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 A B S T R A C T

The electrification strategies that are being designed to meet sustainability objectives and rising energy de-
mands pose significant challenges for power systems worldwide and require Transmission Expansion Planning 
(TEP). This study adopts a risk-informed approach to TEP, formulated as a multi-objective optimization 
problem that concurrently minimizes systemic risks and expansion costs. Given the intractability of this 
problem with conventional solvers, we turn to artificial intelligence techniques. In particular, we conceptualize 
power grids as graphs and introduce a goal-oriented graph generation methodology using deep reinforcement 
learning. We extend welfare-Q learning, a modified variant of Q-learning tailored to yield high rewards across 
multiple dimensions, by incorporating geometric deep learning for function approximation. This allows us 
to account for system security while minimizing grid expansion costs. Notably, system risk is evaluated by 
incorporating a Graph Neural Network (GNN) cascading failure meta-model into the proposed approach. The 
TEP method is applied to the IEEE 118-bus system, and the efficacy of this novel technique is compared 
against the state of the art. We conclude that the deep reinforcement learning method can compete with 
established methods for multi-objective optimization, identifying expansion strategies that improve system 
security at reduced costs. Furthermore, we test the robustness of the meta-model against topology changes in 
the transmission network, demonstrating its applicability to novel grid configurations.
1. Introduction

Energy demand is continually growing due to the electrification of 
many sectors (IEA, 2023). Correspondingly, the power grid must evolve 
and grow in a way that guarantees reliability and supply security, 
also against extreme demand scenarios that could lead to catastrophic 
events like blackouts. Transmission Expansion Planning (TEP) is the 
systematic decision-making process focused on expanding the existing 
power grid and building new assets to enhance its performance. In 
this context, Transmission System Operators (TSOs) aim to identify 
the most pertinent and cost-effective upgrades to the network for an 
efficient TEP. The decision-making process considers the investment 
costs and the power system security, with adherence to regulatory 
standards for system security being crucial. Typically, the N-1 se-
curity criterion (Vrakopoulou et al., 2013) guarantees secure power 
grid operation, including an unplanned single-element outage. Recent 
standards from the North American Electric Reliability Corporation 
(NERC) (Standard TPL-001-4 NERC, 2015) require going beyond the 
N-1 criterion, i.e., considering simultaneous outages and addressing 
cascading failures. The latter is recognized as a primary cause of 
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blackout events (Andersson et al., 2005; Stankovski et al., 2023). Thus, 
it is essential to identify TEP that balances expansion costs and system 
security. This renders the decision-making process a multi-objective 
optimization problem.

Traditional methods for TEP (Gomes and Saraiva, 2019) encom-
pass deterministic models, providing a single solution for a given 
demand scenario, and probabilistic models, which consider multiple 
demand scenarios. In Golestani et al. (2010), the authors introduce a 
TEP approach that simultaneously considers unit commitment in the 
planning. Subsequently, the research community has broadened the 
scope of the TEP problem (Lumbreras and Ramos, 2016), addressing 
dynamic planning across multiple time steps (Dodu and Merlin, 1981) 
and enhancing network modeling by integrating realistic power flow 
models (Alhamrouni et al., 2014). Security assessment in TEP often 
incorporates the N-1 security criterion (Vrakopoulou et al., 2013). In 
studies such as Akbari et al. (2011), authors apply the N-1 criterion 
to a multi-stage stochastic TEP model, and in Choi et al. (2007), the 
N-k contingency criterion is introduced. However, assessing power 
system security beyond the N-1 criterion entails analyzing the risk of 
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Nomenclature

