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Abstract

Constraint Programming (CP) solvers rely on prop-
agation algorithms to reduce the search space of
combinatorial problems. For graph constraints
such as the circuit constraint, infeasibility of-
ten depends on global connectivity properties that
are difficult to capture using local propagation
alone. In this paper, we investigate articulation-
based graph reasoning for the circuit constraint
in a Lazy Clause Generation (LCG) solver. We
introduce propagation techniques based on artic-
ulation points and strong articulation points, us-
ing connectivity bottlenecks and strongly con-
nected component structure to detect infeasible
states and derive additional pruning. We further
describe explanation-generation methods that allow
these propagations to participate in clause learning
within the LCG framework. To evaluate the practi-
cal usefulness of this reasoning, we implement the
proposed propagators in an LCG solver and com-
pare them against a baseline cycle-prevention prop-
agator on graph instances with varying sizes and
densities. The experiments show that articulation-
based reasoning substantially reduces search ef-
fort and often improves runtime performance on
sparse and moderately dense benchmark instances.
These results demonstrate that global connectiv-
ity reasoning can provide practical benefits beyond
traditional cycle-prevention propagation in modern
LCG solvers.

1 Introduction

Constraint Programming (CP) is a powerful paradigm for
solving NP-hard combinatorial problems by combining
search and propagation. Propagation reduces the search space
by removing values that cannot participate in any feasible
solution, allowing many infeasible partial assignments to be
eliminated before they are explored. Although solver per-
formance depends on both search and propagation, stronger
propagation can substantially reduce the amount of search re-
quired to solve a problem. Consequently, the design of effi-
cient propagators remains a central topic in Constraint Pro-
gramming research [9; 10].

An important topic in CP is the design of global constraints
and their associated propagators. These constraints play a
crucial role in modern CP solvers. They capture recurring
combinatorial substructures, allowing solvers to reason more
effectively than if the same logic were expressed through
many small primitive constraints. For this reason, the study
of advanced propagators is important both theoretically and
practically [12].

One important global constraint is the circuit constraint,
which requires a set of successor variables to form a Hamil-
tonian cycle. The constraint appears naturally in routing,
scheduling, and sequencing applications [9], including vari-
ants of the Traveling Salesperson Problem [5]. Propagation
for the circuit constraint is challenging because feasibility de-
pends on global graph structure rather than only local variable
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Figure 1: Example of a connectivity bottleneck. Removing vertex
V' separates the graph into multiple components. Any Hamiltonian
cycle would need to visit vertices on both sides of V' while entering
and leaving each region exactly once. In this case, we can see this is
impossible as the cycle would need to go through V' twice.

relationships. While existing propagators can prevent prema-
ture cycles and reason about strongly connected components,
many infeasible structures remain undetected until relatively
late in the search process.

Consider the support graph shown in Figure 1. Vertex V'
is a connectivity bottleneck: removing it separates the graph
into multiple regions. Any Hamiltonian cycle would need to
visit the vertices on both sides of the bottleneck while enter-
ing and leaving each region exactly once. Since V' is an ar-
ticulation point, this is impossible, immediately proving that
no feasible circuit exists. More generally, connectivity bot-
tlenecks can also provide useful propagation even when they
do not immediately imply infeasibility. This reasoning is not
captured by traditional cycle-prevention propagation and mo-
tivates the use of articulation-based graph analysis within the
circuit constraint.

Although graph connectivity has been extensively studied
in both graph theory and Constraint Programming, the prac-
tical usefulness of articulation-based reasoning for the circuit
constraint remains largely unexplored. In particular, little is
known about whether articulation points and strong articula-
tion points can provide useful propagation in a modern LCG
solver, how explanations for such reasoning can be generated,
and whether the resulting reduction in search effort justifies
the additional graph-analysis overhead.

This paper investigates articulation-based graph reasoning
for the circuit constraint. We introduce propagation tech-
niques based on both articulation points and strong articu-
lation points. The proposed propagators exploit connectiv-
ity bottlenecks and strongly connected component structure
to detect infeasible states and derive additional pruning. We
further develop explanation-generation techniques that allow
these propagations to participate in clause learning within the
LCG framework.

Experimental results show that articulation-based reason-
ing can substantially reduce the explored search space by
identifying structural infeasibilities earlier during search.
Across the evaluated benchmark classes, the proposed prop-
agators often reduce the number of search nodes and fail-
ures by one or more orders of magnitude. These reductions
also translate into improved runtime performance on many
medium-sized and large instances, while significantly reduc-
ing the number of solver timeouts. The results suggest that
articulation points and strong articulation points provide a



practical source of additional propagation for the circuit
constraint and demonstrate the value of incorporating global
connectivity reasoning into modern Lazy Clause Generation
solvers.

