heatmaps of the applied transitions in
order of application, we get an animation that represents the saturation algorithm.

This animation does not provide much insight yet, however. When showing a single transition at a time,
the animation moves way too quickly, and there is no smooth transition between frames. Therefore, we adapt
the animations to use a window of 100, 000 operations per frame, instead of a single application of a transition
relation. This window size was deduced experimentally so that each frame shows multiple applications of
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Occupation of pixels in the waterway lock model with bad settings
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(a) The evolution of the occupied pixels over time, in the animation of the first backward reach-
ability computation of the waterway lock model with bad settings.

Occupation of pixels in the waterway lock model with worse settings
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(b) The evolution of the occupied pixels over time, in the animation of the first backward reach-
ability computation of the waterway lock model with worse settings.

Figure 6: Comparison of the blow ups of occupied pixels for the waterway lock model, for the bad and worse
settings.
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transition relations. If a transition is applied multiple times in a frame, then the color of the corresponding
cells is made brighter. This produces a fade-out effect, which gives a clearer image of the algorithm. Figure 7
shows several frames of the animation made for the wafer scanner nl1 model, with good settings. Specifically,
the frames are taken from the initial forward reachability calculation.

Step 3: Overview of data

The animation indeed shows something interesting. When looking at the animation for a run with a nearly
diagonal saturation matrix, such as for the waterway lock model with good settings, the animation moves to
the top-left quickly. Here, the saturation algorithm does not have to do much work when it moves back to the
bottom-right, since the transition relations mostly act on different variables. For models with worse settings,
the animation takes way longer, and it can be seen that it oscillates a lot. This leads to the idea of some sort
of velocity for the saturation algorithm. A higher velocity would mean that the algorithm moves to the top-left
quicker, and a lower velocity would mean that it has slowed down. This slow down could then indicate that the
current run is indeed a bad run, at which point the user can be informed to try different settings.

Step 4: Differentiating good and bad runs

To investigate this idea further, we turn the animations into single plots, that show the entire run. These
plots, seen in Figure 8, show the evolution of the transitions that are applied and their corresponding top-layer
variables for runs of the waterway lock model. Then, to determine the velocity, we fit a linear, least-squares
fit to this data, and define the velocity to be the slope of this line. Now, the good runs indeed appear to show
that the velocity is negative, which corresponds to the animation moving to the top-left. The bad runs appear
to have a nearly flat fit, which could be the indicator that we are looking for. Since the results still appear
promising, we continue to the next step, and try to differentiate between good and bad runs early.

Step 5: Differentiating good and bad runs early

To be able to differentiate between good and bad runs early, we can look at the evolution of the velocity over an
entire application of the saturation algorithm. The idea here is to find some sort of tipping point for the velocity,
a point where the velocity moves from negative to positive, to indicate a point where the run is no longer good,
or even remains bad for a longer period of time. If good runs result in negative velocity, then perhaps bad runs
start with negative velocity, and flip to positive velocity at some point in the run. This tipping point would then
be the time to communicate to the user that they should probably not wait for the algorithm to terminate. To
do this, we divide the data into 100 segments, where segment 1 contains the data of the first percentage of the
run, segment 2 contains the data of the first two percent of the run, etc. Then, for each segment, we compute
the velocity as above, and plot this. The result is shown in Figure 9.

Unfortunately, the plots do not show much reason to continue this direction. The velocity does not seem
to have a tipping point, and is instead all over the place. Bad runs can have more positive or more negative
velocities than good runs, with little difference between a good and a bad run. The velocities for the wafer
scanner runs also show little promise. Therefore, we make the decision to abandon this perspective, and focus
on the other perspectives instead.

4.5 Data structure perspective: implementation in JavaBDD

The third perspective focuses on the implementation of the saturation algorithm in the JavaBDD library. As
mentioned in Section 2.6, the library uses a unique table to store nodes, and an operation cache table to store
results of previously performed operations. As mentioned earlier, this cache table is lossy. This means that
some computations may have to be performed multiple times, as an operation result that was lost has to be
computed again.

The hypothesis here is that the saturation algorithm specifically suffers from this lossiness. As mentioned
before, the saturation algorithm repeatedly applies variants of the relnext or relprev operations until a fixed
point is reached. Consider the following scenario: one of the relnext operations produces a certain BDD node
node. One of the next relnext operations, which uses a (different) transition relation that also contains nodes
at that level, causes node to no longer be a part of the representation, so that it is no longer referenced. It
is not removed from the node table until the next garbage collection. Since node is not present in the final
states representation, we call it an intermediate node. Now assume that many of these intermediate nodes are
created, and at this point, garbage collection starts. All of the no-longer-referenced nodes are removed from
the unique table, and their operation results are removed from the cache table. However, as the saturation
algorithm can move back to that same level, it may happen that the exact same nodes that were just deleted,
are re-created. At this point, however, all of the associated cache entries were lost, so that all computations
have to be repeated.
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(a) One of the earlier frames in the saturation animation of the wafer scanner nl model. Here, a transition
on the bottom-right is applied.
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(b) A few frames later, more transitions are visible. The earlier transitions slowly fade-out.
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(c¢) Even later, only transitions on the top-left are applied in the current window. The other transitions have
faded out.

Figure 7: Selected frames from the animation of the initial forward saturation of the wafer scanner n1 model,
with good settings. Here, it can be seen that the saturation algorithm first applies the transitions on the
bottom-right, and over time moves to the top-left.
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Velocity of the waterway lock model (good run)
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(a) The velocity plot for the waterway lock model, with good settings. Note that the velocity is clearly negative.

Velocity of the waterway lock model (bad run)
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(b) The velocity plot for the waterway lock model, with bad settings.
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(c¢) The velocity plot for the waterway lock model, with worse settings.

Figure 8: Velocity plots for several runs of the waterway lock benchmark model.
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(a) The evolution of the velocity of the waterway lock model, with good settings.
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(b) The evolution of the velocity of the waterway lock model, with bad settings.
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(c) The evolution of the velocity of the waterway lock model, with worse settings.

Figure 9: The evolution of the velocities of several runs of synthesis, for the waterway lock model.

When many duplicate computations are performed during a run of the saturation algorithm, a lot of time is
wasted, as the results of these computations were already known at some point. Even worse, when a computation
has to be performed again, it could produce new cache entries, which overwrite other important cache entries,
which leads to more duplicate computations in the future, so that the problem intensifies over time. Therefore,
the creation of duplicate nodes or the occurrence of duplicate computations may be indicators of a bad run.

Step 1: Data collection

In order to investigate this problem, we need to collect data on duplicate computations and duplicate node
creations. To do so, we need to keep track of all nodes and cache entries that have been created during the
synthesis algorithm, and upon creating new ones, check whether it is a duplicate. There is a problem with this
approach, however. The JavaBDD uses the location of a node in the unique table as the identifier of that node.
However, when the node is removed from the table, another node could take its place. If this happens and
the node is re-created, it will then be placed in a different position in the table, and therefore have a different
identifier. This means that this identifier cannot be used to identify nodes between garbage collections.

