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Abstract

Solvers for propositional satisfiability (SAT) effectively
tackle hard optimization problems. However, translating to
SAT can cause a significant size increase, restricting its use
to smaller instances. To mitigate this, frameworks using mul-
tiple local SAT calls for gradually improving a heuristic solu-
tion have been proposed. The performance of such algorith-
mic frameworks heavily relies on critical parameters, includ-
ing the size of selected local instances and the time allocated
per SAT call.

This paper examines the automated configuration of the
treewidth SAT-based local improvement method (TW-SLIM)
framework, which uses multiple SAT calls for computing tree
decompositions of small width, a fundamental problem in
combinatorial optimization. We explore various TW-SLIM
configuration methods, including offline learning and real-
time adjustments, significantly outperforming default settings
in multi-SAT scenarios with changing problems.

Building upon insights gained from offline training and real-
time configurations for TW-SLIM, we propose the iterative
cascading policy—a novel hybrid technique that uniquely
combines both. The iterative cascading policy employs a pool
of 30 configurations obtained through clustering-based of-
fline methods, deploying them in dynamic cascades across
multiple rounds. In each round, the 30 configurations are
tested according to the cascading ordering, and the best tree
decomposition is retained for further improvement, with the
option to adjust the following ordering of cascades. This itera-
tive approach significantly enhances the performance of TW-
SLIM beyond baseline results, even within varying global
timeouts. This highlights the effectiveness of the proposed
iterative cascading policy in enhancing the efficiency and ef-
ficacy of complex algorithmic frameworks like TW-SLIM.

Introduction

Over the last two decades, SAT-solver technology has made
tremendous progress; SAT instances with up to over a
million variables and clauses can be solved routinely (Fichte
et al. 2023). However, for many combinatorial optimization
problems, the encoding to SAT entails a significant blow-up
in size (cubic or worse), significantly limiting the feasible
instance size of the combinatorial problem. To make SAT
still applicable to large combinatorial problem instances,
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researchers have developed new algorithmic frameworks
where SAT solvers are called multiple times, where each
call deals only with a small part of the combinatorial
instance. SAT-based Local Improvement (SLIM), a partic-
ular structure-driven form of Large Neighborhood Search
(LNS) (Pisinger and Ropke 2010), is such an algorithmic
framework where multiple local SAT calls improve a
global heuristic solution (Lodha, Ordyniak, and Szeider
2016; Fichte, Lodha, and Szeider 2017; Lodha, Ordyniak,
and Szeider 2017; Peruvemba Ramaswamy and Szeider
2021a,b; Schidler and Szeider 2021; Ramaswamy and Szei-
der 2022; Schidler 2022; Kulikov, Pechenev, and Slezkin
2022; Reichl, Slivovsky, and Szeider 2023).

However, the performance of algorithmic frameworks like
SLIM that rely on multiple SAT calls heavily depends on
several critical parameters: how large the selected local part
should be and how much time each individual SAT call
should have at its disposal. Moreover, since the instance
evolves and changes during the solving time, dynamic as-
pects must be considered, such as when to switch from one
configuration to another and in what order.

Although there is a large bulk of work on automated al-
gorithm configuration and selection (see, e.g., Schede et
al’s (2022) survey), there needs to be a rigorous study on
techniques to configure such a complex algorithmic frame-
work like SLIM that involves multiple SAT calls and re-
quires the consideration of dynamic aspects. In this paper,
we provide such a study, showcasing the widely studied
problem of finding a small-width tree decomposition of a
graph (MINTW). We used the TW-SLIM approach for this
problem by Fichte, Lodha, and Szeider (2017), who fol-
lowed the SLIM paradigm to compute small-width tree de-
compositions for large graphs based on repeated SAT calls.

We developed and compared a wide range of approaches
to configure TW-SLIM.

As a baseline, we develop approaches based purely on
offline learning on training data and purely on a real-time
configuration, respectively. These relatively standard ap-
proaches significantly improve performance over the hand-
tuned default configuration of TW-SLIM.