The remainder of this paper is organised as follows. Sec-
tion 2 discusses previous work on this topic. Section 3 in-
troduces the preliminaries required for this paper. Section
4 presents the details of the propagator and implementation.
Section 5 evaluates the propagator experimentally. Section 6
discusses responsible research. Section 7 concludes the paper
and discusses future work.

2 Related Work

The circuit constraint has been widely studied within Con-
straint Programming (CP) due to its importance in routing
problems such as the Traveling Salesperson Problem and in
sequencing applications [7; 8; 4; 5]. Early approaches fo-
cused primarily on cycle prevention, removing assignments
that would create subtours before all vertices could be in-
cluded in a single Hamiltonian cycle. While computationally
inexpensive, these approaches reason only about local cycle
structure and do not exploit more global connectivity infor-
mation.

Francis and Stuckey [4] extended propagation for the
circuit constraint to the Lazy Clause Generation (LCG)
framework [2].  Their work introduced explanation-
generating versions of both cycle-prevention and strongly-
connected-component (SCC) propagation, allowing graph-
based reasoning to participate in clause learning. SCC propa-
gation reasons about global connectivity by ensuring that the
support graph remains strongly connected. However, it does
not exploit how the connectivity structure changes after the
removal of individual vertices. In contrast, this paper inves-
tigates reasoning based on articulation points and strong ar-
ticulation points, which capture connectivity bottlenecks that
may reveal infeasibility or imply additional propagation.

Graph connectivity reasoning has also been studied exten-
sively outside CP. Articulation points and strong articulation
points can be identified efficiently using depth-first-search-
based algorithms originating from Tarjan’s work [11]. These
algorithms form the basis of many graph-analysis techniques
used in optimisation and network analysis [1]. In this work,
these graph-theoretic concepts are incorporated into propaga-
tion for the circuit constraint.

Isoart and Régin [6] demonstrated the effectiveness of
separator-based reasoning through the k-cutset constraint,
showing how graph cutsets can be used to derive strong
propagation. The articulation-point reasoning investigated in
this paper is related in spirit, as an articulation point corre-
sponds to a 1-vertex cut. However, unlike the k-cutset con-
straint, which introduces a dedicated connectivity constraint,
our work integrates separator-based reasoning directly into
propagation for the circuit constraint.

Explanation generation is another important aspect of
graph-based propagation in LCG solvers.  Francis and
Stuckey [4] showed how explanations can be generated for
connectivity-based propagation within the circuit con-
straint. We build on this line of work by developing expla-

nations for articulation-point-based and strong-articulation-
point-based reasoning.

Existing work has demonstrated the value of both
connectivity-based propagation for the circuit constraint
and separator-based reasoning in graph constraints more gen-
erally. However, the use of articulation points and strong ar-
ticulation points as propagation mechanisms for the circuit
constraint has received little attention, particularly in the con-
text of Lazy Clause Generation. This paper investigates
whether articulation-based graph reasoning can provide use-
ful propagation for the circuit constraint and how such rea-
soning can be integrated into an LCG solver through efficient
explanations.

3 Preliminaries

3.1 Constraint Programming

A Constraint Satisfaction Problem (CSP) consists of a set of
variables, X = Xy, Xs,...,X,,, where each variable X; is
associated with a finite domain D(X;) of possible values, to-
gether with constraints restricting the combinations of assign-
ments that may appear in a valid solution.

Constraint Programming (CP) solvers combine propaga-
tion and search. Propagation removes values that cannot par-
ticipate in any feasible solution, thereby reducing the search
space. Formally, propagation replaces a domain D(X;) with
a smaller domain D’(X;) C D(X;), while preserving all so-
lutions of the CSP. In the context of the circuit constraint,
removing a value v € D(X;) corresponds to removing the
possibility that vertex 7 selects vertex v as its successor.

When propagation determines that only a single value re-
mains in a domain, the corresponding variable is assigned.
For a variable X, this can be written as D(X;) = {v} —
Xl' = .

Search is used when propagation alone cannot determine a
solution. The solver selects a variable, chooses a value, and
recursively explores the resulting subproblems.

A typical approach in modern CP solving is Lazy Clause
Generation (LCG), which combines CP propagation with
Boolean Satisfiability (SAT)-style clause learning [2]. In
LCG, every propagation or conflict is associated with an ex-
planation, which is a logical justification describing why the
inference is valid. These explanations are used during con-
flict analysis to learn clauses that prevent the same reasoning
from being repeated later during search.

