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Abstract

Benchmarking is an essential part of algorithm development. This also applies to solvers
for the SAT (propositional satisfiability) problem. Comparing a new solver to an estab-
lished portfolio of solvers often requires benchmarking it on large amounts of difficult in-
stances. Dynamic benchmark selection strategies utilizing AL (active learning) can reduce
the number of benchmark instances required to accurately estimate the rank of a new solver.
However, these strategies do not run benchmark experiments in parallel, which limits their
real world applicability. In this thesis, we present a parallelizable AL strategy for dynamic
benchmark selection. We evaluate our approach on the Anniversary Track dataset from the
2022 SAT Competition. Our approach can determine a new solver’s PAR-2 ranking with
about 91% accuracy while only needing 13.5% of the CPU-runtime of a full evaluation and
running up to 64 benchmark experiments in parallel.
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1 Introduction

Benchmarking is essential for evaluating, optimizing and comparing algorithms. Espe-
cially for N"P-complete problems like propositional satisfiability (SAT) that do not have
known efficient solutions. Here, benchmarks are the best measure of an algorithm’s perfor-
mance[S]. Since all known SAT solvers have exponential worst-case complexity, bench-
marking SAT solvers can be very runtime intensive. While this may be feasible for bench-
marking singular algorithm instantiations, algorithm engineering often requires extensive
experimentation with different approaches and parameter choices. Therefore, benchmark
runs can quickly become a bottleneck for SAT solver development. Definition [I]describes
the New-Solver Problem, which is often encountered in this context.

Definition 1 (New-Solver Problem). Given solvers A, instances I, runtimesr : A X T —
[0, 7] with time-limit T, and a new solver a ¢ A, incrementally select benchmark instances
Jfrom 1L to maximize the confidence in predicting the rank of a while minimizing the total
benchmark runtime. [|6|]

Problem (1| can be approached with Active Learning (AL). AL is a machine learning tech-
nique employed in environments where acquiring labeled training data is expensive. In-
stead of relying on large datasets of labeled samples, AL systems ask queries in form of
unlabeled instances to be labeled by an oracle (e.g. a runtime experiment) [19]]. This way,
the active learner aims to achieve high accuracy while using as few labeled instances as
possible, thereby minimizing the required benchmark runtime. Fuchs et al. show that AL
facilitates significant speedups in the benchmarking process while achieving high ranking
prediction accuracies[0].

1.1 Motivation

AL approaches rely on iteratively selecting samples for an oracle to label and updating the
model based on the resulting label. As a result, they are inherently sequential. For practical
use, this is not ideal, as it limits hardware scalability to the scalability of singular runtime
experiments. In many cases, it would be preferred to run the benchmark experiments for
multiple instances in parallel. This, however, limits the information available to the AL
model when updating. We seek to expand the AL approach to incremental benchmark
selection described by Fuchs et al. to facilitate parallel runtime experiments[6].



CHAPTER 1. INTRODUCTION

1.2 Contribution

In this thesis, we quantify the loss of accuracy through parallelization and explore and
compare different approaches to mitigate it. We show that naive parallelization utilizing
uncertainty sampling retains an advantage over sequential random sampling. We further
propose a novel approach to parallelizing the oracle of an AL problem by treating its inter-
mediate results as partial labels in an Active Partial Label Learning (APLL) problem. We
propose and implement two methods of applying this APLL approach to SAT solver bench-
marking. Evaluation on the SAT Competition 2022 Anniversary Track dataset shows that
our geometric mean disambiguation method further improves the performance of naive par-
allelization. Geometric mean disambiguation can determine a new solver’s PAR-2 ranking
with about 91% accuracy while only needing 13.5% of the CPU-runtime of a full evaluation
and running up to 64 benchmark experiments in parallel.



2 Preliminaries and Related Work

Our approach seeks to combine AL methods for incremental benchmark selection with
Partial Label Learning methods to facilitate parallelization. In the following we will give an
overview of related work in Benchmark Selection, Active Learning, Partial Label Learning
and Distribution-based Runtime Predictions:

2.1 Benchmark Selection

Benchmarking is not only a vital part of many research processes, but has become a field of
research in its own right. Recent studies highlight the challenges of benchmark selection,
both in terms of efficiency and quality of results. A biased selection of benchmarks can
easily skew the results and lead to false interpretations [4]]. So can the multiplicity of
design and analysis options combined with questionable research practice [17]. For SAT
solver benchmarking, the problem of benchmark selection is well explored:

Static Benchmark Selection

The SAT Competitions hold annual international algorithm implementation contests. For
ranking the solvers, organizers compose static benchmark instance sets. Balint et al. give
an overview of common selection criteria in solver competition [1f]. Frokley et al. provide
a detailed description of benchmark selection in the 2020 competition [S]]. Manthey et
al. [[14] as well as Misir et al.[16] each provide feature-based approaches for reducing
the amount of necessary benchmarks and removing redundancies. Hoos et al. discuss
the composition of representative benchmark sets, suggesting instance variety, adapted
instance hardness and avoidance of duplicate instances as selection criteria [8]. However,
these approaches do not incorporate incremental benchmark selection and do not optimize
benchmark runtime.

