
Bachelor thesis

Local Search with Knowledge
Compilation Powered Machine Learning

Kornelius Benjamin Rohrschneider

Date: 15. April 2025

Supervisors: Prof. Dr. Peter Sanders
Dr. rer. nat. Markus Iser

Institute of Theoretical Informatics, Algorithm Engineering
Department of Informatics

Karlsruhe Institute of Technology





Abstract

The SAT problem is omnipresent in the field of computer science. Due to decades of
research, SAT solvers have become a core technology many applications are built upon.
This thesis explores a novel approach with the potential to fundamentally improve SAT
solvers. We propose a new workflow that utilizes knowledge compilation to efficiently
extract relevant data and learn hidden patterns from real-world instances. Furthermore, we
introduce specialized algorithms designed to reduce the barriers to research, making this
approach more accessible and enable future advancements in SAT solving.
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1 Introduction

1.1 Motivation

Many difficult problems in a wide range of applications are solved by transforming them
into a SAT problem. Therefore, solving a SAT problem as fast as possible is very important
as it allows to solve many problems in different fields more efficiently.

The Boolean formulas that appear in real-world applications usually have a certain structure
and contain specific patterns, which allows modern CDCL SAT solvers to solve most of
them very efficiently, despite SAT being NP-complete.

Despite that, local search solvers still mostly use manually configured heuristics that have
proven to work well. However, these manual heuristics are unable to find complex patterns
that are hidden in the data and cannot easily be manually detected. As using such patterns
drives the efficiency of modern SAT solvers, this leaves room for massive improvements to
local search solvers.

Therefore, machine learning models that can find and take advantage of such hidden pat-
terns have the potential to create better heuristics and improve local search solvers to faster
converge to the solution.

As formula instances from different application areas can have a different structure with
different patterns, the quality of human-made heuristics also depends on the application
area and instance. A machine learning model can account for this as it learns the different
types of patterns and how they affect the satisfying assignments, automating a (previously
manual) heuristic selection.

Despite CDCL solvers being mostly used nowadays, local search solvers are still highly
relevant, as the biggest current performance improvements result from the development
of hybrid solvers that integrate local search solvers as subroutines into CDCL solvers, like
Kissat [1]. Additionally, local search solvers can, on their own, be faster than CDCL solvers
for "easy" instances which are known to have many satisfying assignments. Improving
local search solving can therefore have a significant impact on state of the art SAT solvers
and their performance.
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CHAPTER 1. INTRODUCTION

1.2 Contribution

This thesis represents an initial research into this novel approach to integrate a knowledge
powered machine learning model into a local search solver in order to improve its perfor-
mance.
It introduces fundamental research on the workflow to generate a data set, train a machine
learning model with it and integrate it into a local search solver. To do so, it evaluates
the advantages and disadvantages of various approaches and algorithms. It also provides
several components that integrate with each other and are optimized to seamlessly execute
this entire workflow.
By comparing different algorithms and approaches, we identify those that are more and less
effective. Future researchers can benefit from these insights, as they won’t have to repeat
similar analyses, but can instead adopt the best found solution or (in some cases) explore
entirely different approaches.
Additionally, future research can be based on this initial groundwork by adapting the pro-
vided framework to their needs, without having to implement everything from scratch
themselves.
This thesis not only benefits future research, but also presents implementation-level break-
throughs: One proposed algorithm achieves both a lower theoretical complexity and a bet-
ter real-world performance than existing alternatives.

1.3 Structure of Thesis

Chapter 2 explains the background information required to understand the research pre-
sented in this thesis.
Chapter 3 then gives an overview on the entire workflow required for this novel approach
as well as the implementation provided to execute it. This implementation is split up into
several distinct components: A model counter and a formula analyzer (both programmed in
Rust) that are responsible for high-performance calculations, a framework (programmed in
Python) that connects the other components and provides an interface to a machine learning
model, and the local search solver itself, that uses the framework to execute the meachine
learning model.
As multiple of these components should be evaluated in order to find the most effective
solution, this thesis also contains several evaluations. Chapter 4 presents the different eval-
uation and their results.
After explaining the approach, showcasing the implementation and evaluating the analy-
ses results, the thesis discusses the implications of the research and its results as well as
the future works that can build on it and provide further research into this novel area in
Chapter 5.
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2 Preliminaries

2.1 Fundamentals

2.1.1 SAT Solving

The Boolean satisfiability problem (SAT) refers to deciding whether a Boolean function is
satisfiable (i.e. that at least one assignment of variables exists under which the Boolean
function is true).
SAT is NP-complete. This means that all problems in NP can be reduced within polyno-
mial time to a SAT problem. Many real-world algorithms utilize this and solve a problem
by transforming them into a SAT problem. This can often be more performant than im-
plementing a custom solution as SAT solvers contain various optimizations and have been
researched for a long time. Therefore, solving a SAT problem as fast as possible and im-
proving SAT solvers is very important as it allows to solve many problems in different
fields more efficiently.
SAT solvers have been developed since 1960 [2]. While no polynomial algorithm to solve
all SAT instances can exist (if P ̸= NP ), modern solvers can solve most real-world in-
stances efficiently by taking advantage of the fact that such instances have a certain struc-
ture and contain specific patterns, which allows to solve them much faster than arbitrary
random instances.
SAT solvers usually take a formula as CNF (conjunctive normal form) or initially convert
it into that form [3].
A generalization of SAT is the #SAT problem, which does not just inquire whether a
Boolean function is satisfiable, but specifically how many different assignments exist which
satisfy the Boolean function. In this context, the term "model" (of a Boolean function)
refers to such an assignment of variables which satisfy the function. Therefore, solving
this problem for an instance is also called model counting. #SAT can further be general-
ized to take a partial assignment and determine how many full assignments exist that do
not contradict the given partial assignment and still satisfy the Boolean function. Solving
this problem can also be referred to as model counting under given constraints [4].
Local search solvers start with an initial assignment of variables. They then iteratively
flip the assignments of single variables based on internal heuristics in order to improve the
current position in the search space of possible assignments (towards a model). In order to
avoid a circle of flips, it keeps a so-called "history" of the last k variables, which it does not
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2 Preliminaries

flip. The variables not included in the history in a specific search step can also be called
the "free" variables.
While CDCL solvers are also able to prove that a formula does not have any satisfying
assignments, local search solvers can only find satisfying assignments. However, they can
be faster than CDCL solvers for "easy" instances which are known to have many satisfying
arguments.
TaSSAT is a modern local search solver that has been developed in 2024, and built on top
of YalSAT [5].

2.1.2 Knowledge Compilation

The term knowledge compilation describes the process of pre-"compiling" data into a dif-
ferent data form, which can then be used by an algorithm to process it more efficiently.
This means that the expensive extraction of the important data parts only has to be done
once before the data can be used numerous times in different cheap queries. This way, the
actual algorithm working on the transformed data can be much more efficient and simple,
reducing the overall time to process the data [6].
In this context, knowledge compilation refers to transforming the original CNF formula
representation of a Boolean function into a different representation, called d-DNNF, which
is optimized to count its models (optionally under a given partial assignment) very effi-
ciently. The extraction of the important data parts that are required to count the models
is therefore only done once, instead of for each repeated query. While model counting is
an NP-hard problem on the original CNF formulas, this knowledge compilation enables
us to count the models in linear time on its d-DNNF representation. This compilation
has initially been done by the c2d compiler [7], with a recent improvement being the d4
compiler [8][9]. Those compilers use different output formats for the resulting d-DNNF
formulas, which we call C2D-NNF respectively D4-NNF.
A d-DNNF formula is a deterministic (d) decomposable (D) formula that is in the negation
normal form (NNF). If a d-DNNF formula is also smooth (s), it is also called an sd-DNNF
formula. The following paragraphs explain the definition for each of these terms:

Negation normal form A formula is in the negation normal form (NNF) if and only if
it only consists of the logical operators ∧ (And), ∨ (Or) and ¬ (Not), the Boolean values ⊤
(True), ⊥ (False) and literals, and if negations (¬) only appear directly in front of Boolean
values and literals [10, page 5].

Decomposability "A formula is decomposable (D) if and only if for each conjunction
C = C1 ∧ C2 ∧ · · · ∧ Cn, the sets of variables of each conjunct Ci are disjunct." [10, page
5]

4



2.1 Fundamentals

Decomposability implies that an assignment that satisfies a specific conjunct does not in-
fluence any of the other conjuncts. Therefore, all assignments that satisfy one of the con-
juncts of (only) the variables of that conjunct can be combined, and the model count of a
conjunction is the product of the model counts of the conjuncts of (only) the variables of
that conjunct (Ccount = C1, count ∗ C2, count ∗ · · · ∗ Cm, count).

Determinism "A formula is deterministic (d) if and only if for each disjunction D =
D1 ∨D2 ∨ · · · ∨Dm, the disjuncts share no common satisfying arguments." [10, page 6]
Determinism implies that there can be no assignment that satisfies more than one disjunct.
Therefore, it causes the model count of a disjunction to be the sum of the model counts of
the disjuncts of all variables of the disjunction (Dcount = D1, count+D2, count+· · ·+Dm, count).

