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Abstract: Complex networks model the structure and function of critical technological, biological,
and communication systems. Network dismantling—the targeted removal of nodes to fragment a
network—is essential for analyzing and improving system robustness. Existing dismantling methods
suffer from key limitations: they depend on global structural knowledge, exhibit slow running times on
large networks, and overlook the network’s latent geometry. However, it has been shown that complex
systems run their dynamics on a manifold in a latent geometric space. Motivated by these findings, we
introduce Latent Geometry-Driven Network Automata (LGD-NA), a novel framework that leverages
local network automata rules to approximate effective link distances between interacting nodes. LGD-
NA is able to identify critical nodes and capture latent manifold information of a network for effective
and efficient dismantling. We show that this latent geometry-driven approach outperforms all existing
dismantling algorithms, including machine learning methods such as graph neural networks. We
also find that a simple common-neighbor-based network automata rule achieves near state-of-the-art
performance, highlighting the effectiveness of minimal local information for dismantling. LGD-NA is
extensively validated on the largest and most diverse collection of real-world networks to date (1,475
real-world networks across 32 complex systems domains) and scales efficiently to large networks via
GPU acceleration. Our results confirm latent geometry as a fundamental principle for understanding
the robustness of real-world systems, adding dismantling to the growing set of processes that network
geometry can explain.

Keywords: network robustness; network dismantling; network geometry; network science; complex
systems; network automata; graphs; network topology

1. Introduction
Complex networks shape every aspect of human life, driving critical systems such as technological

infrastructures, information systems, and biological processes [5]. Their fundamental role makes it
crucial to understand their vulnerability to targeted attacks. Disrupting these networks can have
far-reaching effects, triggering phenomena such as epidemic outbreaks, infrastructure failures, financial
crises, and misinformation propagation [6,7].

A targeted attack on a network—known as network dismantling—aims to disrupt its structural
integrity and functional capacity by identifying and removing a minimal set of critical nodes that
fragment it into isolated sub-components [6]. Designing effective dismantling strategies is essential, as
they provide insights for improving the robustness of these critical networks.

Efficient network dismantling is challenging because identifying the minimal set of nodes for
optimal disruption is an NP-hard problem—no known algorithm can solve it efficiently for large
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networks [6]. This difficulty arises not only from the prohibitively large solution space but also from the
structural complexity of real-world networks, which exhibit heterogeneous, fat-tailed connectivity [8–
11] and intricate organizations such as modular and community structures [12,13], hierarchies [14,15],
higher-order structures [16,17], and a latent geometry [1,18–23].

Node Betweenness Centrality (NBC) is a network centrality measure [24] that quantifies the
importance of a node in terms of the fraction of the shortest paths that pass through it. NBC-based
attack, where nodes are removed in order of their betweenness centrality, is considered one of, if not
the best, method for network dismantling [25–28]. However, like many other dismantling techniques,
it requires global knowledge of the entire network topology, and its high computational cost limits its
scalability to large networks. These limitations are shared by many other state-of-the-art dismantling
methods, which additionally rely on black-box machine learning models, and are rarely validated
across large, diverse sets of real-world networks (see Tables 1, A3, and A2).

Latent geometry has been recognized as a key principle for understanding the structure and
complexity of real-world networks [18–21,23,29,30]. It explains essential features such as small-
worldness, degree heterogeneity, clustering, and navigability [18,19,21], and drives critical processes
like efficient information flow [20,29–31].

Recent work by Muscoloni et al. (2017) [1] revealed that betweenness centrality is a global latent
geometry estimator: it approximates node distances in an underlying geometric space. They also
introduced Repulsion-Attraction network automata rule 2 (RA2), a local latent geometry estimator that
uses only first-neighbor connectivity. RA2 performed comparably to NBC in tasks such as network
embedding and community detection, despite relying solely on local information.

This raises the first question: can latent geometry—whether estimated globally or locally—guide
effective network dismantling? If complex systems run on a latent manifold, estimating it may offer a
more efficient way to disrupt connectivity.

The second question concerns efficiency: both NBC and RA2 have O(Nm) complexity, where N
is the number of nodes and m the number of links in a network. However, RA2 is significantly faster
in practice due to its use of local information and avoidance of the large running time associated with
NBC’s computational overhead. This motivates exploring whether local latent geometry estimators
can match the dismantling performance of global methods like NBC while offering a greater advantage
in practical running time execution.

Motivated by these questions, we introduce the Latent Geometry-Driven Network Automata
(LGD-NA) framework, which uses local topology estimators of latent geometry to drive the dismantling
process. It achieves state-of-the-art dismantling performance on 1,475 real-world networks across
32 complex systems domains and its GPU implementation enables dismantling at large scales. Our
contributions are as follows:

1. Latent Geometry-Driven (LGD) dismantling. Global LGD dismantling, such as NBC and local
ones, such as RA2-based methods, estimate effective node distances on the manifold associated with
the network in the latent space, capturing its geometry and exposing structural information critical for
dismantling.

2. LGD Network Automata (LGD-NA). Network automata rules adopt local topology informa-
tion to approximate the latent geometry distances of pairs of linked nodes in the network. The sum of
the distances that a node has from its linked neighbors represents an estimation of how central a node
is in the network topology. The higher this sum, the more a node dominates numerous and far-apart
regions of the network, being a critical candidate for network dismantling. We show that LGD-NA con-
sistently outperforms all other existing dismantling algorithms, including machine learning methods
such as graph neural networks.

3. A simple common neighbors-based network automaton rule is highly effective. We discover
that a variant of RA2, based solely on common neighbors, outperforms all other dismantling algorithms
and achieves performance close to the state-of-the-art method, NBC. We refer to this variant as the
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common neighbor dissimilarity (CND): a minimalistic network automaton rule that acts as a local
latent geometry estimator.

4. Comprehensive experimental validation. We build an ATLAS of 1,475 real-world networks
across 32 complex systems domains, which is the largest and most diverse collection of real-world
networks to date. We evaluate LGD-NA on this ATLAS, comparing with state-of-the-art methods,
proving the effectiveness of LGD-NA in a wide variety of real-world settings

5. GPU-acceleration. We implement GPU acceleration for LGD-NA, enabling remarkable running
time advantages in dismantling on networks significantly larger than those manageable by the state-
of-the-art method, NBC.

Table 1. Number of real-world networks tested by dismantling algorithms, see Table A6 for more information.

Algorithm Year Networks Ref.

