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Abstract

Conflict-Driven Clause Learning (CDCL) is one of the most popular approaches for solving
SAT problems. During the execution of the algorithm, the solver learns redundant clauses
to speed up the further solving of the problem. In order to improve the performance, these
clauses can also be shared in parallel SAT solvers between solver instances of the same
problem.

In this thesis, we present a communication framework for Mallob, that enables groups of
jobs to share information. We use this framework to share clauses not just between solver
instances for the same problem, but also across different problems. Since the problems
are in most cases not identical, we must verify the applicability of each shared clause in
order to not learn wrong information. Our verification process is similar to the incomplete
redundancy check of clause strengthening. For identical instances that only differ in
assumptions, we can skip the validation step.

Our experimental results indicate that, for some instances, our validation approach
performs marginally better when cross-problem clause sharing is utilized. However, we
observed that skipping the validation step can result in a statistically significant speedup.






Zusammenfassung

Conflict-Driven Clause Learning (CDCL) ist einer der géngigsten Ansétze zum Losen
von SAT-Problemen. Wahrend der Ausfithrung des Algorithmus lernt der Algorithmus
redundante Klauseln, um das weitere Losen des Problems zu beschleunigen. Um die Per-
formance zu verbessern, konnen diese Klauseln auch in parallelen SAT-Solvern zwischen
Solver-Instanzen desselben Problems geteilt werden.

In dieser Arbeit stellen wir ein Kommunikations-Framework fiir Mallob vor, das es
Gruppen von Jobs ermdglicht, Nachrichten auszutauschen. Wir haben dieses Framework
verwendet, um Klauseln nicht nur zwischen Solver-Instanzen fur dasselbe Problem, son-
dern auch zwischen unterschiedlichen Problemen auszutauschen. Da die Probleme im
Normalfall nicht identisch sind, miissen wir die Anwendbarkeit jeder gemeinsam genutzten
Klausel verifizieren, um keine falschen Informationen zu erhalten. Dieser Validierungs-
schritt dhnelt dem incomplete redundacy check des clause strengthenings. Bei identischen
Instanzen, die sich nur in den Annahmen unterscheiden, konnen wir den Validierungs-
schritt iiberspringen.

Unsere experimentellen Ergebnisse deuten darauf hin, dass unser Validierungsansatz
fiir einige Instanzen marginal besser abschneidet, wenn das Teilen von Klauseln tiber
mehrere Probleme hinweg verwendet wird. Es ist erwahnenswert, dass das Uberspringen
des Validierungsschritts zu einer statistisch signifikanten Beschleunigung fithren kann.
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1 Introduction

1.1 Motivation

Imagine you and your friends are working on different problems on a math worksheet.
Though you each have different tasks to complete, you realize that some of the problems
are similar and you may be able to share partial results with one another. However, it’s
important to be cautious, as a partial result from a friend may not be applicable to your
problem. For example, in your task, you may be calculating over another field, and a
partial result from a friend may be incorrect in your context. To ensure the validity of
the shared information, you first verify its applicability before incorporating it. However,
since you already know the solution of the partial problem, it is easier for you to check if
it is applicable. By doing so, you and your friends can finish the worksheet more quickly
and head to the cafeteria sooner.

In this thesis, we apply the same strategy to SAT-problems. The SAT problem is the
problem of determining if there exists a variable assignment that satisfies a given boolean
formula. A popular approach for the sequential solving of SAT problems is Conflict
Driven Clause Learning. CDCL solvers do an intelligent depth-first search over all variable
assignments. If these solvers encounter a contradiction, it is recorded in a redundant
clause. These clauses can be used to make the further search more efficient and find new
contradictions faster.

In recent years, parallel computing has become more and more important to build
fast software. State-of-the-art SAT solvers also take advantage of parallel computing. A
popular approach often used by parallel SAT solvers is portfolio solving. Here, different
and differently parameterized solvers solve the problem simultaneously in the hope that
one of them is well suited for the problem at hand. Each solver can pass partial results
(clauses) on to other solver instances for the same problem.

We will extend this, by not only sharing clauses across solver instances of the same
problem, but also share clauses across different, but similar, problems while also checking
their validity.

1.2 Contribution

We build on the success of clause sharing for individual problems so that the solving
procedure can be applied to different but similar problems. We identify and develop the
two major steps for enabling cross-problem clause sharing. Our first contribution, is a
general communication framework for the communication across problems. Secondly, we
use this framework to share clauses across problems and afterward validate them with
our clause validation scheme. Additionally, we discuss instances where it is possible to
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tun off this validation scheme. On instances where we need our clause validation scheme,
we saw a slight speedup for some of our tested instances. On instances where we could
disable clause validation, we saw a statistically significant speedup of around 10% for most
instances.

For the implementation, we work on the existing software stack of Mallob. Mallob
is a platform for massively parallel and distributed on-demand processing of malleable
jobs, handling their scheduling and load balancing [17]. Mallob can also be used to solve
multiple SAT problems simultaneously in an orchestrated manner, and therefore already
provides many functions for communication between jobs. This makes it easy to adapt
the software to our needs.

1.3 Structure of Thesis

Chapter 2 gives a quick overview over SAT Solving and techniques we will use in our
approach. We will discuss the concept of clause strengthening and highlight the similarities
with our approach. Afterward, we explain our approach for solving different but similar
SAT problems with clause sharing and evaluate its performance. At last, we conclude our
results in Chapter 5 and point out possibilities for future work.



2 Preliminaries

In this chapter we will first clarify some fundamentals that we will need in our approach
and afterward introduce some related work.

2.1 SAT Solving

The Boolean satisfiability problem (SAT) is the problem of determining if there exists a
truth value assignment that satisfies a given boolean formula F. F is typically given in
Conjunctive normal form (CNF). A formula is in CNF if it is a conjunction of one or more
clauses, e.g. C; A C; A Cs. A clause is a disjunction of one or more literals, e.g. L; V L, V L.
A literal is a variable V or a negated variable V.

Given such a formula F, now we have to find out if there is a variable assignment
with true and false so that the formula evaluates to true . If there is such a variable
assignment, we call the formula satisfiable. If the formula evaluates to false with all
variable assignments, we call the formula unsatisfiable.

The SAT problem is NP-complete. This means that no algorithm is known that can
solve the problem in polynomial time. Due to the general problem definition, many other
NP-hard problems can be easily reduced to the SAT problem. Thus, if you have a fast
solver for SAT problems, you may have a fast solver for many other problems.

Most modern solvers imply an approach to solving SAT Problems called Conflict-driven
Clause Learning. To better explain these, we will first introduce the concept of unit
propagation.