Smoothness "A formula is smooth (s) if and only if for each disjunction D = D1 ∨
D2 ∨ · · · ∨Dm, the disjuncts have the same set of variables." [10, page 6]
Our approach to use d-DNNF formulas to efficiently count models (under given partial
assignments) has previously been researched by Darwiche, Adnan and others [10]. They
have implemented such an algorithm in a tool called ddnnife, which can be used for effi-
cient model counting.

2.1.3 Supervised Machine Learning

Supervised machine learning is the task to learn how to map known input values to known
output values and is able to generalize from that known data to predict other output val-
ues based on their input values. Instead of explicitly programming a mapping algorithm,
a machine learning model learns the relations between input and output autonomously by
receiving the training data. That way, it is able to grasp deeper correlations and inter-
connections in the training data that are possibly too hard to be noticed, understood and
manually programmed by a human.
A machine learning model is called a classification model if each output values is one of
several distinct classes, and a regression model if each output value is a continous number.
When training machine learning models, we separate between parameters and hyperparam-
eters. The hyperparameters define the structure of the model that learns such a correlation
(e.g. how detailed the correlations it learns can be, for how long it will be trained or how
much it is affected by outliers). The parameters are the actual values the model that is
defined by given hyperparameters learns autonomously.
A random forest is a specific machine learning model. It works by creating and training
many decision trees independently with random subsets of the training data, and uses their
average results as prediction (in the regression case). Random forests can be trained and
evaluated very quickly as these operations can be parallelized over the trees.
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A deep neural network is a different machine learning model. It consists of multiple layers
of interconnected neurons. Each neuron receives its input from neurons in the previous
layer and applies a linear combination to them, using learned weights and a bias (the pa-
rameters of the model). The result is then transformed by non-linear activation function
and passed to next layer of neurons. Neural networks are very flexible and can learn much
more complex patterns than random forests. However, they take much longer to train and
require a more careful configuration and tuning of hyperparameters in order to produce
good results.

As we rely on frameworks to create and train such machine learning models, we do not
need to know or implement the details on how exactly the internal structure of a model
resp. the parameters are trained.

In order to train a supervised machine learning model, one needs to have a precalculated
data set, which contains the known input and output values. This data set is usually split
into a training set, a validation set and a testing set:

The training set is the set which is primarily used to train a model. The model learns the
patterns and correlations in its data.
The validation set is then used to test the generalization of the trained model. While most
trained models can easily predict the output values of their training set, using unseen data
allows to judge how well the model is able to generalize from the known training data to
predict other output values based on their input values. As the training process includes
finding the best model type and hyperparameters, the validation set is used to compare the
generalization performance of different models in order to pick the best one.
The testing set is then finally used to calculate the true generalization performance on
entirely unseen data. This is necessary as the model selection is influenced by the validation
set, which might result with a model being selected that performs particularly good on this
specific validation set.

In order for the trained model to perform well in the application it is used for, it is impor-
tant that the distribution of the real-world input data (meaning its type, properties and the
patterns in it) is roughly equal to the distributions of the input data in the training, testing
and validation set.

2.2 Related Work

While the specific idea to use a knowledge compilation powered machine learning model
in order to improve the performance of a local search solver is, to our knowledge, a novel
approach, there has been much prior research on generally using machine learning in order
to speed up SAT solving algorithms.

Most research on this topic has been spent to improve CDCL solvers and their heuristics,
specifically branching decisions:

6



2.2 Related Work

Jia Hui Liang has researched the potential of using machine learning to create branching
heuristics and restart policies that can be used in CDCL solvers. Using this approach, they
could create heuristics that (at least) matched the current state-of-the-art ones [11]. Mod-
ern CDCL solvers use a very high volume of branching decisions. Despite their machine
learning models being called for each branching decision, they have proven to be success-
ful in competitions. This is due to them being low-capacity and queried only with local
information (and not with information about the entire formula), making their inference
extremely efficient [12].
In contrast to that, Selsam et al have developed NeuroCore, querying a neural network on
the entire problem. Due to the more expensive inference, this is not done for each branching
decision, but rather periodically. It is therefore used to predict globally-informed data that
can improve the existing heuristics [13].
Jesse Han builds up on that approach to periodically query a neural network on the entire
problem to improve the existing branching heuristic. By predicting different values that
can help the heuristics more effectively, they could improve the performance of a state-of-
the-art solver [12].
Haoze Wu has used a more similar approach to ours, using a machine learning model
to generate an initial assignment of variables that can then be used in a CDCL solver.
Instead of using knowledge compilation to train the machine learning model to predict
model counts, they have trained a regression model to predict a satisfiability confidence
score for given assignments. They used this model to predict an initial assignment by
repeatedly calculating the SAT confidence scores of different random assignments and then
picking the mean score of all assignments that contain a literal positively resp. negatively.
With this model, they could reduce the runtime of a SAT solver by 23%, however, adding
an even larger amount of preprocessing time [14].
But there has also been research on local search solvers: Zheng et al present a machine
learning - powered approach to improve the local search solver heuristics determining
which variable to flip while solving a Weighted Partial MaxSAT problem (WPMS). Partial
MaxSAT is a SAT generalization which aims to determine the maximum amount of "soft"
clauses that can be satisfied while satisfying all "hard" clauses. It should be noted that a
local search solver cannot be guaranteed to produce the optimal solution of such a problem.
While their approach is customized towards this problem and the maximization of the soft
clause weights, a key part of it is to also improve the algorithm to find a satisfying solution
for all hard clauses more effectively. In order to do that, their algorithm uses reinforce-
ment learning to learn which of the literals in any hard clause (actions) should be set to
satisfy that hard clause in order to achieve the highest share of newly satisfied hard clauses
(reward). While satisfying the hard clauses is usually not the main challenge for WPMS
solvers, and other parts of the proposed algorithm might have a bigger impact, it could still
significantly improve state-of-the-art local search WPMS solves [15].
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3 Approach

3.1 Workflow

Figure 3.1: The workflow of this novel approach to integrate a knowledge powered machine learn-
ing model into a local search solver. The custom implementations are marked in red
and the evaluated steps resp. components are marked in blue.

The primary idea of this thesis is to integrate a machine learning model into a local search
solver in order to improve its performance.
There are two core ways in which the integration of a machine learning model can do so:
Firstly, it should give a good initial assignment of variables. This causes the local search
solver to start in a better position in the search space, requiring less flips to find a model.
And secondly, it should give a good prediction of which variable assignment to change
for each step. This improves the quality of the flips and makes the solver converge more
quickly towards a model, again requiring less flips to find a model.
Both of this can be achieved by a machine learning model which learns to accurately predict
the amount of models of a formula under specific given constraints. In order to get a good
initial assignment, such a model could predict the amount of models for each variable
assigned to true respectively false, which would be used to assign the variables accordingly.
And in order to get a selected variable to flip, it could predict the amount of models (given
the current fixed history) for each free variable assigned to true respectively false. This
would then be used to flip a variable for which the opposite assignment is predicted to lead
to a significantly larger number of models under the current history.
In order to train a machine learning model accordingly, we first need to calculate a re-
spective data set (which we can split into a training, validation and testing set). However,
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calculating the amount of models of a formula under given constraints is, like SAT itself,
NP-complete and very expensive. Therefore, we use the concept of knowledge compi-
lation and first "compile" each Boolean function into a different representation which is
optimized to counting its models very efficiently. By using this approach, we only have to
transform each Boolean function once before we can count its models under many different
partial assignments efficiently. Being able to calculate those model counts very quickly is
especially important as it also allows for the project to be used for reinforcement learning
instead of supervised learning in the future.

Thus, the entire workflow (displayed in Figure 3.1) is the following: We compile the
Boolean functions that are present as CNF formulas into d-DNNF formulas. We then gen-
erate a data set by analyzing the function (for input values) and counting the models on the
compiled formula (for output values). This data set gets split into a training and testing set
and is used to train a machine learning model with it. And finally, we integrate this model
into an existing local search solver and combine the model predictions with the existing
heuristics of the solver.

Due to the unique structure of the workflow required for this approach, this chapter consists
of one section for each of the custom components that are used in different parts of the
workflow:

• d-DNNF Model Counter (Section 3.2)
A model counter that efficiently counts the models of pre-compiled d-DNNF formu-
las under given constraints. It is used as a dependency by the SAT-Training frame-
work.

• CNF Analyzer (Section 3.3)
An analyzer that extracts relevant data from a CNF formatted Boolean function. It is
used as a dependency by the SAT-Training framework.