3.2 Circuit Constraint

The circuit constraint is defined over a set of successor
variables X = X3, Xo, ..., X,,, where each variable X, rep-
resents the successor of vertex ¢. The domain D(X;) con-
tains all vertices that may be selected as successors of ¢. Con-
sequently, each value j € D(X;) corresponds to a directed
edge (7, 7) in the underlying graph, which is called the sup-
port graph.

The circuit constraint models Hamiltonian cycles over
this support graph. A solution corresponds to a selection of
one successor for every vertex such that the chosen edges
form a single cycle that visits every vertex exactly once.

Formally, the circuit constraint requires that:



1. Every vertex has exactly one successor.
2. Every vertex has exactly one predecessor.
3. The selected edges form a single Hamiltonian cycle.

A common propagation technique is cycle prevention. If
assigning a value X; = j would close a cycle before all ver-
tices are included, j can be removed from the domain D(X;).
This propagation is sound because a small cycle would make
the existence of a Hamiltonian cycle impossible.

3.3 Cycle-Prevention Propagation

The baseline propagator prevents premature cycles. During
the search, some successor variables may already be fixed.
These fixed assignments form directed paths and possibly cy-
cles. If assigning a specific value v € D(X;) would close a
cycle that does not contain all vertices, then that value cannot
be part of a feasible solution and is removed. So the domain
becomes D'(X;) = D(X;) \ {v}.

This propagation is sound because the circuit constraint
requires one Hamiltonian cycle containing all vertices. If a
smaller cycle is formed, it is no longer possible to connect
the rest of the nodes to the ones in this premature cycle, as
they all have a successor already.

The propagator loops over all fixed paths in the support
graph and removes all the edges that would close any of these
paths.

However, cycle prevention is limited because it only de-
tects infeasibility once a smaller cycle is about to be closed.
It does not reason about whether the remaining support graph
is structurally capable of containing a Hamiltonian cycle.

3.4 Articulation and Strong Articulation Points

An articulation point is a vertex whose removal increases the
number of connected components in the graph. A similar con-
cept in a directed graph is a strong articulation point, whose
removal increases the number of strongly connected compo-
nents (SCCs) in the graph. Such vertices identify connectiv-
ity bottlenecks in the graph, since all paths between certain
regions must pass through them.

Figure 2 illustrates a simple example. In the left graph, the
red vertex is an articulation point because removing it sep-
arates the graph into two disconnected components. In the
right graph, the red vertex is a strong articulation point, as its
removal increases the number of SCCs from one to two.
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Figure 2: The red vertices are examples of articulation points (left)
and strong articulation points (right). On the left graph, removing
the red vertex disconnects the graph into two connected components.
On the right graph, removing the red vertex increases the number of
SCCs in the graph.

3.5 Explanations in Lazy Clause Generation

Lazy Clause Generation (LCG) combines Constraint Pro-
gramming propagation with SAT-style clause learning [2]. In
an LCG solver, every propagation and conflict must be ac-
companied by an explanation that justifies the inference.

An explanation is a conjunction of predicates that logically
implies a propagation or conflict. For example, if a propa-
gator removes a value from a domain, the explanation iden-
tifies the conditions under which that removal is valid. Sim-
ilarly, when a propagator detects a conflict, the explanation
describes why the current domains cannot contain a feasible
solution.

During conflict analysis, explanations are used to derive
learned clauses. These clauses allow the solver to avoid re-
visiting similar infeasible states later in the search. Conse-
quently, explanation quality can have a significant impact on
solver performance. Smaller explanations are generally pre-
ferred because they can lead to shorter learned clauses and
more effective learning.

The basic cycle-prevention propagator generates the expla-
nations as described in the literature by Francis and Stuckey

[4].

4 Articulation-Based Propagator

This section presents the proposed articulation-based propa-
gators for the circuit constraint described in Section 3.2.
Let G = (V,E) denote the current support graph induced
by the domains of the successor variables. The propaga-
tors strengthen the baseline cycle-prevention propagator ex-
plained in Section 3.3 by exploiting connectivity bottlenecks
in G. Two forms of reasoning are considered. The first uses
articulation points in an undirected representation of the sup-
port graph. The second reasons directly about strong articu-
lation points and the strongly connected component structure
of the directed support graph.