Unit Propagation Given a literal L, we define F|; to be the CNF formula resulting in
removing all clauses with [ (the clause is satisfied as L would satisfy it) and all occurrences
of =L (—L can not satisfy the clause anymore, as it would already be assigned the opposite
truth value). We can recursively define Unit Propagation (UP) in the following way [14]:

F, if F does not contain any unit clause.
UP(F) =44, if F contains two unit clauses {V} and {-V}.
UP(F|)), otherwise

Conflict-driven Clause Learning A Conflict-driven Clause Learning (CDCL) solver [13]
performs a non-chronological backtrack search in the space of partial truth assignments
[12]. Concretely, the solver repeatedly picks a decision literal L; and applies unit propa-
gation UP(F U {Ly,...,L;}) until the empty formula or the empty clause is derived [12].
{Li,...,Li_1} are decision variables from earlier iterations. If the empty formula is derived,
the problem is satisfiable, as all clauses are satisfied. If the empty clause is derived, we
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found a contradiction. The truth assignment, that the algorithm did choose, was incor-
rect. In this case, the reasons are analyzed, and a new clause is learned; normally via the
First Unique Implication Point Scheme [19]. How exactly this happens is not of further
relevance to this work. This newly learned clause can help to find contradictions of new
decision literals faster. Inspired by [1], we illustrated the pseudocode of CDCL solvers in
Algorithm 1.

Learning too many clauses though can also slow down the solver and may overflow
the available memory [12]. This is why most solvers periodically delete a subset of the
learned clauses.

Algorithm 1 Pseudocode of CDCL solvers

Input: CNF formula F
while not all variables assigned do
assignDecisionLiteral
doUnitPorpagation
if conflict detected then
analyzeConflict
addLearnedClause
backtrack or return UNSAT
end if
end while
return SAT

Parallel SAT solving There are two major approaches for parallelizing SAT algorithms
that can be distinguished [18].

The classical divide-and-conquer approach to parallelizing SAT solving is to split the
search space between the search engines such that no overlap is possible. This is usually
done by starting each solver with a different fixed partial assignment [1].

The second, so-called portfolio approach, is to run several solvers with different configu-
rations in parallel. The solvers can be completely different solvers or the same solver with
different parameters. The system finishes whenever the fastest solver is done. The hope
is that one of the solvers might fit the problem well, and finishes fast. When there is no
interaction between the solvers of a portfolio, we more precisely call it a pure portfolio [1].
The first solver to implement this kind of approach was ManySAT [7]. Another example
for an efficient and modern portfolio solver is also featured in our framework Mallob.

To boost the performance of both of these approaches, one can incorporate Clause
sharing, to exchange important partial results with other solvers. In the case of portfolio
solvers, such a portfolio is called cooperative portfolio [18]. ManySAT also implemented
this [7]. Because we are dealing with clauses being shared across different problems in
this work, we will call those kind of shared clauses within a portfolio solver internally
shared clauses.
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2.2 Mallob Nomenclature

Mallob is the framework we will be using to implement our approach. Mallob already
features an engine for distributed SAT solving. To have clear and precise wording in this
thesis, we will now clarify the nomenclature of mallob.

Given a boolean formula F. The goal of checking this formula is encapsulated in mallob
by a so-called job. Different numbers of workers are assigned to these jobs depending on
priority and demand. Each worker corresponds to a set of computing resources and can
actively contribute to solving the problem. A job can have multiple workers assigned to it,
but it always has at least one. This one worker is the root worker of the job, and we will
call him job representative.

When dealing with cross problem clause sharing, similar jobs are gathered into a ring
structure. This ring structure has a group representative. The group representative handles
join requests of other job representatives.

2.3 Approximate Membership Query

Approximate Membership Query Data Structures (AMQ) are space-efficient probabilistic
data structures that enable constant-time membership queries [3]. When queried, an AMQ
returns either if that element is not - or if it might already be - in the set. False positives
may occur, but false negatives cannot. While it is possible to add elements to the set, in
most cases removal is not supported. As the number of items in the set increases, typically
the probability of false positives rises.

An example for a very simple AMQ are bloom filters. There are many other data
structures that outperform bloom filters. For example, Morton Filters [5]. A bloom filter
works by having a bit vector of size m and k hash functions, with h;(x) € [0, m —1]. When
checking if an item exists or not, all k hash functions are evaluated, and we read the bits in
the bit vector at h;(x). If one bit is zero, we can say that this element was not yet inserted.
If all bits are 1 that element might have been inserted already, but it could also happen that
the bits might have been set by other elements. To insert an element, just set the according
k bits of the hash functions. As no bits get cleared, it is trivial why the false positive rate
rises with an increasing number n of inserted clauses. We illustrated an example of a
bloom filter in Figure 2.1.

2.4 Related Work

To our knowledge sharing clauses across different problems has not been done in dis-
tributed SAT solving.

The idea of clause strengthening, though, is in its core similar to ours. Clause strengthen-
ing has multiple names in academic literature, which include distillation [8], minimization
[12] or vivification [14]. All of those follow the same principle. With clause strengthening,
we try to improve the quality of clauses by checking if a subclause of a given clause may
already be implied by the rest of the formula. If this is the case, we can swap the old clause
with the new subclause and thus have shortened the length. Shorter clauses are most of
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C1

7 I\

¥ = - 4

Is ¢3 member?

Figure 2.1: Example of a bloom filter with m = 9,k = 3. ¢; and c; were already inserted. c3
will be correctly identified as not part of the set as bit 5 is not set.

the time preferred because in unit propagations they become unit more easily [12], which
speeds up solving.

With our cross problem clause sharing approach, we also want to check if an externally
shared clause is already implied by the rest of the local formula. If we can prove that an
externally shared clause is redundant, we know that the clause is per definition valid in
the given context and can be accepted into the local clauses. So there are genuine parallels
between the two approaches.

Clause strengthening works the following way: Let C = L; VL,V - - VL, the strengthening
candidate and L; ... L; are ordered by some branching heuristic. A branching heuristic
that was commonly used in the past was the MOMS heuristic [14]. But there are many
others like the Jeroslow-Wang or (R)DLCS and (R)DLIS Heuristics [4]. The branching
heuristic can have great impact on the success rate of the strengthening attempts. After
the ordering, we perform the following checks and operations [14] (we provide a textual
description in the paragraph below):

1. Ifforsomei€1...]-1andj > i, UP(F\ CU —C;) deduces Lj,
then F < (F\C)U{L; VL,V ---VL; VLj}

2. Ifforsomeie€1...l-1and j > i, UP(F\ CU =C;) deduces —Lj,
then F <~ (F\C)U{Li VL,V ---VLV---VLi_1VLigV--VL}

3. If forsomeie€1...1 -1, UP(F\ CU —(;) deduces L then extract a nogood C; from
the conflict using the First UIP scheme.
IfC;cCor|C| <|C|,then F « (F\C)U(
otherwise F «— (F\C)U{Ly VL,V ---V L}

This in general leads to shorter clauses.

Now we want to give an intuition, what the steps do. We test, given the heuristic, all
sub-clauses with only the first [ literals. In check 1, we check if one of the literals not
yet inserted in the sub-clause appears as a unit clause after unit propagation with the
negated sub-clause. In this case, we know that this literal must also be true for the formula
to be satisfiable. So we can learn the checked sub-clause and additionally add the literal.
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If we would now redo the unit propagation with the (negated) clause and the (negated)
additional literal, that literal would be assigned the opposite way and thus result in a
conflict. This means that the new shorter clause is valid.