To solve this, we use a unique identifier for a node based on the structure of its child nodes, independent of
the node table. One way to do this is to use a pairing function P : N x N — N, that uniquely encodes a node
using its two child nodes. However, it quickly becomes clear that such an approach becomes infeasible: there
are so many possible BDD nodes that in order for the identifiers to be unique, the identifiers themselves require
megabytes of memory to store. A different solution is to accept that different nodes can have the same identifier.
Now, an identifier can be constructed by hashing. For the two terminals, false and true, we take the hash
values of 0 and 1 respectively. For an internal node, the identifier can be calculated as id = hash(l,idiow, idpign),
where [ is the level of the node, id;o,, and idp4n are identifiers of the low and high children, and hash is some
hash function. Note that only hashing the identifiers of the children is not enough, as nodes on different levels
can have the same children. Since this calculation only depends on the structure of a node, it will be the same
regardless of its location in the unique table. We extend the encoding of the entries of the unique table, so that
each node consists of 7 integers instead of 5. The remaining 2 integers are used to store the 64-bit identifiers.
It should be noted that hash collisions can occur. However, given the fact that 64-bit hashes are used, and the
number of node creations is typically way smaller than 24, it seems unlikely that many hash collisions occur.
Figuring out how many collisions occur exactly remains future work.

Now that every node has an identifier, it is possible to measure how many duplicate nodes are created, by
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Duplicate nodes in wafer scanner nl good run
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Figure 10: Duplicate node creations during a run of the synthesis algorithm for the wafer scanner nl model,
with good settings.

keeping track of all created identifiers. When a node is inserted into the node table, its identifier is calculated.
Then, we check whether that identifier is already in the set of previously created identifiers. If not, we add the
identifier to the set. If it was already in, we increase the counter that keeps track of duplicate node creations.
Also, we keep track of the total number of node creations, so that we can compute the ratio of unique and
duplicate node creations. To keep this data insightful, we store these numbers per garbage collection cycle, as
the garbage collections are a major cause of the problem.

Additionally, we can use the identifiers to keep track of duplicate cache entries. A cache entry consists of an
operation identifier, and identifiers for the input nodes, as well as the output node. To measure the amount of
duplicate computations, we employ the same strategy as for measuring duplicate nodes, by keeping track of a
set of previously performed computations and their results. Here, we use a separate counter for each operation.
This way we can also get an overview of which operation results are being recomputed.

Step 2: Visualization

Figures 10 and 11 show the duplicate node creations during a run of the synthesis algorithm for the wafer
scanner nl benchmark model with the good and worse settings. Here, the blue bars represent the fraction
of unique node creations, and the orange bars represent the fraction of duplicate node creations, per garbage
collection cycle. The table resizes are represented with green lines, in between garbage collection cycles. It can
be seen that the worse settings produces a large fraction of duplicate nodes, while the good settings produces
mostly unique nodes. Note that the table resizes do not solve the issue: even after resizing twice, the worse
run keeps producing many duplicates. Interestingly, the worse run shows duplicate node creations at the very
first garbage collection cycle. Note that these are actual creations of new unique nodes, not requests to create
already existing nodes, in case of sharing in the BDDs. Since it is not possible for duplicates to have been created
here, as nothing has been removed from the table yet, we can attribute these duplicates to hash collisions. As
mentioned before, it remains future work to investigate these hash collision further.

Similar to the duplicate node creations, we can also visualize the duplicate cache entries. Figures 12 and
13 show these duplicate computations. Again, the blue bars represent the fraction of unique computations
and the orange bars represent the fraction of duplicate computations. Here, the difference is not as striking as
for the node creations. Even the good settings produces many duplicate computations, due to the lossiness of
the operation cache. However, the good settings seem to perform more unique computations than the worse
settings, as the former peaks around a fraction of 0.4 unique entries for most of the run, while the latter peaks
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Duplicate nodes in scanner nl worse run
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Figure 11: Duplicate node creations during a run of the synthesis algorithm for the wafer scanner ni1 model,
with worse settings.

around 0.2.

We can also consider the operations for which duplicate cache entries are created. Figures 14 and 15
show the distributions of these duplicate cache entries. The abbreviations used for the operations are shown
in Table 3. Clearly, most of the duplicate operations are relnextIntersection operations, followed by
relprevIntersection operations. A possible explanation for this is that a call to the saturation algorithm
performs more calls to these operations than recursive calls to itself, resulting in more cache entries for these
operations than for the saturation operation. These relational product cache entries then overwrite existing
cache entries, resulting in more duplicate work that needs to be performed. This already duplicate work then
does the same, overwriting even more cache entries, resulting in many duplicate relnextIntersection and
relprevIntersection operations.

Abbreviation Operation

™m relnext

rni relnextIntersection
rnu relnextUnion

Ip relprev

rpi relprevintersection
rpu relprevUnion

sb saturationBackward

st saturationForward
bsb boundedSaturationBackward
bsf boundedSaturationForward

Table 3: The abbreviations used for relational product operations, as well as saturation operations.

Step 3: Overview of data

The data shows a clear difference between good and bad runs. A good run produces few duplicate nodes, while
a bad run produces many duplicate nodes. In fact, in some cases the bad runs contain garbage collection cycles
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Duplicate computations in wafer scanner nl good run
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Figure 12: Duplicate computations during a run of the synthesis algorithm for the wafer scanner ni model,
with good settings.

Duplicate computations in wafer scanner nl worse run
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Figure 13: Duplicate computations during a run of the synthesis algorithm for the wafer scanner ni model,
with worse settings.
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Figure 14: The distribution of duplicate operations for the wafer scanner nl model, with good settings.
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Figure 15: The distribution of duplicate operations for the wafer scanner nl model, with worse settings.
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Duplicate nodes in waterway lock good run
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Figure 16: Duplicate node creations during a run of the synthesis algorithm for the waterway lock model, with
good settings.

where only duplicate nodes are produced. When it comes to duplicate cache entries, the difference becomes less
obvious, but still seems to be there. Therefore, this perspective still seems promising enough to continue with.

Step 4: Differentiating good and bad runs

As seen in Figure 10 and Figure 11, there is a clear distinction between good and bad runs. In fact, Figure
10 shows mostly blue bars, indicating many unique node creations, while Figure 11 shows large orange areas,
where mostly duplicate node creations occurred. This means that these duplicate node creations can indeed be
used to identify good and bad runs. This means that at least at the end of a run, these duplicate node creations
can be used to distinguish between good and bad runs.