4.1 Undirected Articulation Reasoning

The first propagation rule reasons about articulation points in
an undirected version of the support graph. Every directed
edge in the support graph is treated as an undirected edge,
producing an undirected graph G,,.

The key observation is that a Hamiltonian cycle cannot ex-
ist if G,, is disconnected or contains an articulation point. If
an articulation point separates the graph into multiple regions,
any Hamiltonian cycle would need to traverse the articulation
point multiple times in order to visit all vertices. Since every
vertex in a Hamiltonian cycle has exactly one predecessor and
one successor, this is impossible.

Conflict Detection

The propagator first checks whether the undirected support
graph satisfies this necessary connectivity condition.
The procedure is as follows:

1. Construct the undirected graph G, from the current sup-
port graph.

2. Check whether GG, is connected.
3. Identify articulation points in G,,.



Figure 3: Example of articulation-based conflict detection. Vertex
A is an articulation point, so both paths from B to C' (green path
as an example) and C' to B (purple path as an example) need to go
through A. However, this breaks the circuit constraint as vertex
A can only have one successor and only one vertex can have A as
its successor.

4. If G, is disconnected or contains any articulation points,
report a conflict.

Figure 3 shows an example where vertex A is an articula-
tion point, whose removal separates the graph into two com-
ponents. Vertices B and C' are in different components. To
find a Hamiltonian cycle, we need a path from B to C' and
a path from C to B. Since vertex A separates them, both of
these paths have to go through A. But this breaks the con-
straint, as our cycle would go through vertex A twice.

The purpose of this check is not to construct a Hamiltonian
cycle. Instead, it verifies a necessary structural condition for
the existence of one. If the condition fails, the current do-
mains cannot contain any feasible solution.

Articulation-Based Forcing
The same structural condition can also be used to derive
forced assignments.

Consider a candidate edge (u,v) that has not yet been
fixed. If removing (u,v) causes the resulting support graph
to violate the articulation condition described above, then no
feasible Hamiltonian cycle can exist without that edge. Con-
sequently, every feasible solution must contain (u, v) and the
assignment X,, = v can be enforced.

The propagator therefore follows the forcing procedure,
which works as follows:

1. Loop over all of the edges in the support graph that are
not yet fixed.

2. For each edge, pretend that we remove it and build the
remaining support graph.

3. Check if this graph has any articulation points.

4. If it has any, then we know it is impossible to find a
Hamiltonian cycle without this edge, so we need to en-
force it.

Unlike cycle-prevention propagation, which reacts only
when an invalid cycle is about to be created, articulation-
based forcing derives mandatory assignments from global
connectivity structure before any explicit infeasibility is ob-
served.

4.2 Strong Articulation Point Reasoning

Undirected articulation reasoning ignores edge direction and
therefore captures only a subset of the connectivity informa-
tion present in the support graph. To exploit directed connec-

tivity more effectively, we additionally reason about strong
articulation points introduced in Section 3.4.

Let v be a strong articulation point of the support graph.
Removing v produces a graph whose strongly connected
components form a condensation graph, which is a directed
acyclic graph (DAG). The structure of this DAG provides in-
formation about how a Hamiltonian cycle would need to tra-
verse the remaining vertices.

Conflict Detection

For every strong articulation point v, the propagator removes
v and computes the SCC decomposition of the remaining
graph. Let D, denote the resulting condensation DAG.

Removing a vertex from a Hamiltonian cycle yields a
Hamiltonian path on the remaining |V| — 1 vertices. Con-
sequently, a necessary condition for the existence of a Hamil-
tonian cycle is that the SCC structure induced by the removal
of v admits a traversal through all remaining vertices. The
propagator therefore performs three checks. If any of them
fails, the propagator returns conflict.

First, D, must contain exactly one source SCC. Every
source SCC can only be entered through the strong articu-
lation point v, as it has no incoming edges from other SCCs
in the condensation DAG. Since v can have only one succes-
sor in a Hamiltonian cycle, the cycle can enter at most one
source SCC. Therefore, if multiple source SCCs exist, it is
impossible to visit all SCCs and a conflict is reported.

Second, D,, must contain exactly one sink SCC. Every sink
SCC can only be exited through the strong articulation point
v, as it has no outgoing edges to other SCCs in the condensa-
tion DAG. Since v can have only one predecessor in a Hamil-
tonian cycle, the cycle can leave at most one sink SCC. There-
fore, if multiple sink SCCs exist, it is impossible to visit all
SCCs and a conflict is reported.