Collective Influence (CI) 2016 0 [3]

CoreHD 2016 12 [32]

Explosive Immunization (EI) 2016 5 [33]

Min-Sum (MS) 2016 2 [2]

GND 2019 10 [34]

Resilience Centrality 2020 4 [35]

GDM 2021 57 [36]

CoreGDM 2023 15 [37]

Domirank Centrality 2024 6 [25]

Fitness Centrality 2025 5 [26]

LGD-NA 2025 1,475 Ours

2. Related Work
2.1. Latent Geometry of Complex Networks.

Many real-world networks are shaped by latent geometric manifolds of the complex systems
that govern their topology and dynamics. These hidden geometries explain essential structural
features such as small-worldness, degree heterogeneity, clustering, and community structure [1,18,
19,21,23,38,39]. The underlying metric space is not only descriptive but functional: it facilitates
efficient routing and navigation with limited global knowledge [20,29–31]. Such properties emerge
consistently across diverse systems, including biological, social, technological, and socio-ecological
networks [18,19]. Latent geometries also enable predictive modeling of dynamical processes such as
network growth [23,39,40], and epidemic spreading [22].

2.2. Latent Geometry Estimators

Latent geometry estimators assign edge weights to approximate linked nodes’ pairwise distances
in the hidden geometric manifold. Among them, network automata rules based on the Repulsion-
Attraction (RA) criterion use only local topological information to infer proximity in the latent space [1].
RA is grounded in the theory of network navigability [29], which posits that nodes with many non-
overlapping neighbors tend to occupy distant regions in the latent space. Edges between such nodes
receive higher dissimilarity scores due to strong repulsion, while those with many common neighbors
are scored lower due to attraction.

RA1 and RA2 are network automata rules for approximating linked nodes’ pairwise distances on
the latent manifold of a complex network. These rules are categorized as network automata because
they adopt only local information to infer the score of a link in the network without the need for
pre-training of the rule. Note that RA1 and RA2 are predictive network automata that differ from
generative network automata, which are rules created to generate artificial networks [8,39,40].

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 May 2025 doi:10.20944/preprints202505.2276.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202505.2276.v1
http://creativecommons.org/licenses/by/4.0/


4 of 24

They were introduced to serve as pre-weighting strategies for approximating angular distances
associated with node similarities in hyperbolic network embeddings [1]. RA2 performed slighter
better than RA1, so for this reason we will only consider RA2 in this study. RA2 defines dissimilarity
between nodes i and j as:

RA2(i, j) =
1 + ei + ej + ei · ej

1 + CNij
.

where CNij is the number of common neighbors of nodes i and j, and ei and ej are the external degrees
of i and j, representing the count of neighbors of i and j which are not involved in the common
neighbors interactions.

In the same work, Muscoloni et al. also showed that betweenness centrality is a global latent
geometry estimator. By comparing it with RA2, they demonstrated that both global (betweenness
centrality) and local (RA) estimators can effectively capture latent geometry, achieving strong results
in network embedding and community detection. See Table A1 for a comparison of estimators and
Figure A1 for illustrative examples.

2.3. Topological centrality measures

Degree, betweenness centrality, and their variants have all been used in the majority of dismantling
studies [6], with betweenness centrality [25–28] having been found to be the most effective strategy
when applying dynamic dismantling, meaning the scores are recomputed after every step. Degree
centrality ranks nodes by their number of neighbors, and betweenness centrality [24] counts how
frequently a node lies on shortest paths. Other centrality variants include eigenvector centrality [41],
which gives higher scores to nodes connected to other influential nodes. PageRank [42], based on
a random walk model and originally developed for ranking web pages, favors nodes that receive
many and high-quality links. Beyond these classical measures, several centrality indices have been
specifically developed to capture aspects of network resilience. Fitness centrality [26], adapted from
economic complexity theory, evaluates node importance through the capabilities of neighbors while
penalizing connections to weak nodes. DomiRank [25] centrality models a competitive dynamic in
which nodes gain or lose dominance, or importance, based on the relative strength of their neighbors.
Resilience centrality [35], derived from a dynamical systems reduction, quantifies how a node’s
removal alters the system’s resilience, incorporating both degree and weighted nearest-neighbor
degree. See Table A2 for a full comparison of topological centrality measures.

2.4. Statistical and Machine Learning Network Dismantling

We focus on network dismantling for targeted attacks, where the goal is to fragment a network
as efficiently as possible by removing selected nodes. Message passing-based methods such as Belief
Propagation-guided Decimation (BPD) [4] and Min-Sum (MS) [2] use message-passing algorithms
to decycle the network and then fragment the resulting forest with a tree-breaker algorithm, while
CoreHD [32] achieves decycling by iteratively removing the highest-degree nodes from the 2-core of
the network and also includes a tree-breaker algorithm. Decycling and dismantling are, in fact, closely
related tasks, as a tree (or a forest) can be dismantled almost optimally [2]. Generalized Network
Dismantling (GND) [34] targets nodes that maximize an approximated spectral partitioning. Collective
Influence (CI) [3] targets nodes with maximal influence on their neighborhoods, and Explosive Im-
munization (EI) [33], uses explosive percolation dynamics. Machine learning-based methods include
Graph Dismantling with Machine Learning (GDM) [36], which trains graph neural networks to predict
optimal attack strategies in a supervised manner. FINDER [43] uses reinforcement learning instead to
autonomously learn dismantling strategies without needing labeled data. CoreGDM [37] combines
ideas from CoreHD and GDM as it attacks the 2-core of the network but uses machine learning models
trained on optimal dismantling solutions to guide node removal. See Table A3 for a full comparison of
dismantling methods.
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3. Latent Geometry-Driven Network Automata
We introduce the Latent Geometry-Driven Network Automata (LGD-NA) framework. LGD-NA

adopts a network automaton rule, such as RA2, to estimate latent geometric linked node pairwise
distances and to assign edge weights based on these geometric distances. Then, it computes for each
node its network centrality as a sum of the weights of adjacent edges. The higher this sum, the more a
node dominates numerous and far-apart regions of the network, becoming a prioritized candidate for
a targeted attack in the network dismantling process. This prioritized node is then removed from the
network, and the procedure is iteratively repeated until the network is dismantled. The reinsertion
phase can optionally be applied after dismantling to improve performance by reinserting nodes that
were not relevant to the dismantling process. See Figure 1 for a full breakdown of the LGD-NA
framework.

Figure 1. Overview of the LGD Network Automata framework. A: Begin with an unweighted and undirected
network. B: Estimate latent geometry by assigning a weight νij to each edge between nodes i and j using local
latent geometry estimators (see Table A1). C: Construct a dissimilarity-weighted network based on these weights.
D: Compute node strength as the sum of geometric weights to all neighbors in N (i):si = ∑j∈N (i) νij E–F: Perform
dynamic dismantling by iteratively computing node strengths, removing the node with the highest si and its
edges, and checking whether the normalized size of the largest connected component (LCC) has dropped below a
threshold. G–H (optional): Reinsert dismantled nodes using a selected reinsertion method (see Table A4).

3.1. Latent Geometry-Driven dismantling

Our first contribution is Latent Geometry-Driven (LGD) dismantling, where any function can
be used to estimate edge weights that represent effective distances between nodes, capturing the
network’s underlying latent geometry. These inferred weights are used to construct a dissimilarity-
weighted network, encoding a hidden geometric structure beneath the observable topology and
allowing the dismantling process to prioritize the more important nodes according to their geometric
centrality in the latent manifold.