Check 2 is similar. Here, however, we find that one of the remaining literals is negated
after the unit propagation. Therefore, we can conclude that this literal can be dropped in
the shortened clause, as if we would add that literal, we would not get a new conflict.

In the last check, we find a conflict after the unit propagation. That means, every literal
from the sub-clause is needed. We can still try to improve the clause with a conflict
analysis, or accept the short clause, depending on what results in the shorter clause.

It is well acknowledged that the performances of solvers is usually greatly improved
by preprocessing [14]. Usually, clause strengthening is also used as a preprocessor in
SAT Solving and shows performance improvements. However, we have also seen an
inprocessing approach [18] that is structurally very similar to the architecture of our
External Clause Checker. This approach has a separate solving thread on the side and tries
to strengthen learned clauses while solving. Wieringa and Heljanko [18] see speedup with
their technique.
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In this chapter, we present our contributions that enable sharing clauses across problems.
In the first part, we present how we share data, like clauses, across problems. Section 3.2
explains how we validate clauses to avoid learning wrong information. At last, we talk
about instances where we can skip this validation step.

3.1 Inter Job Communication

A subgoal in the course of Chapter 3 will be being able to exchange clauses between groups
of similar jobs in the Mallob framework. In this section, we set the more general goal of
sending arbitrary data between groups of related jobs. The data will be distributed in a
ring structure. We opted for a ring structure as it was easy to implement, and we only
expect small to moderate group sizes, so latency is not a big factor. We begin by explaining
how the ring structure is build and afterward describe how data is being sent around the
ring.

3.1.1 RingBuildup

Only the root worker of a job, i.e. the job representative, will be part of a ring. We can
make this simplification because the job representative will process every internally shared
clause. For incoming messages, the job representative can quickly propagate the message
to all children.

To signal to Mallob that jobs are part of the same group, the user can set a group ID for
every job. Jobs with the same group ID will share their data. If the user did not specify a
group ID, the software will work as without any cross-problem clause sharing.

To build a ring structure, all workers participate in a periodic all-reduction (once a
second in our implementation). We chose this interval as it links to the default sharing
interval of SAT jobs in Mallob. This recurring all-reduction makes it easy to handle jobs
that will enter the system at a later point in time, while still having limited communication
overhead. In this all reduction, every worker checks if it is the root worker of a job. If
this is the case, it shares his group ID, his MPI rank, and if it is already part of a ring. If a
worker is not a root worker of a job, he will participate in the reduction call but will not
contribute anything. This information is aggregated in a tree-like fashion where always
two datasets are merged, the resulting dataset is then merged with another merged dataset,
and so on.

If there are multiple job representatives with the same group ID while aggregating
data during the all-reduction, we distinguish different cases. If both job representatives
are part of a ring or both job representatives are not part of a ring, just a random job
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representative gets selected to be further passed on in the all-reduction. This helps with
spreading the ring management load on multiple workers. If one job representative is part
of the ring and the other is not, the ring job representative will always be further passed
on in the all-reduction. Figure 3.1b illustrates this approach. The distinction between
ring job representatives and non-ring job representatives is important, to not destroy any
existing rings.

In the end, the aggregated data contains a group representative for every group ID. A
job representative that wants to join a ring then can file a request to join the ring at the
respective group representative.

When every job representative has the list of all group representatives, group represen-
tatives, that are not part of a ring, just create a ring by themselves. Group representatives
that are part of a ring do not have to do anything. Job representatives that are not part of a
ring will submit a request to the representative for their group. The group representative
sets its ring neighbor to the requestor and sends the requester their previous ring neighbor
R. The requestor then sets R as his ring neighbor. Because it can happen that a group
representative gets messages from other job representatives before he handled the data
himself, we added a queue for such messages. That queue stores all incoming messages
while a group representative is not ready. After the group representative processed the
incoming data, all previous messages in the queue will get handled.

As an example for the ring creation algorithm, we will now elaborate Figure 3.1. Fig-
ure 3.1a shows the initial situation. The job representatives with ranks 0 and 1 are together
in a ring. 2 and 3 have not yet participated in any all-reduction.

Figure 3.1b shows the process of sharing group representatives. The blue arrows describe
the first aggregation step of the tree like all-reduction. On the left side, the datasets of 0
and 2 are aggregated. Both are in group A. 0 is part of a ring. Therefore, in this aggregation
step, 0 is always passed on as the representative. In the aggregation step on the right, 2
and 3 are both in different groups. So both are passed on as representatives. The next
aggregation step is shown in red. Here, 0 and 1 are both representatives of the same group
and ring members. By random selection, 1 is passed on. This randomness can help to
balance the load so that the same job is not always group representative. As 3 is the only
representative for B, he also gets passed on. In the orange list are the group representatives.
Each process now has access to this list.

Figure 3.1c shows the resulting ring structures. 2 was not part of a ring and makes a
join request to 1. 1 sets his neighbor to 2 and sends 2 to his previous neighbor 0. 2 then
puts his neighbor on 0. 3 sees that he is his own representative and therefore makes his
own ring.

When a job is finished, the MPI process whose job finished remains a part of the ring.
Note that in our current implementation, a ring will be broken once a new job with a
different group ID is deployed on an MPI process which still relays ring messages from
a former job. This is due to a one-to-one mapping in our code between an MPI process
and its role in a ring. Since such a scenario is unlikely in the scope of our experiments,
our solution is to rebuild all rings once every 20 seconds. For more general use cases of
our approach, our implementation can be improved in the future to support an arbitrary
number of message relays plus an active job on each MPI process.

10
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Rank: 0 | Rank: 1
Group: A > Group: A
A:0 A:l
Rank: 0 | Rank: 1 Alo A-llB-’ﬂ
Group: A > Group: A : i
p p T AW s T
A:2 B:3
Rank: 2 Rank: 3 Rank: 2 Rank: 3 Rank: 2
Group: A Group: B Group: A Group: B Group: A
(a) Initial situation before (b) The process of sharing (c) The resulting ring struc-
an all-reduction starts. ring representatives. ture.

Figure 3.1: Example of a ring-buildup.

3.1.2 Message Passing

Once job representatives are gathered into a ring, every job representative can send data
into the ring at any time. In the case of clause sharing, a job representative would send
clauses into the ring of similar jobs when internally shared clauses arrive at it. When the
request comes to send data into the ring, additional metadata is created. The data and
metadata are encapsulated in a ring message. The metadata contains the rank and group
ID of the job that emitted the message. The rank is needed, so a ring message does not get
passed around indefinitely but gets discarded after one round in the ring. The group ID is
needed because the workers are not permanently bound to one specific job. So when a
message is passed to a worker with rank i it could be that this worker is now a worker for
a different job. So every time a ring message gets passed, it first needs to be verified with
the group ID. If the verification fails, the message gets discarded.

If the verification passes, an arbitrary set action will get executed. We will call this
action Ring Action. In the case of clause sharing, this action would be to check if the given
clauses are applicable and if they are, include them in their own clauses. This action can
be set at any time. It does not have to be set when a message arrives. If it is not set, then
no action will be executed and the message will still be passed on. It makes sense, to set
the action in the constructor of a Job. A quick overview of the message passing algorithm
is laid out in Algorithm 2.

