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Abstract

As SAT solvers become more powerful, the instances that they solve get bigger and bigger.
With the increasing size of the SAT instances, the propositional models, that are outputted
by the SAT solvers, also get bigger and take up more space. In order to decrease the size of
the propositional models that are permanently stored, we propose an algorithm to compress
propositional models. We also describe the corresponding decompression algorithm . The
compression algorithm uses unit propagation to find variables for which the assignment
can be derived from different variable assignments. The assignments for these variables do
not have to be stored explicitly, as it can be derived from elsewhere. Our algorithm finds a
reduced set of variable assignments from which all other assignments can be derived. This
set is the core of the compressed model. We use different methods to further minimize the
size of the compressed models such as ordering heuristics and off-the-shelf compression
algorithms. During the experimental evaluation, our algorithm achieved compression ra-
tios up to over 18 compared to storing the model as a bitvector with an average execution
time of 119 seconds per model.



Zusammenfassung

Da SAT-Solver immer leistungsfihiger werden, werden auch die Instanzen, die sie 16sen,
immer groBer. Mit den wachsenden SAT-Instanzen, werden auch die Modelle, die von den
SAT-Solvern ausgegeben werden, immer groBer und brauchen mehr Speicherplatz. Um
den Speicherplatzverbrauch von permanent gespeicherten Modellen zu verringern, stellen
wir einen Algorithmus zur Kompression von aussagenlogischen Modellen vor. Auflerdem
stellen wir den dazugehorigen Algorithmus zur Dekompression vor. Der Kompressionsal-
gorithmus verwendet Unit-Propagation, um Variablen zu finden, deren Belegung sich durch
andere Variablenbelegungen herleiten ldsst. Die Belegungen dieser Variablen miissen nicht
explizit gespeichert werden, da sie hergeleitet werden konnen. Unser Algorithmus findet
eine kleinere Menge an Variablenbelegungen, aus denen sich alle anderen Belegungen her-
leiten lassen. Diese kleinere Menge an Belegungen ist der Kern des komprimierten Mod-
ells. Wir verwenden verschiedene Methoden und Techniken, um die GroB3e der Menge an
Variablenbelegungen weiter zu reduzieren. Unter anderem verwenden wir Heuristiken, um
die Variablen zu sortieren, und bereits vorhandene Kompressionsalgorithmen. Wéhrend
der experimentellen Evaluation haben wir Kompressionsraten von bis zu iiber 18, im Ver-
gleich zu einem Modell, das als Bitvektor gespeichert ist, erreicht und die durchschnittliche
Ausfithrungszeit liegt bei 119 Sekunden pro Modell.






Contents

[Abstract

Zusammentfassung|

2.2 Unit Propagation| . . . .. ... ... ... ... ... ... . ... ..
2.3 Ordering Heuristics| . . . . . . . . . .. .. ... ... ... ........

[2.3.2  Jeroslow-Wang| . . . . . ... ... o
2.4 Compression Algorithms| . . . . . . .. .. ... ... .. .........
[2.4.1  Generic compression algorithms| . . . . . . . .. ... ..o

[3.2.4  Unit Propagation| . . . . . ... ... ... .............
[3.2.5 Compression Algorithms| . . . . . . ... ... ... ........
(3.3 Decompression| . . . . . .. ...

iv

10
10
11
13
14
15
16
16
16
17

vil



4 Implementation Detalils|

4.1 General Details| . . . . . . . . . ..

4.2 UnitPropagation| . . ... ... ... ... ... ... .. ... . ...,

6 Experimental Evaluation|

[.1  Experimental Setup| . . . . . .. ... ... o o

[5.2  Different Ordering Heuristics| . . . . . . .. ... ... ... ........

[5.4  Different Compression Algorithms| . . . . . . .. ... .. ... .. ....

[5.5 Compression and Decompression Times| . . . . . .. ... ... ... ...

[Bibliography]

19
19
19
20

23
23
24
25
27
28

31
31
31

33



1 Introduction

In this chapter, we explain the motivation behind this thesis and describe our contributions.

1.1 Motivation

The Boolean satisfiability problem, also known as SAT, describes the problem of deter-
mining if it is possible to satisfy a given set of propositional clauses. Programs that try to
solve the SAT problem are called SAT solvers, and they play an important role in formal
verification [24]] and the automation of electronic designs [21]. If a SAT solver finds that a
set of propositional clauses is satisfiable, it outputs the assignment of the variables to either
TRUE or FALSFE that satisfies all clauses. This assignment is also called a propositional
model. As SAT solvers become more powerful, the instances that they can solve contin-
uously become bigger and bigger [10]. As a result of that, the models that are found by
the SAT solvers also get bigger and contain more variables. Modern SAT solvers can solve
instances that contain hundreds of thousands of variables. If the instance is satisfiable and
a model is found, the assignment for every variable has to be stored explicitly, which takes
up more space, with increasingly bigger models. This becomes relevant, when the models
are stored permanently, as for example in the Global Benchmark Database (GBD) [16].

1.2 Contribution

In order to reduce the space that is needed to store propositional models, we propose an
algorithm that compresses these models and significantly reduces the space needed to per-
manently store them. The algorithm works by using unit propagation to find variable as-
signments that can be derived from other assignments. So the algorithm finds a reduced
set of variable assignments, from which all other assignments of the model can be derived.
This means that it is sufficient to only store this reduced set of assignments, as the rest of
the model can be reconstructed with this set. Multiple additional techniques are used to in-
crease the efficiency of the compression algorithm and decrease the size of the compressed
model. For example, ordering heuristics, which are also used in many SAT solvers, are
used to minimize the number of assignments needed for the compressed models and addi-
tional compression algorithms are used to further compress the reduced set of assignments.
In addition to the compression algorithm, we propose a decompression algorithm, that
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converts compressed models back into the original models. This is done by also using unit
propagation and the assignments from the compressed model to derive the remaining vari-
able assignments that were not part of the compressed model. During the decompression,
there are also multiple techniques needed in order to fully restore the original model, which
are described in detail in the following chapters.

In the experimental evaluation, we tested different ordering heuristics and generic com-
pression algorithms. For the different combinations, we compared the compression ratios
and execution times. During the test, we found out that the choice if a static or a dy-
namic ordering heuristic is used, has a big impact on these values. With static heuristics
we achieved average compression ratios over 6.5 compared to storing the original model
as bitvector and with dynamic heuristic compression ratios over 18 were achieved. So,
dynamic heuristics achieve better compression ratios than static heuristics, but they take
more time to compute, which impacts the execution time. The average execution time for
static heuristics was measured at around 45 seconds, whereas for dynamic heuristics, the
average execution time was around 119 seconds.

1.3 Structure of Thesis

The thesis is structured into multiple chapters. In Chapter |2} the main concepts are in-
troduced that are needed to understand the rest of the thesis. In Chapter [3| the algorithms
are explained in detail. First, the algorithmic details of the compression algorithm are de-
scribed and then the same is done with the decompression algorithm. After that, in Chapter
M}, some interesting details about the implementation of the algorithms are given. In the
last chapter, chapter [5] the results of the experimental evaluation are presented and the
effectiveness and performance of the algorithms are proven.