Latent geometric structures have been shown not only to explain key properties of complex
networks [19], but also to support the understanding of dynamical processes such as navigation,
routing [20,29–31], and epidemic spreading [22]. They have also been successfully applied to network
embedding and community detection [1]. Building on the idea that network geometry captures
essential structural and dynamical properties of complex systems, LGD dismantling is guided by a
geometric intuition about how nodes connect distant regions in the latent space. If two nodes are
connected to many different nodes but have little overlap in their neighborhoods, they are likely to be
far apart in the network’s latent space. An edge between them therefore, connects distant regions of
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the network. A node that has many such edges plays a central role in holding the network together, as
it links otherwise separate areas. We propose that removing those geometrically central nodes is an
effective way to fragment the network.

Muscoloni et al. (2017) [1] also offered evidence that betweenness centrality can be used as a
latent geometry estimator, hence, NBC is a global topology centrality measure which can be used for
latent geometry-driven dismantling.

3.2. LGD Network Automata

Our second contribution is the introduction of a network automaton framework for LGD disman-
tling. In this framework, node importance is estimated by aggregating edge geometric weights into
node strengths, and the network is dismantled iteratively by removing the nodes with the highest
strength and all their edges. The underlying intuition is that nodes that connect to many external,
non-overlapping regions are geometrically central and thus more structurally important, leading to
higher strength values.

Formally, we begin with an undirected, unweighted network without isolated components. A
network automaton rule, such as RA2, that is able to adopt local topology to estimate latent geometry,
is applied to assign a weight νij to the edge between node i and node j, representing the estimated
geometric distance between the two nodes. We get a dissimilarity-weighted network from these edge
weights. The strength si of node i is then calculated by summing the geometric weights of all its edges,
that is, the weights to all its neighbors in the set N (i):

si = ∑
j∈N (i)

νij.

In this paper, we adopt three types of LGD network automata rules. The first rule is RA2, which
was proposed by Muscoloni et al. (2017) [1] for hyperbolic network embedding purposes. The second
rule is proposed in this study as an ablation test of the RA2 rule. It is the denominator of the RA2, and
we call it common neighbors dissimilarity (CND), and is defined as:

νij → CND(i, j) =
1

1 + CNij
.

where CNij is the number of common neighbors between nodes i and j. Here, the lower the
number of common neighbors two interacting nodes have, the more geometrically distant they are,
and thus a higher edge weight is assigned between these two nodes.

The rationale for proposing a network automaton rule based only on the common neighbors
denominator term of RA2 is to account for the mere attraction between a node and its neighbors.
Neglecting the repulsion part associated with the external links (the numerator of RA2) makes sense in
a dismantling task because any time we compute the common neighbors of a seed node with one of its
neighbors, we indirectly account for the exclusion of nodes that are not in the topological neighborhood
of the seed node. For completeness, we also investigate a third rule as an ablation test of RA2 in which
we consider only the external links term in the RA2 numerator, expecting that the mere RA2 numerator
should also work, but not as well as the common neighbor-based denominator. Indeed, a previous
study offers evidence that common neighbors are among the topological features most associated with
community organization and mesoscale network geometry [44].

4. Experiments
4.1. Evaluation Procedure

We evaluate all dismantling methods using a widely accepted procedure in the field of network
dismantling [6]. For each method, nodes are removed sequentially according to the order it defines.
After each removal, we track the normalized size of the Largest Connected Component (LCC), defined
as the ratio LCC(x)/|N|, where |N| is the total number of nodes in the original network and LCC(x)
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is the number of nodes in the largest component after x removals. This process continues until the
LCC falls below a predefined threshold. A commonly accepted threshold in dismantling studies is 10%
of the original network size [6]. To quantify dismantling effectiveness, we compute the Area Under the
Curve (AUC) of the LCC trajectory throughout the removal process, which records the normalized
LCC size at each step. A lower AUC indicates a more efficient dismantling, as it reflects an earlier
and sharper disruption of network connectivity. The AUC is computed using Simpson’s rule. See
Figures A2, A4, A7, and A8 for visual illustrations of the LCC curve.

4.2. Optional Reinsertion Step

After reaching the dismantling threshold, we optionally perform a reinsertion step to lower
the dismantling cost by reintroducing nodes removed but were ultimately unnecessary. We test
three reinsertion techniques introduced by previous dismantling studies: Braunstein et al. (2016) [2]
chooses the node ending up in the smallest component; Morone et al. (2016) [3] selects the node
connecting the fewest components; Mugisha and Zhou (2016) [4] prioritizes nodes causing the smallest
LCC increase. Reinsertion can significantly improve dismantling performance; recent work shows
that simple heuristics with reinsertion can match or outperform complex algorithms that include
reinsertion by default [45]. As a result, we enforce two constraints to ensure the reinsertion step does
not override the original dismantling method: (1) reinsertion cannot reinsert all nodes to recompute a
new dismantling order, and (2) reinsertion must use the reverse dismantling order as a tiebreak. If a
method includes reinsertion by default, we also evaluate its performance without reinsertion for a fair
comparison. See Table A4 for a full comparison of reinsertion methods.

4.3. ATLAS Dataset

Our fourth contribution is the breadth and diversity of real-world networks tested in our experi-
ments, demonstrating the generality and robustness of LGD-NA across domains and scales.

We build an ATLAS of 1,475 real-world networks across 32 complex systems domains, which
is the largest and most diverse collection of real-world networks to date used for testing in network
dismantling studies. We first test all methods across networks of up to 5,000 nodes and 205,000 edges
without reinsertion (n = 1,296), and 38,000 edges with reinsertion (n = 1,237). To assess the practical
running time of the best performing methods, we evaluate NBC and RA2 on even larger networks of
up to 23,000 nodes and 507,000 edges (n = 1,475).

Current state-of-the-art dismantling algorithms have been evaluated on no more than 57 real-
world networks (see Table 1), with most algorithms tested on fewer than a dozen. Our experiments
cover 1,475 networks, representing a substantial expansion.

A key aspect of our ATLAS dataset is the diversity of network types (see Table 2). We test across
32 different complex systems domains, ranging from protein-protein interaction (PPI) to power grids,
international trade, terrorist activity, ecological food webs, internet systems, brain connectomes, and
road maps. Since fields vary in both the number of networks and their characteristics, we evaluate
dismantling methods using a mean field approach, ensuring that fields with more networks do not
dominate the overall evaluation. Also, because dismantling performance varies in scale across fields,
we compute a mean field ranking to make results comparable across domains. Specifically, we rank
all methods within each field based on their average AUC, then compute the mean of these rankings
across all fields.
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Table 2. Summary of real-world networks tested in this paper, see Table A5 for more information.