Incremental Benchmark Selection

Fuchs et al. as well as Matricon et al. describe incremental approaches for benchmark
instance selection [6, [15]. Matricon et al. address the per-set efficient algorithm selection
problem (PSEAS). Given a new solver and an already benchmarked one, they iteratively
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select instances from a benchmark set for the new solver to determine if it performs bet-
ter than the established one. They optimize their selection to achieve a required level of
confidence while minimizing the computational resources required. While this problem is
related to Problem [I] ranking solvers based on pair-wise comparison does not scale well
for comparing a new solver to a solver portfolio.

Fuchs et al. apply an AL approach to the New-Solver Problem|l| They provide a framework
for ranking a new solver with respect to a portfolio of solvers with complete benchmarks
on a given benchmark set. On the SAT Competition 2022 Anniversary Track dataset, their
framework reached about 92% ranking accuracy while only taking about 10% of the run-
time summed over all benchmark instances. However, their approach lacks parallelization,
selecting instances one at a time. Since we aim to expand their approach, we will give a
more detailed overview of their work in

2.2 Active Learning

Active Learning is a machine learning technique commonly employed in scenarios where
acquiring labels is expensive and little to no labeled training data exists. The defining
characteristic of AL models lies in their ability to select instances for an oracle to label.
Common scenarios for their application include membership query synthesis, where the AL
model can select existing instances as well as generate new interesting instances to label
and pool-based active learning, where the model selects the most interesting instance from
a pool of instances [19]. Both have applications in benchmark selection: While synthesis
based methods within the field of SAT are used to generate benchmark instances that best
differentiate given solvers [3| 7, [22]], pool based active learning can be directly applied to
Problem[I]

Different metrics exist for what constitutes an interesting instance. Common query strate-
gies include aiming to optimize information gain, i.e., querying the instance that would
induce the greatest change to the current model if its label was known [20] or to minimize
uncertainty (or entropy), i.e., querying the instance for which the model is least certain of
how to label it [21]].

2.3 Distribution Based Runtime Predictions

Matricon et al. make the assumption that runtime features of an instance and instance
feature vectors of other instances are both predictive of the runtimes of the new solver a
on an instance [15]. For example, if all algorithms in .4 solve an instance very quickly,
then so should a. In other words, a is expected to have similar behavior as the algorithms
in A. Similarly, if two feature vectors x;; and z;/; are close for two instances z;, x;, then
their runtimes should be close as well. Similar assumptions are made by Hutter et al. and
Kerschke et al. [10,/12]]. Based on these assumptions, Matricon et al. predict the probability
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distributions ¢, over [0, 7], expressing that ¢,, (¢) is the probability of a solving the instance
x; with runtime ¢. To obtain the distributions, they treat the timeouts as right-censored data
points and correct them statistically before fitting a Cauchy distribution to the data using
Maximum Likelihood Estimation. We utilize a similar assumption for predicting the label
confidence on a partially labeled instance. Since we discretize the runtimes into runtime
labels and reserve a separate label for timeouts, we do not need to treat them as censored
data and can instead model them separately to later combine the distributions into a mixture
model. Instead of using a parametric approach for modeling the distribution, we use a non-
parametric estimation to better account for multimodal distributions.

2.4 Active Partial Label Learning

Partial Label Learning (PLL) describes a form of weakly supervised learning, where each
training instance z; is equipped with a set of candidate labels S;, among which only one is
the true label. Li et al. describe PLL problems in the context of Active Learning for cases
with large amounts of unlabeled data and few labeled or partially labeled samples. They
utilize a method proposed by Zhang et al. of iteratively disambiguating candidate label
confidence using instance feature relations in a k-Nearest Neighbor approach [13] 24]. We
interpret the partial runtimes of runtime experiments running in parallel as partial labels by
discretizing their runtime distribution into cluster label confidences. To disambiguate these
label confidences, we use the method proposed by Zhang et al. [24].

2.5 Active Learning for SAT Solver Benchmarking
(Fuchs et al.)[6]

Framework

Given a set of solvers A, instances Z and runtimes 7, they first initialize a prediction model
M for the new solver a ¢ A (Algorithm [I} Line 1). The prediction model M is used
to repeatedly select an instance (Algorithm |1} Line 4) for benchmarking a (Algorithm
Line 5). The acquired result is subsequently used to update the prediction model M
(Algorithm [I] Line 7). When the stopping criterion is met (Algorithm[I] Line 3), they quit
the benchmarking loop and predict the final score of a (Algorithm|[I] Line 8). Algorithm |I]
returns the predicted score of a as well as the acquired instances and runtime measurements
(Algorithm [I] Line 9).