Based on these encouraging preliminary results, we
propose the iterative cascading policy (ICP), a hybrid
approach that combines offline and real-time methods in
a new way. The iterative cascading policy uses a pool of
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30 configurations obtained by a constrained clustering-
based offline approach and deploys them along a dynamic
cascade. This goes beyond static cascading portfolios
(Eiben et al. 2019; Roussel 2012; Streeter 2018) that run
individual configurations along one static cascade. Iterative
cascading is arranged in several rounds, where a cascade
of configurations is tried in each round. The best-so-far
tree decomposition is only replaced at the end of the round
when the best tree decomposition of the current round is
found. Each round can change the linear ordering for its
cascade by considering the updated features of instances.
According to the performance of the configurations among
different clusters of instances, the algorithm switched to
the most suitable cascading ordering and updated the tree
decomposition for further improvements.

We can boost the performance of TW-SLIM significantly
beyond the baseline results with iterative cascading. We con-
ducted our experiments over a comprehensive set of over
3000 benchmark graphs from various real-world applica-
tions. We randomly split these graphs 80 : 20 into a train-
ing set on which we performed the offline training and a
test set on which we report the observed performance. The
primary objective function counts the total sum of improve-
ments (TX) of treewidth, a good proxy for the number of
instances whose treewidth could be reduced (T#).

The standard hand-tuned configuration used by Fichte,
Lodha, and Szeider (2017) gives TYX = 398 in the de-
fault 7800-second timeout they used for their experiments.
With the clustering-based offline configuration, this value
increases to 456 and 500, depending on whether the con-
figuration is selected with AutoFolio (Lindauer et al. 2015)
or the constrained-clustering model integrated by us. The
latter, when applied with our devised dynamical adaptation
(i.e., anew configuration is chosen according to the dynamic
changes of the instance), gets up to TX = 619, already a sig-
nificant gain over the original hand-tuned configuration. Fi-
nally, our new iterative cascading policy can boost the value
to 728.

We provide empirical data with shorter global timeouts,
from 100 to 7800 seconds. For shorter timeouts, the ordering
with a cascade becomes even more critical for good perfor-
mance, and it makes sense to reduce the number of configu-
rations within a cascade to cover the space of configurations
faster. With these experiments, we can differentiate between
variants of the iterative cascading policy and see that those
that include offline training and work with smaller cascades
have an advantage if less time is available for real-time im-
provement. Still, the iterative cascading policy has a clear
lead over the other more conventional approaches, even for
the shorter timeouts.

Related Work

Many algorithm configuration tools have been proposed to
tune hyperparameters. The overview table in Schede et al.’s
comprehensive survey (2022) shows that only 2 of the 42
considered configuration tools adjust the configuration dy-
namically during the algorithm’s run, and the others are
static. From the aspect of the training setting, there are also
only 2 with real-time training. In general, most algorithms
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regard the configuration problem as a black-box optimiza-
tion problem and use the offline paradigm (Ansétegui, Sell-
mann, and Tierney 2009; Hutter, Hoos, and Leyton-Brown
2011; Lindauer et al. 2021; Lépez-Ibafiez et al. 2016), where
the configurator receives all training instances as the tuning
begins and then searches for a suitable configuration. Only
few dynamic methods were proposed to adjust the real-time
configurations for better performance (Fitzgerald, Malitsky,
and O’Sullivan 2015; Fitzgerald et al. 2014). These config-
urators received a stream of changing problems and were
required to solve dynamic problem instances with suitable
configurations. To configure algorithms for instances with
different features, some researchers also proposed instance-
specific algorithm selection methods (Kadioglu et al. 2010;
Lindauer et al. 2015; Xu et al. 2008), where a (portfolio)
classifier learned to predict the best algorithms (configura-
tions) by features.

Cascading portfolio scheduling arranges diverse policies
or configurations in a linear order which optimizes a sequen-
tial run on training instances (Eiben et al. 2019; Roussel
2012; Streeter 2018). Our setting is special, given the na-
ture of our instances, consisting of the input graph and a
heuristically computed initial tree decomposition. The con-
figuration needs to consider features of both parts, where one
part (the graph) remains steady through the solving time, and
the other part (the tree decomposition) is subject to change.
Most of the studies in the literature focus on static problems
with significantly shorter timeouts, whereas we work with
a global timeout (7800 seconds) which is typical for SLIM
algorithms (Kulikov, Pechenev, and Slezkin 2022; Lodha,
Ordyniak, and Szeider 2016, 2017; Peruvemba Ramaswamy
and Szeider 2021a,b; Ramaswamy and Szeider 2022, 2020;
Reichl, Slivovsky, and Szeider 2023; Schidler 2022; Schi-
dler and Szeider 2021).