3.2 Clause Validation

When clauses are shared with a job representative, the ring action gets invoked. In the
case of a SAT job, the Ring Action would pass the shared clauses to the clause checkers.
Within a SAT process, a SAT engine runs. In a SAT engine, there are multiple solver
threads devoted to solving the local problem. Additionally, we added solver threads that
are used only for the validation of external clauses. We will call these threads External
Clause Checkers (ECC). The user can pass the parameter numECCThreads to determine how

11
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Algorithm 2 Pass on ring message

Input: RingMessage r

if r.group_id # my_group_id then
return

end if

if ringActionlsSet() then
executeRingAction(r.data)

end if

if r.start # my_neighbor then
passOnRingMessage(my_neighbor, r)

end if

many threads should be devoted to clause checking. The ECC threads only exist in the
SAT engine of a job representative. By default, the ECC threads do not displace solver
threads. But with the parameter eccDisplaceSolver the enable the displacement. If this
option is active, and we start mallob with ¢ threads per process and e ECC threads, the job
representatives get ¢t — e solver threads and e ECC threads. All other processes get the full
t solver threads. ECC threads take away resources from the solver threads and thus might
also slow down the total solving time.

Clauses arrive at the SAT engine in the form of an integer vector. At first, they get
disassembled. We hash every clause and depending on the hash of the clause it gets
assigned to an ECC. This way we have a relatively even load balancing as we expect that
over time all ECCs get the same amount of clauses with properties like LBD or length also
averaging out. These clauses will get buffered in an internal buffer of every ECC to make
the calls to an ECC non-blocking. We illustrated the integration of the ECC with the SAT
engine in Figure 3.2.

Approximate Membership Query Filter Before we insert clauses into the local buffer of the
ECC, we check with an Approximate Membership Query Filter if that clause was already
shared. We do this because, for similar problems, we expect some clauses to be shared
multiple times (from different jobs). We also check for every clause if all literals of the
clause are valid variables of the local problem, otherwise the clause also gets discarded.
Because at the creation of the External Clause Checker it is not known how many clauses
will be shared, you have to use an AMQ that supports growing.

It is to note that because of the usage of AMQ, we might throw away some clauses that
were not any duplicates. This, though, is a necessary memory-usefulness-tradeoff.

In our implementation we used Bloom filters which do not support growing by default.
As a solution, we implemented a hierarchical AMQ that can also be applied to any other
non-growing AMQ. We initialize the filter that is optimal for n members, and a maximum
false positive rate of p (for one layer). After the insertion of n members, we allocate a new
AMQ twice the size of the previous. New items will be inserted into this AMQ. When
membership is queried, it returns true, if any of the AMQ likely contains the item. The
doubling of the AMQ bit set results in a logarithmic amount of AMQ structures to be
checked in a membership query.

12
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fetch SatEngine fetch

destruct external clauses (int vector)

}
Cl

ause C

assign clause to
h(c) mod numECCs

\ l Y

ExternalClauseChecker e ExternalClauseChecker
AMQ AMQ
A\ 4 A\
Clause Priority Queue Clause Priority Queue
validate clauses validate clauses
| \
’ Admitted clauses ‘ ’ Admitted clauses ‘
| |
l l
build clause buffer build clause buffer
\ l l y
Admitted clauses (int vector) Admitted clauses (int vector)

Figure 3.2: Integration of the External Clause Checker with the SAT engine.
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We set the initial space n for members in our hierarchical AMQ to 2'2, as we did not
have any example dataset where fewer clauses were shared. As for the maximum false
positive rate, we chose p = 0.01. We did not encounter memory problems for this p, so
there was no reason to check a lower value. Also, 1% of false positives is sufficient, as
missing out from just a few shared clauses being discarded early before checking, does
not harm the algorithm much.

It is to note that the more layers there are added to the AMQ, the worse the false positive
rate gets. But even with 10 layers which can hold up to

9
Z 21241 — 4190 208

n=0

members, the expected false positive rate would still just be 1 — 0.99!° ~ 0.0956 < 10%.

We also implemented an approach with Morton filters, which should outperform classical
Bloom filters [5]. But due to technical reasons (because we have to hash clauses and not
integers) we had to fall back to use Bloom filters as a base AMQ for our hierarchical AMQ.
Mallob already offered a Bloom filter structure that also supports clause hashing. In the
case of Bloom filters and with p = 0.01 we need to allocate 9.6 bits per element to achieve
our per-layer false positive rate [6].

Priority Queue / Fixed-size buffer It is expected to happen that the validation of clauses
takes too long to check all external clauses that arrive at the ECC. This is especially true
as the number of group members increases, since the results of one group member will be
shared with every other group member. To limit the memory usage of the clause buffer,
we implemented a fixed-size buffer with a maximum capacity of N clauses. For this buffer,
we implemented the following item replacement strategies for full buffers:

« FIFO
« LIFO

« Prefer low LBD

Prefer long clauses

Prefer short clauses

All ECCs periodically check if there are new clauses in the buffer. Once there are clauses,
one clause at a time gets checked. Here, the buffer acts as a priority queue. The most
important clause of the currently used buffer, gets extracted. Depending on the buffer,
there are different pros and cons. FIFO and LIFO don’t require much overhead for inserting
and extraction of clauses. Prefer long clauses has the advantage that long clauses tend to
be verifiable more quickly but carry less useful information. Prefer short clauses is the
opposite. Solving tends to take up more time, but short clauses tend to be more helpful
in solving the local problem. The same is true for clauses with low LBD [18]. We will
evaluate these buffers in Chapter 4.
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3.2 Clause Validation

Checking Clause Validity With the selection strategy of our chosen buffer, we now have a
clause C to check. Given C = L; V Ly V - - - V L; for the external boolean formula F’ we
want to find out if C is also applicable for our local formula F . To do this, we can check if
F A —C is unsatisfiable. We can check validity this way because if a clause C is recorded
for F’ we can interpret it semantically as: In order for F’ to be satisfiable, at least one of
the literals must be satisfied. When checking

FA-C = FA-(L{VLV---VL) = FA-L A=LA---A=L

we have the following thought process: If at least one of the literals L; has to be true for
F’ to be satisfiable, then if that clause is applicable for F, also at least one of the literals L;
has to be true in F. So we test what would happen if all literals were false. For similar
problems, we expect that then the formula is no longer satisfiable. If this is the case, we
validated that C is applicable for F. However, if the formula is satisfiable, we know that
this clause is not applicable to our problem. We have listed a overview of the algorithm in
Algorithm 3.

The usage of incremental SAT solvers, can be very useful in this context here. For every
negated literal of the negated clause we can set an assumption in the solver and thus can
reuse the same solver for all clauses and do not have to read in the formula multiple times.

Now we can also see why the validation of long clauses generally tends to be faster.
The longer the clause C, the more assumptions we can extract from —C, and the easier
the problem is because |C| truth variables are already fixed from the beginning of the
validation process. However, this does not mean that this always applies. Some short
clauses may be validated quicker by having well-set literals.