Runtime Transformation

Instead of predicting the runtime of an instance, Fuchs et al. predict its runtime cluster.
This discretization has shown to increase prediction accuracy while only mildly decreasing
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Algorithm 1: Incremental Benchmarking Framework (Fuchs et al.)
Input: Solvers A, Instances Z, Runtimes r : A x Z — [0, 7], Solver a
Output: Predicted Score of a, Measured Runtimes R

M <« initModel (A, Z, r)

R« 0
while notstop (M) do
e + selectNextInstance (M)
t < runExperiment (a, e) // Runs a on e with timeout T

R« RU{(e, t)}
updateModel (M, R)
s4 < predictScore(M)

return (s, R)

ranking accuracy when comparing the label ranking to PAR-2 scoring. The real-valued
runtimes are transformed into discrete runtime labels on a per-instance basis. For each
instance e € Z, a clustering algorithm is used to assign the runtimes in {7(a, e¢)|a € A} to
one of 3 clusters Cy, C', Cs such that the fastest runtimes for the instance e are in cluster
() and the slowest are in cluster C';. Timeouts 7 form a separate cluster C. The runtime
transformation function v, : A x Z — {0, 1,2} is then specified as follows:

Yela,e) =7 <= r(a,e) € C; (2.5.1)

Given an instance e € Z, a solver a € A belongs to the v, (a, e)-fastest solvers on the
instance e.

Solver Model

For the solver model, Fuchs et al. employ a stacking ensemble of two prediction models:
A quadratic-discriminant analysis and a random forest with a simple decision tree deciding
which of the two ensemble members makes the prediction on which instance. This model
M takes the features as input and provides a function f : AxT - [0, 1]3 for all solvers
A= AU {a}, predicting the probabilities for the 3 discrete runtime labels. The model is
rebuilt in every iteration, since running the experiments (Algorithm [} Line 5) dominates
the runtime of model training by magnitudes.

Instance Selection

Fuchs et al. show that in general cases, a sampling strategy that minimizes uncertainty
performs best. The model selects the unlabeled instance e € Z \ Z for labeling that lies
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closest to its decision boundaries, i.e. that minimizes U (e), which is specified as follows:

Ule) .= |—— max f(a,e), (2.5.2)
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3 Active Partial Label Learning for
Parallel Benchmarking

We seek to expand the incremental benchmark framework proposed by Fuchs et al. [6]]
to facilitate parallel runtime experiments. The core functionality is the same as in Fuchs
et al.[6]. Given a set of solvers .4, instances Z and runtimes r, we initialize a prediction
model M for the new solver a ¢ A (Algorithm [2} Line 1). We use the prediction model
M to select instances (Algorithm [3| ] Line 3) for benchmarking @ (Algorithm [3] Line 5;
Algorithm ] Line 6). The result is subsequently used to update the prediction model M
(Algorithm [3] Line 8; Algorithm |4, Line 11). When the stopping criterion is met (Algo-
rithm [3] 4] Line 2) we quit the benchmarking loops and predict the final score (Algorithm
2l Line 6).

Algorithm 2: Parallel Benchmarking Framework

input : Solvers A, Instances Z, Known Runtimes r : A x Z — [0, 7], Solver a,
Number of Threads n
output: Predicted Score of a, Measured Runtimes R

M <« initModel(A, Z, r, a)
R+ 0
T« 0
fori=0ton do
L spawn experiment Thread(M, A, Z, r, a)

g <— predictScore(M)
return (s3, R)

3.1 Parallelization

We will not address parallelizing the model updates and predictions. On the one hand, it is
not clear how to parallelize model updates; on the other hand, it does not promise signif-
icant runtime reductions in our scenario, since the runtime of the benchmark experiments
dominate the model update time by magnitudes. Instead, we explore methods to parallelize
the benchmark experiments while keeping the model updates and predictions sequential.



3 Active Partial Label Learning for Parallel Benchmarking

Algorithm 3: Naive Parallelization Experiment Thread

input :Model M, Solvers A, Observed Runtimes 7, Instances Z, Known Runtimes
r: AxZ— |0, 7], Solver a

lock(M)

while not stop(M) do

e « selectNextInstance(M)

unlock(M)

t < runExperiments(a, e)
lock(M)

R+ RU{(e, t)}
updateModel(M, R)

unlock(M)

Algorithm 4: Partial Label Parallelization Experiment Thread

input :Model M, Solvers A, Observed Runtimes 7, Instances Z, Known Runtimes
r: AxZ— 10, 7], Solver a

lock(M, T)

while not stop(M) do
e < selectNextInstance(M)
set Timestamp(7, €)

unlock(M, T)
t < runExperiments(a, e)

lock(M, T)

R+ RU{(e, t)}

R, < getPartialRuntimes(7)

L <+ disambiguateLabels(A, Z, r, R,)
updateModel(M, R, L)

unlock(M, T)

10



3.1 Parallelization

We start n threads to run experiments in parallel (Algorithm [2} Line 5). We lock the model
M to ensure sequential model updates (Algorithm 3] Lines 1, 4, 6, 9; Algorithm 4] Lines
1, 5,7, 12) and exit the benchmarking loop once the stopping criterion is met (Algorithm 3]
M} Line 2). This way, parallelization only affects the amount of information that the model
can access. In the following, we will explore two parallelization approaches:

3.1.1 Naive Parallelization

In a naive approach to parallelization described in Algorithm [3] we update the model se-
quentially after every completed benchmark experiment. We use the information of all
available completed experiments to update the model. The information quantity available
to the model when selecting the j-th instance for labeling can be described as

Okp=(j—n) -t 3.1.1)

where n is the amount of total experiment threads and ¢ is a unit of information corre-
sponding to one instance label. In contrast, in the sequential approach the model has the
information

Qg =1 — 1) -1 (3.1.2)
Consequently, we expect the predictions at framework runtime to be less accurate and
therefore the selected instances to be less ideal for benchmarking. After the stopping cri-
terion is met, we choose to finish the benchmark experiments that are still running in other
threads. This way, under the assumption of a uniform stopping criterion, a sequential and
a parallel approach have the same amount of information after all threads finish:

e0'=J- (3.1.3)

where .J is the total number of labeled instances. The only difference for the final ranking
prediction is the informational value of the instance labels. We will use this approach as a
baseline in our experiments.