SLIM for Tree Decompositions

In this section, we introduce some basic relevant concepts
on graphs and tree decompositions and outline the SLIM ap-
proach to treewidth computations.

All graphs considered are finite and simple. We define a
graph G in terms of its set V' (G) of vertices and set E(G) of
edges. We denote an edge between vertices u, v € V(G) by
uw or, equivalently, vu. A subgraph H of G induced by a set
X CV(G)hasV(H) = X and E(H) = {uv € E(GQ) |
u,v € X }.

A tree decomposition (TD) of a graph G is a pair 7 =
(T, x) where T is a tree and  is a mapping that assigns each
tree node ¢ € V(T') a subset x(¢) C V(G) such that (i) for
alluv € E(G) thereis some ¢t € V(T') withu, v € x(t), and
(ii) for each v € V(G) the set {t € V(T) | v € x(t) } in-
dices a connected subtree of T'. The sets x(¢), t € V(T') are
called bags. The width w(T) of T is max,cy (7 [x(t)| — 1,
and the treewidth of G is the smallest width over all its tree
decompositions (Bodlaender 1993; Kloks 1996). We con-
sider the optimization problem MINTW, which takes as in-
put a graph G and asks for a tree decomposition of G of the
smallest width. MINTW is NP-hard (Arnborg, Corneil, and
Proskurowski 1987). Because of its intractability, exact al-
gorithms apply only to small graphs (Bannach, Berndt, and
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Ehlers 2017; Samer and Veith 2009; Tamaki 2022), whereas
for large graphs, heuristics are used (Abseher, Musliu, and
Woltran 2017; Bodlaender and Koster 2010) that compute a
possibly suboptimal upper bound for the treewidth.

Fichte, Lodha, and Szeider (2017) proposed an algo-
rithm for MINTW using the SAT-based local improvement
(SLIM) metaheuristic. We refer to this algorithm as TW-
SLIM. Subsequently, we outline its workflow, thereby in-
troducing relevant parameters.

Let G be the input graph to MINTW. First, an initial tree
decomposition T = (T,x) is computed with a heuristic
method. Next, the following improvement step is repeatedly
performed: A subtree S of T is selected such that the size
of X = Uev(s) x(t) does not exceed a local budget (pa-

rameter: Ib). Let S = (.5, xs) be the local tree decompo-
sition with xs being the restriction of y to S. Now S is
a tree decomposition of the subgraph Gs of G induced by
X with w(S) < w(T). To ensure replacement consistency
(that we can substitute S in 7 with a tree decomposition
of smaller width), we add certain edges to Gs: We obtain
the augmented local graph G’ from G s by adding for each
st € E(T) such that s € V(S) and t ¢ V(.5), all the edges
wv with u,v € x(s) N x(¢). As shown by Fichte, Lodha,
and Szeider (2017), S is still a tree decomposition of G5,
and more importantly, we can replace in T the local tree
decomposition S with any new tree decomposition &*, re-
sulting in a tree decomposition 7* (we explain below how
S* is obtained). For w = maxicy (r)\v(s) [x(t)] — 1, we
have w(7™*) < max(w,w(S*)) (Fichte, Lodha, and Szeider
2017, Observation 3); thus, by reducing the with of local tree
decompositions, we can eventually reduce the width of the
global tree decomposition.

Since G% is sufficiently small (its number of vertices is
at most Ib), we can compute its treewidth exactly using a
SAT encoding. That is, we set k& = w(S) and generate a
propositional formula F/(G%, k — 1), which is satisfiable if
and only if the treewidth of G§ is at most £ —1, and feed this
to a SAT solver with a specified SAT timeout (parameter St).
The limit St is important, as we want to run the solver long
enough to return a satisfying assignment, but stop the solver
before it determines unsatisfiability, which takes an order of
magnitude longer. This way, we can save precious time that
is better used by trying different local instances.