• SAT-Training (Section 3.4)
A framework that integrates and combines the other components in order to serve
as the unifying user interface to execute any part of this workflow. It can generate
different types of data sets (using the CNF Analyzer for input values and the d-
DNNF Model Counter for output values), train machine learning models with such
a generated data set and perform a hyperparameter search. It also provides a way to
execute a trained model to predict output values, which is used to integrate it into
local search solvers like TaSSAT.

• TaSSAT Integration (Section 3.5)
A local search solver that integrates a trained machine learning model in order to
improve its performance.

10
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3.2 d-DNNF Model Counter

The d-DNNF Model Counter is a library that can parse pre-compiled C2D-NNF or D4-
NNF formatted Boolean functions and count their models for a given partial assignment
efficiently. It therefore represents an alternative to ddnnife. While it can be used on its
own, in this thesis, it is mainly used as a dependency by the SAT-Training framework in
order to execute the workflow.

3.2.1 Model Counting without Smoothing

The d-DNNF Model Counter constitutes a significant research result, as it uses a new im-
proved model counting algorithm which has a lower theoretical complexity bound. This
comes from the fact that, unlike ddnnife, the d-DNNF Model Counter does not require any
smoothing of the given formulas.

Disadvantages of Smoothing

The ddnnife model counting algorithm requires the formula to be smooth, i.e. to be an sd-
DNNF, and to contain all variables. This allows for a simple model counting algorithm. As
d-DNNF formulas generally cannot be expected to be smooth and to contain all variables,
ddnnife contains an integrated smoothing algorithm, which it applies to a formula before
invoking the model counting algorithm [10].
However, smoothing a formula has several negative effects. Firstly, it is computationally
expensive. While the model counting algorithm itself is in linear time (in regards to the
amount of nodes of the formula), the smoothing algorithm takes at least O(#vars∗#nodes).
While all Boolean functions have to be initially converted into d-DNNF formulas, invoking
ddnnife once to just smooth the function is an extra step. More importantly though, it also
increases the size of the graph and number of nodes (see Figure 3.2). The number of nodes
it adds to the graph can be up to O(#vars ∗#nodes), causing slower graph traversals [10,
page 13].

ddnnife Algorithm

If a d-DNNF formula is smooth, we know that the disjunctions have the same set of vari-
ables. This means that the variable set of the disjunction equals the variable set of each
disjunct. In that case, we only have to add the model counts of the disjuncts of (only) the
variables of that disjunct to get the model count of the disjunction. As we only have to
consider the variables of the current child node of each disjunction and conjunction to cal-
culate its models, we only have to consider the single variable for each literal, resulting in
the trivial model count 1 for each literal.
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Figure 3.2: A d-DNNF formula before and after smoothing.

Therefore, we can traverse the graph bottom-up, use the model count 1 for each literal
and add respectively multiply the child model counts for each disjunction respectively con-
junction. Figure 3.3 illustrates this algorithm on the example formula. The final model
count of the root node equals the model count of the formula of all variables in it. As the
pre-processed formula contains all variables, this equals the total model count. This is the
model counting algorithm ddnnf uses internally [10].

d-dNNF Model Counter Algorithm

Unlike the ddnnife model counting algorithm, the algorithm used by the d-DNNF Model
Counter does not require the formula to be smooth. Therefore, it does not contain a smooth-
ing algorithm. However, this requires the algorithm to be more complex. As the algorithm
operates on the formula in a graph representation, corresponding terminology is used to
describe it. This means that a conjunction is described as an "Or node" and a disjunction
as an "And node" with the "children" being the conjuncts respectively disjuncts.
The fact that a formula does not have to be smooth means that the child nodes of an Or
node don’t necessarily contain the same set of variables; some children might have different
variables than others. In this case, we cannot simply add the model counts of the children,
as the missing variables (compared to all other children) can be assigned both true and false
each. To calculate the child’s model count (considering all variables of the parent node),
we have to multiply it by two for each missing variable to account for the different possible
assignments to them (see Figure 3.4).
However, knowing how many variables are missing compared to the other children would
require each node to list all variables (which would result in a superlinear time for graph
construction: O(#vars∗#nodes), the same theoretical constraint ddnnife uses for smooth-
ing). Therefore, we use another approach, which allows us to both create the graph and
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3.2 d-DNNF Model Counter

Figure 3.3: The model counting algorithm for sd-DNNF formulas. The model count of each node
(of the variables of that node) is displayed under the node and its calculation (if appli-
cable) to the left of it.

Figure 3.4: Initial idea for a model counting algorithm for d-DNNF formulas. The model count
of each node (of the variables of that node) is displayed under the node, its calculation
(if applicable) to the left of it and its variable amount (in green) to the right of it.
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count the models in linear time (in regards to the amount of nodes, counting 2x as an O(1)
operation):

The basic idea of the approach is that we do not need to know exactly how many variables
are missing, we just need to know the relative difference of missing variables between the
children of an Or node. Instead of calculating the true amount of variables, we count the
so-called amount of "relevant variables". For any Or node, this number is the maximum
amount of any children’s "relevant variables". (And like with the true amount of variables,
this number is the sum of all children’s relevant variables for any And node and 1 for any
literal.)

For each Or node, we then calculate the amount of missing variables of each child by using
the difference between the children’s relevant variables and the parents’ relevant variables,
and adapt the model count accordingly.

This amount of relevant variables might be lower than the real amount of variables (e.g. if
multiple children miss another child’s variable). However, in that case, all of the children
have the same amount of additional missing variables (called x) that are not accounted for.
And if the amount of relevant variables of an Or node is x smaller than the true amount of
variables, this will cause its own amount of missing variables (at the next Or node parent)
to be x higher than when using the true amount of variables.

Because of the distributive law (see the following equation), the effect of the additional
different variables each child is missing is the same as the effect of the increased amount
of missing variables of the Or node itself:

C1, count ∗ 2x +C2, count ∗ 2x + · · ·+Cm, count ∗ 2x = (C1, count +C2, count + · · ·+Cm, count) ∗ 2x

Therefore, calculating the model count via the amount of relevant variables will lead to
the same (correct) result as calculating it via the amount of total variables. Figure 3.5
illustrates this model counting algorithm that uses the amount of relevant variables using a
new formula with nodes that have a different amount of relevant variables than their true
amount of variables.

The only additional thing that needs to be considered is that this does not account for the
difference between the total and relevant amount of variables of the highest Or node (as
it does not have a parent Or node to have missing variables in comparison to). Therefore,
after traversing the final graph until the root node, we have to calculate one final global
amount of missing variables by comparing the calculated amount of relevant variables of
the root node with the known amount of total variables of the formula (and multiplying the
total model count by two for each missing variable) (see Figure 3.6).
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3.2 d-DNNF Model Counter

Figure 3.5: The proposed model counting algorithm for d-DNNF formulas. The model count of
each node (of the variables of that node) is displayed under the node, its calculation (if
applicable) to the left of it and its relevant variable amount (in red) to the right of it.

3.2.2 Optimization Techniques

Core Features

Positive and negative core features are the features that are included respectively excluded
in every single model of a Boolean function. Therefore, an optimization to count the mod-
els more efficiently can be to directly return zero if any positive core feature is excluded or
negative core feature is included in the given assignment.
Like ddnnife, the d-DNNF Model Counter implements this optimization technique.
ddnnife can detect the core features very quickly by determining the literals that only ap-
pear positively resp. negatively in the formula during the parsing. This works due to the
smoothness of the formula.
As the formulas the d-DNNF Model Counter operates on are not guaranteed to be smooth,
detecting the core features requires a more expensive precalculation that traverses the entire
formula graph and determines the exact missing variables.

Partial Traversals

Like ddnnife, the d-DNNF Model Counter supports the optimization technique of using
partial traversals.
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Figure 3.6: The proposed model counting algorithm for d-DNNF formulas on a graph that requires
the global missing variables amount. The model count of each node (of the variables
of that node) is displayed under the node, its calculation (if applicable) to the left of it
and its relevant variable amount (in red) to the right of it.
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The core idea of a partial traversal is as follows: If the model count of every node is
cached, the model count for a given partial assignment can be calculated more quickly by
only calculating the model counts for nodes that are affected by the partial assignment, i.e.
nodes that have any assigned variable as its descendant, and using the known model counts
otherwise.
Ddnnife implements this by initially traversing the graph to identify which nodes are in-
fluenced by given constraints, before then traversing the graph again to actually calculate
their model counts for each count request. This is done (only) if 20 or less variables have
been assigned in the given partial assignment.
The d-DNNF Model Counter uses the same core idea, but builds up on it to improve its
effectiveness: It can optionally perform a one-time precalculation to cache the variables
that affect each node. This way, that information can directly be used for many different
queries without requiring an additional graph traversal for each. However, the d-DNNF
Model Counter also provides the capability to use an explicit initial graph traversal like
ddnnife, which can be preferred for some use-cases.
Another key improvement is that the d-DNNF Model Counter does not require the known
model count to be the model count without any constraints. The partial traversal optimiza-
tion works better the fewer additional constraints are given, that affect nodes and require
new model count calculations. However, if one wants to count the models for many dif-
ferent partial assignments with a large consistent subset, the core approach (ddnnife uses)
would calculate the model counts of the nodes that are affected by any part of the assign-
ment, including the identical subsets, for each request. The d-DNNF Model Counter allows
to individually configure which known model counts (calculated under which constraints)
should be cached, which can provide a massive performance improvement for such use-
cases.
On top of that, the d-DNNF Model Counter also allows to use multiple known model
counts. This increases the probability that a big part of the nodes’ model counts have
already been calculated and cached, and can further improve the performance. Use-cases
that have to count models for random combinations of multiple assignments can especially
benefit from this.
It should also be noted that this optimization approach generally benefits from the fact that
the d-DNNF Model Counters does not require the formulas to be smoothed. As smoothing
requires all missing variables to be added, it adds many leaves to the graph and causes
much more nodes to have certain variables as their descendants. Therefore, this process
also causes those partial traversals having to traverse a bigger part of the graph (which is
influenced by the changed constraints).