To double-check this, we perform the same measurements for the waterway lock model. This time, we take
the good and bad settings, as the difference between good and bad is less than the difference between good and
worse. Again, Figure 16 and Figure 17 tell the same story. In fact, the good synthesis run does all of its work
in a single garbage collection cycle, with no duplicate nodes. The bad run needs almost 100 garbage collection
cycles, and creates mostly duplicate nodes. Figure 18 and Figure 19 show that the same holds for the duplicate
computations. The good run performs few duplicate computations, while the bad run performs many of them.
The distribution of duplicate computations for the good settings is rather evenly spread, as seen in Figure 20,
while for the bad settings it is dominated by relprevIntersection operations, as seen in Figure 21.

Step 5: Differentiating good and bad runs early

From the data seen previously, it seems that the method of measuring duplicates is also suitable for detecting
bad runs early. This could be due to the fact that when a run gets stuck creating many duplicates, it cannot
easily get unstuck. When it performs duplicate computations, it overwrites necessary cache entries. In the
meantime, the unique table fills up with intermediate nodes. Upon garbage collecting, obsolete intermediate
nodes are removed. From the data, it shows that the unique table does not resize quickly, so that the cache
table does not resize either. This way, more and more useful cache entries are overwritten, so that the run does
not get unstuck.
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Figure 17: Duplicate node creations during a run of the synthesis algorithm for the waterway lock model, with
bad settings.
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Figure 18: Duplicate computations during a run of the synthesis algorithm for the waterway lock model, with
good settings.
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Figure 19: Duplicate computations during a run of the synthesis algorithm for the waterway lock model, with
bad settings.
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Figure 20: The distribution of duplicate operations for the waterway lock model, with good settings.
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Figure 21: The distribution of duplicate operations for the waterway lock model, with bad settings.

Step 6: Predictive power

Now that it seems that the measurement of duplicates seems to be able to differentiate good and bad runs
early, we can consider whether it is worth investigating further, and whether it can be made actionable. Since
the data is easy to collect, and the difference in this data between good and bad runs seems enormous, this
perspective is a good candidate to be considered for making a predictor in Section 5.

4.6 FEvaluation

Now that we have explored the saturation algorithm from three perspectives, we can make an informed decision
on what could be an indicator for good and bad runs. The next step will then be to construct a predictor that
can be used to recognize when a run has gone bad. What follows is a short summary of the conclusions reached
for each of the three perspectives. We end this section by selecting the most promising perspective, to turn into
a predictor in the next section.

Through the input perspective, we explored what happens to the input states BDD when it is manipulated
by the saturation algorithm. We visually animated and explored the evolution of this states BDD throughout
the saturation algorithm. Here, we noticed that some bad runs seem to show a blow up, where many BDD
nodes are created quickly, spread all over the visualization. However, when further exploring this idea, we did
not find a very strong correlation between this blow up and a bad run. Therefore, we made the decision to
focus on the other perspectives.

Using the inner workings perspective, we studied the order in which the saturation algorithm applied its
transition relations. Here, we introduced the idea of the velocity of the saturation algorithm. At first it seemed
that this velocity could be used to differentiate between good and bad runs. However, when further studying
this idea, it became clear that this idea also did not show much correlation between a certain velocity and a
bad run. Therefore it was discontinued in favor of the data structure perspective.

With the data structure perspective, we investigated how the unique table and cache table data structures in
JavaBDD affected the performance of the saturation algorithm. By storing all previously created BDD nodes and
cache entries, regardless of garbage collections and cache entry overwrites, we find that the saturation algorithm
creates many duplicate BDD nodes, which results in many duplicate computations. Here, the difference between
a good and bad run is clear, as bad runs create many more duplicates than good runs. Therefore, these duplicates
are a promising indicator for differentiating between good and bad runs.

Having explored all three perspectives, we can conclude that the duplicate node creations and duplicate
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cache entries are the most promising indicators for a bad run. In the next section, we explore ways to turn
these indicators into a predictor that can determine whether a run is good or bad.
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5 Slowdown predictors

Now that we have identified duplicate node and cache entry creations as possible indicators for bad runs, we
would like to make this data actionable. Therefore, we want to construct a predictor that predicts whether a
given run is bad. To be the most useful, this predictor should indicate that a run is bad as early in the run
as possible. Additionally, to not disturb the user too much, the predictor should have little runtime overhead
in terms of runtime and memory usage. Again, all experiments performed in this thesis can be found in the
artifact that accompanies this thesis [23].

5.1 Node duplicates versus cache entry duplicates

First, we need to determine which data to use for constructing predictors. We have the choice between the
duplicate node creation data and the duplicate cache entry data. As seen in section 4.5, both can be used
as an indicator for bad runs. Even though the duplicate node creations seem more indicative, we can still
look at the practical side of collecting this data, by measuring the cost of keeping track of these variables.
Ideally, we will then build a predictor out of the variable that is cheapest to keep track of. To determine
which one that is, we measure the time and memory consumption of selected synthesis runs. Figure 22 shows
timing measurements for the good runs of the waterway lock and wafer scanner nl models, and Figure 23
shows the same for the bad runs. For each timing measurement, 10 synthesis runs were performed, and the
average was taken. FEach graph shows three configurations: one without any additional measurements, one
with only the duplicate node detection measurements, and one with both duplicate node and duplicate cache
entry measurements. Note that we do not perform the cache entry measurements separately, as we still need
the unique table adaptations described in Section 4.5. As seen from these figures, the duplicate node detection
measurements have a relatively small impact on the performance of synthesis, whereas the duplicate cache entry
measurements have considerable impact. We have also observed that the duplicate cache entry measurements
have considerable impact on the memory usage of the application, but since memory measurements in Java are
tricky, we leave this as future work. Taking this into account, we use the measurements on duplicate nodes to
construct the predictor with, and disregard the duplicate cache entries.

5.2 Slowdown predictors

Now that we have decided to use only the duplicate node detection measurements, we would like to find a
symptom for determining when a synthesis run is bad. To do this, we use the concept of slowdown predictors.
These predictors are classifiers that take the duplicate node creation data of a run, look for a certain symptom
in that data, and use it to determine whether a run is bad. In order to come up with these predictors, we need to
determine what constitutes a good predictor. Most importantly, it should flag a run as bad as early as possible.
It makes no sense for the user to have to wait until the run is nearly finished, before it finally flags it as bad.
As a consequence, it may be inevitable that it flags some good runs as bad too. Something could be said about
having the predictor be able to change its answer from bad to good. When it detects that fewer duplicates are
being created, it may decide to switch back to classifying the run as good. Lastly, a good predictor should be
simple, so that the user can understand immediately why a run was given a certain label.

Table 4 lists the predictors that are studied in this section. All of these predictors are based on the duplicate
node data. They all work during a run, instead of just at the end of a run. By default, they classify a run as
good, unless they find some symptom of a bad run. The TotalDuplicatesPredictor looks at the entire run so
far. If the fraction of duplicates compared to unique creations exceeds a threshold, it flags the run as bad. The
NClyclesPredictor works similarly, but only considers the last N garbage collection cycles to mark a run as bad.
The NoProgressPredictor classifies a run as bad when there have been a certain amount of garbage collection
cycles without any unique node creations. The VeryLittle ProgressPredictor relaxes this condition, and marks a
run as bad when there have been a certain amount of garbage collection cycles with less than 1% unique node
creations.