Finally, now that we know we only have one source and
one sink SCC, the propagator can easily compute the longest
weighted path in the condensation DAG, where the weight of
each SCC corresponds to the number of vertices it contains.
If the longest path contains fewer than |V| — 1 vertices, then
not all remaining vertices can be traversed in a single directed
walk through the SCC structure. In this case, a Hamiltonian
cycle is impossible and a conflict is reported.

Together, these conditions provide a stronger directed con-
nectivity test than the undirected articulation analysis.

Edge Pruning
The SCC structure can also be used to derive additional prun-
ing.

Suppose that removing a strong articulation point v pro-
duces a condensation DAG that passes the conflict detection
described earlier in Section 4.2. This means it has a unique
source SCC S, a unique sink SCC 7" and a longest weighted
path that contains |V'| — 1 vertices. The only way to have a
Hamiltonian cycle in the support graph is to use one of these
longest traversals and extend it with v. For this to happen,
the successor of v needs to be the start of this traversal, and v
has to be the successor of the end of it. There can be multiple
longest traversals, so we cannot know exactly which node is
the start and which is the end. But we know that the start must
belong to S and the end must belong to 7.



Therefore, the propagator removes:

« all edges (v, u) where u does not belong to the source
SCC S,

* all edges (u, v) where u does not belong to the sink SCC
T.

These edges are infeasible because selecting them would
force the Hamiltonian cycle to enter or leave the SCC struc-
ture at an incorrect location, making it impossible to traverse
all SCCs in a consistent order.

This pruning exploits information that is not visible in the
undirected graph and therefore complements the articulation-
point reasoning described in Section 4.1.

4.3 Explanation Generation

The articulation-based propagator uses a uniform explanation
scheme for conflicts, pruning, and edge forcing. Rather than
constructing a specialized explanation for each individual in-
ference, it records the domain removals that define the graph
on which the connectivity analysis is performed. Concretely,
for every edge that is absent from the support graph, the ex-
planation contains the corresponding domain-removal predi-
cate.

These predicates allow Pumpkin’s explanation checker to
reconstruct the graph used by the propagator. The checker
can then independently verify the graph-theoretic property
that justifies the inference. For conflict detection, this may
correspond to a disconnected support graph, the presence of
an articulation point, or a violation of one of the strong ar-
ticulation point conditions. For pruning, the checker verifies
that the SCC structure implied by a strong articulation point
justifies the removal of the reported edge.

Edge forcing is handled in a similar way. To determine
whether an edge (u,v) must be present in every feasible so-
lution, the propagator temporarily removes the edge and ana-
lyzes the resulting graph. If the reduced graph contains an ar-
ticulation point, every Hamiltonian cycle must contain (u,v).
The explanation records the domain removals that define this
reduced graph, allowing the checker to reconstruct it and ver-
ify the inference.

This explanation scheme is straightforward to generate
and verify, although it is not guaranteed to produce minimal
explanations. Investigating explanation minimization tech-
niques for articulation-based propagation is left for future
work.

5 Experimental Setup and Results

The experimental results show that the articulation-based rea-
soning substantially strengthens the propagator. Across all
benchmark classes, it consistently reduced the number of ex-
plored search nodes and solver failures, often by several or-
ders of magnitude. Furthermore, the number of timeouts de-
creased from 57 to 13, demonstrating that the stronger propa-
gation remains effective even on the most difficult instances.

The goal of this section is to evaluate the practical impact
of articulation-based connectivity reasoning on the circuit
constraint. More specifically, the experiments investigate

whether articulation points and strong articulation points pro-
vide useful additional propagation that reduces the size of
the search space. Since stronger propagation introduces addi-
tional graph-analysis overhead, the evaluation also examines
its impact on runtime and overall solver performance.

The evaluation compares the baseline cycle-prevention
propagator (CP) against the extended version of it (SAP),
which includes both articulation and strong articulation-based
reasoning, described in Section 4.

5.1 Experimental Questions

The experimental evaluation is designed to answer the fol-
lowing questions:

1. How much do articulation-point and strong-articulation-
point propagation reduce the size of the search space
compared to the baseline cycle-prevention propagator?

2. What is the impact of the additional graph analyses on
runtime performance?

3. How does graph size and density affect the effectiveness
of the propagator?

To answer these questions, the propagator configurations
are compared using runtime, number of search nodes, fail-
ures, and propagation statistics.

5.2 Experimental Setup

All experiments were performed using the Pumpkin [3] Lazy
Clause Generation solver extended with the articulation-
based propagator described in Section 4. The propagator was
implemented in Rust and integrated directly into the existing
circuit constraint infrastructure.