3.1.2 Parallelization utilizing Partial Runtimes

Running benchmark experiments in parallel offers another information resource that can be
exploited to close the information gap compared to the sequential approach. The parallel
experiments supply partial runtime information for their respective benchmark instances.
Algorithm [ describes an approach that utilizes this: Whenever a benchmark experiment
finishes, the corresponding thread collects the partial runtimes from all other benchmark
experiments running in parallel (Algorithm {4 Line 9). This can be realized with a shared
data structure that is locked and unlocked along with the model (Algorithm E], Lines 1, 5,

11
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7, 12) and holds the starting timestamps of all running experiments (Algorithm {4, Line
4). With these partial runtimes, we estimate the most probable true label of the unfinished
benchmark instances (Algorithm 4] Line 10). The model M is then updated utilizing this
additional information alongside all information from the completed experiments (Algo-
rithm 4] Line 11). This approach supplies the following information to the model:

Olep=(j—n)-t4+(n—1)-1, (3.1.4)

with ¢, being a unit of information corresponding to a partial label. The information value
of ¢, strongly depends on the quality of our true label estimation and might even be negative
if incorrect estimates predominate. In the following, we describe our label disambiguation
methods:

3.2 Label Disambiguation

In addition to the instance features and the instance labels resulting from the runtime exper-
iments, our algorithm supplies a set of partial runtimes to the model. We treat an instance
x; for which only the partial runtime is provided as a partially labeled instance with the
candidate label set .S; including all possible labels. To make this information usable for the
prediction model M, we need to determine the label y; € S; with the highest probability
of being the true label of z;. We evaluate two approaches for disambiguating the candidate
labels of a partially labeled instance:

* Geometric Mean: This approach uses the runtime features of instance z; for disam-
biguation.

» K-Nearest Neighbor Label Propagation: This approach uses the runtime and instance
features of instance x; as well as of all other labeled or partially labeled instances for
disambiguation.

3.2.1 Geometric Mean

The partial runtime ¢; of an instance z; alone does not provide enough information to
predict its true label. According to the assumption in [2.3] we can make a prediction based
on t; and the runtime features z;., (1 < r < |A|) of x; which contain the runtimes of all
solvers in A on ;. To predict the label of an instance z;, we compute the mean 7;, of its
runtime features. Intuitively, this can be interpreted as the expected runtime of a new solver
on z;. We then determine the cluster c¢ that contains z;.. The cluster label [. serves as the
true label y; € S; to train our model M. We choose the geometric mean (GM) over the
arithmetic mean, since the runtime data has a large range and variation and is often skewed
or contains extreme outliers. To realize the prediction as a function of ¢, we exclude all
runtime features from the calculation with a runtime lower than ¢. Therefore, the mean can

12
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be computed as
1 n
Ty (t) = exp (— E log(xk)) for xp € {x>tlre€x;,} (3.2.1)
n
k=1

where n is the number of runtime features larger than ¢.

3.2.2 K-Nearest Neighbor Label Propagation

Using the geometric mean to estimate the label based on the partial runtime of an unfinished
instance has some important drawbacks. One disadvantage of this method is that it does
not consider the confidence in its label prediction.

For a partially labeled instance (z;, S;), it returns y; € S; with z; € Cy,, which is then
treated as a correctly labeled instance by the prediction model M, regardless of whether
the confidence in the label prediction approaches 1 or barely exceeds that of the second
most probable label.

To implement a prediction model that incorporates and maximizes label confidence, we
first need to devise a method to obtain the label confidence of each label in the candidate
label set .S; from the partial runtime of an instance and its runtime features:

Label Confidence

We derive the label confidence of all candidate labels S; from the runtime features and the
observed partial runtime ?; € R, of an instance x;. For an instance x; with the runtime fea-
tures x;,-, (1 < r < |A]), we can fit a probability density function (PDF) to the distribution
of x;.. The integral of the PDF between two cluster boundaries can be interpreted as the
confidence of the cluster label being the true label y; € .S; for ¢ = 0. To decide on a model
for computing the PDF, we make the following observations:

(i) The amount of data is limited to |.A]

(i1) When visually inspecting the runtime features x;,. of randomly chosen instances, we
can observe unimodal as well as multimodal distributions [3.11

(i11) For runtime features containing timeouts, these timeout features are grouped at the
timeout penalty value 27 with zero variance.