3.2.3 Implementation Details

The d-DNNF Model Counter leaves the users the choice which exact precalculations and
optimizations to use. This allows for users to choose the configuration that is most per-
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formant for their use-case, as the cost of a precalculation required for an optimization
techinque might not be worth it for a small number of requests.

This requires the user to explicitly request the precalculation (of core features and node
variables) and caching of calculated model counts if that is wanted. To allow the user to
rely on the requested optimizations being used, the model counter returns an error if one of
them cannot be used due to any missing prior calculation.

Structure

The d-DNNF Model Counter is split up into multiple parts. It contains a parser (which
parses a C2D-NNF or D4-NNF formatted Boolean function and creates its graph struc-
ture), a pre-processor for D4-NNF formatted Boolean functions (which simplifies the graph
structure and removes redundant parts like nodes without or with only one child or Boolean
values; those redundant nodes exist due to the D4-NNF format), the actual model counter
that analyzes the graph structure and counts the models under a given partial assignment
and a benchmarking module using Criterion [16] which can accurately measure its perfor-
mance. It also provides a way to print a parsed formula which can help to understand its
structure.

The model counter is programmed in a very maintainable and encapsulated way, which
makes it easy to adapt it for future needs.

Bugfixes

In comparison to ddnnife, there are several minor bugs that have been fixed:

• ddnnife only invokes the smoother as pre-processor when the input file has been
generated by d4 (the files that d4 and c2d produce have a different format, here called
D4-NNF and C2D-NNF). However, the C2D-NNF formatted files c2d produces are
not smoothed per default [17]. Therefore, the results ddnnife produces when using
such a file are wrong and can even contradict each other.

• While ddnnife parses and counts the models in files that have been generated by D4
correctly, it apparently relies on not only the D4-NNF format but also some patterns
that always occur in the files specifically generated by D4. We discovered some
custom modified D4-NNF formatted files that which were matched the format de-
scription, but could not be parsed by ddnnife.

Both of these bugs have not been present in the d-DNNF Model Counter. However, fixing
those bugs should not require big structural changes; therefore ddnnife could be improved
to not contain them anymore as well.
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3.3 CNF Analyzer

Usage as Dynamic C Library

In order to use the d-DNNF Model Counter as a library from other programming languages,
it contains a C interface and gets compiled to a dynamic C library. Code in other program-
ming languages can then use an FFI (foreign function interface) to call those C functions.
An FFI module handles the conversion of data types and (de-)allocation.

As in real-world applications, model counts of the same formula will be calculated under
many different partial assignments, and as precalculations can reduce the cost of repeated
model counts, it would be unnecessarily expensive to parse and count the same formula
from scratch for each call. Therefore, the model counter keeps the formula struct allocated
in between the FFI calls. In order to do this, it provides several FFI functions: One to parse
a file and return a handle on the formula struct, one to count the models of a previously
parsed function under a given partial assignment and one to deallocate the formula struct.

3.3 CNF Analyzer

The CNF Analyzer is a library that extracts requested relevant data about each variable from
a CNF formatted Boolean function and return it as a single structured vector that can help
a machine learning model to learn the model counts of that funcition. This data can consist
of the number of clauses a variable appears in, the normalized number of clauses a variable
appears in, the number of horn clauses a variable appears in, the number of inverted horn
clauses a variable appears in and (given a partial assignment) the number of unsatisfied
clauses under the partial assignment the variable would satisfy if set (each of those for both
positively and negatively). It can also contain an exists bit and (given a partial assignment)
an assignment bit if requested. Like the d-DNNF Model Counter, the CNF Analyzer is,
in this thesis, mainly used as a dependency by the SAT-Training framework in order to
execute the workflow.

3.3.1 Implementation Details

Structure

Similarly to the d-DNNF Model Counter, the CNF Analyzer is also split up into multiple
parts, namely a parser (which parses a DICOM formatted Boolean function) and the actual
analyzer (which calculates and provides the requested analysis results).

The analyzer is programmed in a maintainable and configurable way so that it can eas-
ily be adapted to the needs of other projects, e.g. those that require a different custom
combination of analyses results.
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Usage as Dynamic C Library

As with the d-DNNF Model Counter, the CNF Analyzer contains a C interface and gets
compiled to a dynamic C library in order to be used from other programming languages.
An FFI module handles the conversion of data types and (de-)allocation.
The CNF Analyzer also uses the same principle of keeping the internal state allocated in
between the FFI calls as the same formula will be analyzed in regard to many different
partial assignments in real-world applications. This results in a big speedup as most of the
analysis results are independent from the partial assignment and therefore only have to be
calculated once. Like the d-DNNF Model Counter, it provides one function to parse a file
and return a handle to the analyzer, one to get the requested analysis results and one to
deallocate the analyzer.

3.4 SAT-Training

The SAT-Training component is a framework that integrates and combines the other com-
ponents in order to seamlessly execute the workflow of this approach. It therefore serves
as the unifying user interface.
It can generate different types of data sets (using the CNF Analyzer for input values and
the d-DNNF Model Counter for output values), train machine learning models with such a
generated data set and perform a hyperparameter search. It also provides a way to execute
a trained model to predict output values, which can be used to integrate it into local search
solvers like TaSSAT.
The SAT-Training framework allows to perform these different steps of the workflow on
request as independent tasks, without them all being hardcoded in a specific order. This
also provides much flexibility, e.g. to perform several tests with different settings.

3.4.1 Calculating Data Points

The first task is to calculate the data points of previously compiled formulas, that a machine
learning model should later be trained on.
There are two possible types of data points that can be calculated. For more information
on the structure of the data points and how the data they contain can be used to improve
a local search solver, see Section 3.5.1, which explains the data points and how they are
integrated into TaSSAT. This task can create data points of both of these types.
It uses the CNF Analyzer as a dependency to calculate input values of the requested data
points. The d-DNNF Model Counter is used to calculate the matching output values of the
requested data points. In order to do this, the task requires the formulas to be precompiled
in the C2D-NNF or D4-NNF format as well as to exist as CNF formulas.
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3.4 SAT-Training

One factor that is important to consider when calculating data points is that most machine
learning models (including the ones used in this thesis) expect a fixed number of input and
output values. As the amount of variables in a formula is variable and can be arbitrary large
or small, and as our data points contain input and output values for each variable, this poses
a number of challenges for us. The way we solve this problem is by restricting our model
to a maximum number of variables and filling up the input values for each missing variable
with zeroes. To help the model understand which variables exist and which don’t (after all,
some input values might also be zero for existing variables), we introduce an "exists bit" as
additional input value for each variable. This bit is set to true (1) for each existing variable,
and set to false (0) for each missing variable (just like all other input values). Nevertheless,
this approach contains some pitfalls, such as the model being restricted to formulas with
their variable amounts within a specific window, or scoring metrics needing to be adapted.
For more information on these problems, see sections 4.3.2 and 4.3.4.

As the different families of data points may contain different structures and patterns a
machine learning must learn, it is important that the distribution of the different families
is the same in the training, testing and validation set as well as in the real data points the
trained model is used on. Therefore, the SAT-Training framework ensures this to be the
case when splitting the data points into those different sets.

Implementation Details

Currently, the benchmark database [18] is used to provide a high-quality set of real-world
formulas. This allows to utilize the additional information it contains about the formulas.

Therefore, this task currently also requires the formulas to be in the benchmark database, as
it uses statistics that are stored about a formula in it (which are, among many other values,
its amount of clauses and the minimum, average and maximum degree of all clauses in the
clause graph) as a part of the data point input values. However, this is implemented in such
an encapsulated way that an alternative (calculation-based) provider of these input values
can easily be added for real-world usage.

The d-DNNF Model Counter and CNF Analyzer are called via an FFI module with encap-
sulated classes that handle the conversion of data types and (de-)allocation.

In order to finish the calculations as quickly as possible, this task uses a given amount of
processes in parallel.