2 Preliminaries

In this chapter we introduce the concepts and algorithms that are used in the thesis and that
are necessary to understand the rest of the work.

2.1 The SAT Problem

The Boolean satisfiability problem (SAT) is the problem of determining if a given set of
propositional formulas is satisfiable. It is the first problem that was proven to be NP-
complete by Levin and Cook [S]]. A SAT instance consists of a set of variables and a set of
boolean clauses that are constructed from these variables. A boolean clause is built from
literals and boolean operators like OR (V) or AND (A). A literal is either a variable or
a negated variable. The clauses are normally given in conjuctive normal form (CNF). A
clause is in conjunctive normal form if it consists of the logical OR of one or more literals.
For example, x is a positive literal, =y is a negative literal and x V —y is a clause in CNF.
A SAT-instance is satisfiable if there is an assignment to the variables to either T"RU E' or
FALSFE, so that all clauses are satisfied. In this case, the variable assignment is called a
model. If there is no possible assignment that satisfies all clauses, the instance is unsatisfi-
able.

An example for a satisfiable SAT instance are the clauses z V y and -~z V —y, because
the assignment © = TRUFE,y = FALSE satisfies both clauses and therefore the whole
instance is satisfiable.

Programs that try to find a model for a given SAT instance are called SAT solvers. As SAT
is NP-complete, there theoretically is no real efficient algorithm and the worst case runtime
is always exponential relative to the input size. However, there are multiple techniques
to make the search more efficient. Most modern SAT solvers use conflict-driven clause
learning (CDCL) [22]]. The CDCL algorithm works by choosing a variable and assigning
a value to it. Then unit propagation, which is explained in more detail below, is used to
simplify the clauses. These two steps are repeated until either all clauses are satisfied or
a conflict is found. In case of a conflict, a new clause is derived from this conflict which
ensures that this variable assignment is not tried again. The search is then restarted from
an earlier state and the process continues until the SAT instance is either satisfied or found
to be unsatisfiable. The algorithm that is presented in this thesis takes many concepts and
techniques from CDCL SAT solvers and the most important of them are described in more
detail below.



2 Preliminaries

The most common use cases for SAT solvers are formal verification [24] and the automa-
tion of electronic designs [21]. Also, because SAT is NP-complete, many interesting prob-
lems can be converted into a SAT instance, such as the vertex cover problem or scheduling
problems [12] which are important for many different areas. So, the solving of SAT in-
stances is also relevant for the solving of many other hard problems.

2.2 Unit Propagation

Unit Propagation is an algorithmic concept used in most modern SAT solvers. It was first
introduced in the Davis-Putnam-Logemann-Loveland (DPLL) algorithm in 1961 [7] which
is the base for modern CDCL SAT solvers. Unit Propagation is used to simplify a set of
propositional clauses by using implications between the different clauses.

The technique bases on so called unit clauses which are clauses that only contain one literal.
For example, z or —y are unit clauses. For a SAT instance to be satisfied, all the clauses
have to be satisfied, so for unit clauses there is only one possible assignment to achieve
that goal. In the previous example that would be x = TRUFE and y = FALSE. Because
the assignment of the variable in the unit clause is fixed, it is possible to simplify other
clauses by applying one of two rules. The first rule states that all clauses that contain a
literal assigned to T'RU E can be deleted. This is because the whole clause is satisfied if
one literal evaluates to T'"RU E. The second rule states that in every clause that contains
a literal assigned to FFALSE, that literal is deleted from the clause because it cannot be
satisfied if the unit clause is satisfied. By applying these rules, it is possible that new unit
clauses are created which can be used to simplify the clauses further.

For instance, the set of clauses {z V y, 7z V =y V z,x} can be simplified to {—y V z, x}
using unit propagation.

Most SAT solvers work by assigning a value to a variable and then using unit propagation
to simplify the clauses to minimize the number of assignments that have to be made to
satisfy all clauses. Unit propagation also plays a very important role in the algorithm that
is described in this thesis.

2.3 Ordering Heuristics

Branching heuristics are another technique used in most modern SAT solvers to make them
more efficient. As mentioned above CDCL SAT solvers work by assigning a value to a vari-
able and then using unit propagation to simplify the clauses. Instead of assigning a value
to a random variable, branching heuristics try to find the variable and the assignment to
this variable that maximizes the number of clauses that get satisfied in the next propagation
step. This makes the rest of the problem easier to solve, as there are less clauses that still
need to be satisfied which increases the efficiency of the SAT solver. In the algorithms that
are described here, the heuristics are only used to establish an order between the variables
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and not to assign the variables. Because of that, in the following, the heuristics will be
calles ordering heuristics instead of branching heuristics. The heuristics work by calcu-
lating and assigning a value to each variable which is depending on different factors for
different heuristics. The variables are then sorted by their values and get assigned in that
order. Heuristics can either be static or dynamic. If a heuristic is static, the heuristic values
are calculated once and are not changed after that. With dynamic heuristics, the values get
updated as the propagation steps are made.

Ordering heuristics also play a major role in this thesis and in the following the heuristics
that were used are explained in more detail.

2.3.1 MOMS heuristic

The term "Maximum Occurrences - Minimum Size” (MOMS) does not describe a single
heuristic, but a whole group of ordering heuristics that all base on the same general idea.
However, in this thesis the term "MOMS heuristic" will refer to the heuristic that was
proposed by Jon William Freeman in his thesis in 1995 [11]. As the name already suggests,
this heuristic focuses on the variables that have the most occurrences in clauses of minimum
size. The size of a clause is defined by the number of literals that occur in the clause.

The heuristic value of a variable v is calculated with the following formula:

h(v) = f*(v) - f*(20) - 2" + 7 () + 7 (-v) (2.3.1)

Where f*(v) is the number of occurrences of v in unsatisfied clauses of minimal length
and n is a constant integer value.

The values get calculated for each variable and then they are ordered, so that the variable
with the highest heuristic value gets assigned first. This ordering heuristic can either be
used as a static heuristic or as a dynamic, if the values are constantly updated as clauses are
satisfied.

2.3.2 Jeroslow-Wang

The Jeroslow-Wang branching heuristic was introduced in 1990 and is named after its
authors Robert G. Jeroslow and Jinchang Wang [[17]. Similar to the MOMS heuristic, this
heuristic is also based on the length of the clauses, but instead of only focusing on the
clauses of minimum size the Jeroslow-Wang heuristic considers clauses of all sizes in the
calculation.

For this heuristic, the values for each variable v are calculated using the following formula:

hv)= > 27 (2.32)
vEc,ceF

Where F' is the set of all clauses in the SAT instance, c is a clause from that set and |c| is
the number of variables that are contained in the clause.
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As seen in the formula, the heuristic includes all clauses in which the variable is contained
and weights them by their size. So, occurrences in clauses with less variables have a
bigger impact on the heuristic value that occurrences in bigger clauses. The variables are
also ordered so that the variable with the highest heuristic values gets assigned first. The
Jerowlow-Wang heuristic can also either be used as a static or a dynamic heuristic.