The last three predictors are combinations of other predictors. The ConjunctionPredictor looks at the
outcome of two other predictors, and classifies a run as bad when both predictors classify it as bad. The
DisjunctionPredictor also takes two predictors, but classifies a run as bad when at least one of these classifies
it as bad. Finally, the MultiPredictor takes three predictors, and classifies the run the same as the majority of
the input predictors.

5.3 Data collection

All of the predictors listed in Table 4 can be configured using one or more parameters. We would like to find the
predictor and associated parameters that is the most accurate at predicting whether a run is good or bad. In
order to do this, we need to have data on many runs of different models, so that we can first tune the parameters
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Figure 22: Timing measurements for good runs of the waterway lock model and the wafer scanner nl model.
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Time vs opcount for the waterway lock model (bad run)
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(a) Timing measurements for the bad runs of the waterway lock model.
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Figure 23: Timing measurements for bad runs of the waterway lock model and the wafer scanner nl model.
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Predictor Description

Classifies a run as bad when the frac-
Total Duplicates Predictor(t) tion of duplicates over the entire run
exceeds threshold .

Classifies a run as bad when the
fraction of duplicates in the last
n garbage collection cycles exceeds
threshold t. It never classifies a run
as bad if the run performs fewer than
N garbage collections.

Classifies a run as bad when there
NoProgressPredictor(n) have been n garbage collection cycles
with only duplicates.

Classifies a run as bad when there
have been n garbage collection cycles
with fewer than 1% unique node cre-
ations.

Takes two predictors p; and po as ar-
guments, and classifies a run as bad
when both predictors classify it as
such.

Takes two predictors p; and po as ar-
guments, and classifies a run as bad
when at least one of the predictors
classifies it as such.

Takes three predictors pi, p2 and ps
as arguments, and classifies a run the
same as the majority of the three pre-
dictors.

NCyclesPredictor(n,t)

VeryLittle ProgressPredictor(n)

ConjunctionPredictor(p1, p2)

DisjunctionPredictor(py, p2)

MultiPredictor(p1, pa, p3)

Table 4: The different predictors for determining whether a synthesis run is good or bad.

of the predictors, select the best predictor, and then validate the performance of this predictor. Therefore, we
need two datasets: one for tuning the predictors, and one for validating the performance of the best predictor.

To create the tuning data, we perform an experiment using version 9.0 of Eclipse ESCET, on version
8.0 of the CIF benchmark models. A detailed description of these benchmark models can be found in [3].
In the experiment, we create a set of 33 variable orders, using different combinations of the available initial
orders and ordering heuristics in CIF. The goal of these different variable orders is to create good runs, bad
runs, and many runs in between. For each order, we use three different reachability settings: no forward
reachability, forward reachability first, and forward reachability last. For clarity, when forward reachability is
used, we append fw to the name of the model. Since forward reachability adds another computation to the
synthesis algorithm, we treat runs with and without forward reachability as separate models. As with the earlier
duplicate node measurements, we record the total number of nodes created as well as the number of duplicate
nodes created for each garbage collection cycle. Additionally, we measure the time that the algorithm spends
performing reachability computations. This produces a dataset with many different runs per model. We create
the validation set in the same manner, but use different models instead of the benchmark models. This way, the
tuning set and validation set are completely separate. See Section 5.5 for more information on the validation
set.

Before we can use this data, we need to label the runs in the data with the good and bad labels. We have
a lot of freedom with this labeling, as the only criterion for a good run is that it outperforms bad runs. The
labeling should be independent of intrinsic model complexity, as good and bad should be relative to the same
model. Since the user cares about the runtime of the algorithm, we should label each run according to the time
it takes to perform. There is still a small issue with this, however, as we have only performed a single timing
measurement for each run, which means that there could be a lot of variance in the measurements. Since it
takes many hours to perform the several thousand runs, especially when every run has to be performed multiple
times, we decide to instead use another technique to solve this. We construct a model for the runtime ¢ from
the collected timing data, such that the variances of the individual runs average out. We model the time ¢
as a linear combination of the number of operations and the number of garbage collections performed. This
is a refinement of the work by [24], where the runtime is modeled as a linear function of the number of BDD
operations. However, we have many runs where many garbage collections are performed, so that the time spent
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Table 5: Overview of the benchmark models used. Adapted from [3].

Nr Short name Full name Refs Size (US) Size (CS)
1 adas Advanced driver assistance system [25] 3.40 - 10 2.04-10'°
2 bes-static Body comfort system (static) (26, 27] 3.18 - 10 1.97- 10
3 bridge Bridge [28] 5.92-10% 9.55-10%
4 cluster-tool Cluster tool [29] 7.50 - 10°° 2.70 - 10
5 festo FESTO production line [30] 1.47-10%¢ 2.22-10%°
6 litho-init Lithography machine initialization [31, 32] 7.21-10% 2.46 - 10%°
7 mri-pss-event MRI scanner PSS (event-based) [33, 34] 3.60 - 103 3.09 - 10
8 mri-pss-state MRI scanner PSS (state-based) [34] 1.44 - 10 2.79 - 10%*
9 multi-agent-form Multi-agent formation [35] 1.00 - 10%® 3.04 - 10°2
10 prod-cell Production cell [36] 3.76 - 108 1.15 - 10%
11 theme-park Theme park vehicles [37] 2.95 - 10% 6.69 - 10%
12 wafer-scanner-nl Wafer scanner (n=1) [38] 5.30 - 10°%° 5.24 - 10%
13 waterway-lock Waterway lock [39] 5.96 - 1032 5.87-10*

garbage collecting cannot be overlooked. The model we use here is ¢ = t4.9 + t,0, where g is the number of
garbage collections performed, ¢4, the time it takes to perform a garbage collection, o the number of BDD
operations performed and t, the time it takes to perform a BDD operation. Then, to find ¢y, and ¢,, we can fit
this model to the collected data. This results in values of t,. = 5.0ms/gc and t, = 1.6 - 10~*ms/op.

Now that we have a model for the runtime of the algorithm, we can compute the runtime for each run by
plugging the number of garbage collections and operations performed into the model. Now we can actually
label the data based on the run that has the lowest runtime #;5est- When a run has a runtime higher than
3tiowest, we label it as bad. Otherwise, we label it as good. The factor 3 is chosen rather arbitrarily, but seems
reasonable as a user does not want to wait three times longer than necessary.

The dataset now contains both good and bad runs for many models. However, for some of the smaller
models no bad runs were produced. Therefore, we perform the experiment again, now adding data obtained by
changing the BDD initial node table to only 5,000 nodes, instead of the default value of 100,000 nodes. For
some models, this does in fact produce bad runs, while for others it still is not enough. We decide to include
only models that have both good and bad runs in the dataset in the tuning and validation of the predictors.
Table 5 shows an overview of the models that produce both good and bad runs, and therefore are used in the
experiments. The exact distribution of good and bad runs differs per model, where some models have more
good than bad runs, and vice versa. In total, the dataset contains 1859 good runs and 1061 bad runs. For some
models only the runs with forward reachability are used, as the ones without forward reachability did not result
in any bad runs being created.