Field Subfields Types Networks

Biomolecular 5 PPI, Genetic, Metabolic,
Molecular, Transcrip-
tion

27

Brain 1 Connectome 529

Covert 2 Covert, Terrorist 89

Foodweb 1 Foodweb 71

Infrastructure 7 Flight, Nautical, Power
grid, Rail, Road, Sub-
way, Trade

314

Internet 1 Internet 206

Misc 8 Citation, Copurchasing,
Game, Hiring, Lexical,
Phone call, Software,
Vote

38

Social 7 Coauthorship, Collabo-
ration, Contact, Email,
Friendship, Social net-
work, Trust

201

Total 32 1,475

4.4. LGD-NA Performance and Comparison to Other Methods

We compare our Latent Geometry-Driven Network Automata (LGD-NA) framework against the
best-performing dismantling algorithms in the literature. Main results are shown in Figure 2.

Figure 2. Mean field ranking for each dismantling method without reinsertion (n = 1,296; upper panel) and
with reinsertion (n = 1,237; lower panel). NBC is a global topology LGD estimator. CND, RA2, and RA2num are
local topology LGD estimators based on network automata rules. All other methods are described in Section 2
and Appendix ??. In the lower panel, a subset of the best-performing methods from each category is paired
with their respective best-performing reinsertion strategy (R1, R2, or R3), see Table A4. Methods based on latent
geometry are shown in red. All LGD and topological centrality measures use dynamic dismantling. For EI, CI,
and Domirank, we report results with their optimal parameter configurations. NR denotes variants where the
original reinsertion step was disabled. Error bars indicate the standard error of the mean (SEM). Method acronyms
are defined in Tables A1, A2, and A3.

First, we find that all latent geometry network automata—NBC, RA2, and its variants—achieve
top dismantling performance, both with and without reinsertion. These findings show that estimating
the latent geometry of a network effectively reveals critical nodes for dismantling, confirming our first
contribution.

For each method, we evaluate three reinsertion strategies and report the best result. We show
in Figure A3 that using different reinsertion methods does not change the mean field ranking of the
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dismantling methods, and in Figure A5 that the improvement in performance varies across fields and
reinsertion methods (see Figure A4 for an illustrative example). We also adopt a dynamic dismantling
process for the network automata rules and all centrality measures, where we recompute the scores
after each dismantling step, as it consistently outperforms the static variant (see Figure A6 for an
example of the improvements for CND and Figure A7 for an illustrative example).

Second, we find that local network automata rules RA2, CND, and RA2num—which adopt only
the local network topology around a node—are highly effective. In particular, RA2 and its variants
consistently outperform all other non-latent geometry-driven dismantling algorithms, including those
relying on global topological measures or machine learning. This confirms our second contribution.
See Figure A2 for illustrative examples where the local network automata rules outperform NBC.

Third, we find that the simplest RA2 variant—based solely on inverse common neighbors, which
we refer to as common neighbor dissimilarity (CND)—achieves the best performance among all
local network automata rules. This is our third contribution and demonstrates that even minimal
local topology-based information can effectively approximate latent geometry useful for effective
dismantling.

LGD-NA outperforms all other methods, is robust to the inclusion or omission of reinsertion, and
is validated across a large and diverse set of networks. These results strongly demonstrate the practical
reliability of our latent geometry-driven dismantling framework, LGD-NA.

4.5. GPU Acceleration of LGD-NA for Large-Scale Dismantling

We implement GPU acceleration for all three LGD-NA variants by reformulating the required
computations as matrix operations. On large networks, this enables a significant speedup in running
time. Since the difference in running time between the three LGD-NA methods is not relevant, neither
for CPU nor GPU, we report only the running time of RA2 in Figure 3. For NBC, we report only
CPU running time, as its GPU implementation did not yield any speedup. On the largest network,
GPU-accelerated RA2 is 130 times faster than its CPU counterpart, highlighting the inefficiency of
matrix multiplication on CPU. It is also over 63 times faster than NBC running on CPU, thanks to our
GPU-optimized implementation. However, as noted earlier, NBC on CPU remains faster than RA2 on
CPU, again due to the limitations of CPU-based matrix operations.

Figure 3. Runtime (in hours) is plotted against network size, measured by the number of edges, E, for dynamic
dismantling. The annotated time indicates the runtime for the largest network. The GPU implementation of NBC
did not yield speedup, as discussed in Section 4.5. Evaluated on networks of up to 23,000 nodes and 507,000 edges
(n = 1,475).

Overall, while NBC achieves better dismantling performance, its high computational cost makes
it impractical for large-scale use. In contrast, thanks to our GPU-optimised implementation, our local
latent geometry estimators based on network automata rules are the only viable option for efficient
dismantling at scale.
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Here, we look at the details of our matrix operations for the LGD-NA measures. First, the common
neighbors matrix is computed as

CNL2 = A ◦ (A2)

where A is the adjacency matrix and ◦ denotes element-wise multiplication. Here, A2 counts the
number of paths of length two—i.e., common neighbors—between all node pairs. The Hadamard
product with A ensures that values are only retained for existing edges.

Next, we compute the number of external links a node has relative to each of its neighbors. Given
the degree matrix D, the external degree matrix is:

EL2 = A ◦ (D − CNL2 − A)

Each entry (i, j) of EL2 represents the external degree of node i with respect to node j: the number of
neighbors of i that are neither connected to j nor directly connected to j itself. Non-edges are zeroed
out.

These matrices allow efficient construction of RA2 and its variants using only matrix operations:

RA2 =
1 + EL2 + E⊤

L2 + EL2 ◦ E⊤
L2

1 + CNL2

The time complexity is O(N3), with the common neighbor matrix being the dominant oper-
ation, for dense graphs, and O(Nm) for sparse graphs, N being the number of nodes and m the
number of links. On CPU, matrix multiplication is typically memory-bound and limited by sequential
operations. GPUs, however, are optimized for matrix operations, leveraging thousands of parallel
threads. This results in a substantial speedup when implementing the GPU version. Note that in our
experiments, the CPU-based RA2 implementation uses Python’s NumPy (implemented in C) while the
GPU implementation uses Python’s CuPy (implemented in C++/CUDA).

We compare the GPU-accelerated local latent geometry estimator, RA2, with the global state-of-
the-art method, Node Betweenness Centrality (NBC), which is also latent geometry-driven. While
some studies report GPU implementations of NBC with improved performance [46–51], these are
often limited by hardware-specific optimizations, data-specific assumptions (e.g., small-world, social,
or biological networks), and using heuristics that are tailored to specific settings rather than offering
general solutions. Moreover, publicly available code is rare, making these approaches difficult to
reproduce or integrate. Overall, NBC is not naturally suited for GPU implementation, as it does not
rely on matrix multiplication, but is based on computing shortest path counts between all node pairs.
In our experiments, the CPU-based NBC implementation from python’s graph_tool (implemented
in C++), based on Brandes’ algorithm [52] with time complexity O(Nm) for unweighted graphs,
outperformed the GPU version from python’s cuGraph (implemented for C++/CUDA). The former is
therefore used as the baseline for NBC.