2.4 Compression Algorithms

Compression algorithms are algorithms that take data as input and encode them into a rep-
resentation that takes up less space than the original. There are two main categories of data
compression, lossless and lossy compression. Lossless compression encodes the data in a
way, so that it is possible to retrieve the original data without any loss of information. In
most cases, the algorithms use statistical redundancies in the input data to achieve this form
of compression. Two popular examples for lossless compression methods are the Huffman
code [15] and the Lempel-Ziv [23]] algorithms that are explained in more detail below. On
the other hand, lossy compression encodes the data in a way where some information is
dropped and not recoverable. This method is mostly used in image and audio processing,
as it is acceptable there to lose some information to save space. Many popular file formats
make use of lossy compression, such as the JPEG format [1] for images or the MP3 for-
mat for audio [2]. But in this thesis, the focus lies on lossless compression, as these are
the only ones used during model compression, because the compressed model should be
reconstructed perfectly without any loss of data.

2.4.1 Generic compression algorithms

There are two generic compression algorithms used on this work. These algorithms are
only used from external libraries and are not implemented as part of the thesis. In the fol-
lowing, we will briefly explain the main concepts of the two algorithms.

The first algorithm is LZ4 [[19]. It is a lossless compression algorithm that was developed
by Yann Collet and first introduced in 2011. LZ4 is based on the concept of the LZ77 com-
pression algorithm [25]. LZ77 compressed data by replacing sequences that occur multiple
times in the input data with a reference to the first occurrence of that sequence. So only
one instance of each sequence and the references to that sequence have to be stored. L.Z4
builds on that approach and uses its own format to store the sequences and references.
The second compression method that is used is ZIP. ZIP is a file format that supports loss-
less data compression. It allows multiple compression algorithms, but the most popular
is the DEFLATE algorithm [9] which is a combination of the previously mentioned LZ77
algorithm and Huffman coding. A Huffman code is a variable-length code that encodes
characters by their probabilities of occurrence in the input data. Characters that occur more
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often in the input data are represented with fewer bits than characters with less occurrences
in the input data. Using these different representations of the characters, the data gets com-
pressed losslessly. The DEFLATE algorithm compresses data in two stages. During the
first stage, the data gets compressed using the LZ77 algorithm and after that the resulting
representation is compressed again using a Huffman code. Zip compression is mostly used
to compress one or multiple files but in this work it is also used to compress raw data.

2.4.2 Golomb-Rice codes

Golomb-Rice coding is another lossless compression method [[14]]. In contrast to the previ-
ously mentioned methods, it is only possible to encode integer values with this code. It is a
variable-length code where the length of the encoding is depending on the probabilities of
the different values. Smaller values need less space than bigger values, so the Golomb-Rice
code is efficient in applications, where smaller values are a lot more common than bigger
ones.

For the encoding a tuneable parameter r, also called the divisor, is used which is a power
of two. The value that should be encoded is then divided by the divisor and the quotient
and the remainder of the division is saved. The quotient is encoded with a unary encoding
which either consists of only zeros or ones. This unary encoded value is the first part of
the whole encoded value. After that, a separation bit follows to mark the end of the unary
encoding. The separation bit must have the opposite value of the unary encoded value.
The remainder then gets encoded using a binary encoding, consisting of logs(7) bits. This
value is then appended to the other encoded values and completes the Golomb-Rice en-
coded value.

For example, if the divisor » = 4 and the value 6 should be encoded, the division results in
6/4 = 1-4+4 2. So, the quotient is 1 and the remainder 2. The unary encoding of 1 with
ones would be 1 and the binary encoding of 2 would be 10. Together with the separation
bit, the final Golomb-Rice encoded binary value is 1010.

The encoded values can be decoded again by counting the bits until the separation bit to
get the quotient. Because the length of the remainder can be derived from the divisor, the
remainder can just be retrieved by reading the correct number of bits after the separation
bit. The quotient is then multiplied with the divisor and after the remainder is added, the
original values is restored.

2.5 Related Work

To our knowledge, there are currently no publications that deal directly with the topic of
propositional model compression. However, there are other areas in the context of SAT
solving where compression is used.

One of these areas is the compression of formal proofs. As the SAT problem is NP-hard, it
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is not possible to solve in polynomial time, but it is possible to verify a solution efficiently.
If a SAT instance is satisfiable and a model was found, it can easily be verified by assigning
the variables and checking if all clauses are satisfied. If a SAT instance is not satisfiable,
most modern SAT solvers generate a formal proof to show why there exists no model for
this instance. Many of the solvers use clausal proofs [8] to represent these formal proofs
which will not be explained in detail here. One problem with clausal proofs is that they can
get exponentially big compared to the initial instance [3l]. To reduce this problem, there
are multiple techniques and algorithms that aim to compress these proofs to reduce their
size and make them easier to be verified. Two methods of compression were introduced in
2010 by Scott Cotton [6]. The first method uses structural hashing to extract shared struc-
ture from a proof that can be merged to decrease the size of the proof. The second method
uses a sequence of so called splitting operation to re-arrange the proof in a way that is takes
up less space. Another algorithm is called RecycleUnits that was first proposed by Bar-Ilan
et al. in 2009 [4]. This method uses unit clauses in the proof to achieve the compression,
which also will not be described in detail here. In the same paper, another algorithm called
Recycle-Pivots is presented, which uses so called pivot variables to compress proofs. This
method is also not described in detail here.

Another area where compression was tried is the descriptions of logic formulas and clauses.
This was done in a bachelor thesis by Jens Manig in 2018 [20], that tests multiple ap-
proaches to compress propositional clauses that are stored in the Dimacs CNF file format.



3 The Compression and
Decompression Algorithms

In this chapter the main approaches and algorithmic concepts of the compression and de-
compression algorithms are explained.

3.1 General Overview

The approach consists of two separate algorithms, the compression and the decompres-
sion algorithm. The compression algorithm is responsible for encoding and, as the name
suggest, compressing the model. On the other hand, the decompression algorithm is re-
sponsible for decoding the compressed data and reconstructing the original model.

The general pipeline of the compression algorithm is shown in Figure [3.1] The algorithm
takes a propositional model and a set of clauses as input and outputs the compressed model.
The main part consists of a loop that contains the ordering heuristic, the prediction model
and unit propagation. First, a variable is chosen by using the ordering heuristic. This vari-
able is then assigned with the value from the model and passed to the prediction model
which is used to increase the efficiency of the algorithm and is explained in more detail
below. After that, unit propagation is performed to simplify the clauses. If there are still
unsatisfied clauses after the unit propagation, the loop continues and a new variable is
chosen. But if all clauses are satisfied, the loop stops and an additional compression algo-
rithm is used to further compress the result. The output of this compression model is the
compressed model that is returned by the algorithm. The whole compression process is
described in detail in Section[3.2]

The compressed models are converted back into the original model by the decompression
algorithm. An overview of the pipeline is shown in Figure[3.2] The first step of the decom-
pression process is to reverse the compression that was done as the last step of the model
compression. This is done by passing the compressed model into the decompression algo-
rithm that matches the one with which it was compressed. After that, the decompression
algorithm consists of a loop that is very similar to the loop used in the compression algo-
rithm. The only difference is the prediction model which is used to restore the assignment
of the chosen variables. The loop is also executed until all clauses are satisfied and after
that the original model is returned.