After the calculation has finished, the data points are saved automatically. In order to try
out different sizes of training, validation and testing sets, they are not automatically split
(but only split by an additional user request). Instead, they are saved as a so-called "data
point collection", which means that they are mapped to their family, so that they can be
split with an equal family distribution.

When the user requests the data points to be split, they will initially only be split up into a
testing set and a data set (with both training and validation data). The data set will later be
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split up when requesting the actual machine learning model training. This allows to easily
try out different validation split strategies, e.g. cross-validation instead of a fixed validation
set.
Another important implementation detail is that the family information (whose size in the
data points is the amount of families in the total data set) is only added to the data points
when the user requests to perform the initial test split. This way, we can calculate data
points over multiple requests, even if they are of new families, before splitting the data set
when the family information is added to all of them.
For clarity, the data sets (and information about the models trained on them) are saved in
a folder hierarchy, with a folder for each test split and a sub-folder in it for each trained
model. This is not only more manageable but also allows to use the project for many
different data sets and experiments.

3.4.2 Model Training

The SAT-Training framework can also perform the tasks to train and test a machine learning
model as well as to use a random search for the best model hyperparameters. As these tasks
behave very similarly, they are discussed together in this section.
The only significant difference between them is which models they train. While the train/validate
tasks uses arbitrary given hyperparameters to train & test a single model with them, the hy-
perparameter search samples a given amount of random hyperparameter combinations and
trains & tests a model for each of them. It then returns the model with the best generaliza-
tion, meaning the one that performed best on the validation set.

Possible Model Types

The component had initially used random forests (using scikit-learn [19]) as machine learn-
ing models for training, testing and hyperparameter search. Random forests have been
chosen as they usually provide good results in many applications and have rather few hy-
perparameters, and are therefore well suited as a first model type to deliver good initial
prediction with relatively few efforts. Nevertheless, the component had been built in a
way that makes it easy to change the machine learning model or extend the component to
support multiple model types.
Due to the evaluation of the random forest performance (see Section 4.10), the decision has
been made to also try deep neural network (using PyTorch [20]) as they are not only able to
learn much more complex relations and patterns and have more configuration options, but
also have structural advantages over random forest regressors for this specific application
(see Section 4.3.4).
Due to time constraints and other priorities, only the train/validate task with an explicit
validation set, but not the hyperparameter search, could also be implemented for neural
networks.
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Other Implementation Details

Requesting the training of a machine learning model requires a test split. The request can
then be configured to either use cross-validation or split the data set into an explicit training
and validation set. In our experience, using an explicit validation set has produced better
results as the cross-validation implementation does not take the family information into
account to perform equal distributions.
When using an explicit validation set, the final returned model is re-trained on both the
training and the validation set (after testing it). This makes it consistent with the cross-
validation option and uses as much data as possible to train the final version in order to
get the best results. As the exact train/validation-split is not saved anyways, and only the
testing set is used after training as unseen data, this does not distort test results.
Like the data calculation task, these tasks can use a given number of processes in parallel.
After the training has finished, they then save both the resulting model itself, its training
and validation scores, hyperparameters and additional information (on the hyperparameter
search) in the folder for the respective model. Multiple scoring metrics can be selected
for the scoring. For more information on the exact options and their advantages resp.
disadvantages, see Section 4.3.2. The scores can, in any case, then be used for evaluation
and comparison.

3.4.3 General Implementation Details

The SAT-Training framework provides a CLI as the user interface to configure and execute
the individual steps of this workflow. Each user request is implemented as a CLI command.
As it depends on the libraries being present, it contains a shell script which has to be
run once to setup the project, creating required folders, building Rust dependencies and
installing Python dependencies.
It also contains a scoring module which helps to automatically calculate arbitrarily many
different scores for each data point. It provides functions to let scikit-learn use selected
scoring metrics and read the calculated scores from a scikit-learn result, as well as to cal-
culate the scores itself for given scoring metrics, data sets and predicted outputs. This helps
to reduce unnecessary and duplicated code.
The scoring module also provides custom scoring metrics that are better suited for this spe-
cific application than the default ones and can judge the true performance more accurately.
For more information on that, see Section 4.3.2 in the evaluation chapter.

3.5 Integration into TaSSAT

TaSSAT is a local search solver (which is built on top of YalSAT). Like other local search
solvers, it iteratively flips variables of an internal assignment [5]. It marks an important
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piece of groundwork for this research as we alter it to incorporate a machine learning
model.
As described in the workflow section, the values predicted by the machine learning model
can then be used in combination with the solver’s own heuristics to decide on (1.) an initial
variable assignment and (2.) a variable to flip in each search step. This machine learning
model integration should improve the solver’s performance.
The output values that a machine learning model is trained on, and that it should predict,
are customized to these two scenarios. Therefore, two different types of data points exist:

3.5.1 Data Point Structure

The model can either be trained on data points with or without history information (mean-
ing a partial assignment). The model trained without history information can only be used
to generate an initial assignment of variables, while the model trained with history infor-
mation can be used for each flip to generate a recommendation on which variables to flip.
In both cases, the model gets information on the formula (and, depending on the case,
on the current history) that can easily be calculated while trying to solve the formula. It
is then supposed to output data that can help to decide on these problems (which initial
assignment to use and which variable to flip). As the calculated (training) data points
define the predictions of the model, they have to be structured in a way that allows to make
these decisions.

Data Points without History Information

The input values of a data point without history information consist of general information
on the formula (e.g. its amount of clauses) and specific information on each variable of the
formula (e.g. its number of appearances) that a machine learning model should be able to
use to predict model counts as accurately as possible.
When calculating data points without history information, the goal is to predict how each
variable should be initially assigned for the highest chance to get close to a model in the
search space. Therefore, the output values of a data point consist of one value for each
variable, describing which share of models of the formula contain it positively respectively
negatively. This information can directly be used to generate an initial assignment.
As these input and output values are fixed for any formula, exactly one data point should
be calculated for each formula.

Data Points with History Information

The input values of a data point with history information contains general information on
the formula (e.g. its amount of clauses) and specific information on each variable of the
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formula (e.g. its number of appearances) that a machine learning model should be able to
use to predict model counts under a given history as accurately as possible. Ths history
itself is given as one input value for each variable, describing whether the history contains
it positively, negatively or not at all.
When calculating data points with history information, the main goal is to predict which
variable should be flipped (and included in the history) next in order to find a model as
fast as possible. Therefore, the output values of a data point consist of one value for each
variable. If the variable is not part of the history, its value describes which share of models
of the formula under the current history contain it positively respectively negatively. The
output values of the history variables are irrelevant for this goal; in order to optimally use
the machine learning model’s capacity, they can be set to zero.
This information can then be used to select a variable to flip (and include in the history)
in each step by choosing a variable (that is not in the history) for which the opposite as-
signment is predicted to lead to a significantly larger number of models under the current
history.
The reason why the data points only contain the assignment of the history variables, and
not the full assignment of the local search solver, is that the other assignments cannot be
utilized. In order to find any amount of models, a large number of variables have to be
unassigned (if the model would be counted under the entire assignment, the result would
basically always be zero). Since the history is defined as the variables that will not be
considered for a flip in the current step, it is reasonable to pick it as the constraints for the
model counting to find a different variable to flip.
As these input and output values depend on a history, a number of histories should ran-
domly be generated for each formula, and exactly one data point should be calculated for
each formula-history pair.
However, additionally to learning the variable that should be flipped, there could be another
goal for the model to predict: In some states, the local search solver might face a situation
where the current history is so unfortunate that it excludes (almost) every model. While
this would be solved by additional variable flips that move those badly assigned variables
out of the fixed history, it would be a further improvement to detect such situations and
introduce an escape mechanisms, which allows to exceptionally flip a part of the history in
such a case. A way how this could be implemented with a machine learning model would
be to also predict the total amount of models under the current history as one general
output value. A repeatedly low estimate could trigger such an escape mechanism. In order
to decide on which history variable to flip, the output values of history variables could
describe how flipping it would change the amount of models under the history, instead of
being set to zero.
While the SAT-Training framework is capable to generate such data points with an escape
mechanism, we decided that it is more important to focus on producing good prediction
values for the core approach; therefore, we have not pursued this idea any longer. Never-
theless, the existing architecture can easily be used to approach this in future research.
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3.5.2 Implementation Details

In order to integrate a trained machine learning model into TaSSAT, we modified its source
code to call the SAT-Training framework to execute the specified model on the given input
values and use its results in combination with its own heuristics. This can also be used as
an example of how to integrate a machine learning model into other local search solvers.
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4 Experimental Evaluation
As the workflow consists of several distinct steps and components that should all be eval-
uated in order to find the most effective solutions (see Section 3.1), this chapter contains
multiple evaluations, separated in different sections. Each evaluation compares different
hyperparameters that had to be decided on in order to process the data and continue with
the next step:

• Compiler evaluation (Section 4.1)
An evaluation of different knowledge compilers, which compares their performances
and results.