If the SAT solver determines that F/(G%, k — 1) is satisfi-
able, we try a further reduction F'(G%, k — 2), and so forth,
until we reach a local timeout (parameter: It). From the last
satisfiable SAT call, we can read off the new tree decompo-
sition §* that we insert in 7 instead of S, giving us the tree
decomposition 7 of G.

If the SAT solver does not determine that F'(G5, k —1) is
satisfiable (either by determining its unsatisfiability or reach-
ing the st limit), we can run the solver on F(G%, k), which
is guaranteed to be satisfiable since the treewidth of G% is at
most k. However, the satisfying assignment found will most
likely give rise to a tree decomposition S* that is different
from S. Hence, replacing S with $* in 7 will not reduce
the treewidth of 7 but will shuffle it (whether a shuffle takes
place is controlled by a flag parameter: sf ), so that future at-

8193

Parameter name  Parameter meaning

local budget (Ib)  budget of vertices for SLIM
local time (It) timeout for the local improvement
SAT time (st) call timeout for the SAT solver

switch flag (sf)  replace Gs if w(G%) = w(G)

Table 1: Key parameters and their meaning

tempts for improvement will have a better chance to escape
a local optimum.

Figure 1 illustrates one improvement step of TW-SLIM.
TW-SLIM terminates if either a global timeout (parameter:
gt) is reached or there have been a certain number of non-
improvement steps (parameter: ni). Table 1 shows the key
parameters that we configure for TW-SLIM.

Experimental Setup

In this section, we present the setting of experiments from
different aspects. We provide an external link for source
code and detailed results (Xia and Szeider 2023).

Instances

To obtain a comprehensive evaluation, we collected a large
set of benchmark graphs from various collections (see Ta-
ble 2). Since the proposed algorithms are aimed at TDs of
large graphs that exact methods cannot solve, the graphs
with fewer than 100 vertices are not considered. Graphs
with over 10° vertices are also filtered out because even
the heuristic methods cannot work with them due to mem-
ory overflows. This restriction results in a total of 3331 in-
stances. After the whole data set is split randomly into a
training set (80%) and a test set (20%), the training set and
test set have 2664 and 667 instances, respectively.

Setup

All experiments are carried out on a Linux (Ubuntu 18.04.6
LTS) Sun Grid Engine cluster with 3 nodes, where each node
has two AMD EPYC 7402 CPUs (each has 24 cores with a
frequency of 2.80GHz). Due to the limitation in compati-
bility, we use different Python versions for different parts
of the employed components. Components related to TW-
SLIM and AutoFolio run on Python 2.7.5 and Python 3.5,
respectively. All other components run on Python 3.9.12.
For a fair comparison, we set the same global search time-
out to 7800 seconds as recommended by the original paper

Instances URLSs (https://)

functions sdcc.sourceforge.net

PACE16 pacechallenge.org/2016/treewidth

PACE17 pacechallenge.org/2017/treewidth

UAI www.ics.uci.edu/~dechter/software.html
Roadnet www.diag.uniromal.it/challenge9

TWIib webspace.science.uu.nl/~bodlal01/treewidthlib

Table 2: Data sources of all considered instances
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Figure 1: One single SAT-based improvement step within TW-SLIM. From A to B: a subtree that induces a local instance
whose size does not exceed the local budget is selected; from B to C: an improved tree decomposition for the local instance
is computed with a SAT call; from C to D, the original subtree is replaced by an improved subtree according to replacement

consistency properties.

of TW-SLIM (Fichte, Lodha, and Szeider 2017), the heuris-
tic for computing the initial TD to HTD (version: v0.9.5-
beta) (Abseher, Musliu, and Woltran 2017), the local solver
to Jdrasil (Bannach, Berndt, and Ehlers 2017), and the SAT
solver to Glucose (Audemard and Simon 2018).

Optimization Objectives

For an instance (G, T) consisting of the input graph G and
the heuristically computed initial tree decomposition 7T, let
T* be the tree decomposition at the end of a TD-SLIM
run. If w(7*) < w(T), then the run was successful, as the
width of the initial tree decomposition was improved. One
measure for the performance of a configuration is to count
the total number of improved instances (T#). A more fine-
grained measurement takes the fotal sum of improvements
(TY). Clearly TY > T# as an improved instance contributes
at least 1 to T#. It turned out that taking T as the objective
yields excellent results also for T#, even better than with
T# as the objective (this is plausible since T gives more
detailed feedback to the configurator than T3J). Therefore,
we take TY as the objective throughout the experiments, but
also report on T#.