In the following sections, the different pipeline steps are explained in more detail. In Sec-
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tion the compression process is explained and all the steps are described there. The
Ordering heuristics, Prediction model, Unit propagation and the compression algorithms
are described in this section. In Section[3.3] it is explained how the decompression works,
which is done by describing the differences to the compression algorithm, as they are very
similar. So, the decompression algorithms and the prediction model decoder are described
in this section, but the ordering heuristics and unit propagation are not explained again.

All clauses
Set of Not all clauses Unit propazation satisfied Compression
clauses satisfied propag algorithm
Compressed
model
Propositional
model
Orde.m?g Prediction model
heuristic
Figure 3.1: An overview of the compression algorithm.
Set of Decompression . .
clauses algorithm Unit propagation
Original
model
Compressed
model
g Ordering Prediction model
heuristic decoder

Figure 3.2: An overview of the decompression algorithm.

3.2 Compression

3.2.1 Overview

There are many different ways to compress propositional models. The easiest way is to
just change the representation of the model. For instance, models are normally stored by
saving an integer value for each variable that either has a - in front of it or not to show the

assignment of the variable. A possible representation of the model, that would take up less

10
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space, would be to simply store the model as a bitvector, where a 0 represents a negative
assignment, 1 a positive assignment and the position in the bitvector would represent the
variable.

But there are also more complex techniques that can be used to compress propositional
models. The approach that is followed in this thesis uses unit propagation to achieve com-
pression. The models are compressed by using the unit clauses that were found during unit
propagation. Because unit clauses only have one valid assignment in the current context,
the value of the variable can be derived from the other assigned variables and does not have
to be stored explicitly. For example, if the clause x V y is given and z is assigned with
FALSE. In this case, y is a unit clause and the only possible way to satisfy the clause is
by assigning y with T'"RU E. But because the value of y can be derived from the assignment
of z, it is not necessary to store the value of y and it is enough to save the assignment of x.
This is the main concept used in this thesis to compress the models, so the structure of the
algorithm is similar to those of CDCL SAT solvers, where a variable is chosen, assigned
and the unit propagation is performed. This is repeated until all clauses are satisfied and a
smaller set of variable assignments is determined, from which all other assignments can be
derived.

As already shown in Section[3.1] there are multiple techniques used, like ordering heuristics
and the prediction model, to increase the compression ratio and efficiency of the compres-
sion algorithm. These techniques are described in more detail below.

3.2.2 Ordering Heuristics

After the model and the clauses are parsed and before the actual compression can start,
the heuristic values for each variable have to be calculated. This is necessary to establish
an order in which the variables are assigned during the compression process, which aims
to make the compression more efficient and achieve a higher compression ratio. In SAT
solvers, ordering heuristics are used to increase the efficiency by choosing the variables
in an order, so that the number of assignments that are derived during unit propagation is
maximized. This also helps with model compression, because if more assignments can be
derived during unit propagation, less variables have to be assigned explicitly. That means
that the compression ratio is increased, because less variable assignments have to be stored
explicitly. The variables are sorted by the heuristic values and stored in a priority queue,
because this data structure allows efficient ordered access of the variables. The heuristic
values are calculated once for every variable before the main compression starts. If the
heuristic, that is used, is used as a static heuristic, the heuristic values and the order of
the variables are not changed after the initial calculations. If the heuristic is used as a
dynamic heuristic, the values are updated during the compression process and the order of
the variables can change dynamically. We consider three different heuristic methods.

The first possible method to order the variables is by not using a heuristic at all. In this
case the variables are assigned in the order in which they were parsed by the program.

11
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This method requires no additional computations, but it also does not improve the final
compression ratio, as shown in Section [5.2]
The second method for variable ordering is using the Jeroslow-Wang heuristic [17]. The
heuristic values for each variable are calculated using the Formula[2.3.2] which was already
described in more detail in Section [2.3.2] When the heuristic is used statically, the values
are calculated once for every variable. Then the order is established using these values, so
that the variable with the highest heuristic value is assigned first and then this order is not
changed during the compression. On the other side, if the heuristic is used dynamically the
values are updated during the propagation. Every time a clause is satisfied, the heuristic
value of each variable in this clause changes, because the clause is no longer relevant for
the heuristic. Because the values are a sum of terms for every clause, it is possible to
update the values by simply subtracting the term that belongs to the satisfied clause. With
this method, the values can be updated for every variable v in a satisfied clause using the
formula:

Pinew (V) = hopa(v) — 271650l (3.2.1)

where cg,; 1s the clause that was satisfied. Making these updates needs additional computa-
tion time, but because the values are always adjusted to the current state, the heuristic gets
more precise which can lead to better compression ratios.

The third method for establishing an order between the variables, is the MOMS heuristic,
as it was described in Section [2.3.1] This heuristic follows a similar approach to Jeroslow-
Wang, but instead of considering all clauses, the MOMS heuristic only uses the clauses of
minimum size. So, before the values for each variable can be calculated, the minimum size
of all clauses has to be determined. To do this, the algorithm iterates over all clauses and
compares the size of the current clause with the minimum size of the previous clauses. In
addition to the minimum size, the number of clauses that have minimum size is also stored
and is relevant for the dynamic use of the heuristic. After these values are determined, the
heuristic value for each variable can be calculated using the Formula [2.3.1] which is also
further described in Section If the heuristic 1s used statically, these values are then
used to order the variables and no further changes to the heuristic values are made during
the compression. But if the MOMS heuristic is used dynamically the values change during
the compression process. Similar to Jeroslow-Wang, the value of a variable has to be up-
dated, if the variable is contained in a satisfied clause of minimum size. Which calculations
have to be made to update the variable is dependent on whether the variable occurs as a
positive or negative literal in the clause. For example, if the variable occurs as a positive
literal in the satisfied clause, the formula for the heuristic value can be displayed as

hnew(v) = ((f*(v) = 1) + f*(=v)) - 2" + (f*(v) = 1) - f*(=0) (32.2)

where f(v) takes the occurrences from before the clause was satisfied. This formula can
then be simplified to:

hnew(v) = (f*(v) + f*(=0)) - 2" + f*(v) - f*(-0) = 2" = f*(-w) (32.3)
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which can also be displayed as:
Pnew(V) = hog(v) — 2" — f*(—w) (3.2.4)
On the other hand, if the variable occurs as negative literal the resulting formula would be:

Pnew (V) = hoa(v) — 2" — f*(v) (3.2.5)

Because 2" is a constant, it can easily be subtracted and for the rest, the number of occur-
rences of the inverted literal has to be determined and then this number is also subtracted
from the initial heuristic value. If all clauses of the current minimum size have been sat-
isfied, the minimum clause size has to be newly determined and the heuristic values for
all variables, that are not assigned yet, have to be recalculated. This procedure is repeated
until all clauses are satisfied. In the same way as with the Jeroslow-Wang, the dynamic use
of the MOMS heuristic adds computational complexity, but in return it can increase the
compression ratio.