5. Conclusion
We introduced Latent Geometry-Driven Network Automata (LGD-NA), a framework that dis-

mantles networks by estimating latent geometry through network automata rules that adopt only
local topology network information. These estimators approximate effective node distances on the
network’s latent manifold, revealing nodes critical for dismantling. LGD-NA achieves state-of-the-art
dismantling performance while relying solely on local topological information, offering substantial
running time advantages over global LGD methods such as Node Betweenness Centrality (NBC).

Our experiments on 1,475 real-world networks across 32 complex systems domains demonstrate
that LGD-NA consistently outperforms existing methods, including those based on machine learning
based ones (e.g., leveraging Graph Neural Networks). Notably, a minimalistic variant of the RA2
automaton—common neighbor dissimilarity (CND)—matches the dismantling efficacy of NBC while
being orders of magnitude faster.
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While prior work [1] established RA2 as a strong local estimator for tasks like embedding and
community detection, we show that for dismantling, even simpler network automata rules like
CND are applicable and effective. This work establishes latent geometry as a powerful principle for
explaining and engineering network robustness.

Acknowledgments: This work was supported by the Zhou Yahui Chair Professorship award of Tsinghua
University (to CVC), the National High- Level Talent Program of the Ministry of Science and Technology of China
(grant number 20241710001, to CVC).

Appendix A. Latent Geometry Estimators

Table A1. Comparison of latent geometry estimators and their variants. νij is the weight of the link between nodes
i and j; ei and ej denote the number of external links of nodes i and j, respectively; CNij is the number of common
neighbors shared by i and j. Information Locality denotes the type of structural information required to assign a
score to each node for dismantling. Time Complexity denotes the time complexity for dynamic dismantling using
each estimator on sparse graphs, without reinsertion. N: number of nodes. m: number of links.

Estimator Author Year Formula Information
Locality

Time Complexity

Repulsion Attraction 2 Muscoloni et
al. [1]

2017 νRA2
ij =

1+ei+ej+ei· ej
1+CNij

Local O(N(Nm))

RA2 denominator-
ablation (CND)

Ours 2025 ν
RA2den
ij = 1

1+CNij
= CND Local O(N(Nm))

RA2 numerator-ablation Ours 2025 νRA2num
ij = 1 + ei + ej + ei· ej Local O(N(Nm))

Figure A1. Illustration of how RA measures are computed on two toy networks. Seed nodes are shown in black;
common neighbors (CN) are shown in white with a black border, and external nodes are white with a grey border.
The dashed line is the edge that is being assigned a weight. External links e denote the number of edges connecting
a node to nodes outside its CN set, here in red. In black, the links to common neighbors. For the link νij in the top
network, ei = 5, ej = 2, and CNij = 1. For the link νmn in the bottom network, em = 1, en = 1, and CNmn = 4.
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Appendix A.1. Latent Geometry-Driven Network Automata rule

Figure A1 illustrates how RA2-based network automata rules assign edge weights by estimating
geometric distances using only local topological features. The two toy subnetworks demonstrate how
the RA2 rule and its variants distinguish between geometrically distant and close node pairs. In the top
subnetwork, nodes i and j have only one common neighbor and are each connected to many external
nodes (ei = 5, ej = 3), indicating a weak integration in a local community and stronger connectivity to
distinct parts of the network. According to the Repulsion-Attraction rule, this suggests a larger latent
distance due to high repulsion and low attraction. In contrast, in the bottom subnetwork, nodes m and
n share four common neighbors and have only one external link each (em = 1, en = 1). This pattern
indicates a stronger local community and a higher likelihood that the nodes are geometrically close
in the latent space, with a lower dissimilarity score. These examples highlight how latent geometry-
driven RA2-based network automata rules estimate hidden distances: fewer common neighbors and
more external links suggest geometrical separation, while many common neighbors and few external
links imply proximity in the latent manifold.

Appendix A.2. Time Complexity

We analyze the time complexity for the full dynamic dismantling process (excluding reinsertion)
for the latent geometry-driven network automata rules in Table A1, where dynamic means recomputing
the dismantling measure after each node removal. For RA2 and its variants, the dominant operation
is the computation of the common neighbor (CN) matrix. This operation has a time complexity of
O(N3) for dense graphs and O(Nm) for sparse graphs, where N is the number of nodes and m is the
number of links. Assuming N dismantling steps in the worst-case scenario, the overall time complexity
becomes O(N(Nm)) for sparse graphs. The assumption of N dismantling steps applies to all the time
complexity analyses of dynamic dismantling methods.

Figure A2. Dynamic dismantling process on example networks comparing local network automata rule RA2 and
its variants versus NBC, when the former outperforms NBC in terms of AUC. The plots show the normalized
largest connected component (LCC) versus the number of node removals, with a target LCC threshold of 10%.
The final evaluation metric is the Area Under the Curve (AUC) of the LCC trajectory.

Appendix B. Topological Centrality Measures

Table A2. Comparison of topological centrality measures and the associated time complexity for dynamic
dismantling using each centrality measure. Information Locality denotes the type of structural information required
to assign a score to each node. Time Complexity denotes the time complexity for dynamic dismantling using each
centrality measure on sparse graphs, without reinsertion. N: number of nodes. m: number of links.

Measure Author Year Type Information
Locality

Time Complexity

Degree Degree-based Local O(N log N)
Eigenvector Bonacich [41] 1972 Walks-based Global O(N(N + m))
Node Betweenness (NBC) Freeman [24] 1977 Shortest path-based Global O(N(Nm))
PageRank (PR) Page et al. [42] 1999 Random walk-based Global O(N(N + m))
Resilience Zhang et al. [35] 2020 Resilience-based Global O(N(N + m)
Domirank Engsig et al. [25] 2024 Fitness-based Global O(N(N + m)
Fitness Servedio et al. [26] 2025 Fitness-based Global O(N(N + m)
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Appendix B.1. Time Complexity

We analyze the time complexity of dynamic dismantling (excluding reinsertion) for the topological
centrality measures used in our experiments, summarized in Table A2. As before, the analysis assumes
N dismantling steps in the worst-case scenario. For degree, the score update after each removal is local
and can be done in O(log N) time using a binary heap. For NBC, we use Brandes’ algorithm [52], which
computes betweenness centrality in O(Nm) time per step for unweighted networks. Eigenvector,
PageRank, Resilience, Domirank, and Fitness all rely on matrix-vector multiplications, which has a
time complexity of O(m). We also add the term N, which represents the overhead of looping over
nodes to update or normalize the resulting vector at each iteration. This leads to a total per-step cost
of O(N + m). We also omit the constant k for Eigenvector, PageRank, and Fitness centrality, which
represents the number of iterations these methods perform. In practice, reaching full convergence to a
single optimal solution is often computationally infeasible; this is why a fixed number of k iterations is
typically defined.