We would like to note that we always first run the heuris-
tic and measure the improvement SLIM gains over the ini-
tial heuristic solution. Thus, for an instance that we consider
easy, the heuristic could provide a reasonable upper bound
for the treewidth, which made the instance more challenging
for TW-SLIM to improve. For many applications of tree de-
compositions, like exact probabilistic reasoning, the worst-
case time complexity is exponential in the treewidth, which
means that even tiny reductions in the treewidth yield signif-
icant performance improvements.

Offline Configuration

In this section, we introduce a series of offline configurators
as baselines for further improvements.

Optimizing for One Configuration over the Entire
Data Set (SB-all)

Given the set of training instances, we use the state-of-the-
art algorithm configuration tool SMAC (Hutter, Hoos, and
Leyton-Brown 2011) to search for the most promising TW-
SLIM configuration. Then, the performance of the configu-
ration is examined on test instances. The setting of SMAC
throughout our experiments is listed in Table 3.
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Value

Ib € [50, 300], 100 as default
It € [90, 5000], 1800 as default
st € [90,5000], 900 as default
sf € {0,1}, 1 as default

Parameter name

configuration

wallclock-limit 48 hours

cutoff-time 4 hours

memory limit 300 GB

objective total improvements of widths
limit_resources False

model type Gaussian process

acquisition function
random state

expected improvement
42

Table 3: The setting of SMAC

Algorithms Training set  Test set
hand-tuned TW-SLIM 1361/640 398/182
SB-all 1674/683 457/175

Table 4: Performance comparison between original hand-
tuned TW-SLIM and SB-all on 2664 training instances and
667 test instances. All results have the format TX/T#.

Table 4 shows the performance of the systemati-
cally hand-tuned TW-SLIM (the default configuration of
TW-SLIM (Fichte, Lodha, and Szeider 2017)) and the
automatically-tuned TW-SLIM (SB-all). On the training in-
stances, the automatically-tuned TW-SLIM exhibits signifi-
cant improvements on both measurements: TY. increased by
313 and T# increased by 43. On the test instances, we ob-
serve TX increased by 59 and T# decreased by 7.

Clustering-Based Offline Configuration (CC)

For the instance-specific configuration of TW-SLIM, we
consider the nine features listed in Table 5, where seven fea-
tures describe properties of the TD (and may change dur-
ing the optimization process), and the other two features de-
scribe properties of the input graph (that remains constant
during the optimization process). We utilize constrained K-
means (Bradley, Bennett, and Demiriz 2000) to cluster train-
ing instances into clusters because it can control the number
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Feature Aspect Range
Number of bags TDs 2,418434)
Largest bag size TDs 2, 3082]
Number of vertices Graphs 100, 468913]
Sum of bag sizes TDs 300, 2404836
Smallest bag size TDs 2, 400]

Sum of out degrees TDs 1,418433]
Number of leaves TDs 1,159582]
Depth TDs 1, 306]
Number of edges Graphs [100, 863026]

Table 5: Selected features of problem instances
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Figure 2: The distribution of training instances is visualized
by T-NES. Different colors of dots are instances within dif-
ferent clusters; Numbers (0 to 29) are 30 clustering labels.

of instances within each cluster. We set the number of clus-
ters to 30, and add the minimum (50) and maximum (200)
number of instances in each cluster as clustering constraints.
Therefore, we can balance the distribution of training in-
stances, which is also the issue reported by previous algo-
rithms (Kadioglu et al. 2010). Therefore, SMAC can search
for promising configurations among different clusters of in-
stances separately. We can use the same clustering model to
predict the best configurations for test instances by classify-
ing their features into the most similar clusters. We refer to
this method by CC-sta (for clustering-clustering-static).