Because completely checking if the given clause is applicable takes too long, as this
sub-problem is also NP-complete, we only check with unit propagation if we can find a
contradiction. If we find one, we can set the clause status as applicable, as we have seen
before. If we find none, that could be either due to that the clause is not applicable to the
problem because the formula is satisfiable or because we did not find the contradiction
with the unit propagation. This may lead to discarding some applicable clauses but in
general, saves time.

Timeout The validation of any clause should not take too long, to not clog up the system.
With an unfavorably chosen clause, the solver might get stuck for several seconds and many
(maybe more promising clauses) get discarded as a result. This is why we implemented a
timeout for the ECC solvers. We will discuss sensible values for the timeout in Chapter 4.

Another interesting approach would be to determine how many clauses arrive in one
second and set a minimum percentage of the clauses we want to validate. Depending on
that, we can set the timeout dynamically. Example: 500 clauses get shared every second
with a solver. The ECC wants to check at least 10% of clauses. Then the timeout should be
set to 1000ms/ (500 * 0.1) = 20ms.

Clause strengthening Furthermore, we integrated clause strengthening, into our work.
We have explained the principle behind clause strengthening in Section 2.4. As we have
already seen in Paragraph 2.1, some good redundant clauses, i.e. clauses that are implied
by other clauses, can greatly speed up problem-solving. But we have also seen that too
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3 Our Approach

Algorithm 3 Validate clauses

Input: Formula F, Buffer B of clauses to check
while B not empty do
C « B.extract()
assumptions « 0
for Literal L in C do
assumptions.add(—L)
end for
result «— check(F, assumptions) > Timeout if validation takes too long
if result == UNSAT then
validated_clauses.add(C )
end if
end while

many of these redundant clauses can slow down solving attempts [14]. This could also be
a problem with our approach, since we have the internally shared clauses on the one hand,
and additionally the externally shared clauses on the other hand. Both sources of clauses
combined may be harmful to the performance. We tried to use clause strengthening as a
solution. Here we spend more time on a single clause and try to improve it. Because of
the clause strengthening attempts, fewer external clauses will overall be accepted, and
those that are accepted are, on average, of higher quality.

Due to technical limitations, we could not implement the strengthening algorithm from
Wieringa et al. [18] one to one, but had to strip down the algorithm to fit our needs. We
will only look at the third case of the algorithm, where a sub-clause C’' =Ly VL, V---V L;
leads to the unsatisfiability of the problem. If this is the case for an i < [ we successfully
have shortened - or strengthened - the clause. As already stated in Section 2.4 the order of
the literals can have a great impact on the success rate of the clause strengthening. We
implemented the Jeroslow-Wang Heuristic [10] to sort the literals of C before performing
the solving tries. We illustrated this algorithm in Algorithm 4. The areas that differ from
the default clause validation are highlighted.

It would also be possible to use the ECC just as a clause strengthening thread, with no
cross problem clause sharing at all. This was a functionality mallob did not have before.
We did not further experiment with this.

3.3 Identical Problems with different Assumptions

For some solving techniques, we have to solve multiple identical instances where only
the assumptions differ between these instances. Because all clauses stem from the same
instance, we can guarantee that clauses are applicable between instances and we can
disable the verification step. This way, we can use the full processing power for the solving
threads, while also benefiting from cross-problem clause sharing.

One such technique is the Cube and Conquer approach. Cube and Conquer consist out
of two phases. At first, we partition the problem into many sub problems, so-called cubes.
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3.3 Identical Problems with different Assumptions

Algorithm 4 Validate clauses with clause strengthening

Input: Formula F , Buffer B of clauses to check
while B not empty do
C « B.extract()

> Different literal sorting strategies possible
assumptions «
for Literal L in C do

assumptions.add(—L)
> Check inside add-literal-loop, instead of after

if result == UNSAT then
validated_clauses.add(C)

end if
end for
end while

Afterward, a conflict-driven solver tackles these sub problems [9]. We can realize the par-
titioning by setting different assumptions for the same instance. For example, to partition
a problem into 4 cubes, you could add the assumption [1, 2], [1,-2], [-1,2], [-1,-2] to 4
identical instances of the problem. These 4 instances could just be placed in group and be
solved together with cross problem clause sharing. Normally, a heuristic is used to decide

on which literals to “divide” the problem.
Another application where several problems with the same clauses but with different

assumptions are solved is the improvement of found plans in automated planning, e.g., in
hierarchical planning [16].
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4 Evaluation

In this chapter, we will evaluate our cross problem clause sharing approach. We start off
by giving some notes and details on our implementation in Section 4.1 and presenting our
evaluation setup in Section 4.2. We will then optimize the parameters of our approach.
And lastly, we will continue with an in depth comparison of our approach to the baseline
without cross problem clause sharing on multiple datasets.

4.1 Implementation

We will now elaborate on some implementation details. For a closer look, our source code
is available at https://github.com/SamuelBorn/mallob. As a SAT solver for the clause
validation, we used CaDiCal [2].

Path of Externally Shared Clauses To illustrate the path of externally shared clauses
through Mallob, we made Figure 4.1. ForkedSatJob 0 shares clauses. ForkedSatJob 1 is
the next ring member after 0. Normally, 1 would also send the clauses to its next ring
member, and so on. For readability purposes, we abstracted this away in this illustration.
Furthermore, we need to pass clauses through an Inter-Process Communication interface
when passing messages from an MPI process to the SAT solvers, as SAT solving is performed
in a separate sub-process.

It is to note that the clauses have to take the detour over the worker. This was a technical
limitation by mallob. Mallob did not allow for multiple callbacks for one process, but one
worker could manage multiple jobs. In future versions of mallob this limitation will be
removed. This was just not yet reflected in our codebase.

Prevent Polling To prevent constant polling, if there are new clauses to check, the External
Clause Checker has a conditional variable that puts it to sleep when there are no clauses
to check in the buffer. As soon as the engine submits new clauses, it gets wakened up
again. This ensures that no CPU resources are wasted on polling.

Enabling Clause Checking in Mallob  To specify the group of a job, add the field “group_id”
to the job description. For ease of use, string IDs will just be mapped to hidden integers
IDs, and we store a map to translate between string and int group_ids. If no group_id is
passed, there will be no cross problem clause sharing. We also added an easy switch to
disable externally shared clauses getting checked for validity (useful for identical problems
with different assumptions). This can be set with the field “check_external”. If this field
is not set, the default behavior is to check external clauses. You can see an example job
description in Figure 4.2.
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ForkedSatJob 0 (sender)

Emit clause buffer into ring

InterJobCommuniator

Send to next ring member

Worker

Forward to active Job

ForkedSatJob 1 (receiver)

Pass to SatProcessAdapter

SatProcessAdapter

Pass to SatProcess via shared memory

Pass to Engine

SatEngine

Destruct into separate clauses

ExternalClauseChecker

On fetch: build admitted clauses into one buffer

SatEngine

Pass to SharingManager

SharingManager

Distribute learned clauses to SolverThreads

) ) W W W W W W Wi W

[
[
[
[
[
( SatProcess
[
[
[
[
[

SolverThreads

Figure 4.1: The path of externally shared clauses through Mallob.