• Model Counting evaluation (Section 4.2)
An evaluation of different model counting algorithms, which compares their perfor-
mances for different applications.

• Machine Learning Evaluation (Section 4.3)
An evaluation of the different machine learning models that have been trained to pre-
dict model counts under given constraints, which compares their prediction accuracy.

In order to carry out the evaluations, we used Spack [21], a package manager for high-
performance computing, in combination with Slurm [22], a job scheduler.

4.1 Compiler Evaluation

The first evaluation compares c2d, d4v1 and d4v2; three knowledge compilers which all
can transform Boolean functions into a d-DNNF representation. Comparing their perfor-
mances and output qualities allows to determine the most effective compiler. This can
benefit future research as it can use that one to compile and use bigger datasets efficiently.

4.1.1 Performance Evaluation

To evaluate the compiler performances, we compiled our formulas with each of the evalued
knowledge compilers and measured the required time for each instance.

Instances

In order to accurately compare the different compilers’ performances, we need a big data
set containing many real-world instances of CNF formatted Boolean functions. This data
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set is provided by the benchmark database [18].
We have used all satisfying formulas contained in the benchmark database that are not
synthetic or random and contain between 100 and 1000 variables. Unsatifying formulas
have been excluded as the entire approach of training a machine learning model on model
counts requires the formulas to be satisfying; it would not make sense to compile unsatisfy-
ing ones. Random and synthetic formulas have been excluded as we want to train a machine
learning model on the structre of, and the patterns contained in, real-world Boolean func-
tions of different applications; including them reduce the quality of the data set. Functions
with more than 1000 variables have been excluded for practical reasons: They generally
took too long to compile for this evaluation. And functions with less than 100 variables
have been excluded as the data set should not have a too wide range of variable amounts as
the patterns for such different functions might differ strongly, which makes it harder for a
machine learning model to learn them.

Environment

This evaluation has been performed on a Spack server, which runs on Rocky Linux 9.5.
The used server contains 64 CPU cores, each of which is capable of running 2 threads in
parallel (resulting in a total of 128 possible parallel threads). Each CPU core is part of an
AMD EPYC 7702P 64-Core Processor. It has a total of 1,019,393 MB RAM.
GNU Parallel [23] has been used to run 32 compilation processes in parallel on this server.
Runsolver [24] has been used to restrict the time for each compilation process to 5 hours
and the memory of each to 30GB in order to avoid the processes to meaningfully influence
each other.
The measurement that is used for this evaluation has been provided by runsolver. This is
more consistent than using the custom imlpemented measurements provided by the differ-
ent compilers, yet does not contain a significant measurement overhead.
Both versions of d4 (d4v1 and d4v2) are programmed in C++, while c2d is programmed in
C.

Evaluation Results

Figure 4.1 displays the error rate of each compiler. This describes the share of formulas
that could not be compiled due to a timeout, running out of memory or a compiler crash.
It also displays the average time each compiler required to compile a formula. Only the
average time for the formulas that all compilers could successfully compile has been used
in order to guarantee the comparability. This average is an important metric as it correlates
with the expected time to compile a certain set of formulas.
As expected, d4v1 and d4v2 both were able to compile more formulas than c2d and took
less time on average. Surprisingly though, d4v1 performed better in both metrics than
d4v2.
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Figure 4.1: The error rate of each compiler and the average time each compiler required for a
formula that has been successfully compiled by all compilers.

As the compilation time raises exponentially for more complex formulas, its average is
mainly determinated by a very small subset of the most complex formulas and does not
necessarily allow conclusions to be drawn on the performance on less complex functions.
Therefore, Figure 4.2 displays a scatter plot with the time d4v2 took, in comparison to the
time d4v1 took, to compile each given formula. It shows that d4v1 generally took less time
than d4v2 to compile a formula, regardless of its complexity.
As Figure 4.3 shows, both d4v1 and d4v2 have both performed significantly better on
almost all formulas than c2d.

4.1.2 Result Evaluation

While d4v1 has been shown to be more performant than its successor d4v2, we wanted to
see whether this reflects a tradeoff for improved compilation results.
The core idea of knowledge compilation is to move the common expensive part of an
algorithm, which is repeated for many different queries, into an initial compilation step to
allow the repeated queries to be much faster. Thus, it would make sense to decrease the
compilation performance in order to create "better" d-DNNF formula representations, on
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Figure 4.2: The time d4v1 and d4v2 took to compile each given formula.

Figure 4.3: The time d4v1 and d4v2 took to compile each given formula in comparison to c2d.
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which the model counting algorithm can operate even faster.

Therefore, we continued with evaluating the compilation results by measuring the time it
took to parse and count each d-DNNF representation any compiler produced.

Instances

The tested instances are the ones that have been successfully compiled by any of the knowl-
edge compilers in the course of the first evaluation.

Environment

As parsing and counting the models of a d-DNNF formula is much more performant than
compiling it, the required time to do so is much lower. This means that just counting
the time it takes to do this cannot guarantee an accurate measurement anymore as things
like cache content, CPU throttling, benchmarking overhead and randomness can heavily
influence such short measured times, resulting in a very large variance.

Therefore, we use the benchmarking suite Criterion in order to get accurate measurements
of tasks that can take as little time as just a few nanoseconds. Criterion can produce highly
precise benchmarks as it, among other things, repeats the benchmarked code for at least
five seconds (potentially using millions of iterations) and only measures the time after
at least three seconds of warming up to account for different initial cache contents [16].
Additionally, we only use a single process at a time to prevent multiple processes from
influencing each other and affecting the measurements.

This evaluation has been performed on a Spack server, which runs on Rocky Linux 9.5.
The used server contains 32 CPU cores, each of which is capable of running 2 threads in
parallel (resulting in a total of 64 possible parallel threads). Each CPU core is part of an
AMD EPYC 7551P 32-Core Processor. It has a total of 257,804 MB RAM.

Evaluation Results

Figure 4.4 depicts the time it took to parse respectively count each function that has been
compiled by both d4v1 and d4v2 for both resulting d-DNNF representations.

There is no big visible difference, although the variance of the data points seems to grow
with their complexity. However, it is difficult to judge the exact difference as the data points
of many less complex formulas are very close together.

As the average is almost entirely driven by the most complex functions, and as those are
more likely to be outliers, it is not very conclusive. Instead, Figure 4.5 presents the average
ratio of time it takes to parse and count a formula (of each compiler) in comparison to the
time it takes for the corresponding formul created by d4v1.
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Figure 4.4: The time it took to parse resp. count each function that has been compiled by both
d4v1 and d4v2.

Figure 4.5: The average ratio of time to parse and count a formula for every compiler in compari-
son to d4v1.
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While there is no significant difference between d4v1 and d4v2, the formulas compiled by
c2d are surprisingly much faster to parse.
It should be noted though, that when taking all formulas that d4v1 and d4v2 were able to
compile (disregarding c2d), as it has been done on Figure 4.4, their ratio difference grows
to 118% for parsing and 116% for counting.

4.1.3 Conclusion

In conclusion, d4v1 has been able to compile the most Boolean functions within the given
constraints and has generally been the fastest of the tested knowledge compilers. Addition-
ally, the formulas it has produced have not systematically taken longer to parse or count
than the ones of d4v2.
Therefore, we chose d4v1 as the used knowledge compiler for the following evaluations.
While d4v2 may perform better on differently sized or otherwise specialized Boolean func-
tions, we generally recommend the usage of d4v1 due to these evaluations.

4.2 Model Counting Evaluation

After selecting a knowledge compiler to use, the next step in the workflow is to create a
data set to train a machine learning model on. The time it takes to calculate the input values
is negligible, but the performance of the model counting, which is required to calculate the
output values, is highly relevant, especially for more complex formulas.
Therefore, we evaluated the two available model counters: ddnnife and d-DNNF Model
Counter. Again, comparing their performances allows to determine the more effective
model counter that should be used in the future to research this approach (and other appli-
cations) most effectively.

4.2.1 Instances

As d4v1 has been chosen to be used as knowledge compiler, the used instances are all d-
DNNF formulas that have been successfully compiled by d4v1 (from the respective original
dataset, see Section 4.1.1).

4.2.2 Environment

Both ddnnife and d-DNNF Model Counter are programmed in Rust. This allows to use
Criterion for both of them in a consistent way, which results in high-precision benchmarks
to accurately compare these libraries.
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We only use a single process at a time to prevent multiple processes from influencing each
other and affecting the measurements.
This evaluation has been performed on a Spack server, which runs on Rocky Linux 9.5.
The used server contains 32 CPU cores, each of which is capable of running 2 threads in
parallel (resulting in a total of 64 possible parallel threads). Each CPU core is part of an
AMD EPYC 7551P 32-Core Processor. It has a total of 257,804 MB RAM.

4.2.3 Evaluation Results

Figure 4.6 shows the average ratio of time it took to parse a formula with the d-DNNF
Model Counter in comparison to the time it took to parse the same formula with ddnnife.