5.4 Predictor tuning

Now that we have a dataset with many runs on many models, we can look for a slowdown predictor. As seen
in Table 4, there are quite a few predictors, and all of them have parameters that can be tuned. We want to
select the predictor that works best and tune it to get the best results. To do this, we apply many predictors
with different settings to the data, and select the best one. To simulate how a predictor acts during a run, we
consider the first parts of each run, and see whether the predictor can correctly classify the run at that stage.
We divide the runs into increasingly larger sections, where the first section contains the first 10% of the run,
the second section contains the first 20% of the run and so forth, all the way up to 100%.

Figures 24, 25, 26 and 27 show the results for each of the four basic predictor types. Since the NCyclesPre-
dictor has two parameters instead of one, it is shown in a 3 x 3 grid instead of in a single plot. What follows is
an interpretation of each of these figures.

Figure 24 shows an overview of the performance of different configurations of the TotalDuplicatesPredictor.
The figure shows a plot divided into cells. Each cell represents the average score of a TotalDuplicatesPredictor,
after having seen a certain part of a run. The x-axis of the plot shows the different thresholds used for the
predictor. The y-axis, read from top to bottom, shows what percentage of the run is considered. Each cell
then represents a score, which is indicated by its color. The bar on the right of the plot shows what score is
represented by which color. The score of a given cell with threshold ¢ and percentage p is calculated as follows:
for each model, have the predictor with threshold ¢ predict every run based on the first p percentage of the run.
Then find the fraction of correct predictions for this model. Lastly, find the final score by averaging over all
models. Each cell thus represents an average accuracy over all models.

The figure shows that a threshold of 0.0 performs awfully. With this threshold, it flags every run that
has a duplicate node creation as bad. Since duplicate node creations occur even for good runs, the predictor
misclassifies these runs. On the other end of a spectrum, a threshold of 1.0 is equally bad. This predictor flags a
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Figure 24: An overview of the performance of the TotalDuplicatesPredictor, with thresholds ranging from 0.0
to 1.0. The plot shows that a threshold of 0.1 performs best.

run as bad when it consists of only duplicates. As seen by the brightness of the columns, the performance seems
to peek with a threshold of 0.1. Larger thresholds are too strict, as indicated by the decreasing brightness.
Therefore, we will consider this threshold for further evaluation.

Figure 25 shows an overview of the performance of different configurations of the NCyclesPredictor. The
figure shows a 3 x 3 grid of plots for the predictors, corresponding to window sizes 1 through 9. Again, the
x-axis of each plot corresponds to the threshold used. In general, the plots shown are a bright green color,
which indicates that the predictor performs well. As seen in the plot, the bigger the window size, the worse
the predictor gets. Apparently the predictor is too strict when the window is too large. When zooming in on
a single window size, it becomes clear that setting the threshold too high is also detrimental to the predictor
performance. There are three configurations that stand out: a window size of 1 with a threshold of 0.2, a
window size of 2 with a threshold of 0.1 and a window size of 3 with a threshold of 0.1. We will keep these
three configurations in mind for further investigation.

Figure 26 shows an overview of the performance of different configurations of the NoProgressPredictor.
Compared to the previous two predictors, this predictor performs poorly. A threshold of 1 performs best, but still
does not compare to the TotalDuplicatesPredictor or the NCyclesPredictor. Evidently counting cycles without
unique node creations is not a good strategy for distinguishing good and bad runs. This is probably due to the
fact that not many bad runs have cycles without any unique node creations. Since it is clearly outperformed
by the TotalDuplicatesPredictor and NCyclesPredictor, we decide to not continue with this predictor.

Figure 27 shows an overview of the performance of different configurations of the VeryLittle ProgressPredictor.
It performs similarly to the NoProgressPredictor. Only when examining the average performance more closely
do we see that the VeryLittleProgressPredictor slightly outperforms the NoProgressPredictor, by a few percent
at every fraction of the run. However, in total, both predictors do not reach more than 68% accuracy after
having seen an entire run. Therefore, we also decide to leave this predictor out of consideration.

As seen in the plots, the TotalDuplicatesPredictor and NCyclesPredictor show the best results. We can
compare some of the best configurations in order to find out which predictor works best. For the TotalDupli-
catesPredictor we consider the predictor with threshold 0.1. For the NCyclesPredictor we consider the configu-
rations (1,0.2), (2,0.1) and (3,0.1), as these seem to be the most promising. When comparing predictors, we are
interested in what kind of misclassifications they make. In our case, a false positive occurs when the predictor
labels a good run as bad, and a false negative occurs when the predictor labels a bad run as good. Since we do
not want to bother the user when it is not necessary, we would like our predictor to have as few false positives
as possible, while still having a good average score. It is better to have a bad run continue a little longer than
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Figure 25: An overview of the performance of the NCyclesPredictor, with window sizes ranging from n = 1 to
n =9, and thresholds ranging from 0.1 to 1.0. The settings that stand out here are (1,0.2), (2,0.1) and (3,0.1).
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Figure 26: An overview of the performance of the NoProgressPredictor, with thresholds ranging from 1 to 5. A
threshold of 1 performs best, but overall the performance of the predictor is weak.
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Figure 27: An overview of the performance of the VeryLittleProgressPredictor, with thresholds ranging from
1 to 5. A threshold of 1 performs best. This predictor outperforms the similar NoProgressPredictor, but still
performs weakly compared to the other predictors.
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Predictor Average (30%) | Good runs (30%) | Bad runs (30%)
NCyclesPredictor(1,0.2) 0.86 0.87 0.85
NCyclesPredictor(2,0.1) 0.87 0.85 0.88
NCyclesPredictor(3,0.1) 0.85 0.89 0.80

TotalDuplicatesPredictor(0.1) 0.81 0.80 0.82

Table 6: Comparison of the accuracies of several predictors, after having seen 30% of a run.