Appendix C. Statistical and Machine Learning Network Dismantling

Table A3. Comparison of dismantling algorithms [6]. Information Locality denotes the type of structural information
required to assign a score to each node. Dynamicity indicates whether scores are recomputed after each removal.
Reinsertion specifies whether the algorithm includes a reinsertion step after dismantling. Time Complexity denotes
the time complexity of the method on sparse graphs, without reinsertion. N: number of nodes. m: number of
links. h: number of attention heads. T: maximal diameter of the trees in the forest for BPD and MS. ϵ is a small
constant used in spectral partitioning operations. Included states whether the method was run in our experiments;
if not, a brief reason is provided.

Algorithm Type Author Year Information
Locality

Dynamicity Reinsertion Time Complexity Included

Collective Influ-
ence (CI)

Influence maxi-
mization

Morone et
al. [3]

2016 Local Dynamic Yes O(N log N) Yes

Belief propagation-
guided decimation
(BPD)

Message passing-
based decycling

Mugisha &
Zhou [4]

2016 Global Dynamic Optional O(mT) No -
Code
miss-
ing

Min-Sum (MS) Message passing-
based decycling

Braunstein et
al. [2]

2016 Global Dynamic Yes O(mT) +
O(N(log N + T))

Yes

Generalized Net-
work Dismantling
(GND)

Spectral parti-
tioning

Ren et
al. [34]

2019 Global Dynamic Optional O(N log2+ε N) Yes

CoreHD Degree-based de-
cycling

Zdeborová
et al. [32]

2016 Global Dynamic Yes O(N) Yes

Explosive Immu-
nization (EI)

Explosive perco-
lation

Clusella et
al. [33]

2016 Global Dynamic No O(N log N) Yes

FINDER Machine learn-
ing

Fan et al. [43] 2020 Global Dynamic Optional O(N(1 + log N) +
m)

No -
Code
out-
dated

Graph Dismantling
Machine (GDM)

Machine learn-
ing

Grassia et
al. [36]

2021 Global Static Optional O(h(N + m)) Yes

CoreGDM Machine learn-
ing

Grassia
& Man-
gioni [37]

2023 Global Static Yes O(h(N + m)) Yes

Table A3 is adapted and extended from Table 1 of Artime et al. [6], a recent and comprehensive
review which has become a key reference in the field of network dismantling. The majority of
these algorithms were included in our experiments, with the exception of BPD and FINDER due to
unavailable or outdated code, respectively.
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Figure A3. Mean field ranking for a subset of the best-performing methods from each category with each
reinsertion method (R1, R2, R3) (n = 1,237). Methods based on latent geometry are shown in red. All LGD and
topological centrality measures use dynamic dismantling. Error bars indicate the standard error of the mean
(SEM). Method acronyms are defined in Tables A1, A2, and A3.

Figure A4. Dynamic dismantling process on example networks comparing CND with and without reinsertion.
The plots show the normalized size of the largest connected component (LCC) as a function of the number of node
removals, with a target LCC threshold of 10%. The final evaluation metric is the Area Under the Curve (AUC) of
the LCC trajectory.

Appendix D. Reinsertion Methods
Reinsertion was originally introduced in the context of immunization as a reverse process: starting

from a fully dismantled network, nodes are reinserted one by one, each time selecting the node whose
addition causes the smallest increase in the largest connected component (LCC) [53]. This reversed
sequence then defines an effective dismantling order. In subsequent studies, reinsertion has been used
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as a post-processing step to improve dismantling outcomes [6]: the network is first dismantled by a
given method, and nodes are reinserted until the LCC reaches the dismantling threshold. This reduces
the number of removed nodes while preserving the original attack target.

Several reinsertion criteria have been proposed: Braunstein et al. [2] select the node that ends up
in the smallest resulting component after reinsertion; Morone et al. [3] choose the node that reconnects
the fewest components; Mugisha and Zhou [4] select the node that causes the smallest LCC increase.
See Table A4 for a full comparison.

Reinsertion can greatly enhance dismantling performance. However, recent work shows that this
step can overpower the dismantling algorithm itself, allowing weak methods to appear effective when
paired with reinsertion [45]. To address this, we enforce two constraints to ensure fair comparisons
and prevent reinsertion from dominating the dismantling process:

1. Reinsertion must stop once the LCC exceeds the dismantling threshold. Recomputing a new
dismantling order by reinserting all nodes is not allowed.

2. Ties in the reinsertion criterion must be broken by reversing the dismantling order: nodes
removed later are prioritized.

These rules ensure that reinsertion complements rather than overrides the dismantling process,
preserving the integrity of the original method.

In our experiments, we implement three reinsertion methods, adapted from prior work, here we
explain which part of their method we change for our experiments. Those changes are marked with an
asterisk (*) in Table A4.:

• R1 (Braunstein et al.) [2]: We replace their original tiebreak (smallest node index) with reverse
dismantling order.

• R2 (Morone et al.) [3]: We apply the LCC stopping condition. Originally, all nodes are reinserted
to compute a new dismantling sequence.

• R3 (Mugisha & Zhou) [4]: We apply reverse dismantling order as the tiebreak, as no rule is
defined in their paper, and their code is unavailable.

R3 is the most similar to the reverse immunization method proposed by Schneider et al. (2012) [53],
where nodes are added back one by one based on minimal LCC growth. In their original method, ties
are broken by selecting the node with the fewest connections to already reinserted nodes; if multiple
candidates remain, one is chosen at random.

We note that reinsertion typically reduces the number of removals but does not always lead to a
lower AUC. Since the trajectory of the LCC changes with reinsertion, the dismantling process may
reach the threshold faster, improving AUC. However, this is not guaranteed, as we see in the first
two subplots of Figure A4 for the Foodweb and Fruit Fly Connectome networks. The methods with
reinsertion arrive at the dismantling threshold in fewer number of removals, but the change in the
LCC curve results in a worse final AUC.

We also see that the reduction in AUC is not proportional to the reduction in the number of
removals, as seen in Figure A5 for CND. Indeed, reinsertion, by definition, reinserts nodes that were
ultimately unnecessary for the dismantling process to reach its target.

