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Abstract

Dismantling interdependent directed networks to obtain the
largest mutually strongly connected component (MSCC) is
an NP-hard problem. To address this, we propose a novel
method, Disassembling Directed Interdependent Networks
(DDIN), by synergizing Reinforcement Learning (RL) and
Graph Neural Networks (GNN). We introduce asymmet-
ric GNNs to capture the asymmetry of in/out-degree and
multi-relational attention to model directed inter-layer de-
pendencies, integrated with prioritized RL for efficient node
selection in large action spaces. Our contributions include
(i) a directed GraphSAGE encoder separating in/out aggre-
gations for asymmetry, (ii) multi-relational attention fusing
layer semantics, and (iii) sum-tree prioritized n-step Deep Q-
Network (DQN) for efficient policy search. DDIN is evalu-
ated on 5 directed multiplexes from biological, social, and
economic domains, achieving 16-23% lower AUDC com-
pared to known baseline heuristics.

Introduction
Interdependent directed networks model critical real-life
systems (e.g., biological and cyber-physical systems, supply
chains, and social media) (Barabási, Gulbahce, and Loscalzo
2011; Watts and Strogatz 1998), where directed intra-layer
edges capture unidirectional flows, and undirected inter-
layer dependencies symbolize mutual reinforcement. This
makes them vulnerable to asymmetric propagation of fail-
ures (Vespignani 2010). Finding minimal nodes to obtain
the largest mutually strongly connected component (MSCC)
is NP-hard (Braunstein et al. 2016). Traditional methods
like High Degree Attack (HDA) or Collective Influence (CI)
work in undirected settings (Morone and Makse 2015), but
fail in directed cases, leading to suboptimal dismantling
(Ma, Wang, and Li 2022; Artime et al. 2024). Recently,
GNNs and RL are used for the dismantling of undirected
networks (Rahmede et al. 2018; Tian et al. 2025; Gu et al.
2025). Previous RL models work well on undirected net-
works but not for directed asymmetries (Fan et al. 2020;
Grassia, De Domenico, and Mangioni 2021). We introduce
DDIN, a framework using asymmetric GNNs and prioritized
multi-step RL for dismantling directed interdependent net-
works. While the prior work handles undirected graphs via

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

symmetric aggregations (Zhang and Wang 2022), DDIN ex-
tends them with asymmetric GraphSAGE encoders that dif-
ferentiate incoming/outgoing edges, enabling zero-shot gen-
eralization to directed interdependencies. DDIN not only re-
duces the critical fraction of nodes for dismantling but re-
veals patterns in directed cascades, e.g., targeting high-out-
degree hubs in one layer to disrupt cross-layer flows.

Problem Statement
In directed multiplex networks, the objective is to find the
smallest node set S that reduces the size of the largest MSCC
below a threshold, while accounting for directed percola-
tion and interdependent cascading failures. Formally, con-
sider a directed multilayer graph G = (V, E ,L), where V
is the shared node set, E =

⋃
ℓ∈L Eℓ with Eℓ ⊆ V × V

denotes directed arcs in layer ℓ, and inter-layer dependen-
cies are bidirectional (Bianconi 2018). The MSCC is the
largest subset C ⊆ V where for all u, v ∈ C, there
exists directed paths u → v and v → u, considering
paths within and across layers via interdependencies (Osat,
Faqeeh, and Radicchi 2017). The dismantling cost function
F (S) measures the normalized MSCC size after remov-
ing S: F (S) = max{|C|:C∈MSCCs(G\S)}

N , where N = |V|
and MSCCs(·) is the set of MSCCs in the residual graph.
In interdependent settings, node removal in one layer trig-
gers cascades: if node v in layer ℓ fails, dependent nodes in
other layers ℓ′ fail with certain probability pv,ℓ′ (Buldyrev
et al. 2010). The corresponding optimization problem is
minS⊆V |S| s.t. F (S) < θ, with θ ≪ 1 (e.g., 0.1)
(Ren et al. 2019). To evaluate uniform efficiency, we de-
fine the Average Uniform Dismantling Cost (AUDC) =

1
F (V)

∑F (V)
a=1 f(Sa)/|Sa|, where f(Sa) is the cost of the re-

moval sequence Sa, aggregated over all orders. In directed
settings, f(Sa) incorporates asymmetry due to in- and out-
paths, revealing patterns like targeting high-out-degree hubs
to disrupt cross-layer flows (Clusella et al. 2016).

Proposed Method
We generate directed interdependent networks using an en-
hanced Geometric Multiplex Model (GMM) (Kleineberg
et al. 2017), with separate power-law exponents for in/out-
degrees and directional bias α. The connection probability
is pij ∝ exp(α(κout

i − κin
j )), where κ denotes hidden degree
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Figure 1: Dismantling curves showing normalized MSCC of residual network versus fraction of node removal cost (ϕ) for the
datasets (A) C. elegans connectome (279 nodes, 3 layers), (B) Drosophila Melanogaster (8215 nodes, 7 layers), (C) FAO Trade
(214 nodes, 364 layers), (D) Homo Genetic (18k nodes, 7 layers), and (E) Sanremo 2016 (56k nodes, 3 layers).

variables sampled from conditional power-law distributions.
This setup embeds nodes in hyperbolic space, naturally pro-
ducing scale-free directed structures that mimic asymmetric
real-world interactions (Kleineberg et al. 2016). We model
directed interdependent networks as a multiplex with di-
rected intra-layer and undirected inter-layer edges, allowing
asymmetric failure propagation (failure A→B ̸⇒ B→A).