Predictor Average (30%) | Good runs (30%) | Bad runs (30%)
ConjunctionPredictor 0.84 0.92 0.76
DisjunctionPredictor 0.81 0.77 0.86

MultiPredictor 0.84 0.92 0.76

Table 7: Comparison of the accuracies of several combinations of predictors, after having seen 30% of a run.

to have the user terminate a good run early. Table 6 shows a comparison of the five aforementioned predictor
configurations, after having seen 30% of a run. This threshold of 30% was chosen as the average score of the
predictors seem to remain the same after having seen 30% of a run. This allows us to compare predictors. The
table shows that the three NCyclesPredictors have similar scores on average. The NCyclesPredictor(1,0.2) can
accurately predict 86% of runs after having seen 30% of the run, the NCyclesPredictor can predict 87% of runs
correctly, and the NCyclesPredictor(3,0.1) has an accuracy of 85%. In order to make a decision on which one
of these is the best, we should consider how many false positives and false negatives it produces. As seen in
the good runs column, the NCyclesPredictor(1,0.2) correctly predicts 87% of good runs, meaning it produces
false positives in 13% of runs. The NCyclesPredictor(2,0.1) performs slightly worse in this regard, producing
false positives in 15% of the runs. The NCyclesPredictor(3,0.1) only produces false positives in 11% of runs.
When it comes to false negatives, the NCyclesPredictor(1,0.2) produces false negatives in 15% of cases. The
NCyclesPredictor(2,0.1) produces false negatives in 12% of cases, and the NCyclesPredictor(3,0.1) produces
false negatives in 20% of cases. Since we have decided that false positives are worse than false negatives, and all
three predictors have similar average scores, we decide that the predictor with a window size of 3 and a threshold
of 0.1 performs best. For the TotalDuplicatesPredictor, the threshold of 0.1 works best. It is still outperformed
by the NCyclesPredictor, however. Still, it may be useful to consider it when combining predictors. From now
on, when we refer to the TotalDuplicatesPredictor we assume it has a threshold of 0.1, and when we refer to
the NCyclesPredictor we mean the configuration with a window size of 3 and a threshold of 0.1.

Now that we have identified the NCyclesPredictor as the best predictor, we can examine how well it performs
exactly. To do this, we can plot the results of this predictor in more detail, by showing its performance on
every individual model separately. Figure 28 shows the overall results for this predictor. Across the board, it
seems to perform well, as it is able to classify many runs correctly early on. However, it seems to struggle with
classifying runs of the bcs dynamic fw, bridge fw and mri event fw models. To see what is going on, we can
plot the good and bad runs separately. Figures 29 and 30 show the performance of the predictor on the good
and bad runs respectively. As seen in Figure 29, the predictor produces many false positives on the bridge
fw model. Looking into the data of this model, it seems that even the best run in the dataset produces many
duplicate nodes. Since the predictor uses only these duplicate nodes to base its prediction on, it classifies all of
these runs as bad. This could mean that the model inherently produces many duplicates, or that we have not
been able to find a proper good run, where few duplicates are created. Also, good runs of the mri event and
wafer scanner models seem to be difficult to classify. Again, runs of these models produce many duplicate
nodes. Future work is needed to know whether this can be avoided, or that it is inherent to the model.

Looking at Figure 30, we see that the predictor struggles with bad runs of the bcs dynamic fw, mri event
fw and waterway lock fw models. Interestingly, all of these models have the forward reachability computation
setting enabled. Closer inspection of the data generated by these three models shows that the misclassified bad
runs in these models do not generate many duplicate nodes. However, since the runs are labeled as bad, they
still take much longer than the best run for these models. This could indicate that some other factor causes
these runs to perform poorly. It remains future work to determine which factor this could be, and how the
settings influence this factor.

Now that we have identified which configurations work best, we can attempt to combine predictors using
the ConjunctionPredictor, DisjunctionPredictor and MultiPredictor. Here, we can try to combine the TotalDu-
plicatesPredictor with the NCyclesPredictor, in an attempt to have them reduce each others weaknesses. Since
the MultiPredictor takes three predictors, we add the VeryLittle ProgressPredictor(1) as third argument, so that
it consists of three different predictors. Table 7 shows the results of these combinations of predictors.

First, we analyze the ConjunctionPredictor, which is the conjunction of the TotalDuplicatesPredictor and
the NCyclesPredictor. This new predictor is more strict when it comes to labeling a run as bad, since it requires
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Figure 28: Plot of the performance of the NCyclesPredictor using a window size of 3 cycles, with the threshold
10% -

set to 0.1.

Figure 29: Plot of the performance of the good runs of the NCyclesPredictor using a window size of 3 cycles,
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Figure 30: Plot of the performance of the bad runs of the NCyclesPredictor using a window of 3 cycles, with
the threshold set to 0.1.

both of its constituent predictors to label the run as bad. The data reflects this: the predictor labels more runs
as good, and fewer runs as bad. As a result, the predictor seems to score lower on average, but only by a single
percent compared to the NCyclesPredictor. However, the predictor is able to label 3% more runs as good, so
that it produces 3% fewer false positives. It is not quite as good on the bad runs, as it produces 4% more
false negatives. Since we have decided to prioritize minimizing false positives, we conclude that this predictor
outperforms the NCyclesPredictor.

Secondly, we attempt to combine the predictors using the DisjunctionPredictor. This predictor predicts that
a run is bad when one of its constituent predictors classifies it as such. Again, we take the combination of the
TotalDuplicatesPredictor and the NCyclesPredictor. After having seen 30% of the run, this combination scores
0.81 on average, 0.77 on the good runs and 0.86 on the bad runs. Therefore, it produces fewer false negatives
than the ConjunctionPredictor, but more false positives. Since we decided that false positives are worse than
false negatives, we still prefer the ConjunctionPredictor over this combination of predictors.

Lastly, we have a look at the MultiPredictor. Here, we take the combination of three predictors, and classify
the result according to the majority of the predictors. Again, we include the TotalDuplicatesPredictor and
the NCyclesPredictor. Since it does not make much sense to include a copy of one of the two predictors,
but with different settings, we take the VeryLittleProgressPredictor as our third predictor, with a threshold
of 1. The results show that this predictor performs similarly to the ConjunctionPredictor. This means that
the VeryLittleProgressPredictor does not influence the predictions much. Since the ConjunctionPredictor is
simpler, we prefer that predictor over the MultiPredictor. In the end, the ConjunctionPredictor consisting of
the NCyclesPredictor and the TotalDuplicatesPredictor is the best predictor: it strikes the best balance between
early detection of bad runs and having few false positives.

Now that we have identified the ConjunctionPredictor to be the best predictor, we can again look at its per-
formance on the individual models. Figure 31 shows the average performance of the predictor on the benchmark
models. Again, the ConjunctionPredictor performs the worst on the same models as the NCyclesPredictor: the
bcs dynamic fw, bridge fw and mri event fw models.

When looking at the good runs only, as shown in Figure 32, we can see that the ConjunctionPredictor
improves upon the NCyclesPredictor for the lithography init, lithography init fwandmri event models.
Apparently the extra requirement by the TotalDuplicatesPredictor causes several more runs to be correctly
classified as good, reducing the number of false positives.

When only the bad runs are considered, as shown in Figure 33, the ConjunctionPredictor performs worse
than the NCyclesPredictor. This makes sense, as the TotalDuplicatesPredictor adds an additional requirement
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Figure 31: Performance of the ConjunctionPredictor on the individual benchmark models.

for deciding that a run is bad. The models where the NCyclesPredictor already performs well are also classified
correctly by the ConjunctionPredictor, such as the wafer scanner, multi agent formation and agv models.
However, bad runs for the models that the NCyclesPredictor struggles with are also difficult for the Conjunc-
tionPredictor, such as the festo and cluster tool models. This is due to the fact that the ConjuctionPredictor
is more strict than the NCyclesPredictor, and can in fact only label a run as bad when the NCyclesPredictor
does so. However, as mentioned before, this is not a big problem, as the ConjunctionPredictor on average scores
similar to the NCyclesPredictor, while producing fewer false positives.