Appendix D.1. Time Complexity

We report the total time complexity of each reinsertion method over the full reinsertion process
in Table A4, assuming all dismantled nodes are considered for reinsertion for every step and that
all nodes are reinserted. Candidates for reinsertion are denoted as r. A a result, we multiply the
per-step cost of updating for each method by the total number of reinsertion candidates. kmax is the
maximum number of components a node can connect to, equal to the maximum degree in the original
graph, and C′ is the maximum size of any connected component during the reinsertion phase. For
R1, the candidate node that ends up in the smallest resulting component is selected. Reinserting
a node may merge up to kmax components, each of size at most C′, requiring an update of at most
kmax · C′ nodes. These updates are tracked in a binary heap of size r, where at maximum kmax · C′
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nodes have to be updated, giving a cost of log(kmax · C′) per update. The per-step cost is therefore
O(kmax · C′ log(kmax · C′). R2 selects the node that connects the fewest existing components. Unlike R1,
it requires inspecting not only the components merged by the candidate node, but also the neighbors
of the affected neighbors. This increases the complexity by a factor of kmax, resulting in a per-step
time complexity of O(k2

max · C′ log(k2
max · C′). R3 evaluates each candidate by explicitly computing the

resulting LCC size after reinsertion. Each evaluation requires a graph traversal to recompute connected
components, which takes O(N + m) time on sparse graphs. This has to be done for each reinsertion
candidate, at every step, so O(r2(N + m),

Table A4. Comparison of reinsertion methods. Criteria defines the criterion for selecting which node to reinsert.
Tiebreak specifies how ties are resolved. LCC Condition indicates whether all dismantled nodes are reinserted or if
reinsertion stops once the predefined LCC threshold is reached. Time Complexity denotes the time complexity of
each reinsertion method on sparse graphs, for the whole reinsertion process. N: number of nodes. m: number of
links. r: set of reinsertion candidates. kmax: maximum degree in the original graph G. C′: maximum size of any
connected component during the reinsertion phase. Used In lists the methods that use each method, in bold, the
dismantling method that originally proposed that reinsertion method. An asterisk (*) marks components of the
reinsertion method that were modified in our study, as detailed in Appendix D.

Name Author Year Criteria Tiebreak LCC Condi-
tion

Time Complexity Used In

R1 Braunstein et
al. [2]

2016 Node that ends up
in the smallest com-
ponent

Reverse disman-
tling order*

Yes O(r(kmax · C′ ·
log(kmax · C′ )))

MS,
CoreGDM,
CoreHD,
GDM, GND

R2 Morone et
al. [3]

2016 Node that connects
to the fewest clus-
ters

Reverse disman-
tling order

Yes* O(k2
max · C′ ·

log(k2
max · C′ ))

CI

R3 Mugisha &
Zhou [4]

2016 Node that causes
the smallest in-
crease in LCC size

Reverse disman-
tling order*

Yes O(r2(N + m)) BPD
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Figure A5. Mean AUC and number of removals by field for CND without reinsertion and with each reinsertion
method (R1, R2, R3) (n = 1,237 for all methods). Error bars represent the standard error of the mean (SEM). Red
text indicates the percentage improvement achieved by using the best-performing reinsertion method for each
field.

Table A5. Full summary statistics of the ATLAS networks used in this study, averaged by field: number of
subfields and networks, average number of nodes ⟨N⟩, number of edges ⟨E⟩, density ⟨ρ⟩, mean degree ⟨⟨d⟩⟩,
characteristic path length ⟨ℓ⟩, assortativity ⟨r⟩ [54], transitivity ⟨T⟩, mean local clustering coefficient ⟨⟨Loc. CC⟩⟩,
maximum k-core ⟨kmax⟩, average k-core ⟨⟨k⟩⟩, LCP-corr ⟨LCPcorr⟩ [55], and modularity ⟨Q⟩ [56]

Field Biomolecular Brain Covert Foodweb Infrastructure Internet Misc Social Total

Subfields 5 1 2 1 7 1 8 7 32

Networks 27 529 89 71 314 206 38 201 1,475

⟨N⟩ 2,997 97 107 117 664 5,708 2,880 3,267
⟨E⟩ 11,855 1,535 266 1,087 1,332 19,601 19,921 53,977
⟨ρ⟩ 0.01 0.34 0.17 0.16 0.07 0.01 0.07 0.11
⟨⟨d⟩⟩ 6.7 28.3 5.7 15.2 4.9 7.5 14.1 26.9
⟨ℓ⟩ 4.4 1.7 3 2.2 9.9 3.4 3.5 3.5
⟨r⟩ -0.21 -0.03 -0.15 -0.28 -0.52 -0.22 -0.07 -0.05
⟨T⟩ 0.06 0.55 0.39 0.19 0.06 0.11 0.22 0.29
⟨⟨Loc.CC⟩⟩ 0.13 0.63 0.46 0.22 0.11 0.31 0.34 0.36
⟨kmax⟩ 10.6 20.1 5.9 12.8 4.9 25 21.6 25.7
⟨⟨k⟩⟩ 3.6 17.5 4.2 9.2 3 4 8.3 15.4
⟨LCPcorr ⟩ 0.66 0.97 0.76 0.67 0.15 0.94 0.85 0.77
⟨Q⟩ 0.59 0.25 0.48 0.26 0.46 0.5 0.49 0.5
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Table A6. Number and size of real-world networks tested by dismantling algorithms. N denotes the number of
nodes, E the number of edges.

Algorithm Year Networks Nmax Emax

Collective Influence (CI) [3] 2016 0

CoreHD [32] 2016 12 1.7M 11M

Explosive Immunization (EI) [33] 2016 5 50K 344K

Min-Sum (MS) [2] 2016 2 1.1M 2.9M

Generalized Network Dismantling (GND) [34] 2019 10 5K 17K

Resilience Centrality [35] 2020 4 1K 14K

Graph Dismantling Machine (GDM) [36] 2021 57 1.4M 2.8M

CoreGDM [37] 2023 15 79K 468K

Domirank Centrality [25] 2024 6 24M 58M

Fitness Centrality [26] 2025 5 297 4K

LGD-NA 2025 1,475 23K 507K

Appendix E. Dynamic & Static Dismantling
In static dismantling, node scores are computed once at the beginning and are then removed

in descending order of importance until the dismantling threshold is reached. In contrast, dynamic
dismantling recomputes the scores after each removal. As shown in Figure A6, with CND given as an
example, dynamic dismantling consistently outperforms static dismantling across all fields. Dynamic
variants achieve lower AUC and fewer removals in every case, confirming the advantage of score
recomputation.
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Figure A6. Mean AUC and number of removals for dynamic and static CND (n = 1,296. Error bars represent the
standard error of the mean (SEM). Red text indicates the percentage improvement achieved by using dynamic
over static variants.