{
"application": "SAT",
"user": "admin",
"name": "test-job-1",
"group_id": "group-with-a-name",
"check_external": true

}

Figure 4.2: Example Mallob job description to enable cross-problem clause sharing for the
given job.
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4.2 Experimental Setup

ID |OS | CPU | RAM | Caches (per Socket)
pc132 | Ubuntu | 2 x Intel Xeon E5-2683 v4 512 | 40 MB Cache
20.04 2.1 GHz GiB
2x16-core (+ 2x16-HTcore)
pc133 | Ubuntu | AMD Ryzen 3950X 64 L1: 1024KB
20.04 4.7 GHz GiB | L2: 8SMB
1x16-core (+ 1x16-HTcore) L3: 64MB
pc136 | Ubuntu | AMD EPYC Rome 7702P 1 256 MB L3 Cache
20.04 2.0-3.35GHz TiB
1x64-core (+ 1x64-HTcore)
pc137 | Ubuntu | AMD EPYC Rome 7702P 1 256 MB L3 Cache
20.04 2.0-3.35GHz TiB
1x64-core (+ 1x64-HTcore)
pc139 | Ubuntu | Intel Xeon Gold 6314U 512 | 512 MiB
20.04 2.3GHz GiB
2x32-core (+ 2x32-HTcore)

Table 4.1: Hardware specifications of our machines.

4.2 Experimental Setup

In this section, we will describe our experimental setup. In particular, we will describe
in which environments and with which test data we performed our tests. We will also
explain which parameters of our approach we have tuned.

4.2.1 Environment

We ran tests on different hardware. For every result, we will mention on which computer
the tests ran. In Table 4.1 we listed the specifications of the computers.

4.2.2 Tuning Parameters

We will tune our parameters in a waterfall like fashion. Starting with a basic setup of
parameters, we will optimize for the first parameter. Thereafter, that parameter is fixed,
and we will proceed with the next parameter and so on. We will optimize the following
parameters in the given order:

1. Group size: How large should groups be? More group members lead to more clauses
being shared with a Job. But because not all clauses can be checked, some important
clauses may be tossed.

2. ECC Timeout: What is an ideal timeout for an ECC verification attempt? Long

timeouts may verify important clauses, but deprive other clauses of solving time. We
will test timeouts between 10ms and 100ms.
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Figure 4.3: Result of deleting N random clauses. The solving time fluctuates, and it quickly
gets trivial to solve instances. (pc132)

3. Clause Priority Queue: What is an ideal ordering strategy for the clause buffer. This
determines which clauses get checked. We will evaluate every strategy mentioned
in Paragraph 3.2.

4. Clause Strengthening: We will determine if it is worth to enable our simple clause
strengthening.

5. Number of ECC threads: At last, we will test multiple configurations for the number
of solver threads and ECC threads.

4.2.3 Instances

As sharing only makes sense for similar problems, we needed similar problems to check
the validity of cross problem clause sharing. We looked at multiple ways to create such
problems.

Delete N random clauses from an existing formula This approach did not work reliably.
Removing just one key clause can make a problem trivial to solve. For our testing purposes,
we wanted the solving attempts to always take a similar amount of time. This especially
effects satisfiable instances. We visualized this behavior in Figure 4.3. We tested the
execution time of a randomly generated 3SAT instance with 300 variables and 1280 clauses
when deleting 0-29 clauses (of the same 3SAT instance).

Add N random clauses to an existing formula This approach suffers from the same short-
comings as the last one. Solving might get trivial, if an unfavorable clause gets added. This
especially effects unsatisfiable instances.
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4.2 Experimental Setup

Generate random instances, with an overlapping core Another approach was to create
random instances, that share a common set of clauses. We created the instances, using a
script that already existed in the Mallob source code files, which provides the algorithm
generate_random_3SAT _clauses(nums_vars, num_clauses). In Algorithm 5 we illustrated
how we generated those instances. The magic number 4.17 is a result from [11], which
states that a random 3SAT formula is on average maximally difficult when there are 4.17
times more clauses than there are variables. With this approach, we also have the same
shortcomings as in the previous approaches.

Algorithm 5 Generate random similar 3SAT instances

Input: Number of Variables V, Common core percentage p, Formulas to create N

common_num_clauses < [4.17 -V - p]

varied_num_clauses « [4.17-V - (1-p)]

common_clauses «— generate_random_3SAT_clauses(V, common_num_clauses)

formulas « {}

foriin [0..(N —1)] do
varied_clauses «— create_random_3SAT_clauses(V, varied_num_clauses)
formulas.add(common_clauses U varied_clauses)

end for

Planning instances We finally decided to use planning problems. For a given planning
problem, we encode that problem, where a maximum of k actions are allowed, as SAT
instances. That leads to a sequence of increasingly difficult unsatisfiable instances until
a first instance with x actions is satisfiable. We were able to create such instances using
Madagascar [15]. Madagascar is an implementation of the SAT based techniques for
planning. Besides solving planning problems, Madagascar can also output the respective
CNF for each planning step. The CNF for k actions is a prefix of the CNF for k + 1 actions,
and identical variables also share identical meanings across these instances. This makes
those instances ideal for us. When it is not import to find the shortest solution, but it’s
just a matter of knowing if a reasonable short plan exists, we can run Mallob with k jobs
X, X+1,...,X+k and cross problem clauses sharing enabled. They can then share clauses
with each other and benefit from each other’s partial results. For planning instances, we
sourced the classical tracks from the International Planning Competition 2018.

We filtered out instances, that took less than 20 minutes to solve. On the other hand,
we also did not look at instances where Madagascar was unable to convert the planning
instances into SAT instances within five minutes. For the remaining instances, we sampled
random instances with varying difficulties.

With this, we have “killed two birds with one stone”. On the one hand, we have numerous
instances with reliable execution times. On the other hand, we have found a potential
use for cross-problem clause-sharing in the real world, so we don’t have to work only on
synthetically created instances.

We will test planning instances mainly with a sliding window of similar instances. There
will always be j Jobs working on the instances I;, 41, . . ., Ii+j—1 in parallel. As soon as the
job with the instance I; finishes, it gets replaced by another job for the instance I;, ;. For
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Always similar

Figure 4.4: Sliding window test instances. Sliding window size = 3. Black nodes are
instances currently being worked on. Green nodes are completed instances.
When an instance is solved, the next not yet solved or solving instance gets
solved.

x < y we expect the job with instance I, to finish first. This is because it started before y
and because we chose instances, that are just getting harder until a break point. But we
will not reach this breakpoint in our selected instances. So when x mostly finishes before
y this ensures that the group will always stay similar. But even a little bit of scattering
of the jobs is not bad and will just lead to more clauses being rejected. We illustrated the
sliding window in Figure 4.4. For the instances we looked at, approximately a constant
200,000 new clauses got added for each level. So the higher levels should be more similar,
because they share a larger core of clauses.