5.5 Predictor validation

Now that we have found and tuned the ConjunctionPredictor, we need to validate that it indeed performs well.
The predictor has good performance on the dataset used for tuning, but it is not fair to draw conclusions from
this. In fact, we have chosen this predictor such that is has good performance on the tuning dataset. In order
to be able to say anything about its effectiveness, we need to validate the predictor on a separate dataset. For
this dataset, called the validation set, we run experiments similar to the ones used for the tuning set, except
on entirely different models. This way, there is no crossover between the tuning set and the validation set, so
that the results are not influenced by the data in the tuning set. For the validation set, we choose several larger
models to collect the data from. This way, we have a representative scenario for validating the predictor, as in
practice the user will be mostly interested in using the predictor when they are actually synthesizing models
that take longer than a few seconds to synthesize. Table 8 shows details on the models in this validation set.
There is no reference for the fifo mixed model, but it is a variant on a CIF example’. Note that the validation
set contains three models that were generated by the assembler described in [40]. It is future work to experiment
with a more diverse set of models. In total, the validation set contains 238 good runs and 168 bad runs.

The results of the predictor on this validation set can be seen in Figure 34. On average, having seen 20% of
a run, it can classify 82% of the runs correctly. It classifies 68% of good runs correctly at this point, and 96%
of bad runs. It performs well on the Wwll, Wwl2 and Wwl3 models. It performs the worst on the Wafern2 fw,
WW12_fw and Wwl3_fw models. When we again separate the data into good and bad runs, we get a more complete
overview of the problem. As seen in Figure 35, the predictor seems to have difficulties predicting good runs for
all three of the aforementioned models. When viewing the data more closely, we find that these models only
have runs in the dataset with many duplicate node creations. This appears to be a characteristic of several
models that have forward reachability enabled. The extra reachability computation seems to produce many

"See also https://eclipse.dev/escet/cif/synthesis-based-engineering/example.html

53



1.0
0.8

™ S
=] S

I |

Good runs

- My oo Aeauaiem
- 30| Aemiaiem
Jauueds Jajem

- oy dedaway

- Ml (122 uonanpoud

- |22 uononpoud
[ g uonewo) usbe ninw

- uonewsoy juabe nnuw

- M) 23e1S LW

- A IUSAS LW

- JUaA2 LW

- My iUl AydesBoyy

- 3ur Aydesboyy

m M 0153

- 01534

- M) |001 J23snp

- |003 J235n]D
I ) =6pLq

- 2bpuq

- My D1jels saq

- DI11B1S S3q

- M) JIweuAp saq

- my abe

- nbe
- M) sepe

Bad runs

= @ ‘e = ™ <
P (< (S [ o (S
I 14y >p20] Aenuianem

- 30| Aemuaiem

- M) J3UUBDS J2jem

- 12UUBIS Jajem

- o ydedawanp

M (120 uoienpoud

[I22 uonanpoud

my uonewuoy Juabe nnuw
uonewuo) juabe nynw
My 21P35 LW

54

M) IUSAS LW
JUaAa LW

My iur AydeaBoyy
nul Aydeaboyyy
My 0153

0153

MJT|00Y J23snp
|00Y J23snp

My 2bplg
abpuq

My D1elS S3q
J11e1s so2q

M) JIweuAp saq
My nbe

nbe

My sepe

L2
&3

ER
oy =]
B o,

70%

=
=
e

100%

30%

Figure 32: Performance of the ConjunctionPredictor on the good runs of the individual benchmark models.
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Figure 33: Performance of the ConjunctionPredictor on the bad runs of the individual benchmark models.



Table 8: Overview of the models used for the validation set.

Nr Short name Full name Refs Size (US) Size (CS)
1 fifo-mixed FIFO robot with mixed conditions - 4.54-10° 1.33 - 102
2 wafer-scanner-n2 Wafer scanner (n=2) [38] 9.17 - 107 1.59 - 107
3 wwll Waterway lock 1 [40] 5.78 - 105° 2.71-1058
4 wwl2 Waterway lock 2 [40] 8.69 - 103! 5.34-107
5 wwl3 Waterway lock 3 [40] 5.77-10%3 1.53-107®

duplicates in some cases, which causes the labeling of the data to be skewed. It is possible that there are no
better runs for these models, or that we simply have not found an actual good run for these models. When
looking at the bad runs, as shown in Figure 36, the performance of the predictor is very good, as it is able to
detect bad runs after having only seen 20% of the run. All in all, the predictor performs well, as it is able to
predict 82% of runs correctly after having seen 20% of those runs, although there are some notable exceptions
that should be investigated further.

Validation ConjunctionPredictor
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Figure 34: Performance of the ConjunctionPredictor on the validation dataset. Note that Wafern2 is not in the
set, as the model did not synthesize within reasonable time for any of the chosen variable orders.
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Figure 35: Performance of the ConjunctionPredictor when classifying good runs from the validation dataset.
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Figure 36: Performance of the ConjunctionPredictor when classifying bad runs from the validation dataset.
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6 Conclusion

When performing supervisory controller synthesis, the user has no indication whether they should wait until
the synthesis algorithm terminates, or try running the algorithm using different settings instead. In this thesis
we explored whether it is possible to let the user know when a particular set of settings for the synthesis
algorithm performs poorly. In order to investigate this, we looked at the symbolic saturation algorithm used
in the CIF data-based synthesis tool from three perspectives: the input of the algorithm, the inner workings
of the algorithm and the data structures used to implement the algorithm. We used a step-wise approach to
investigate each of these three perspectives in parallel, in order to try and find some indicator of when a set
of settings is bad. When a perspective did not provide enough inside, we stopped further investigation of that
perspective and focused on the others. Out of the three perspectives, the data structures perspective turned
out to be the most promising, as it revealed that the current implementation of the saturation algorithm in the
JavaBDD library leads to a lot of duplicate work being done. In fact, many BDD nodes were created multiple
times. These duplicate nodes turned out to be the indicator that we were looking for.

Next, we came up with a set of predictors that predict whether a given run will be bad. A good predictor
should inform the user of a bad run early, but should not produce many false positives. We tried the TotalDu-
plicatesPredictor, NCyclesPredictor, NoProgressPredictor and VeryLittle ProgressPredictor, which we could also
combine using the ConjunctionPredictor, DisjunctionPredictor and MultiPredictor. Using a dataset consisting
of data on duplicate node creations from synthesis runs on different models with different settings, we found that
the ConjunctionPredictor performed best out of all tested predictors, with a good balance of detecting many
bad runs and having very few false negatives. This ConjunctionPredictor itself consists of the NCyclesPredictor
with a window size of 3 and a threshold of 0.1, and the TotalDuplicatesPredictor with a threshold of 0.1. Finally,
this predictor was validated on a separate validation dataset, where it correctly classified a run as good or bad
with 82% accuracy, after having seen only 20% of a run. It does produce false positives, as it correctly classifies
good runs with 68% accuracy, after having seen 20% of the run, although these false positives are only produced
on specific models.