To examine the effectiveness of our constrained clus-
tering with the selected nine features, we apply the
high-dimensional visualization tool, t-distributed stochastic
neighbor embedding (Hinton and Roweis 2002) (T-SNE),
to visualize clusters of training instances learned by con-
strained K -means. From the distribution of different clusters
in Figure 2, most instances with similar features are clus-
tered into the same cluster, which implies the effectiveness
of the constrained K -means clustering.
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Algorithms Training set Test set
CA with 1-hour training X 456/185
CA with 2-hour training X 456/185
CA with 6-hour training X 408/169
SB-all 1674/683 457/175
CC-sta 2143/822 500/190
SB 1789/718 468/185
VB 2621/826 738/222

Table 6: Performance comparison between SB-all, CC-sta,
and CA on 2664 training instances and 667 test instances.
All results have the format TX/T#.

As a comparison, we utilize the state-of-the-art portfolio
algorithm selector AutoFolio (Lindauer et al. 2015), which
tries to predict the best configurations for new instances
according to their features. We refer to this method as
Cluster-AutoFolio (CA). We use the same training instances
to obtain the feature table and the same configurations (one
from each cluster) for the performance table. Different
training times are examined, and the performance of CA
with 1, 2, and 6 hours of training time are given in Table 6,
where both the theoretical performances of the single best
(SB) and the virtual best (VB) are calculated according to
the survey (Schede et al. 2022).

From the results in Table 6, CA with a 1 or 2-hour train-
ing exhibits the best performance among different training
times. Somewhat surprisingly, the performance of CA is
worse than CC-sta and even worse than the performance of
the theoretical SB. However, CC-sta outperforms SB-all sig-
nificantly with respect to T3, bridging 43% and 11% of the
gap between the SB and the VB on the training set and test
set, respectively. With respect to T#, CC-sta can bridge the
gap between the SB and the VB by 96% and 14% on the
training set and test set, respectively.

Table 6 also shows the performance of SB-all and CC-sta
on the training set and test set. The settings of SMAC for
the whole set of training instances and a cluster of training
instances are the same. For the former task, SMAC had ac-
cess to 80 cores, and for the latter task, SMAC was given
8 cores. For both measurements T, and T#, CC-sta outper-
forms the SB-all SMAC. Compared with the performance
of the hand-tuned TW-SLIM, CC-sta results in increases in
T3 (102) and T# (8), and there is also an increase compared
with SB-all: T (43) and T# (15).

Dynamic Configuration Selection

Offline methods must always obtain some training instances
first and then apply the policy learned from the training set to
a similar test set. However, in the SLIM context, optimized
subgraphs result in changing instances. Hence, applying the
same configuration within the whole optimization will be
ineffective. Accordingly, we propose the dynamic variant
CC-dyn of CC-sta to adapt to the dynamics of the problem
during the run. In CC-dyn, if the configuration predicted by
the clustering model can improve a TD, the next configu-
ration will be selected by the same model again according
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to the updated features. Otherwise, if a configuration fails
to improve a TD further, a different configuration will
be selected randomly from the pool consisting of the 30
configurations until the global timeout is reached. As a
comparison, we also use the state-of-the-art offline con-
figurator SMAC in an online fashion, where SMAC tunes
during runtime for the specific instance within different
wallclock limits (the timeout including configuring and tree
decomposition). This new and atypical use of SMAC makes
sense in a setting with a longer timeout to accommodate
real-time tuning. Except for the wallclock limit, other
corresponding parameters are also set according to Table 3.
We refer to the per-instance SMAC algorithm as SB-one.

To examine the performance of CC-dyn, we set different
global timeouts from 100 to 7800 seconds, which are also
the wallclock limits used by SB-one. From Table 7, within
the default timeout (7800 seconds) used by TW-SLIM, CC-
dyn increases TX significantly by 119 from CC-sta. Com-
pared with SB-all and hand-tuned TW-SLIM, TY is im-
proved by 56% and 35%, respectively. As the timeout de-
creases below 500 seconds, CC-dyn deteriorates so heavily
that its performance is worse than CC-sta. The inefficiency
is probably caused by the “trial-and-error” application of
some configurations during the running, which can give an
impetus for long-term optimization. The contrast between
CC-dyn and SB-one is similar, but SB-one can outperform
more significantly within 500 seconds of timeout: with less
than 100 seconds, SB-one obtains around 40% more TX than
both CC-sta and CC-dyn, because we set the good-enough
default configuration (Ib = 50, It = 1800, st = 900, sf = 1)
for SB-one according to the original hand-tuned TW-SLIM,
and SB-one can use the default configuration even at the
beginning. However, CC-sta and CC-dyn have to run with
a better configuration only after trying different configura-
tions. Besides, improvements are calculated for configura-
tions with a 7800-second timeout when promising configu-
rations are searched among clusters. Therefore, within only
100 seconds, it is possible that the recommended configura-
tion is not as good as it is expected.