4.3 Evaluation of Clause Sharing

At first, we will determine the optimal parameters as discussed in Subsection 4.2.2. After
that, we will compare the performance for some instances.

We will use “PxT” as a shortcut for a system configuration with P processes and T
threads per process.

4.3.1 Parameter tuning

Our base parameters will be 64x1 configuration, a timeout of 50ms, preferring low LBD
clauses, clause strengthening being disabled, and one additional ECC thread for the job
representatives.

Optimal group size  The test results for determining an optimal group size are illustrated
in Figure 4.6a. The legend of the figure can be interpreted the following way:

« sharing x: Both local and external clause sharing is enabled. There are always x
active jobs of the same (and only) group.
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4.3 Ewvaluation of Clause Sharing

« no sharing x: Only local sharing within a job is enabled. There is no inter job
communication. There are always x active jobs.

For instances with sharing disabled, we just set the number of active jobs to the group size.
We tested up to 5 group members with both sharing enabled and disabled. The largest
discrepancy between instances with sharing enabled/disabled was for a group size of two.
Also, with a group size of two, the execution time was the lowest while reaching the
most number of instances solved. This result is not transferable to other contexts, though.
Our experimental setup encourages small groups, because consecutive instances are more
similar. That means, in our test setup, larger groups results in less similar group members.
This leads to an overall worse performance.

Optimal ECC Timeout The test results for an optimal ECC solver timeout are illustrated in
Figure 4.6b. Although the differences are small, a timeout of 20ms consistently performed
the best. The timeout did not have a large impact because the many clauses get validated
in less than even 10ms, which was our lowest timeout.

It is also interesting to see the distribution in which processing step clauses were
processed. We have measured this, for the instances of snake:p01 with horizons 35, 36 and
37, a group size of 3, the Min LBD buffer, and stopped as soon as one job finished. The first
job finished, depending on the timeout and test run, between 420sec and 480sec. We ran
the tests on 16x1 configuration, and one additional ECC thread for the job representatives.
Sample results are visualized in Table 4.2. The exact numbers have varied depending on
the test run.

As expected, we can observe that the amount of clauses that get rejected because of a
validation timeout increases with a reduction of the timeout. It is also interesting to note
that in most tests, ~60% of all clauses were caught by our hierarchical AMQ. Furthermore,
we can observe that the highest rate of verified clauses is with a timeout of 20ms (green
cell). This also supports our findings from Figure 4.6b, that suggests a timeout of 20ms
performs the best.

We observed that with no timeout given, the average time a clause takes to be verified is
about 15ms. This also explains why 20ms is a good timeout: we get to check most clauses
while not having to waste too much time if a clause cannot be validated in a reasonable
amount of time.

It is interesting to notice that there were no clauses in our test results. This is because
the test was performed on an UNSAT instances, and we cannot disprove the validity of a
clause in UNSAT instances. This is correct, as additional clauses only make the problem
“harder” to satisfy, which only supports the unsatisfiability of the given problem.

On the other hand, proving that a clause is invalid can mostly not be done in the given
timeframe, and clauses that might be rejected will timeout first, before being flagged as
invalid.

Optimal Clause Priority Queue The test results for the optimal Clause Priority Queue are
illustrated in Figure 4.6c. Again we find very close test results. Generally we can observe
though that the minimum LBD buffer performs the best. This is also consistent with the
results of the related work, which has shown that learned clauses with high LBD values
are not very useful for solving practical SAT instances [12]. We can also observe that the
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‘ Full buffer ‘ AMQ ‘ Verified ‘ Rejected ‘ Timeout

10ms 9.69% | 59.91% | 24.52% 0% 5.8%
20ms 10.23% | 59.81% | 28.12% 0% 1.83%
50ms 11.14% | 62.1% 25.9% 0% 0.84%
100ms 14.6% | 62.92% | 21.82% 0% 0.67%

Table 4.2: How clauses get processed for ECC timeouts of 10ms, 20ms, 50ms and 100ms.
(pc139, 16 cores)

maximum clause length buffer typically performed the worst. So the added bonus from
being able to validate more clauses did not compensate for a worse average quality of the
clauses.

Enabling Strengthening We can see in Figure 4.6d that our clause strengthening approach
clearly did perform worse than the default with no strengthening. However, this might
also be due in large part to our only “half” implementation of the clause strengthener,
which does not take advantage of all the strengthening possibilities. We have observed
that only < 1% of the clauses will be reduced in size. So for the remaining clauses we just
waste computing resources, until we accept the full sized clause.

Multiple ECC threads We tested a varying number of ECC threads with the nurikabe:p08
instances on both 16 processes with 4 threads per process and 8 process with 8 threads
per process. Figure 4.6e compares the solver-displacing and the “additional” strategy for
the ECC threads. The differences are marginal. We zoomed in to better see the results of
the plot. The not visible part of the plot is very similar and not worth comparing the large
dataset. The results become a bit more clear if we look at the solving times of a single
instance. We can see such results in Figure 4.5.

Generally, we can observe that adding too many ECC solver threads harms the perfor-
mance. We also observed that it is better to have additional threads for the ECC and not
displace any solver threads. We also did the test for a configuration of 8x8. The results are
illustrated in Figure 4.6f. Here too, the differences are marginal. One to two ECC threads
seemed to perform the best.

It is also interesting to note how the number of clauses that get accepted depending on
the number of ECC threads. We tested this with the snake:p02 instances and observed
the program after 100 seconds with 1-5 additional ECC threads with a 8x8 configuration.
The number of solver threads were not changed. Sample results can be found in Table 4.3.
The exact numbers have varied depending on the test run. We observed an increase in the
number of accepted clauses when increasing the number of ECC threads. This increase
is, as expected, not linear, as the number of processing elements devoted to a process
stayed the same throughout the tests and the ECC threads just gained, proportionally to
the solver threads, more time.
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Figure 4.5: Experimental results for multiple non-displacing ECC threads.

# of ECC threads ‘ # of accepted clauses

1 16451
2 20112
3 28474
4 29422
5 38404

Table 4.3: Number of accepted clauses, depending on the number of ECC threads.
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Figure 4.7: Visualization of some test results.

4.3.2 Comparing results

Depending on the instance, when comparing our clause sharing approach to runs with no
cross problem clause sharing, we either see a small speedup or no change in performance.

We have written down all our test results in Table 4.4. “CPCS” stands for cross-problem
clause sharing. T, describes the time when the last solution finished in seconds. T,,_; the
penultimate finish time and so on. The solution times of the first instances are usually
similar enough and propagate speedups to the last instances, so we don’t show them here.
We used a 8x4 config, with an ECC timeout of 20ms, the minimum LBD buffer, and one
additional ECC thread for the solvers. Figure 4.7a and Figure 4.7b show examples where
our approach slightly outperformed the baseline.

4.4 Evaluation for Identical Problems with different
Assumptions

At last, we want to take alook at identical problems with different assumptions. Specifically,
we looked at the cube and conquer approach. We tested our approach on the instances,
that can be found in the Cube and Conquer GitHub Repository (https://github.com/
marijnheule/CnC) from Heule et al. [9]. We created “good” cubes with Heules march_cu
solver. The results can be seen in Figure 4.8. With most instances, we can observe a
statistically significant speedup of ~10% when we disable clause validation.