To accommodate a flexible shape of the distribution and fine-grained control on smooth-
ness, we choose gaussian Kernel Density Estimation (KDE):

£ 1 - - Lir _
fi(x):Ele(x hx ), K(u):me (3.2.2)

13
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I Runtime Features
- KDE
=== Co boundary

1.2

0 2 4 6 8
Runtime

Figure 3.1: Runtime features of instance “08cb0cf252b65¢30c7¢55218825¢6¢ca0", fz(a:) with
h = 0.25 and the upper cluster boundary of Cy. This instance displays a trimodal
distribution.

where n is the number of runtime features, 5 is the bandwidth (smoothing parameter), ..
are the runtime features and K is the gaussian kernel with u = =" representing the
standardized distance between the point z and each sample point ;.

The timeout features are independent of the non-timeout runtime features. To account for

their zero variance, we model them separately with a Dirac Delta Function §(x):

5i(z) = {0 770 o that /oo 5(z) =1 (3.2.3)

oo =0 oo

We combine the KDE (3.2.2) and the Dirac Delta Function (3.2.3)) into a mixture model to
create a PDF for all runtime features z;, of an instance x;:

~

filz) = (1—-w)- filx) +w-d;(x —27) (3.2.4)
where 27 equals the timeout penalty value and w represents the weight of the Dirac Delta

Function and equals the fraction of timeouts in the runtime features z;.. We can now
interpret the integral of f;(z) between the boundaries ¢y and cpign Of a cluster ¢ as the

14
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I Runtime Features

— KDE

-== Cop boundary

—== Partial Runtime t
Label Confidence fj

772 Label Confidence fj;

0 500 1000 1500 2000 2500
Runtime

Figure 3.2: Runtime features, KDE and upper cluster boundary Cy of instance
"0041051c73dcdd885d412a38e8b09fba".  The areas under the curve show the
label confidence f;o and f;; with respect to partial runtime ¢, assuming the KDE is
scaled to ftoo KDE = 1 and there are no timeouts.

probability f;; of the cluster label /. being the true label of x;. But so far, this does not
incorporate the partial runtime information ¢;. To describe cluster label probabilities as a
function of ¢, we scale the PDF so that ftoo fi(x) = 1. For a cluster ¢ with ¢y, and chign
as lower and upper boundaries and ¢ < cpign, the cluster label probability f; (¢) can be
described as:

fa(t) = / " 1O =

Clow

1 Chigh )
L= (1-w) [L fila) /m<> (1=w)-f(@) +w-ole=2r) (325

We define f;;, (t) to be the label confidence in label /. at the partial runtime ¢. By calculating
fu.(t;) for all [ € S;, we can construct a confidence vector F; = [fu, fi2, fis] for each
instance x; in respect to its partial runtime ¢; € R,,. This denotes our confidence in label !
being the true label of instance x;, where f; € [0,1] and Y ] | f; = 1. Then the confidence
matrix of candidate labels for our partially labeled instances is F, = [f1, f2,..., fp] - In

15
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the following we will disambiguate the confidence matrix leveraging the affinity between
the instances derived from their features.

K-Nearest Neighbors

Another drawback of the geometric mean approach is that it relies solely on the runtime
features of the particular instance. Our experiments have shown that this approach is not
sufficient to enhance the prediction model accuracy. To improve upon this method, we
utilize the method described by Zhang et al. [24]] to incorporate the runtime and instance
features of the other labeled and partially labeled instances as well as the instance features
of x; into the true label estimation:

For each instance (z;, S;) € D,, let N(x;) denote the indexes of its k-nearest neighbors in
D,,. We determine a similarity matrix W' = [w; ;],x, Where w; ; = 0 if z; ¢ N(x;). For
z;, € N(z:),1 < a<k,letw; = [w;j,,Wij,, .., wij] betheweight vector of z; and its
k-nearest neighbors in . The influence of each neighbor z;, on z; can then be computed
by solving optimization problem (3.2.6)) as follows:

k
Ti — E Wi, " Tj,
a=1

S.t. Wi 4, > O(Ija € N(Il), 1<a< k’)

min
Wi

(3.2.6)

As shown in (3.2.6)), the weight vector w; is optimized by fitting a linear least square prob-
lem subject to non-negativity constraints. The optimal solution w; can be obtained by
applying any off-the-shelf quadratic programming solver. Intuitively, the magnitudes of
the weights w; now encode the strength of affinity between an instance and its k nearest
neighbors in D,,.

Label Propagation

We now leverage this information about the affinity between instances to refine label con-
fidence. In an iterative process, the confidence vectors of partially labeled instances are
influenced by the confidence vectors of other partially and fully labeled instances to which
they are neighbored. We normalize the weight matrix W by row as H = D~'W, where
D = diag[d,,ds, ..., d,] is a diagonal matrix and d; = > 7, w; ;. The confidence matrix
F,, is now iteratively updated based on the label propagation and the normalized weight
matrix 1. In the 7-th iteration, Fp(") is computed as:

n _ T -1 0
M =a - HTE"D +(1-a)- FY (3.2.7)

p

where o € (0,1) controls the relative amount of information inherited from label propa-
gation and the initial label confidence. For the candidate label set of each instance, F' M) is

16
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rescaled as F':

() £
Vi<i<p:f))=—"— (3.2.8)
Zyl/ESi fz(l7)

When the iteration stops, each partially labeled instance (x;, S;) can be disambiguated by
the final obtained confidence matrix F’:

§; = argmax fy (3.2.9)

YES;

The disambiguated labels are then used to update the prediction model M.