The evaluation compares two solver configurations:

1. Baseline (CP): the standard cycle-prevention propaga-
tor introduced in Section 3.3.

2. SAP: the full articulation-based propagator described
in Section 4, including articulation-point conflict detec-
tion, edge forcing, strong-articulation-point conflict de-
tection, and SCC-based edge pruning.

All configurations select variables in their declaration order
and assign the smallest value first. This is to ensure that all
of the differences in performance come from the propagation
itself, rather than from changes in search behaviour.

The benchmark instances were generated using the graph
generator proposed by Francis and Stuckey [4]. Following
their methodology, the instances were generated in the fol-
lowing way, where n denotes the number of nodes in the
graph and k denotes the density.

* Generate n points in 2D where both coordinates of the
points are in the [0, 1) range.

* From every node, create a directed edge to its k nearest
neighbours.

* Ensure that there exists a Hamiltonian cycle via a ran-
dom walk over the edges. If the walk gets stuck in node
v, add a new random edge from v to a node that has not
been visited yet.



For each parameter configuration, 20 random seeds were
used to reduce the influence of individual graph structures.
After a small initial batch of experiments with a standard
30-minute timeout, we decided to reduce this to 15 because
less than 1% of solvetimes fell between 15 and 30 minutes.
This way, we can ensure that difficult instances can still be
solved while keeping the total experimental runtime manage-
able. The presented results are the arithmetic means of these
random seeds for every configuration, excluding the instances
for which at least one of the propagators has timed out. This
ensures that averages are computed over identical benchmark
sets for both propagators. Each instance was solved indepen-
dently using both evaluated propagators.

The following performance metrics were recorded:

e Number of explored search nodes,
¢ Number of solver failures,

¢ Total runtime,

e Number of propagation operations.

The experiments were executed on a 2.4GHz 13th Gen In-
tel(R) Core(TM) i7-13700H CPU with 16GB of RAM on
Windows 11 using the release-mode builds of Pumpkin [3].

5.3 Results and Discussion

Across all 400 instances, the number of timeouts decreased
from 57 to 13, corresponding to a 77% reduction. Looking
at only the 339 instances for which none of the solvers timed
out, the SAP propagator reduced the total number of explored
search nodes by a factor of approximately 560 and reduced to-
tal runtime by a factor of approximately 7.7, though these ag-
gregate figures are dominated by the larger, sparser instances
where improvements are most dramatic.
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Figure 4: Average number of explored search nodes on a log scale.
The SAP propagator consistently explores substantially smaller
search trees than the baseline cycle-prevention propagator.

Figures 4, 5 and 6 compare the baseline cycle-prevention
propagator (CP) with the full articulation-based propagator
(SAP) across benchmark instances of varying size and density
on the metrics described in Section 5.2. Table 1 reports the
arithmetic means of strong-articulation-point analyses, prun-
ing operations, and conflicts generated by the SAP propaga-
tor.

The results show that the SAP propagator consistently re-
duces the size of the search space. Figures 4 and 5 show that

Average failures
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Figure 5: Average number of solver failures on a log scale. The SAP
reasoning reduces the number of backtracks across all benchmark
classes.
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Figure 6: Average runtime on a log scale. Despite the addi-

tional graph analysis, the SAP propagator improves runtime on most
medium-sized and large instances.

across all benchmark classes, the number of explored search
nodes and solver failures decreases by one to several orders
of magnitude. The most dramatic improvements occur on the
larger instances. For example, for the (n = 100,k = 5)
benchmark class, the average number of explored nodes de-
creases from approximately 269K to only 335, while the
number of failures decreases from approximately 181K to
283. Similar reductions can be observed for the (n = 30,k =
5) and (n = 50, k = 5) benchmark classes, where the search
tree becomes hundreds or even thousands of times smaller.

A similar trend can be observed for propagation activ-
ity. Despite performing additional graph analyses, the SAP
propagator generally executes substantially fewer propaga-
tion operations than the baseline configuration. This reduc-
tion is a direct consequence of the smaller search trees pro-
duced by the stronger propagation. For example, on the
(n = 100,k = 5) benchmark class, the average number of
propagations decreases from approximately 172M to 97K,
while on the (n = 50,k = 5) benchmark class it decreases
from approximately 7.1M/ to 15.8K.

These reductions demonstrate that the articulation-based
reasoning successfully identifies infeasible regions of the
search space much earlier than cycle prevention alone. The
propagator exploits global connectivity information to detect
structural bottlenecks, derive additional pruning, and force



edges that must belong to every feasible Hamiltonian cycle.
As a result, many partial assignments that would otherwise
require extensive search are eliminated during propagation.