3.2.3 Prediction Model

The prediction model sits between the ordering heuristic and unit propagation and aims
to improve the compression ratio by predicting the assignment of the variables. If the
prediction is correct, the assignment of the variable can be inferred by the decompression
algorithm by using the same prediction model. So, in this case, it is not necessary to
explicitly store the assignment, which reduces the size of the compressed model. The
model works by the assumption that a variable is more likely to be assigned with the value
with which it occurs in more unsatisfied clauses. So, if a variable occurs in more unsatisfied
clauses as positive literal than it occurs as negative literal the variable is more likely to be
assigned with TRU E than with FALSFE. This prediction is then compared to the actual
value, that the variable gets assigned with by the model. If the value is identical to the guess
of the prediction model, the prediction is right and if the values are different, the prediction
is wrong. If the variable in the previous example would be assigned with TRUF, the
prediction would be correct.

Every time a new variable is chosen by the heuristic, the prediction model is applied to
it and a boolean value is saved that indicates whether the prediction is correct or not. So,
after all clauses are satisfied, there is a set of boolean values which shows for every assigned
variable if the prediction was correct. These boolean values could be used as a bitvector
that represents the compressed model, because the information about the prediction would
be enough to know how each variable has to be assigned. However, this representation
would take the same space as storing the assignment directly as a bitvector. It is possible
to compress the prediction model values further. This is done by using a delta encoding.
The delta encoding looks at the values in the order in which they were created and only
stores the distances between the two nearest FFALSE values. For example, if the set of
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boolean values {0,1,1,0, 1,0} would be encoded to {0,2,1}. So, if the prediction model
is accurate and the predictions are correct for a majority of the variables, the size of the
delta encoded values becomes smaller in comparison to the initial boolean values which
then increases the compression ratio.

To increase the accuracy of the prediction model, the general assumption can be inverted
throughout the compression. This happens, if the predictions are wrong multiple times in a
row. We propose to set a fixed number of times which the prediction model can repeatedly
be wrong. If this number is exceeded, the prediction model in inverted. This means that
from this point on the prediction is correct if the assigned value is the one with which
the variable occurs in less unsatisfied clauses, which also means that all Boolean values
are inverted. The prediction model can flip multiple times during the compression if the
inverted model is also wrong for more times in a row than the fixed parameter allows. This
technique needs no additional space, because the inversion can be detected implicitly by
the decompression algorithm.

3.2.4 Unit Propagation

Unit propagation is the key concept to compress the models. It is executed after a vari-
able was chosen by the heuristic and assigned with the value from the original model. Unit
propagation tries to simplify the remaining clauses and tries to find variables whose assign-
ment can be derived from the previous assignments. The general algorithm is explained in
Section 2.2 In the following, we outline how unit propagation is used in the model com-
pression algorithm.

Every time a variable gets chosen and assigned with a value, it is inserted into a queue
before unit propagation is executed. The propagation consists of a loop that is executed
until there are no more variables in the queue. In this loop, always the first variable of
the queue is taken as the variable that will be propagated. The main propagation is similar
to the procedure described in Section [2.2] and the two rules are applied to the clauses in
which the variable, that is currently propagated, occurs. But there are some things that are
different from the standard unit propagation.

The first difference is, that the values needed for the prediction model need to be updated.
For every variable that occurs in a clause that is satisfied in the current propagation step,
the number of unsatisfied clauses in which it occurs has to be updated. These values are
needed to make the prediction as described in Section [3.2.3]

The second difference is that the heuristic values have to be updated. This also has to be
done for all variables that occur in a clause that is satisfied during the current propagation
step. For each of these variables, the heuristic value is updated as described in Section
So, for example, if given the clause x V y V z, the variable x is assigned with T'"RU F
and propagated, the clause gets satisfied. So, the values for the prediction model and the
heuristic values have to be updated for the variables y and z.

The rest of the unit propagation is similar to the procedure described above. If a unit clause
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is found during unit propagation, the variable is inserted into the propagation queue. The
propagation continues until the queue is empty. After that a new variable has to be picked
and assigned.

In most modern CDCL SAT solvers, unit propagation is the part that requires the most
computation. It is the operation that is performed the most often, because the solver has
to backtrack and restart when a conflict is encountered. As a consequence of that, unit
propagation often is a bottleneck in SAT solvers. However, this is not a problem in the
here described algorithm, because the model is known beforehand. Therefore, there are
no conflicts and restarts and the unit propagation has to be executed only once for each
variable. So, a lot of performance issues that exist in SAT solvers do not pose a problem in
the model compression algorithm.

3.2.5 Compression Algorithms

After all propagation steps are made and all clauses are satisfied, the resulting product
is a set of boolean values from the prediction model, which represent the assignments
that were taken from the original model, as described in Section [3.2.3] These values are
then compressed further using the ZIP compression, the LZ4 algorithm and Golomb-Rice
codes which are described in more detail in Section [2.4] The algorithms for ZIP and LZ4
compression are not implemented as part of this thesis and are used with external libraries.
However, the Golomb-Rice encoding is implemented in this work.

Some of the algorithms need a different representation of the input data than others.

The ZIP and LZ4 compression methods need a string value as input, so the values from the
delta encoding have to be converted. This is done by appending all values to one another
and separating them with a whitespace character. The resulting string is used as input for
the compression library and then compressed with the respective algorithm. The output of
the compression is also a string value that contains the compressed data.

The Golomb-Rice encoding can only compress integer values, so the values from the delta
encoding do not have to be converted and can just be passed to the compression algorithm.
Each integer value is compressed separately. The values are considered in the order in
which the values were passed. The bit representations of the compressed integers are then
appended to each other and converted into a string. This string is then returned by the
compression algorithm.

After the compression is done, the resulting string is written to the output file and the model
was successfully compressed.
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3.3 Decompression

3.3.1 Overview

The goal of the decompression algorithm is, to convert the compressed model back into the
original model. In order to achieve this, variables have to be assigned with values from the
compressed model and unit propagation has to be performed to restore the assignments of
the variables, that were not part of the compressed model. So, the general decompression
process is very similar to the compression algorithm, but some steps have to be adjusted,
as already shown in Section [3.1] The first change is at the beginning of the pipeline, where
the compressed model is input into a decompression algorithm which decodes the data that
was compressed during the last step of the compression. These decompression algorithms
are explained in more detail below. The main loop of the decompression is the same as in
the compression algorithm where a variable is chosen, assigned with a value, and the unit
propagation is performed until all clauses are satisfied. The main difference in this loop
between the compression and decompression algorithm is the prediction model. During
the compression, the prediction model is used to make some assignments implicit. During
the decompression, this information, that comes from the compression prediction model is
decoded and used to assign the chosen variables with the correct values. This is explained
in more detail below. After the main loop has finished, the assignments of all variables are
successfully restored and the original model can be returned.