17
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4 Experimental Setup

This section outlines our experimental design, including our evaluation framework, the
used datasets and hyperparameters.

4.1 Implementation

To evaluate Algorithm [2] we simulate the parallel algorithm in a sequential evaluation
framework [5| For all specific parameter instances and sub-routines, we perform cross-
validation on our set of solvers, with each solver acting as the new solver a once (Line 2).
To avoid data leakage, the new solver is removed from the set of solvers A in each iteration
(Line 3). The only segment in Algorithm [2]that is not locked and therefore runs in parallel
is the runtime experiment (Algorithm[2] Line 14). We simulate this with a list of runtimes,
including the partial runtimes from unfinished runtime experiments (Line 4). Additionally,
we track for each selected instance whether it is running or finished (Line 8, 16, 20, 24).
This way we can distinguish partial runtimes from final runtimes when computing the label
confidence (Line 13, 15).

Before starting the benchmarking loop, we select n instances and set them to running. This
corresponds to spawning n threads in algorithm 2] (Algorithm 2] Line 5). We then enter the
benchmarking loop. We find the running instance ¢’ with the shortest remaining runtime
rt. (Line 10). This is possible because we selected the new solver a from the test data
and already know its true runtimes on all instances. By only using this information for the
instance that is set to finished (Line 15) before the next update of the prediction model M
(Line 17), we ensure that no data is leaked to the model. We increment the partial runtimes
of all running instances by rt. (Line 13) and set instance €’ to finished. We calculate the
label confidence from the partial runtimes of all running instances (Line 14). To decide
on a true label estimate for training M, we then disambiguate the label confidence matrix
(Line 16). We update the model (Line 18) and select a new instance ¢ which we set to
running.

After the stopping criterion is reached (Line 9), we let the remaining experiments finish
(Line 21-23), update the model (Line 24) and estimate the final score s; (Line 25). Like in
[6], we then calculate the ranking accuracy and the runtime of s;. We define the ranking
accuracy O, € [0, 1] (higher is better) by the fraction of pairs (a, a) for all a € A that are
decided correctly regarding the ground-truth scoring par, (Lines 26-28). The fraction of
runtime O,; € [0, 1] (lower is better) puts the summed runtimes of the sampled instances
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4 Experimental Setup

Algorithm 5: Implementation of Evaluation Framework

input : Solvers A, Instances Z, Runtimes r : A x T — [0, 7], Number of Threads n
output: Average Ranking Accuracy O,

10«0
2> forae Ado

3

N O R

23
24

25
26
27

28
29
30
31

32

33
34

L
L

for

A +— A\ {a}, R+ 0

repeat n times

e <+ selectNextInstance(M)
set status of e to running

R« RU{(e, 0)}

while not stop do
find €' € R with status(e) = running and shortest remaining runtime 1t

Fp <10

for (e, r) € R where status(e) = running do
r&=r+rte
F, < F, U getLabelConfidence(e, )

set status of € to finished

F, < disambiguatePartialLabels(F,)
updateModel(M, R, F,)

é < selectNextInstance(M)

set status of é fo running

R+ RU{(e, 0)}

(e, r) € R where status(e) = running do
<1+t
set status of e fo finished

updateModel(M, R)
g < predictScore(M)

Ouec < 0 forae Ado

if (si(a) — sa4) - (pars(a) — pary(a)) > 0 then
L Oacc — Oacc + ﬁ

T ez e), Oy<+0
foreeZdo

if 3t, (e, t) € R then
| On¢Ont i

9 +—~OU {(Oacca Ort)}

(Ouce, On) < average(O)
return (Ogee, Ox)
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4.1 Implementation

in relation to the runtime summed over all instances in the dataset. Finally, we compute
averages of the output metrics (Line 30) from all cross-validation results.

4.1.1 Hyper-Parameters

Given our Evaluation Framework [5| we now evaluate several methods for parallelization.
Additionally, there are different choices of methods and hyperparameters for sampling and
stopping. We describe these configurations in the following.

Selection.

For selection, we use the following methods and hyperparameter values:
* Random Sampling
* Uncertainty Sampling (2.5.2)
— Fallback threshold: Use random sampling for the first 0%, 1%, 2% of instances.

We choose uncertainty sampling since [6] suggests this query strategy to perform best in
most cases. Furthermore, we use random sampling as a baseline for comparison.

Parallelization.

We evaluate the following parallelization methods and hyperparameter values:
 Naive Parallelization (3.1.1)

— Number of Threads: Execute 1,2,4, 8,16, 32,64 benchmark experiments in
parallel

¢ Partial Runtimes with Geometric Mean Label Estimation (3.2.1))

— Number of Threads: Execute 1,2,4,8,16, 32,64 benchmark experiments in
parallel

* Partial Runtimes with k-Nearest Neighbor Label Estimation (3.2.2))

— Bandwidth: A of 0.25,0.5. Representing prioritizing sensitivity or smoothness
of the KDE, respectively.