Figure 4.6: The average ratio of time to parse a formula with the d-DNNF Model Counter in
comparison to ddnnife.

The d-DNNF Model Counter leaves the users the choice exactly which precalculations
and optimizations to use. This allows for users to choose the configuration that is most
performant for their use-case, as the cost of a precalculation required for an optimization
techinque might not be worth it for a small number of requests.
This requires the user to explicitly request the precalculation (of core features and node
variables) and caching of calculated model counts if that is wanted. To allow the user to
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rely on the requested optimizations being used, the model counter returns an error if one of
them cannot be used due to any missing prior calculation.

While ddnnife only uses a single parsing process, which precalculates everything required
for the optimizations it uses to count the models, the d-DNNF Model Counter leaves the
users the choice which exact precalculations and optimizations to use. This allows for
users to choose the configuration that is most performant for their use-case, as the cost of
a precalculation required for an optimization techinque might not be worth it for a small
number of requests.

Therefore, the one-time cost the d-DNNF Model Counter requires to parse a formulas in
order to repeatedly count its models under given constraints depends on the precalculations
requested by the user. Figure 4.6 contains these different times it requires to just parse
the formula without any precalculations, to parse it and perform an initial count to allow
partial traversals with an initial graph traversal for each query, and to parse it and perform
all possible precalculations to allow partial traversals without an initial graph traversal and
using core features.

To just parse a formula without any precalculation, the d-DNNF Model Counter took (on
average) 29% of the time ddnnife took. But even when using all precalculations, it still
only required 60% of the time ddnnife does, while allowing for additional optimizations.

Interestingly, the average time the d-DNNF Model Counter took is less than a percentage
than the one ddnnife took. This is due to their time difference increasing for more complex
formulas. Figure 4.7 displays the time both ddnnife and the d-DNNF Model Counter took
to parse each compiled formula, mapped to the amount of edges of that formula, which
illustrates that the parse time depends on the amount of edges. Figure 4.8 confirms that
this is also valid for the different precalculation tasks. However, after a certain threshold
of around 106 edges, the parse times of ddnnife begins to increase at a significantly higher
(constant) rate. But due to the rather small sample size of formulas at that scale, we cannot
be certain that this is generally valid.

The actual model counting performance highly depends on a variety of factors. The size
of the given partial assignment has a big impact as it can incrase the amount of nodes that
have to be traversed when using partial traversal optimizations. At the same time, however,
a bigger partial assignment increases the probability of an excluded core feature, which
(using corresponding optimizations) results in a near-zero time.

As figure 4.9 shows, ddnnife was generally able to count the models more efficiently. Sur-
prisingly, the full node optimization that prevents the d-DNNF Model Counter from travers-
ing the graph multiple times seemed to have a negative impact for less complex formulas.
This indicates a higher than expected overhead to compare the variables, which may be an
opportunity for a bigger performance improvement in the future.

However, consistent with the parsing evaluation, it seems that the d-DNNF Model Counter
can scale more efficiently as the performance difference heavily decreases with increasing
formula complexity as well as for a higher amount of constraints. This is likely due to

35



4 Experimental Evaluation

Figure 4.7: The time ddnnife and the d-DNNF Model Counter took to parse each compiled for-
mula, mapped to its amount of edges.
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Figure 4.8: The average ratio of time to parse each formula with the d-DNNF Model Counter in
comparison to ddnnife.

Figure 4.9: The time ddnnife and the d-DNNF Model Counter took to count the compiled formu-
las, mapped to their amount of edges, for the history sizes of 1 and 25.
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the fact that ddnnife contains more advanced optimizations that especially benefigt smaller
Boolean functions.

4.3 Machine Learning Evaluation

After selecting the more performant model counter to calculate a data set, the data set is
then used to train a machine learning model. In order for the machine learning model to be
able to improve the local search solver, it must perform as good as possible and accurately
predict the model counts.
This is why we evaluated the accuracy of different machine learning models and their
performance under different hyperparameters. That allows us to pick the most effective
model and use it for the actual integration in a local search solver.
The usage of an explicit training and validation set has performed better results than cross-
validation in early tests. This is likely due to the cross-validation implementation not taking
the family information into account to perform equal distributions, resulting in some splits
that make it hard to apply the learned patterns on the validation set. Therefore, we have
used an explicit training and validation split for all machine learning evaluations.

4.3.1 Instances

In order to train a machine learning model, the data points are calculated by the SAT-
Training framework (which uses the d-DNNF Model Counter and the CNF Analyzer).
Similarly to the model counting evaluation, the formulas used to generate data points are all
d-DNNF formulas that have been compiled by d4v1 (from the respective original dataset,
see Section 4.1.1).
It should be noted that this may introduce a certain selection bias. As only the subset of
models that have successfully been compiled could be used to generate a data set for the
machine learning evluation, this might have distorted the distribution of patterns in the
formulas and made them less representative.

4.3.2 Scoring Metrics

The default scoring metrics are the mean squared error and the r2 score. These use all out-
put values to determine a score. However, the amount of variables in a Boolean function
is variable; this is why we have included an "exists bit" in the input values, and fill up the
input and output values with zeroes for the non-existing variables. Therefore, a scoring
metric that uses all output values does not necessarily correlate with the true model perfor-
mance. For example, a model that perfectly predicts the zeroes for non-existing variables
but no other values could get better scores than a model that produces good predictions for
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only the existing variables. This shows that the default scoring metrics are not very well
suited for this application.
The default (scikit-learn) implementation of the r2 score also has an additional problem:
It calculates the r2 score for each output feature individually and then returns the mean of
these values. While this makes sense for other applications in which the output values all
provide different data on different scales, the output features of this application contain one
value for each variable, and the variable order is interchangeable. There is no structural dif-
ference between the output features (except for the one additional general value for models
with an escape mechanism). Because of the way these data points are structured, the de-
fault implementation score strongly depends on the specific data set (and non-generalizing
patterns about the variable order in it) and is not well suited as a metric for this application.
This is why we introduce our own so-called "valid part" scores. These valid part scores
only calculate the mean squared error and the r2 score of the valid part of the output values
(meaning of the variables that actually exist, but without taking the filled up values into
account).

Implementation Details

The valid part scoring metrics depend on the amount of variables for each data point (which
cannot be reconstructed from the output values, as it depends on the exists bit, which is an
input value). And as we do not have control over the (cross-validation) splits that are
performed by scikit-learn, we cannot know which data points are passed to the scoring
functions.
We solve this by using a pandas DataFrame. This DataFrame saves the indices of each
value and keeps them when splitting it up; this way, we can still access the given indices,
use them to idenftify the data points and calculate the correct valid part score, even though
it depends on the input values.

4.3.3 Random Forest Regressors

The machine learning models we initially used were random forest regressors as they usu-
ally provide good results in many applications and have rather few hyperparameters.

Environment

As we only want to evaluate the accuracy of the trained random forest regressor, we do not
have to perform a benchmark. Therefore, the exact hardware information is irrelevant as it
does not influence the outcome of this evaluation.
The evaluation has been performed by utilizing the SAT-Training framework, which is
programmed in Python, and its hyperparameter search tasks. Thus, scikit-learn has been
used for the creation and training of the different random forest regressors.
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Tuning Parameters

While random forest regressors have less hyperparameters and a more fixed structure than
many other machine learning models, there is still a range of parameters that can be turned
in order to improve their accuracy.
Using the SAT-Training framework, we have concluded a random hyperparameter search,
which created 2400 different random forest regressors and randomly set their hyperparam-
eters within given ranges and values for each of them.
The exact hyperparameters and the ranges and values they were randomly sampled from
are the following:

• The number of trees
10− 4000 (logarithmically sampled)

• The number of features to consider for each node’s split
30% probability: All, 15%:

√
All; 15%: logAll; 30%: 0.01−1∗All (logarithmically

sampled); 10%: 10− 500 (logarithmically sampled)
• The maximum depth of any tree

30%: None; 70%: 4− 40 (logarithmically sampled)
• The minimum number of samples required to split an internal node

80%: 2 − 32 (logarithmically sampled); 20%: 0.02 − 0.2 ∗ All (logarithmically
sampled)

• The minimum number of samples required to be at a leaf node
80%: 1 − 20 (logarithmically sampled); 20%: 0.02 − 0.2 ∗ All (logarithmically
sampled)

• Whether bootstrap samples are used when building trees
90%: True; 10%: False

• The minimum required impurity decrease to split a node 80%: 0; 20%: 0.0005 −
0.025 (logarithmically sampled)

• The maximum number of leaves per tree
75%: None; 25%: 75− 750 (logarithmically sampled)

Many of these ranges are a bit broader than usual in order to explore a wider parameter
space. This was possible as we have used a high number of samples, ensuring that a large
number of samples are directed towards the most promising hyperparameter combinations.
The most important hyperparameters are usually the amount of trees and the number of
features to consider for each node’s split[25].