3.3.2 Decompression Algorithm

As seen in Section the compressed model consists of the prediction model values that
were encoded using an additional generic compression algorithm. So, in order to use the
prediction model values to decompress the model, they first have to be decoded.

If the ZIP or LZ4 compression algorithms (see Section[2.4)) are used, the compressed model
is simply passed as string into the corresponding library. The library then decodes the
string and returns another string which then contains the prediction model values separated
by whitespace characters. This string is then converted into a set of integer values which
contains the original prediction model values.

If the Golomb-Rice code (Section[2.4.2)) is used, the decoding is not handled by an external
library and is implemented as part of the decompression algorithm. The compressed model
is also submitted as a string. From the binary data of the string, the prediction model values
can be decoded one by one, in the order in which they appear in the compressed model.
The values are decoded by using the method already described in Section [2.4.2] When all
prediction model values are decoded successfully, they are returned and can now be used
to decompress the actual model.
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3.3.3 Prediction Model

In the compression algorithm, the value that is propagated is assigned with the value from
the original model. For obvious reasons, this is not possible for the decompression algo-
rithm. So, the decompression has to use the information provided by the compressed model
which consists of the prediction model values to assign the variables.

The values are considered in the order in which they occurred in the compressed model.
After the first variable is chosen, the first prediction model value is loaded. As described
in Section [3.2.3] the prediction model values are delta encoded, so each value describes
the distance between two false predictions. These distances are then used to determine the
assignments of the variables. They are considered one by one and are used as counter to
determine when the next prediction is false. If the prediction for the current variable is
correct, it is assigned according to assumption described in Section[3.2.3] For example, if
the variable x occurs in three clauses with the literal « and in five clauses with the literal
-z, the variable would be assigned with FALSE. After every assignment with correct
prediction, the current distance value is decremented by one. If the value gets to zero, this
indicates that the prediction for the current variable is false. In this case, the variable is
assigned with the inverted value from the prediction model. So, in the previous example,
2 would be assigned with TTRUE. Then the next distance is loaded and the process is
repeated. The procedure is repeated until all the distances from the prediction model are
used. If there are still unassigned variables, the predictions for them are correct and they
are assigned as previously described.

The automatic inversions of the prediction model also need to be considered. As described
above in Section [3.2.3] the prediction model is flipped if there are too many false pre-
dictions in a row. There are no marks in the compressed model that indicate when the
prediction model is flipped, but it is possible to get that information implicitly from the
prediction model values. If two consecutive predictions are false, the distance between
them is zero, so a zero is written to the compressed model. So, the number of consecu-
tive false predictions can be determined by looking at the number of consecutive zeros that
appear in the values of the compressed model. To determine if the prediction model must
be flipped, a counter can be used that always holds the current number of consecutively
read zeros. So, if this counter reaches a value that equals the threshold used during the
compression, minus one, the prediction model needs to be flipped. The subtraction of one
is necessary, because the prediction model values describe the distances between the false
predictions. For example, if there are ten false predictions in a row, there would be nine
consecutive zeros in the values of the compressed model. When that threshold is reached,
all further assignments are inverted compared to how it was described above. After the
inversion the counter is reset and if it reaches the threshold again, the prediction model is
flipped again.
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4 Implementation Details

In this chapter, we go into detail on the implementation of the algorithms, especially the
implementation of unit propagation and the Golomb-Rice codes.

4.1 General Details

This section goes more into detail on the implementation of the algorithms. The application
is written in C++ and the full source code can be found here: https://github.com/
Captainval99/propositional-model-compression. There are two separate
programs, but they use the same source code for most of the key concepts, like the ordering
heuristics, unit propagation and the compression algorithms.

There are also some parts of the program that were taken from other projects. For instance,
the parser used to convert the user input into the right format is taken from the "Global
Benchmark Database, C++ Extension Module (GBDC)" [[13]. The ordering heuristics use
a priority queue for efficient access and ordering of the variables. Because the C++ stan-
dard library does not contain a priority queue implementation that allows the updating of
priorities, an implementation was taken from the "Minisat" SAT solver [23]]. In addition to
that, as already described in Section [2.4] the LZ4 and ZIP compression algorithms are not
implemented as part of the thesis and instead the 1z4 [[19] and zlib [26] libraries are used to
compress the data.

In the following, the implementation of unit propagation and the Golomb-Rice coding are
explained in more detail, because they are both key components of the program whose
implementations are crucial for a good performance.

4.2 Unit Propagation

Unit propagation is one of the key concepts of the algorithms and a lot of computation time
is spent executing unit propagation. So, an efficient implementation of unit propagation
is crucial to ensure a good performance of the overall program. To accomplish this, three
main values and data structures are used during unit propagation. The first is the trail
which is a vector that holds all variables that are propagated. It acts as propagation queue
that is used to determine which variable is propagated next. The next important value is the
head which is an integer value that holds the number of variables that have already been
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propagated. This is needed to determine when the unit propagation is finished. The third
important data structure is the values array that holds the assignment of every variable.
Before the propagation is started, the variable, that should be propagated, must be inserted
into the trail and its assignment must be set in the values array. The propagation then runs
as long as the head value is smaller than the number of elements in the trail. The unit
propagation is implemented using full occurrence lists. That means that for every variable
two lists are stored that hold pointers to the clauses in which the variable occurs as positive
or as negative literal. This allows for an efficient propagation, because, in order to apply the
rules described in Section [2.2] it is enough to iterate over the occurrence lists. In addition
to that, a counter is stored for every clause that holds the number of unassigned variables
in the clause. This is used to efficiently determine if a clause is a unit clause, because if the
counter reaches a value of one and the clause is still not satisfied, the clause has only one
unassigned variable left which then can be assigned and inserted into the trail. So, these
methods allow for a fast and efficient unit propagation.

4.3 Golomb-Rice codes

Golomb-Rice coding is the only generic compression method used in this thesis, that was
implemented from scratch.

The compression is implemented as a function that takes a vector of integer values as in-
put. It returns a vector of chars which holds the appended byte representations of the
compressed integer values. The integers are compressed one by one. First, the quotient
and remainder have to determined, as described in Section [2.4.2] Because the divisor must
be a power of two, the division and modulo operations can be implemented efficiently by
using bit shifting and masking. After that, the quotient is unary encoded with ones. The
algorithm works with one byte at a time, which is represented by a char, so a value called
“offset” is used that holds the number of bits in the current byte that are already filled with
data. This value is then used to determine if the unary encoding fits into the current byte
or if additional bytes are needed. If additional bytes are needed, the current byte is filled
and then inserted into the output vector. The rest of the data is then written into a new char.
Then, a zero is inserted as separation bit. This is implemented by just adding one to the
offset value. After that, the remainder is binary encoded and written in the same way as
the quotient. This procedure is then repeated for all integer values and the compressed bits
are appended to another by using the offset value. After all integers are compressed, the
remaining unused bits in the last byte have to be flipped to ones in order to ensure a correct
decompression.