Furthermore, for the given instances, both cube solvers (with and without cross-problem
clause sharing) cleary outperformed the default “mono” way of solving the instances.
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Problem CPCS # solved in | T,_3 T2 T T,
enabled | ¢t < 1200s

data-network: p01 | No 17 45.36 | 106.83 | 273.81 | 733.14
data-network: p01 | Yes 17 44.52 | 117.99 | 257.57 | 742.98
data-network: p02 | No 46 | 1083.13 | 1199.77 - -
data-network: p02 | Yes 48 | 1017.33 | 1100.82 | 1123.38 | 1189.64
data-network: p03 | No 14 15.64 4359 | 149.78 | 503.38
data-network: p03 | Yes 14 15.47 4439 | 149.79 | 521.13
data-network: p05 | No 17 72.59 | 16934 | 361.72 | 751.35
data-network: p05 | Yes 17 73.71 166.72 | 364.11 | 761.17
data-network: p07 | No 17 17.50 36.36 68.39 | 329.25
data-network: p07 | Yes 17 18.88 36.62 59.29 | 332.97
nurikabe: p05 No 46 | 537.04 | 691.66 | 814.36 | 1046.26
nurikabe: p05 Yes 46 | 560.20 | 720.35 | 869.80 | 1070.43
nurikabe: p07 No 48 | 590.00 | 760.71 | 857.35 | 1163.15
nurikabe: p07 Yes 48 | 566.83 | 710.22 | 854.36 | 1141.76
snake: p01 No 37| 37436 | 498.23 | 765.26 | 1048.36
snake: p01 Yes 37 | 403.76 | 488.24 | 670.63 | 930.40
snake: p02 No 41 | 506.16 | 601.32 | 743.90 | 1104.74
snake: p02 Yes 41 | 54194 | 575.66 | 860.70 | 941.45
snake: p03 No 42 | 460.62 | 572.45 | 748.70 -
snake: p03 Yes 43 | 516.98 | 685.02 | 867.20 | 1154.26
snake: p05 No 36 | 875.76 | 936.53 | 1057.30 -
snake: p05 Yes 37 | 760.43 | 889.13 | 1042.17 | 1050.48
snake: p07 No 39 | 563.97 | 745.21 | 924.72 -
snake: p07 Yes 40 | 637.25 | 639.39 | 950.49 | 1001.69
settlers: p01 No 46 | 878.68 | 956.73 | 1006.21 | 1090.71
settlers: p01 Yes 45 | 963.41 | 1042.27 | 1120.22 =
settlers: p02 No 17 12.94 34.04 84.43 | 686.87
settlers: p02 Yes 17 12.18 34.39 92.93 | 783.32
settlers: p03 No 16 22.22 52.30 164.36 -
settlers: p03 Yes 17 24.01 50.12 | 162.06 | 1121.35
settlers: p05 No 17 12.84 25.43 58.45 | 208.32
settlers: p05 Yes 17 11.95 26.10 58.05 | 234.35
settlers: p07 No 18 16.19 42.97 91.52 | 564.73
settlers: p07 Yes 18 15.23 43.99 91.43 | 581.55

Table 4.4: Comparison of our approach for different problems. (pc137, 8x4+1ECC)



4.4 Evaluation for Identical Problems with different Assumptions

72.51

~
o
o

o
~
u

o))
w
o

o

o
©
o

Execution time (seconds)
()]
N
(0]

Ul
~
8]

U
w
o

Il

cube with sharing cube without sharing

Figure 4.8: Results for cube and conquer solving. (i10pc137)

31






5 Conclusion

In this thesis, we have extended the traditional clause sharing of parallel SAT solvers by
also sharing clauses between different problem instances.

We created a general communication framework on top of Mallob that enables the user
to create groups of jobs, which then can share information which each other over a ring
structure for every group. In the case of SAT solving, these jobs share internally shared
clauses with the job representative of problems.

For problems that are not identical, we implemented a clause validation approach that is
similar to the incomplete redundancy check of clause strengthening. With some instances,
we could see a speed-up. Other instances though were not affected in the execution time.
Our approach performed better on identical instances, where the validation step can be
skipped. Here we observed a statistically significant speedup.

However, there are limiting factors that question the practicability of our approach.
Firstly, the achieved speed-ups with clause validation were on average not very significant.
Secondly, the number of instances in which our approach provides an advantage is limited,
as we require very similar instances for our approach to work effectively. The similarity
of the problems is proportional to the performance.

5.1 Future Work

Last but not least, we want to talk some possible extensions and improvements of our
work.

Additional applications We primarily performed our tests on planning instances. It would
be interesting to also consider additional applications. For example, similar instances
can also occur in the context of software verification. Here different effects might be
observable, and our approach might perform better.

Detect Similar Instances At the moment, the user has to manually specify which instances
are similar. It could be possible to add a system, that automatically detects similar problems.
One simple way to achieve this would be to simply take the “diff” between instance files
and consider them equal if their diff is below a certain threshold.

Another approach would be to check for approximate graph isomorphism over the
implication graph of the instances. This approach would remove the need for variables
to be named the same. After an isomorphism is confirmed, we need to transform the
instances into a common format, so that similar variables are called the same.

An extreme case where approximate graph isomorphism would outperform this would
be two identical instances, where every C = L; V L, V - - - V L; of one problem would be
mapped to C" = (L1 +1) V (L, +1) V --- V (L; + 1). Here, a diff based approach would
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return a similarity of 0% while a graph isomorphism approach would return 100%. In such
cases, we would have to build an additional translation layer so variables that are called
the same also have the same meaning. This translation layer could simply be another step
in the ring action.

However, approximate graph isomorphism is very expensive to compute, and itself
NP-complete. It would have to be tested whether such a calculation effort would be
worthwhile.

Use Internally Shared Clauses In the current implementation, internally shared clauses do
not get sent to the ECC. It might be a good idea to also send them to the ECC and accept
them without checking. The internally shared clauses could speed up future validation
attempts. But as with every kind of clause sharing, too many shared clauses might also
clog up the system.

Use Unknown ECCresults When checking a clause for validity, we just use unit propaga-
tion because instead of a full solving attempt to save time. This leads to some validation
attempts returning unknown because within the unit propagation the solver could neither
verify satisfiability nor unsatisfiability. Here it would be interesting to further explore the
clause. One could say that if the clause LBD reaches a certain threshold, then extra time
will be spent on that clause. Again, it would have to be tested if this would be worth it.

Improve Hierarchical AMQ At the moment, we use bloom filters as the base AMQ for our
hierarchical AMQ. There are alternatives though that outperform bloom filters on false
positive rate / bits per element [6]. To reduce the memory consumption of mallob one idea
would be to change out the base filters of our hierarchical structure. As previously noted,
we took a look at Morton filters [5].

Improve Clause strengthening As we have seen in Subsection 4.3.1, our clause strength-
ening did perform poorly. It would be interesting to try an improved strengthening
algorithm.
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