In general, CC-dyn can improve the performance of CC-
sta by applying the adaptive selection policy within the
default timeout (7800 seconds). With shorter optimization
timeouts, the performance of CC-dyn may deteriorate due
to the exploration of promising configurations. Therefore,
building upon the insights we gained so far through our sys-
tematic study, we will propose in the next section the iter-
ative cascading policy for applying the configurations more
efficiently to boost the performance of TW-SLIM in various
timeout scales.

Iterative Cascading Policy
In this section, we introduce our iterative cascading policy,
which combines offline and dynamic methods in a new way,
boosting the overall performance given all different time-
outs.

Algorithm Framework

The starting point for this policy is cascading portfolio
scheduling (Eiben et al. 2019; Streeter 2018), where one lin-
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Algorithm 1: Dynamic ICP

Input: Initial graph G, heuristic tree decomposition
T, a set of cascading orderings of
configurations S = {C;, Cs, ...,C,,} where
C; =[Ci1,Ci2,...,Cy ), algorithm selector
Classifier(), feature extractor Extractor()

Output: Final tree decomposition 7 *

11+ 0,7y, < 7T, T. <+ T /linitialization;

2 F + Extractor(G, 7.) // get the updated features;
3 | < Classifier(IF) // get the clustering label;

4 while Not timeout do

5 if i = m then
6 1+ 0;
7 Ty < 7. // update the problem instance;
8 F « Extractor(G, 7¢);
9 I < Classifier(F);
10 end
11 else
12 11+ 1;
13 At « TW-SLIMc, , (G, Ts) // apply Ci;
14 if w(T;) < w(7.) then
15 Te < T; I/ update the best TD of this
round;
16 end
17 end
18 end
19 T+ T

ear ordering of m configurations (the cascade) is computed
offline; the configurations are then run sequentially follow-
ing this order until a timeout is reached. Differently, we can
use the m = 30 configurations obtained with the clustering
method (see Section 5) to form such a cascade, and we can
adaptively assign different cascading orders to different in-
stances based on their updated features, according to the av-
erage performance on the training data from different clus-
ters. Meanwhile, we sort the configurations by calculating
their improvements over the training instances, and we can
use two metrics of improvements (TX and T#) for sorting.

Sometimes, the global timeout is reached before all the m
configurations of the cascade have been run, so running the
most promising configurations first is essential. If the first
cascade could be completed, we take the tree decomposition
of the lowest width obtained within all the m configurations
and start a new round with this as the initial tree decomposi-
tion. The static version of ICP (ICP-sta) now uses the same
cascade in the next round and repeats this process until the
global timeout is reached.

The dynamic version of ICP (ICP-dyn) also proceeds
in rounds. However, we formulate 30 different cascades
according to the performance of configurations on the 30
clusters of training instances (the same clusters we used in
CC). Then, every time a new round begins, the clustering
model (the same as used in CC) is applied to select one
of the 30 cascades by the updated instance features. This
way, the cascade is always up-to-date and adjusted in
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Algorithm TS CA 100seconds 500 seconds 1000 seconds 3000 seconds 7800 seconds
Hand-tuned O S X X X X 398/182
CA (0] S X X X X 456/185
SB-all (0] S X X X X 457/175
CC-sta O S 234/132 395/165 418/172 445/179 500/190
CC-dyn (0] D 223/128 386/163 493/179 571/197 619/200
SB-one R S 319/160 457/177 490/184 534/190 587/194
ICP-sta (TX) O D 361/168 504/194 562/203 704/220 728/219
ICP-sta (T#) (0] D 334/161 503/190 541/196 672/212 691/213
ICP-dyn (TX) (0] D 296/155 471/182 541/194 658/209 712/215
ICP-dyn (T#) O D 338/163 506/188 574/200 682/212 710/213
ICP-sta (TY) (ub) O D 364/181 494/200 543/206 672/217 724/222