The decompression is also implemented as a function that takes a string, that contains the
binary representation of the compressed integers, as input. It also outputs a string that
contains the decompressed integers separated by whitespaces. This is done instead of out-
putting the integer values directly, to make the output consistent with the other compression
methods, which makes switching between them easier. The decompression also reads the
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input one byte at a time and also has a "offset” value. The algorithm works as described in
Section[2.4.2] First the unary encoded value is read until the separation bit and then a fixed
number of bits is read for the remainder. In the same way as during the compression it
could be that the binary representation of a value spans over multiple bytes which had to be
considered during the implementation. The final multiplication can again be implemented
efficiently with a bit shift. This procedure is repeated until the last byte was read. After
that the values are converted and then returned.
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5 Experimental Evaluation

In this chapter, we test different configurations of the algorithms and compare them by the
compression ratios they achieve and their execution times.

5.1 Experimental Setup

The algorithms were tested on a machine equipped with an AMD Epyc 7551P 32 core CPU
and 256 GB of RAM. The operating system running on this machine is Ubuntu 20.04.
The data set on which the evaluation was performed consists of 5376 models for 3030
formulas. These models were taken from a bigger set of 38776 models, but, in order to
reduce the computation time of the benchmarks, the number of models were capped to
three per set of clauses. For the sets of clauses, for which more than three models exist, the
three models were chosen randomly. All tests in this evaluation are performed on this test
set.

There are three parameters that must be set before the benchmarks can be performed.

The first parameter is the n parameter that is used in the calculation of the heuristic values
for the MOMS heuristic, as explained in Section [2.3.1] Due to previous tests, the value is
set to 10 for this evaluation.

The second parameter is the divisor r used in the Golomb-Rice coding, as already described
in Section This parameter is also chosen based on previous test results and because
the value must always be a power of two, it is set to 2 for this evaluation.

The third parameter is the value that determines when the prediction model is inverted,
as described in Section [3.2.3] To determine the value of the parameter, an 80:20 split is
made on the test set. The 80% are used to test different parameter values and decide which
value performs the best. The performance of the compression is measured by the geometric
means of the compression ratio and the hit rate of the prediction model. The compression
ratio compares the size of the compressed model to the size that the complete model would
have if it would be stored as a bitvector, and the prediction model hit rate indicated how
many predictions were correct. The other 20% of the test set are used as a validation set to
confirm the decision of the parameter value. The results of the tests are shown in Table
As seen in the table, a parameter value of 5 achieves the best compression ratios and the
highest prediction model hit rates. This is also confirmed by the validation set, as this value
also achieves the best results there. So, this is the value that is used in all further evaluation
benchmarks.
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Prediction model 80% training set 20% validation set
flip value

Compression ratio | Prediction model hit rate | Compression ratio | Prediction model hit rate
No inversions 5.867 0.606 6.426 0.615
5 6.397 0.701 6.914 0.707
10 6.313 0.684 6.771 0.689
30 6.199 0.648 5.987 0.640
50 6.174 0.638 5.903 0.623
100 6.159 0.629 5.880 0.614
200 6.110 0.621 5.853 0.611

Table 5.1: Test results for different prediction model parameter values.

5.2 Different Ordering Heuristics

The different ordering heuristics, as described in Section have a big in impact on the
compression ratio and the performance of the compression algorithm. The heuristics were
tested on the full test set and the bitvector compression ratio was measured for every model.
For the compression algorithm, the Golomb-Rice coding was used during these tests. The
results of the tests are shown below in Table @ From this data it can be seen, that using

. . Geometric mean of Median of
Branching heuristic . . . .
compression ratios | compression ratios
No heuristic 5.440 3.895
Jeroslow-Wang static 6.507 3.943
Jeroslow-Wang dynamic 18.722 15.085
MOMS static 6.084 3.960
MOMS dynamic 17.827 14.320

Table 5.2: Comparison of the compression ratios with different branching heuristics.

an ordering heuristic increases the compression ratio compared to using no heuristic. It can
be seen that using the Jeroslow-Wang and MOMS heuristics as dynamic heuristics leads to
an significant increase of the compression ratio.

This can also be observed below in Figure where the static and dynamic Jeroslow-
Wang heuristics are compared with the compression ratios of every model. In this figure it
can be seen that for the majority of the models a higher compression ratio is achieved by
using the dynamic heuristic. But there are also models for which both heuristics achieve
similar compression ratios.

Because the geometric means of the compression ratios for the dynamic Jeroslow-Wang
and the dynamic MOMS heuristic are close to each other, a more detailed comparison of
the compression ratios is shown in Figure [5.2] In this comparison, it can be seen that for
most models the results are close to each other, but there are some models which achieve
a higher compression ratio with the Jeroslow-Wang heuristic instead of the MOMS heuris-
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tic.

So overall, the dynamic heuristics achieve significantly higher compression ratios than
static heuristics with the dynamic Jeroslow-Wang heuristic performing the best. But the
dynamic heuristics need more computational work to be calculated which impacts the per-
formance of the compression algorithm, which is shown in more detail in Section[5.5]
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Figure 5.3: Comparisons of the compression ratios for different ordering heuristics.

5.3 Prediction model

The prediction model was added to the algorithm to increase the compression ratio. In
order to show that this is true, we compared the sizes of the compressed models with and
without the prediction model. For this benchmark, the dynamic Jeroslow-Wang heuristic
was used in combination with the Golomb-Rice code. The prediction model flip value
is set to 5, as described in Section [5.I] With the prediction model and the Golomb-Rice
encoding, the average size of the compressed models is 665 bytes. Without the prediction
model, the reduced set of variables, which is the core of the compressed model, contains on
average 9488 variables. If the assignments of these variables would be stored in a bitvec-
tor, they would take up 1186 bytes on average, which is significantly bigger than with the
prediction model. So, the prediction model decreases the size of the compressed models
and therefor increases the compression ratios.

Another important value, that shows the effectiveness of the prediction model, is the pre-
diction model hit rate. This value describes the percentage of predictions that were correct.
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In order to have a positive effect on the compression ratio, the value should be above 50%.
In Table [5.3] the geometric means of the prediction model hit rates are shown for the dif-
ferent ordering heuristics. It can be seen that the value is above 50% for all heuristics. The
dynamic MOMS heuristic performs the best with a value of 0.743 but there is no significant
difference between the other heuristics.

Branching heuristic Geometric mean of Median of
prediction model hit rates | prediction model hit rates
No heuristic 0.706 0.716
Jeroslow-Wang static 0.702 0.716
Jeroslow-Wang dynamic 0.715 0.727
MOMS static 0.727 0.738
MOMS dynamic 0.743 0.762

Table 5.3: Comparison of the prediction model hit rates with different branching heuristics.