Figure A7. Dismantling process on example networks comparing dynamic and static CND. The plots show the
normalized size of the largest connected component (LCC) as a function of the number of node removals, with
a target LCC threshold of 10%. Performance is evaluated using the Area Under the Curve (AUC) of the LCC
trajectory.
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Appendix F. Experimental Setup
Appendix F.1. Baseline Topological Centrality Measures

We selected centrality measures to cover diverse categories: shortest path-based (NBC), degree-
based (degree), walk-based (eigenvector), random walk-based (PageRank), resilience-based (Re-
silience), and fitness-based (Domirank and Fitness centrality). We also tested closeness and load
centrality, but both performed worse than NBC and rely on the same shortest-path principle; thus, we
retained NBC. Similarly, Katz centrality underperformed compared to eigenvector centrality and is
also based on spectral properties of the adjacency matrix. For DomiRank, we tested three values for the
numerator in the σ parameter formula: 0.1, 0.5, and 0.9. While the original study sometimes performs a
grid search to find the optimal σ per network, this is not feasible for our large-scale evaluation. Instead,
we selected a representative range and found that σnum = 0.5 yielded the best performance, and we
report that value. The parameter σ controls the balance between local degree-based dominance and
global network-structure-based competition. As σ → 0, the scores approximate degree centrality. As σ

increases, nodes are evaluated in increasingly competitive environments, where centrality depends
more on non-local structural dominance than individual connectivity. For Fitness centrality, we capped
the number of iterations at k = 100. Without this cap, the method took a prohibitively long time to
converge, especially on large networks.

Appendix F.2. Baseline Dismantling Methods

We selected the best-performing and most widely adopted dismantling algorithms from the
literature [6]. As mentioned earlier, we did not include BPD and FINDER in our experiments due to
unavailable and outdated code, respectively. For Collective Influence (CI), we tested values ℓ = 1, 2, 3,
where ℓ defines the radius of a ball centered at node i, and ∂B(i, ℓ) is the frontier at distance ℓ (i.e.,
nodes exactly ℓ hops away). We found that ℓ = 1 performed best across our benchmarks and report this
setting, while ℓ = 3 performed the worst. For Explosive Immunization (EI), we evaluated both scores
σ(1) and σ(2). The σ(1) score targets high-connectivity nodes to rapidly fragment the network early
on. The σ(2) score aims to prevent large cluster merges near the percolation threshold by avoiding the
connection of separate components. We found that σ(1) consistently outperformed σ(2), and thus we
use it in our final experiments. For eigenvector centrality, we capped the number of power iterations at
k = 100 to avoid long or unbounded runtimes, since convergence can be very slow in large networks.
For PageRank, we used a convergence tolerance of ϵ = 10−6, as the algorithm runs until the change in
scores falls below this threshold.

Appendix F.3. Note on Reinsertion

We did not apply reinsertion techniques on all networks included in the initial dismantling
experiments. In some cases, certain methods performed so poorly that applying reinsertion became
prohibitively slow. To ensure consistency, we excluded these networks from the reinsertion analysis
for all methods. Specifically, we imposed a cutoff: networks were excluded if any method required
more than 800 node removals to reach the dismantling threshold. Based on this criterion, 59 networks
were excluded.

Appendix F.4. Note on Evaluation

A lower number of removals does not always imply a lower AUC. Our AUC metric rewards
methods that fragment the network early, even if they require more steps to reach the dismantling
threshold. As shown in Figure A8, we show cases where the method reaching the threshold with more
removals achieves a lower AUC, due to earlier damage to the network structure.
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Figure A8. Dynamic dismantling process on example networks comparing CND, RA2 and RA2num, showing a
lower removal number does not necessarily mean a lower Area Under the Curve (AUC) of the LCC trajectory.
The plots show the normalized size of the largest connected component (LCC) as a function of the number of
node removals, with a target LCC threshold of 10%.

Appendix F.5. Code

All our methods are implemented in our codebase, available in the supplementary material. We
implement RA2, RA2num, CND, NBC, as well as degree and eigenvector centrality. We also adapt and
integrate the original implementations of Domirank centrality and Fitness centrality. Since no code
was available for Resilience centrality, we implemented it ourselves based on the original description
in the paper. Instructions for running these methods and reproducing the experiments are included in
the supplementary material. We also provide a representative network from the ATLAS dataset for
testing purposes. For GDM, CoreGDM, GND, CI, EI, MS, and CoreHD, we use the publicly available
code from Artime et al. (2024)’s review.

Appendix F.6. Computational Resources

All experiments were conducted on a machine equipped with an AMD Ryzen Threadripper
PRO 3995WX CPU (64 cores), 251 GiB of RAM, and a single NVIDIA RTX A4000 GPU with 16 GiB of
memory. All code was implemented in Python, with dependencies and library versions specified in
the supplementary material to ensure full reproducibility.

Appendix G. Limitations, Future Work, and Broader Impact
Appendix G.1. Limitations

A limitation of this study is the mismatch between theoretical and observed runtimes, which can
vary across methods. These differences stem from factors such as the programming language used,
hardware acceleration, and implementation-level optimizations. However, all experiments were run
on the same CPU and GPU to ensure a fair comparison, and we made a strong effort to optimize all
methods both in terms of runtime and dismantling performance. For example, we tested different
parameters for Domirank, CI, and EI, and evaluated multiple variants of shortest path-based and
spectral partitioning-based centrality measures. Furthermore, we were unable to test on extremely
large networks due to hardware constraints and the high computational cost of running a broad
set of dismantling methods. However, we are confident that our results would generalize to larger
networks, given the diversity of the 1,475 networks tested, spanning a wide range of domains and
sizes from very small to large. Another limitation relates to the parameter tuning required by some
baseline methods, especially machine learning-based approaches and Domirank. Due to the scale
of our experimental setup—both in the number and size of networks—we were unable to perform
extensive tuning. Although targeted tuning could enhance performance for specific methods on
individual networks, it would compromise consistency across the wide range of complex systems
domains considered. In contrast, LGD-NA requires no parameter tuning and consistently achieves
strong, generalizable performance across all tested networks.
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Appendix G.2. Future Work

Future research could further explore latent geometry, particularly how to effectively combine
local and global information in dismantling strategies. Improving the scalability of matrix-based
computations, especially for very large and sparse networks, is another important direction. There
is also a need for more cost-efficient dynamic dismantling strategies that reduce the overhead of
recomputing scores after every node removal without significantly sacrificing performance. In addition,
edge dismantling remains a relatively underexplored area compared to node-based dismantling, and it
would be valuable to investigate whether latent geometry-driven principles can also guide the efficient
removal of links in complex networks. Targeting edges can be just as important as targeting nodes, and
in many real-world systems, such as transportation networks (railroads, roads, subways, or shipping
trade routes), edge removal may represent the more realistic and sensible threat scenario, making it
highly relevant for dismantling strategies.

Appendix G.3. Broader Impact

Understanding and improving network dismantling has direct applications in fields such as
epidemiology, infrastructure protection, and information control. While dismantling techniques could
theoretically be misused to disrupt critical systems, they also play a crucial role in strengthening the ro-
bustness of real-world networks against attacks or failures. By publishing this work openly—including
the theoretical foundations, code, and extensive evaluation—we aim to ensure transparency and
reproducibility. We believe the benefits of improving defensive strategies and system robustness
outweigh the potential for misuse.
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