Encoder: It is a directed GraphSAGE model designed
to extract asymmetric node embeddings. For each layer
ℓ, the initial feature vector xv includes out-/in-degrees
and hyperbolic coordinates. The embedding update is:

hℓ
v = ReLU

(
Wout

[
xv ; MeanAgg

(
{hℓ

u : u → v}
)]

+

Win
[
xv ; MaxAgg

(
{hℓ

u : v → u}
)])

. Here MeanAgg(·) =
1

|N |
∑

u∈N hℓ
u, Nout = {u : u → v} and Nin = {u : v →

u} are out- and in-neighborhoods. The matrices Wout,Win ∈
Rd×2d are learnable, enabling the capture of directional
flows. GraphSAGE assumes symmetry (Hamilton, Ying, and
Leskovec 2017), but directionality requires separating in/out
neighbors (Bojchevski et al. 2020). Our asymmetric encoder
aggregates incoming features with mean pooling (capturing
influences) and outgoing with max pooling (capturing con-
trols), preserving flow asymmetries.

Multi-relational attention layer: The attention co-
eff., αℓℓ′ = softmax

(
LeakyReLU

(
a⊤

[
Whℓ

v∥Whℓ′

v

]))
,

yielding h̃v =
∑

ℓ′ ̸=ℓ αℓℓ′h
ℓ′

v (Veličković et al. 2017). Inter-
layer dependencies are relational (e.g., one layer’s out-edges
affect another’s in-edges). Multi-relational attention weights
these asymmetrically, fusing semantics to capture cross-
layer cascades (Hu et al. 2020), unlike uniform fusion in
undirected methods (Melton and Krishnan 2023).

Decoder: It reconstructs the state of the directed network
from fused embeddings h̃v . To predict the edge between i

and j in layer ℓ, it computes p̂ℓij = σ
(
h̃ℓ
iWdech̃

ℓ⊤
j + bℓ

)
,

where σ is sigmoid, Wdec ∈ Rd×d is a bilinear decoder
weight, and bℓ is a layer bias incorporating directional α.

Loss Function and Dismantling Process: The loss com-
bines reconstruction and RL objectives L = LRL + λLrec,
where Lrec = −

∑
(i,j)∈E log p̂ij −

∑
(i,j)/∈E log(1− p̂ij) is

binary cross-entropy, and LRL is the Huber TD loss LRL =
1
B

∑
i δ(ei) ·ρi, with ei = ri+γn maxa′ Q(si+n, a

′; θ−)−
Q(si, ai; θ), and ρi is the importance weight. The disman-
tling process uses the trained Q-network for greedy node se-

lection. In step t, choose at = argmaxa Q(st, a; θ), update
the network via directed MSCC recomputation (iteratively
via Tarjan’s algorithm (Tarjan 1972)), and continue until
F (st) < θ. The prioritized experience replay focuses on
high-error samples (Schaul et al. 2015), efficient for sparse
rewards in large directed graphs. The loop optimizes for
minimal removals of nodes to reduce the MSCC, with re-
wards based on fragmentation gain.

Experimental Results
DDIN is evaluated on 5 real-world networks from differ-
ent domains (De Domenico 2025). We train the model on
NVIDIA A100 Tensor Core GPU with batch size = 32,
ϵ = 0.01, Learning Rate = 10−4, γ = 1, MSCC via iterative
Tarjan’s algorithm. The measures AUDC and ϕ∗ are calcu-
lated by averaging over 5 runs. The baselines are Directed
CI (DCI) and HDA (Albert, Jeong, and Barabási 2000) (ex-
tended to multilayers). It outperforms baselines via asym-
metric targeting (Table 1 shows lower AUDC, Fig. 1 shows
steeper MSCC declines). DDIN enables nuanced directed
cascade representation and efficient exploration.

Dataset DCI HDA DDIN Improvement
Celegans 0.2043 0.2000 0.1621 23.40%
Drosophila 0.0674 0.0650 0.0561 16.02%
FAO Trade 0.1890 0.1858 0.1541 20.56%
Homo Genetic 0.0149 0.0140 0.0116 20.53%
Sanremo 2016 0.0003 0.0003 0.0002 20.51%

Table 1: The AUDC values (lower is better) and relative im-
provement of DDIN over the state-of-the-art methods.

Conclusion
Our key contributions include directed GraphSAGE, multi-
relational attention, and sum-tree prioritized n-step DQN for
efficiency, scalability and adaptability. DDIN reduces the
critical fraction of nodes for dismantling and reveals pat-
terns (e.g., targeting high-out-degree hubs in one layer to
disrupt cross-layer flows) in directed cascades. This provides
reusable insights for cascade control, such as guiding strate-
gies for disease containment in multilayer social networks
and delaying cascading failures in interdependent critical in-
frastructures. We plan to handle dynamic evolving networks
in future where edges change over time, incorporating par-
tial observability for scenarios with incomplete inter-layer
knowledge, and integrating hybrid optimizers.
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