Table 1: SAP activity statistics averaged over included runs.

n k SAPchecks Prunings Conflicts
20 3 126.60 31.65 0.20
20 4 158.35 27.85 0.10
20 S 202.40 24.45 0.30
20 7 195.75 21.30 0.05
20 10 228.15 13.45 0.15
30 3 243.90 45.70 0.15
30 4 389.80 50.45 0.55
30 5 431.80 48.95 0.95
30 7 539.29 47.35 1.59
30 10 515.74 21.05 0.16
50 3 1132.35 134.55 2.00
50 4 3460.89 271.58 14.00
50 5 5395.63 295.79 39.21
50 7 1808.31 90.81 2.44
50 10 1480.53 52.00 1.12

100 3 19305.45 662.40 16.65
100 4 30421.67  1070.58 71.67
100 5 57253.38  1150.88 240.88
100 7 7121.80 451.20 5.00
100 10 8295.71 92.43 14.86

The SAP activity statistics, shown in Table 1, provide fur-
ther evidence for this explanation. Instances exhibiting the
largest reductions in search effort also generate the largest
numbers of strong-articulation-point analyses, pruning oper-
ations, and conflicts. For example, the (n = 100,k = 5)
benchmark class performs more than 57K SAP analyses on
average, resulting in over 1.1K pruning operations and ap-
proximately 241 detected conflicts. This suggests that the ob-
served reductions in search are directly attributable to the ad-
ditional graph-based reasoning introduced by the propagator.

The stronger propagation often translates into improved
runtime performance, as presented by Figure 6. Although
the SAP propagator performs substantially more graph anal-
ysis than the baseline propagator, the reduction in search ef-
fort is large enough to compensate for this overhead. For ex-
ample, on the (n = 100,k = 5) benchmark class, the av-
erage runtime decreases from approximately 162 seconds to
37 seconds. Similar improvements can be observed on most
medium-sized and large benchmark classes.

Another notable result is the reduction in timeouts. Across
all benchmark instances, the baseline propagator timed out 57
times, whereas the SAP propagator timed out only 13 times.
This indicates that the additional propagation remains effec-
tive even on the most challenging instances and allows the
solver to solve many instances that would otherwise exceed
the time limit.

The results also reveal an interesting interaction between
graph structure and propagation strength. The largest im-
provements are observed for sparse and moderately dense
graphs, where articulation points and strong articulation
points occur frequently. In such instances, the support graph

contains connectivity bottlenecks that can be exploited by the
propagator. As graph density increases, these bottlenecks be-
come less common, reducing the opportunities for additional
propagation. Nevertheless, even on the denser benchmark
classes, the SAP propagator generally maintains a significant
advantage over the baseline configuration.
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Figure 7: Average learned nogood length as a function of graph size.
While SAP explanations become moderately larger for the largest
instances, the increase remains limited relative to the reduction in
search effort.

An additional aspect that was briefly examined is the ef-
fect of the propagator on learned clause characteristics. Fig-
ure 7 indicates that explanation size increases with graph size
for both propagators. While the SAP propagator produces
shorter learned nogoods on smaller benchmark classes, its
learned nogoods become moderately larger than those of the
cycle-prevention propagator for n = 100. This trend is ex-
pected, as articulation-based reasoning relies on increasingly
large graph structures and therefore requires more informa-
tion to justify individual inferences.

The primary objective of this work was to investigate
stronger propagation for the circuit constraint rather than
the generation of minimal explanations. Consequently, only a
high-level analysis of learned nogood lengths was performed.
A more detailed study of explanation quality could provide
valuable insights into the interaction between articulation-
based reasoning and Lazy Clause Generation. Future work
could investigate metrics such as Literal Block Distance
(LBD), conflict size, explanation minimality, and the long-
term impact of learned clauses on solver performance.

Overall, the experimental evaluation demonstrates that
articulation-based reasoning is an effective technique for
strengthening the circuit constraint. The propagator sub-
stantially reduces the size of the search space, decreases the
number of solver failures, improves runtime performance on
most benchmark classes, and significantly reduces the num-
ber of timeouts. These results suggest that global connectiv-
ity reasoning can provide practical benefits beyond traditional
cycle-prevention propagation in modern Lazy Clause Gener-
ation solvers.

6 Responsible Research

The main responsible research concern in this work is solver
correctness. The proposed propagator performs global graph-
based reasoning inside a Lazy Clause Generation framework,



meaning that every propagation and conflict must be accom-
panied by a sound explanation. Incorrect explanations could
cause the solver to learn invalid clauses and incorrectly re-
move feasible solutions from the search space.