In Figure [5.4] the distribution of the prediction model hit rates is shown. This graph also
bases on a benchmark, that uses a dynamic Jeroslow-Wang heuristic. In the graph, it can be
seen that for the majority of the models the prediction model hit rate lies over 50%.There
are also some models for which the hit rate only is at around 20%, but these are an excep-
tion.

Prediction model hit rates
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Figure 5.4: Boxplot of the prediction model hit rates.
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5.4 Different Compression Algorithms

In this thesis, we propose three different compression algorithms that are used to further
decrease the size of the compressed model. So, the choice of the compression algorithm
also has an impact on the final compression ratio. We tested the different compression
algorithms with a dynamic Jeroslow-Wang heuristic, as it achieved the best results in Sec-
tion[5.2] The results of the benchmarks are shown in Table [5.4 From this data, it can be
seen that the Golomb-Rice coding achieves significantly higher compression ratios than
ZIP compression or the LZ4 algorithm. This could be due to the fact that the Golomb-Rice
only encodes integer values, so that the values from the prediction model can be com-
pressed directly and do not have to be converted into a string, as it is necessary with the
other compression algorithms.

. . Geometric mean of Median of
Compression algorithm . . . .
compression ratios | compression ratios
Golomb-Rice 18.722 15.085
ZIpP 10.879 7.422
LZ4 7.120 5.391

Table 5.4: Comparison of the compression ratios with different compression algorithms.

In the Figures [5.5 and [5.6] direct comparisons between the Golomb-Rice coding and the
other two compression algorithms are shown. In both figures, it can be seen that for the
majority of the models the Golomb-Rice coding achieves a higher compression ratio than
the ZIP or LZ4 compression. But in both cases, there are also exceptions, where the other
compression algorithm performs better than Golomb-Rice.
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Figure 5.7: Comparisons of the compression ratios for different compression algorithms.
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5.5 Compression and Decompression Times

Besides the compression ratios, the performance of the algorithm is also a very important
factor. The time it takes to compress or decompress a model depends on multiple things.
The ordering heuristic that is chosen has a big impact on the compression time. In Table
[5.5] the average compression time for each heuristic is shown. The first thing that can be
seen from this data is that using a static heuristic improves the compression time compared
to using no heuristic. This is most likely the case, because when a heuristic is used, less
variables are chosen and propagated which reduces the time that is spent executing unit
propagation. The second thing that can be seen in the table is that the dynamic heuristics
need more time than the static heuristics. The dynamic Jeroslow-Wang heuristic takes more
than double the time than the static Jeroslow-Wang heuristic. This is not surprising, as the
dynamic heuristics require significantly more computation to update the heuristic values.
But in return, the dynamic heuristics achieve higher compression ratios, as seen in Section
5.2

Branching heuristic Average.compression time
in seconds

No heuristic 98.577

Jeroslow-Wang static 45.081

Jeroslow-Wang dynamic 118.701

MOMS static 50.702

MOMS dynamic 78.376

Table 5.5: Comparison of the compression time with different branching heuristics.

In the Table [5.6] the average compression times are compared with the different compres-
sion algorithms. The tests were also done with a dynamic Jeroslow-Wang heuristic. In the
results, it can be seen that the Golomb-Rice coding needs the least amount of time out of
the three algorithms. This most likely comes from the fact that the Golomb-Rice coding is
easy to calculate and can be implemented efficiently by using bit shifting and masking.

Compression algorithm Average. compression time
in seconds
Golomb-Rice 118.701
ZIP 152.131
LZ4 175.409

Table 5.6: Comparison of the compression times with different compression algorithms.
In addition to the compression times, the decompression times are also a relevant factor.

We tested this with a dynamic and a static Jeroslow-Wang heuristic and the Golomb-Rice
coding. The average decompression time for the dynamic heuristic is 157.434 seconds.
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For the static heuristic, the average decompression time was 46.939 seconds. In Figure[5.8]
the compression and decompression times are compared for every model with the dynamic
heuristic and in Figure [5.9] the same is done for the static Jeroslow-Wang heuristic. In
the figures can be seen that all the values are around the center line, which means that the
compression and decompression times are similar.
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Figure 5.8: Dynamic Jeroslow-Wang Figure 5.9: Static Jeroslow-Wang

Figure 5.10: Comparisons of the execution times for different ordering heuristics.

In Figure [5.11] a CDF-plot of the compression times. The plot was also created by using
a dynamic Jeroslow-Wang heuristic and the Golomb-Rice compression algorithm. It was
created by sorting all compression times in an ascending order and plotting the compression
times on the x-axis and the position in the sorted list on the y-axis.

With the results from this section, Section [5.2] and Section [5.4] the configuration that
achieves the highest compression ratio is the combination of a dynamic Jeroslow-Wang
heuristic and the Golomb-Rice coding, with an geomertric mean of 18.722. But this com-
bination also has a high compression time, with an average of 118.701 seconds. Another
configuration that is faster and has only slightly worse compression ratios is the combina-
tion of a dynamic MOMS heuristic and the Golomb-Rice coding. This combination has a
geometric mean of compression ratios of 17.827 and has an average compression time of
78.376 seconds, which makes it a good compromise between the compression time and the
compression ratio.
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5 Experimental Evaluation

Execution Time vs Position in Sorted List
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Figure 5.11: CDF-plot of the compression times.
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6 Conclusion

In this chapter, we summarize the contents of this thesis and give an overview over the
work that could be done in the future.

6.1 Discussion

In this thesis, we first explained our motivation and described, why it is useful to compress
propositional models. After that, we introduced the concepts of unit propagation, ordering
heuristics and described the additional compression algorithms that are used in the algo-
rithms. Then the two main algorithms were described in detail. First, we touched on the
compression algorithm, explained the different steps of the pipeline and how they work
together to compress the models. After that, we explained the decompression algorithm
and described, how the pipeline steps differ from the compression algorithm and how the
original models are restored from the compressed models. In the end, we presented the
results of our evaluation benchmarks and showed different configurations of the compres-
sion algorithm. We tested the algorithm with these different configurations and determined,
which configuration configuration achieves the highest compression ratio.

6.2 Future Work

There are multiple things that can be improved or added to the algorithms in the future. For
instance, different compression algorithms could be included, in order to further improve
the compression ratios. Especially, arithmetic coding [[18]] could be interesting, as it allows
for an efficient way to compress the prediction model values. Furthermore, the explicit use
of don’t care values could be added, because in the current state the is no explicit handling
of don’t care values and variables with that value are not included in the decompressed
models. Also, the inversion of the prediction model could be improved. Instead of just
having a static parameter, that determines when the prediction model is inverted, it could be
useful to take a more dynamic approach. Such an approach could consider different factors,
like the number of clauses and variables and determine the parameter value dynamically
based on these factors. The same could also be done with the ordering heuristics. The
heuristic could also be chosen dynamically by considering different factors, with the goal
of choosing the ordering heuristic that would achieve the highest compression ratio for
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6 Conclusion

the specific model. But a consequence of this approach would be that the heuristic that
was chosen would have to be encoded into the compressed model, in order to correctly
decompress the model, which would increase the size of the compressed model.
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