— Number of Threads: Execute 1,2,4,8, 16, 32,64 benchmark experiments in
parallel.

— Number of Neighbors: Consider 5, 10, 15 nearest neighbors for partial label
disambiguation.

— Label Propagation Importance: Relative information gain of
a € {0.25,0.5,0.6,0.7,0.8,0.9} from label propagation as opposed to initial
label confidence.

— Amount of label propagation iterations: 50.
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4 Experimental Setup

We aim to compare the performance of the different parallelization approaches across a
varying number of threads to assess their applicability to real world benchmarking prob-
lems. For the k-nearest neighbor based label prediction approach, we additionally evaluate
a set of hyperparameters.

Stopping.

For stopping decisions, we use the subset-size criterion to stop after sampling

2.5%, 5%, 7.5%,10%, 12.5%, 15%, 17.5%, 20%, 30%, 40% of instances. Thereby, the dif-
ferent parallelization approaches and baseline experiments sample a similar quantity of
instances. This allows for easier comparison between approaches.

4.1.2 Environment

Our code is implemented in PYTHON using gbd-tools [11] for retrieving SAT-instances,
scikit-learn [|18]] for the prediction model and computing the nearest neighbors and scipy for
computing the Gaussian kernel-density-estimation and solving the optimization problem.
For reproducibility, our source code and data are available on GitLaHE

4.1.3 Data

To facilitate comparability to the results of Fuchs et al. [6], we use the SAT Competition
2022 Anniversary Track dataset in our experiments [2]]. The dataset consists of 5355 in-
stances with respective runtime data of 28 sequential SAT solvers. Furthermore, we use a
database of 56 instance featuref] from the Global Benchmark Database (GBD) by Iser et
al. [11]. Among others, they comprise instance size features and node distribution statis-
tics for several graph representations of SAT instances and are primarily inspired by the
SATzilla 2012 features described in [23]]. We discard 10 out of 56 features because of zero
variance. Overall, the prediction models have access to 46 instance features and 27 runtime
features of 5355 instances, as one out of the 28 solvers acts as the new solver at any time.
For hyperparameter tuning, we create a smaller instance dataset by randomly sampling 535
instances.

https://gitlab.kit.edu/ubfcl/active-parallel-partial-label-learning-f
or—-efficient-benchmarking
https://benchmark-database.de/getdatabase/base_db
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5 Experimental Evaluation

In this section, we evaluate the different parallelization approaches. We first analyze and
tune the hyperparameters for the k-nearest neighbor based label prediction approach, and
then evaluate all approaches on the complete dataset. Each configuration is repeated 5 times
with different random seeds. The random sampling baseline experiments are repeated 10
times instead. All Oy-O,..-diagrams in this chapter show Pareto fronts. We do not show
intermediate results of the evaluation framework. Instead, evaluating a specific configura-
tion with Algorithm [5|returns a point (Oy,O,). The plotted lines represent the maximum
ranking accuracy with the displayed model and parameter fixed and all other parameters
variable.

5.1 Hyper-Parameters

For KNN disambiguation, we evaluate the hyperparameters o and &k on the test dataset.
We perform a full evaluation with all combinations of the parameter values described in
M.1.1] 4,8 and 32 threads and sampled runtime fractions of 0.05,0.1,0.15,0.2 and 0.3. To
analyze the parameters, we compute the mean label ranking accuracy for fixed parameter
values over all other parameters, respectively.

Both parameters display a low sensitivity with regard to the label ranking accuracy. As
shown in Figure [5.1) we can observe a peak in the hyperparameter evaluation of o. We
therefore choose o = 0.8 for evaluating KNN disambiguation on the full dataset. Inter-
estingly, this value differs from the a value of 0.95 suggested in [24], which indicates that
the initial label confidence matrix in our approach provides additional useful information
in contrast to the initial matrix in Zhang et al., which starts with evenly distributed initial
confidence.

For evaluation on the full dataset, we further choose £ = 10, as we find no meaningful
sensitivity to this parameter and this value is suggested by [24].

5.2 Comparing the Approaches

In the following, we compare the different parallelization approaches to each other, as well
as to a sequential random sampling and an uncertainty sampling baseline.
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Figure 5.1: Diagrams showing the relation between the values of hyperparameter and label rank-
ing accuracy on the test dataset.

5.2.1 Naive Parallelization and Geometric Mean
Disambiguation

Across all tested numbers of threads, both naive parallelization and geometric mean dis-
ambiguation perform strictly better than the random sampling baseline This outcome
is expected, as [6]] has shown AL to outperform random sampling in a sequential approach.
We therefore expect that it retains at least some advantage with limited information.

With an increasing number of threads, the geometric mean disambiguation approach in-
creasingly outperforms the naive parallelization. With 64 threads, the best performing
configuration of GM disambiguation predicts the PAR-2 rank of a new solver with 89.52%
accuracy while only running benchmark experiments that account for 8.12% of the total
benchmark set CPU-runtime. This proves that the label estimations made by the geometric
mean disambiguation on average provide useful information to the model.