To reduce this risk, all propagations and conflicts gener-
ated by the propagator were validated using Pumpkin’s in-
ternal explanation checker. This checker verifies that the
generated explanation logically implies the corresponding
propagation or conflict under the current solver state. Dur-
ing development, this validation proved especially impor-
tant because articulation-based reasoning depends on com-
plex graph structure rather than only local variable interac-
tions.

The benchmark instances were generated using a graph
generator previously used in the literature. Nevertheless, gen-
erated instances may not fully represent real-world applica-
tions of the circuit constraint. Consequently, the conclu-
sions of this study should be interpreted with respect to the
evaluated benchmark family.

Reproducibility is another important consideration. Solver
performance can depend heavily on implementation details,
benchmark generation, random seeds, and hardware config-
uration. To improve reproducibility, all propagator config-
urations were evaluated using the same hardware, software,
search strategy, solver version, and benchmark generation
process. The benchmark instances were generated using mul-
tiple random seeds, and the reported results are arithmetic
means over these runs.

Reproducibility is supported by the publicly available im-
plementation, benchmark generator, experimental scripts and
the random seeds, along with the corresponding instances
used in the evaluation.

The experiments also aim to report results transparently.
Although the articulation-based propagator performs addi-
tional graph analysis and therefore incurs extra computational
overhead, this cost is evaluated alongside its benefits in search
reduction. For this reason, the evaluation reports multiple
performance metrics, including runtime, search nodes, fail-
ures, propagation counts, learned nogood lengths, and time-
out counts, rather than focusing only on favourable outcomes.
This provides a more complete picture of the trade-offs asso-
ciated with stronger propagation.

Generative Al tools were used during the writing process
of this paper. In particular, they were used to rephrase sen-
tences, improve readability, and correct spelling and gram-
mar mistakes. They were also used to assist with formatting
LaTeX.

7 Conclusion and Future Work

This paper presented an articulation-point and strong-
articulation-point-based propagator for the circuit con-
straint implemented in a Lazy Clause Generation solver. The
propagator extends the standard cycle-prevention approach
by reasoning about global graph connectivity properties of
the support graph. In particular, articulation points are used
for conflict detection and edge forcing, while strong articula-
tion points are used for additional conflict detection and SCC-
based edge pruning.

The experimental evaluation showed that the propagator
can significantly reduce the explored search space across
all benchmark classes. Compared to the baseline cycle-
prevention propagator, the SAP propagator consistently re-
duced the number of explored search nodes, failures, and
propagation events, often by several orders of magnitude.
These reductions also translated into improved runtime
performance on most medium-sized and large benchmark
classes, while significantly reducing the number of solver
timeouts, from 57 to only 13. These results demonstrate that
global graph structure can provide propagation that is not vis-
ible to purely local reasoning.

Although the SAP propagator performs substantially more
graph analysis than the baseline propagator, the resulting re-
duction in search effort was generally large enough to com-
pensate for the additional overhead. The strongest improve-
ments were observed on sparse and moderately dense graphs,
where articulation points and strong articulation points occur
frequently and expose structural bottlenecks in the support
graph. These results suggest that global connectivity reason-
ing can provide practical benefits beyond traditional cycle-
prevention propagation in modern Lazy Clause Generation
solvers.

Several directions for future work remain open. One im-
portant improvement would be the introduction of incremen-
tal graph analysis in order to avoid reconstructing support
graphs repeatedly during propagation. It would also be inter-
esting to experiment with using this propagator only condi-
tionally, specifically when the support graph is already sparse
enough. This could be measured by the number of edges still
in the graph or by the degrees of the nodes.

It would also be interesting to evaluate the propagator
on additional benchmark families and real-world routing in-
stances. This would provide further insight into the rela-
tionship between graph structure and propagation effective-
ness, and help identify the classes of problems for which
articulation-based reasoning is most beneficial.

Finally, while this work includes a preliminary analysis of
learned nogood lengths, the primary focus remains on prop-
agation strength and solver performance rather than explana-
tion minimisation. The explanations generated by the propa-
gator are not guaranteed to be minimal, and it would be inter-
esting to investigate whether smaller explanations can be de-
rived without sacrificing propagation strength. Such a study
could evaluate the impact of explanation minimisation using
metrics such as learned nogood length, Literal Block Distance
(LBD), clause reuse and overall solver performance within
the Lazy Clause Generation framework.
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