Table 7: Performance comparison between different algorithms with timeouts from 100 to 7800 seconds. All results have the
format TX/T#. (TX) and (T#) mean sort the cascading priority according to TX and T#, respectively. (uUb) means filtering the
configuration set. TS and CA label the methods according to the criteria proposed by Schede et al. (2022): TS: training setting
(O: offline, R: real-time); CA: configuration adjustment (D: dynamic, S: static).

real-time to the current tree decomposition. A pseudocode
of ICP-dyn is shown in Algorithm 1 (ICP-sta follows as a
more straightforward special case).

We also consider a variant of ICP-sta, labeled (ub), which
operates with cascades formed by a subset of the 30 config-
urations. If we can cover the configuration space with fewer
best-performing configurations, we can pass through each
cascade quicker and consequently carry out more rounds and
update the ordering more often. Accordingly, we remove all
configurations with “unique best number” ub = 0, mean-
ing these configurations cannot achieve the sole-best perfor-
mance on an training instances. After filtering, there are 20
configurations left to form a cascade.

Experimental Analysis

With different settings, we have a series of variants for ICP.
We examine these variants along 5 global timeouts for a fair
comparison, and we compare /CP with the algorithms pro-
posed above (CC-sta, CC-dyn, SB-one, SB-all, and CA).
Table 7 presents the overall results of different algorithms
and their key properties of techniques. Both static and dy-
namic /CPs outperform other algorithms significantly in all
given timeouts: ICP-sta (TX) obtain 228 and 141 more to-
tal improvements than the variants of SMAC (SB-all and
SB-one within 7800 seconds). Moreover, /CP surpasses the
portfolio-based algorithm selector AutoFolio (CA) by 40%
TX. When comparing ICP-sta and ICP-dyn, we observe
within the timeout range (100, 1000), that ICP-dyn (T#) is
slightly better than ICP-stat (TX), but for other timeouts,
the static ICP is better. For ICP-sta, sorting the cascading
priority queue by TX is better, which can result in a higher
TX. In contrast, ICP-dyn prefers to have T# as the metric
for formulating the priority queues. When it comes to the
effect of the configuration filter according to ub, the filter
can even improve the performance further within 100 sec-
onds timeout. /CP with the filter can still achieve a similar
performance level with long timeout: with 7800 seconds, the
performance of ICP-sta (TX) and ICP-sta (TX) (ub) is sim-
ilar, even though the latter one has fewer configurations in

8197

the cascading priority queue.

In general, even though offline algorithm configurators
dominate the research domain, we discover that offline con-
figurators are not good at configuring the process where the
instance is constantly changing, like in TW-SLIM. In our dy-
namic context, we can boost the performance further by in-
corporating knowledge learned during offline configuration
(30 configurations in our CC), adaptive selection methods
(CC-dyn), and cascading methods (/CP).

Conclusions and Future Work

We have investigated automatically configuring the com-
plex algorithmic framework TW-SLIM for treewidth mini-
mization, which, at its core, uses a SAT solver locally for
a large-scale optimization problem. We adapted clustering-
based automated algorithm configuration to our highly dy-
namic setting, which allowed us to improve significantly
over the original hand-tuned configuration. Here, we ob-
served that selecting the configuration through clustering
performed better than through an algorithm selector. This
finding is interesting as it contrasts the results obtained in
a different setting on the configuration of MaxSAT solvers
(Kadioglu et al. 2010).

Our new iterative cascading policy (ICP) provides a sig-
nificant additional boost in performance gain. This remark-
able performance is due to ICP’s ability to self-refine in real-
time, learning from one round to the other and simultane-
ously adapting to a dynamic change in the instance.

Our results give a good picture of the potential of au-
tomated algorithm configuration for a complex algorithmic
framework that includes multiple calls to a SAT solver. Al-
though we consider a particular optimization problem as our
concrete target (MINTW), we are confident that our findings
are relevant to many other problems that can be tackled with
SLIM, LNS, or other frameworks that utilize multiple SAT
calls.
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