5.2.2 KNN Disambiguation

When evaluated on the full dataset, KNN disambiguation consistently performs worse than
naive parallelization With increasing number of threads, it even falls below the random
sampling baseline. This behavior is unexpected. There are a number of possible interpre-
tations of these results:

(1) KNN disambiguation does not scale well to large datasets.
(i) One or more hyperparameters are sensitive to the dataset size.

(iii) An error in the implementation of the evaluation framework (5) distorts results on
large datasets.

In the following, we examine each hypothesis.
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(i)

The large difference in the resulting accuracy between evaluating KNN disambiguation on
the full dataset and the test dataset could indicate that the method does not scale well to
large datasets. However, experiments conducted by Zhang et al. on multiple datasets of
varying sizes do not show comparable behavior [24]]. Our approach only differs from Zhang
et al. in the modified initial label confidence matrix. The computation of the confidence
matrix is independent of the dataset size.

(i)

Since we tune the hyperparameters £ and « on the test dataset, the performance on the
full dataset could be significantly worse if one or both of these parameters are sensitive to
the dataset size. However, in the parameter sensitivity analysis performed by Zhang et al.
no sensitivity with regard to the dataset size is found [24]]. Furthermore, our experiments
with the hyperparameters on the test dataset observed only a low sensitivity of the ranking
accuracy with respect to changes in k£ and «.

(iif)

Neither hypothesis (i) nor hypothesis (ii) account for the ranking accuracy to drop below
the accuracy of random sampling. This observation suggests that the average value of a
unit of information ¢,, (3.1.4) provided by KNN disambiguation on the full dataset is in fact
negative. l.e. the amount of false predictions outweighs any information gain from AL.
The fact that this only occurs on the full dataset suggests an error in the implementation of
KNN disambiguation in the evaluation framework that is sensitive to dataset size.

Further analysis is required to draw an unambiguous conclusion about the performance of
KNN disambiguation.

5.2.3 Thread Scalability

For different amounts of threads, GM disambiguation shows very similar ranking accura-
cies [5.3] For larger number of threads, the observed ranking accuracy is slightly higher,
especially around a sampled runtime fraction of 0.1. This result is unexpected, as we as-
sume the ranking accuracy to decrease with an increasing fraction of partial labels in the
model training data. The uncertainty sampling baseline also yields lower ranking accuracy
than expected. We assume the uncertainty sampling baseline to outperform any configura-
tion of the parallelization approaches.

However, these observations can be attributed to statistical variation. The best configura-
tion of a sequential approach with uncertainty sampling described by Fuchs et al. achieves
an 92.33% accuracy with a sampled runtime fraction of 0.104. This outperforms the best
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Figure 5.2: O—O,. diagrams comparing the Pareto fronts of naive parallelization, geometric
mean and k-nearest neighbor disambiguation for 4, 8, 32 and 64 threads respectively
on the full dataset. The x-axis shows the ratio of total solver CPU-runtime on the
sampled instances relative to the solver CPU-runtime on all instances in the benchmark
set. The y-axis shows the accuracy of the predicted PAR-2 ranking.
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Figure 5.3: O;-O,. diagram comparing the Pareto fronts of GM disambiguation on the full
dataset for 4, 32 and 64 threads, as well as the random sampling and uncertainty sam-

pling baseline.

performing configuration of GM disambiguation (32 threads: 91.38% ranking accuracy
over 0.134 sampled runtime fraction) as expected.
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6 Conclusion and Future Work

In this thesis, we explore parallelizable approaches to the New-Solver Problem |1l We es-
tablish a naive parallelization method as a baseline approach and show that it retains an
advantage over random sampling. We further improve the approach by applying principles
of Partial Label Learning to the runtime data of unfinished benchmark experiments. On
data from the SAT Competition 2022 Anniversary Track, we can determine a new solver’s
PAR-2 ranking with about 91% accuracy while only needing 13.5% of the CPU-runtime of
a full evaluation and running up to 64 benchmark experiments in parallel by using geomet-
ric mean disambiguation. We also examine k-nearest neighbor as another PLL method to
disambiguate partial runtime data. However, we did not reach an unambiguous conclusion
regarding its performance.

Future work may further analyze the k-nearest neighbor approach on the SAT Competition
2022 Anniversary Track to achieve comparable results. From a technical perspective, one
can further investigate the scalability of our approaches regarding the number of experi-
ment threads. Additionally, one can further investigate the stopping criterion. We employ
the subset size criterion for stopping to facilitate comparability, however this might not be
ideal for real world application. The optimal stopping criterion for sequential approaches
uses ranking convergence, but this may be sensitive to false label predictions by the PLL
disambiguation. Further improvements to the stopping criterion for both sequential and
parallel approaches may be possible by terminating slow instances early if further runtime
data does not add valuable information to the model. One approach to this is treating the
terminated runtimes as right censored observations [9]. Improvements to the selection cri-
terion may also be possible. Li et al. describe a selection strategy for PLL methods that
incorporates graph density and label propagation ability in addition to conditional entropy
[13].

Furthermore, one can apply the concept of treating intermediate results of an AL oracle as
partial labels to facilitate oracle parallelization to other AL problems.
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