57



7 Future work

Since the investigation performed in this thesis is exploratory, there are many possible avenues for future work.
We describe several of these possibilities here. Some of these are improvements over the current work, while
others are extensions to this work.

Firstly, we can continue with the two perspectives that did not lead to an indicator of progress. For the
transition relation perspective, we could further consider the possibility of a velocity for the saturation algorithm.
In this thesis, we attempted to find this velocity using a linear fit. However, perhaps a different fit that takes
the oscillations of the algorithm into account would be more appropriate.

For the input perspective, the blow-up mentioned in Section 4.3 still feels like a possible indicator for
slowdown of progress, since the BDD increases drastically in size. To study this further, we could look at the
number of nodes of the BDD over the course of a synthesis run. If this increases sharply, then every relational
product will take longer to compute. It still does not say much about how long it takes until a node is saturated,
however, so that more work on this is indeed needed.

Furthermore, we can combine the ideas of the two perspectives, by keeping track of where the transition
relations are applied in the saturation algorithm. However, this also requires us to keep track of the intermediate
BDDs, as the transition relations can be applied to nodes that are not in the initial BDD. Perhaps this would
provide more insight into the workings of the algorithm, compared to separate experiments for both perspectives.

The other perspective that we studied in this thesis was the implementation of the saturation algorithm in
JavaBDD. Here, we found that the implementation causes many duplicate nodes and duplicate cache entries to
be created. There are many avenues for future work when it comes to these duplicate computations.

When studying some of the figures on duplicate node measurements, we noticed that some duplicate nodes
could be measured in the very first garbage collection cycle. This does not make much sense, however. This
can be attributed to hash collisions when calculating the identifiers of the nodes. We should investigate how
many hash collisions are produced exactly, and whether there is a better hashing scheme available to avoid these
collisions.

Another improvement can be made when it comes to measuring the memory usage of the duplicate node
measurements. As mentioned in Section 5.1, the impact of the duplicate node measurements on the memory
usage of a run of the synthesis algorithm is left as future work. Memory measurements in Java are tricky, as the
Java Virtual Machine manages its own memory. Since it can also free memory during a run, it is possible that
more memory is in use before a run than after all the measurements are performed. Therefore, an investigation
into how to properly measure the memory usage that the measurements take is needed.

Another possibility is to use the insights obtained in this perspective to improve the implementation of
the reachability algorithm itself. It would be interesting to see whether it is possible to reduce the number of
duplicate computations. One idea that may be interesting here would be to change the implementation of the
saturation algorithm to saturate nodes iteratively instead of recursively, using a queue to store computations
that still have to be performed (note that the current implementation is recursive and therefore uses the call-
stack). This may influence the number of duplicate computations performed as the order of the computations
changes. Alternatively, some other order of saturating BDD nodes could help reduce the amount of duplicate
work. Another improvement could be to split the operation cache table into multiple tables. JavaBDD already
does this for several operations, but all saturation and relational product operations are stored in the same
cache table. Instead, multiple separate tables can be used, which would reduce the number of cache overwrites.
Alternatively, some sort of heuristic could be made to indicate which cache entries are most important, such
that important entries can be protected against being overwritten.

After we had studied the three perspectives, we decided to continue with the duplicate work measurements
to create a predictor for when a run is bad. To do this, we first generated data on good and bad runs, by
changing the settings of the synthesis algorithm. Here, we have mostly used the variable ordering settings to
create good and bad runs. However, the node and cache table size settings could also be interesting. One could
track the differences in cache entries created when altering the size of the table. This experiment could be
repeated with different sizes for the cache table, after which the operations performed in each experiment could
be compared. This could provide an insight in how these settings influence the saturation algorithm.

After the data was collected, we modeled the runtime of each run using a linear combination of the number
of operations performed and the number of garbage collection cycles performed, which we used to label the
runs. However, it is not clear that this linear combination is the best possible way to model the runtime of the
algorithm. Perhaps there is a more complex model that works better.

The process of labeling should also be looked into further. The labeling as done in this work is based on the
best run of a given model. However, it is not obvious that the best run of that model is actually in the produced
dataset. In fact, there have been models where every run produces many duplicate nodes. It is unclear whether
there actually exist runs that perform better. Therefore, some independent labeling strategy could be worth
investigating further.

After labeling, we used the data to come up with several progress predictors. The ConjunctionPredictor
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that we have come up with can be improved further. As it stands, it still produces many false positives and false
negatives. Ideally, it should have an accuracy that is way higher earlier on in a run of the synthesis algorithm.
In order to be able to determine this properly, we should reconsider how we divide a run into smaller parts. As
it stands, we have used increments of 10%, and evaluated the predictor at every such increment. However, it is
more interesting to the user to see after how much time a stable prediction can be made. This could then be
done both in terms of absolute time, as well as in the number of garbage collection cycles performed. Lastly, it
would be interesting to know how long it takes to perform a good run in comparison to how long it takes until
a stable prediction can be made.

We should also still consider the possibility that there could be an alternative predictor that is more accurate
than the ConjunctionPredictor. However, to make stronger claims about the accuracy of such a predictor, the
predictor should also be tested on even more models. Lastly, we should investigate why predictions on some
models are more difficult than others.

The validation set used in validating the settings for the ConjunctionPredictor contains three models of
waterway locks, generated by an assembler. However, this could incur bias. We should create a larger validation
set using more diverse models.

Finally, we could look into how to make the predictors more practical. Firstly, the predictors should be
integrated into the Eclipse ESCET toolkit, to make sure users can actually use them. In fact, since the
prediction method requires only that BDDs and the saturation algorithm are used, it may also be integrated
into other tools that use these techniques. The integration of the predictors as-is may not be too useful, however,
as the predictors studied in this thesis are still very primitive. After all, when a run is bad, they can indicate
that it is bad, but not what settings should be changed to improve it. It would be interesting to come up with
a method of deciding which settings should be changed. This information would be very helpful to the user,
as they now still have to do trial-and-error in order to improve the run. In order to realize this, we need more
knowledge on the influence of the available settings on the performance of the algorithm.

We should also investigate how the progress can be communicated to the user. It could be as simple as
a message that says the user should terminate the run, but that is not very informative. Another possibility
would be to show a graph similar to the duplicate node plots, so that the user can see what the prediction is
based on. We should study which manner of communicating is most informative to the user.

Overall, in this thesis only a first step is taken towards reporting ‘synthesis progress’, and more work is
needed before this can be made practical.
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