Evaluation Results

Figure 4.10 gives an overview on the performance of a random forest regressor with the
default hyperparameters. It can be seen that the regressor trained with an explicit training
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and validation set significantly outperformed the one trained with cross-validation, which
shows the importance of the data being distributed evenly.

Mean squared error Training set Validation set
Explicit sets 0.083 0.522
Cross-validation 0.080 0.677

R2 score Training set Validation set
Explicit sets 0.887 0.225
Cross-validation 0.890 0.047

Figure 4.10: Comparison of two tables.

Nevertheless, with the range of possible outputs being between -1 and 1, a mean squared
error of 0.5 on the validation set is significant. The r2 score, which can be used to estimate
the amount of variance that is explained by the machine learning model, also demonstrates
the suboptimal prediction accuracy.
Because of these unsatisfying results, we have chosen to explicitly perform a random search
in order to find a better combination of hyperparameters to improve the predictions.
Figure 4.11 shows the mean squared error and r2 score on both the training and the val-
idation set of each random forest regressor that has been created with randomly sampled
hyperparameters. The random forest regressor that has been created with the scikit-learn
default hyperparameters is highlighted in red.

Figure 4.11: The performances on the training and validation set of all random forest regressors
(the one with the default hyperparameter values being highlighted in red).
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The effects on different amounts of capacity can easily be seen. Forests with too little
capacity to learn the patterns perform poorly on both the training and the validation set and
are displayed in the bottom left corner. Forests with the right amount of capacity perform
the best on the validation set and good on the training set, and are therefore in the top
center. And forests that have too much capacity overfit and learn non-generalizing patterns
that only apply to the testing set, causing them to perform best on the training set but not
that good on the validation set, and are located in the center right. Interestingly, the default
hyperparameter values scikit-learn provide seem to slightly overfit.
However, it is important to pay attention to the scaling. While many forests achieved a
mean squared error of less than 0.2 on the training set, the best ones have still produced an
MSE of over 0.5 on the validation set. No forest has achieved an r2 score of 0.3 or higher
on unseen data, which means that over 70% of variance in the data cannot be explained by
any of the random forest regressors.
While the training shows that there is significant structure in the data that can be learned,
those results fell short of the expectations. Therefore, we tried a different machine learning
model that might be able to capture more of the patterns in the data.

4.3.4 Neural Network Advantages

Due to the poor performance of random forests, the decision has been made to also try deep
neural networks. Those have several advantages: They are not only able to learn much
more complicated relations and have more configuration options, but also have structural
advantages over random forest regressors for this specific problem:
One key aspect of this problem is that the variable order is interchangeable and that there is
no structural difference between the output features (except for the one additional general
value for models with an escape mechanism). But a random forest cannot be aware of
that and therefore wastes capacity by learning non-generalizing patterns about the variable
order in the training set. In order to avoid that, we could randomly shuffle the variable order
of each data point numerous times and use the newly created data set for training. But this
is still not ideal as the random forest cannot take advantage of this structure and combine
the data of each single variable to learn how specifically it implicates specific output values
without requiring much capacity.
A neural network, however, can take advantage of this structure by using shared weights.
As it gets the same structure of input values for each variable, we can create a sub-network
that is used for each variable individually, extracting the important features out of the re-
spective input values. This way, the neural network does not waste any capacity on learning
patterns in the variable order, but instead just focuses on the variable data and combines
the information it learns for each variable in a single network (which it can then apply to
each variable).
Another way a neural network can take advantage of this structure is aggregation. Even
when such a sub-network is used for each variable, when individually connecting their
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output values to a second network, the order of the variables would still have an impact
and could cause the model to learn information about patterns in the variable order of the
training set. To avoid that, we can also use shared weights and biases to connect each
variable network’s n-th output value to an input neuron, but due to the distributive law, this
is mathmatically the same as to calculate the sum (a kind of aggregation) of the n-th output
value of each variable network and pass it to the input neurons. An additional advantage of
this aggregation is that makes the network independent from the actual amount of variables
in a formula. The sub-networks only have to be evaluated and aggregated for the existing
variables, without the network having to take non-existing variables into account.

However, this aggregation has the consequence that actually useful information gets lost.
For example, the model count might not only depend on the sum of a value for each vari-
able, but also on the actual distribution of the values, e.g. its variance or whether there
are clusters. To avoid losing this information, while still preventing the graph from learn-
ing non-generalizing patterns, it is also possible to instead sort the variable sub-networks
based on one or multiple of their output values. A compromise could be to use multiple
aggregations.

Using these approaches, we propose a specific neural network structure adapted to this
problem (see Figure 4.12): It contains five subnetworks that are connected to each other
and take advantage of the structure of the data points to not be aware of the variable order
and learn the information for each variable combined.

• Initial group network
The initial group network gets the input values of one variable as input values and
extracts important information about the specific variable, that can be used in the
following networks.

• Initial general network
The initial general network gets the general input values (that don’t describe a spe-
cific variable, but the entire formula) as input values and extracts important informa-
tion about the general formula, that can be used in the following networks.

• Secondary group network
The secondary group network gets the output values of the initial general network
as well as the output values of the corresponding initial group network and extracts
important information about the specific variable in the general state of the formula,
that can be used in the following network.

• Aggregation network
The aggregation network gets the output values of the initial general network as
well as the aggregated input values of each initial group network (e.g. the sum and
variance of all n-th output values of a single initial group network). This network then
uses the general formula information and aggregated data of all variables to extract
important information on the overall formula and the state of individual variables in
it, that can be used in the following network.
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• Final group network
The final group network gets the output values of the aggregation network as well
as the output values of the corresponding secondary group network and extracts the
final information on the corresponding variable, that is used as prediction.

(When using a model with an escape mechanism, the aggregation network can output one
additional value that is used as the general prediction of model amounts in the formula.)

Figure 4.12: The structure of the proposed neural network.

4.3.5 Neural Networks

Environment

As with the evaluation of random forest regressors, we focused on the accuracy of the final
trained model, and therefore didn’t employ any benchmark.
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Pytorch has been used in combination with the SAT-Training framework to create, train
and test the neural networks.

Tuning Parameters

Neural networks are very flexible and therefore have numerous hyperparameters. While the
specific architecture of the proposed neural networks already fixes some of them, there is
still a substantial number of choices, including the depth of each sub-network, the amount
of nodes per layers, the used activation function, the learning rate and the optimizer.
Due to the complex structure of the model and dependencies of such different hyperparam-
eters on each other, conducting a systematic random search has not been feasible under the
given conditions. Therefore, we instead applied a manual hyperparameter tuning scheme,
testing different hyperparameter combinations that are known to be effective.

Evaluation Results

As established in Section 2.1.3, the increased flexibility and ability to learn more complex
patterns of neural networks comes with the cost of a more challenging hyperparameter tun-
ing process. As time constraints prevented a more comprehensive hyperparameter search,
we prioritized more promising parts of this research.
We were therefore unable to yield useful predictions. In our experiments, the neural net-
work consistently converged to predicting only zeroes.
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5 Discussion

5.1 Conclusion

By implementing an entire framework specialized to utilizing knowledge compilation to
effectively train machine learning models, this thesis lays the groundwork to make this
approach more accessible.

Despite the challenging circumstances, having to create an entire data set from the ground
up, we were able to achieve some remarkable results. By specializing an algorithm for
this approach and leveraging new theoretical achievements, we could significantly improve
the workflow performance to use especially complex Boolean functions for SAT solving
improvement.

As the evaluations show, it presents a significant challenge to apply this workflow for real-
world improvements. Nevertheless, we are confident that with more time and resources,
future research will be able to build upon these findings as they hold the potential to deliver
fundamental improvements.

Given the significant impact SAT solvers have on many algorithmic fields, this is a highly
relevant area for future research.

5.2 Future Work

As this thesis opens up a new research field, it holds significant potential for future research
and work.

We have identified several promising directions for further research, like a specialized pro-
posed neural network structure, additional optimization approaches to compose valuable
data even quicker and complementary techniques to help local search solvers to converge
more quickly. While those could not be pursued within the scope of this work, they impose
excellent research opportunities.

This also includes a more thorough evaluation of the developed approaches in order to
utilize their full potential and find the most effective combinations. Another promising
possibility is to apply these approaches on more specific subsets and SAT applications that
deal with more comlex formulas, as the improvements introduced in this thesis make it
possible to handle them especially well.
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As the constraint of a fixed amount of variables imposed significant difficulties, it would
also be a worthwile approach to explore other model types that could bypass this limitation,
like a recurrent neural network that can take arbitrarily sized data as input.
Utilizing automated hyperparameter tuning could also help identifying ways to overcome
the restrictions faced by some machine learning models in our study, and allow a more
effective model training.
More future work is required to create a significantly larger data set. This is especially
important as the entire approach heavily relies on the data set quality and size, in order to
avoid selection bias and non-generalizing patterns. Spending more time to provide such an
open data set could therefore provide substantial benefits to the general research community
and increase both the accessibility and attractiveness of this research area.
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