𝐴𝑡 Action at time 𝑡
𝐵 Total number of branches
𝐶 Total cost of transmission expansion plan-

ning
𝐶𝑗 Cost associated with building branch 𝑗
𝐸 Set of edges
𝐺 Cumulative reward
𝐾 Batch size
𝐿 Loss
𝑀 Maximum number of upgrades per corridor
𝑁 Maximum number of branches allowed to 

be upgraded
𝑄𝑡𝑎𝑟𝑔 Target network
𝑅𝐼 Risk Improvement
𝑆𝑡 State at time 𝑡
𝑉 Set of vertices
𝛼 Learning rate
𝜖 probability of choosing to explore
𝛾 Discount factor
𝐫𝐭 Reward at time 𝑡
𝐯 Vector-valued reward
 Set of candidate actions
 Transition dynamics
 Set of rewards
 Set of states
 Feasible set of TEP solutions
𝜋 Policy
𝜏 Trajectory
A Weighted adjacency matrix
H Node embeddings
X Node feature matrix
𝜃 Neural network parameters
𝑏𝑗 Number of upgrades in corridor 𝑗
𝑑 hidden dimension
𝑞𝜋 Q-value function
𝑟𝑎𝑐𝑐 Accumulated reward
𝑟𝑖𝑠𝑘ref Risk profile before transmission expansion
𝑣𝜋 Value function
𝑤 Single TEP solution, vector of feasible 

branch upgrades.

cascading failures, for which selecting an adequate cascading failure 
model is necessary. Existing literature often employs quasi-steady state 
models like OPA (Carreras et al., 2002) and Manchester (Nedic et al., 
2006) models. Many studies also use a simplified DC power flow 
model despite the well-known limitations (Kile et al., 2014). A risk-
informed combined transmission and generation expansion planning is 
introduced in Raycheva et al. (2023). Furthermore, in Gjorgiev et al. 
(2022a), the authors present a cascades-risk-informed TEP that utilizes 
the Cascades (Gjorgiev et al., 2019) model. The latter expands upon 
quasi-steady state approaches based on the AC power flow model. The 
Non-dominated Sorting Genetic Algorithm II (NSGA-II) (Deb et al., 
2002) algorithm tackles the cascade-risk informed TEP optimization. 
The choice of this optimization algorithm is driven by the inherent na-
ture of the TEP optimization problem, which is nonconvex, nonlinear, 
and involves discrete decision variables. Nevertheless, metaheuristic 
methods like Deb et al. (2002) are computationally intensive and lack 
optimality guarantees.
2 
Here, we utilize an innovative approach that involves graph gen-
eration techniques (Zhu et al., 2022). These techniques are designed 
to discover novel graph structures using deep learning. Notably, they 
have demonstrated success in diverse applications, e.g., molecule graph 
generation (Mercado et al., 2021; Cao and Kipf, 2018), wearable sen-
sors (Yu et al., 2024). A relevant contribution in this domain comes 
from You et al. (2018), which couples geometric deep learning and 
reinforcement learning to generate new graph structures optimized 
for desired molecular properties. Similarly, Zhang et al. (2024) high-
lights various combinations of reinforcement learning and geometric 
deep learning explored in the literature. Moreover, recent progress in 
reinforcement learning for multi-objective decision-making has been 
highlighted in Mehta et al. (2022). The paper develops a multi-objective 
reinforcement learning framework to address the multi-objective trav-
eling salesman problem. The research underscores the efficiency of 
reinforcement learning techniques in exploring the decision variables 
space and adeptly covering the Pareto front.

The utilization of Deep Reinforcement Learning (DRL) for power 
systems remains relatively limited compared to other optimization 
techniques, as highlighted in the comprehensive review (Massaoudi 
et al., 2021). Most DRL methods in the power systems domain focus on 
power systems stability (Yin et al., 2023). Yet, recent works (MingKui 
et al., 2020) employ DRL for transmission expansion planning. No-
tably, the problem is framed as a multi-objective optimization task, 
minimizing costs while ensuring the grid’s secure operation. However, 
the analysis in this study does not extend beyond the conventional 
N-1 security criterion. Similarly, in Wang et al. (2021), the authors 
develop a deep reinforcement learning model for multistage and multi-
objective TEP on the IEEE 24-bus system. The model uses the N-k 
security criterion but only applies the DC power flow model. None of 
these works, however, consider the risk of cascading failures and they 
are tested only on small-size test systems.

The above literature review shows a gap in the exploitation of Deep 
Reinforcement Learning (DRL) for TEP that incorporates AC power 
flows and in-depth system security. This work tackles the research gap 
by coupling DRL and AC-based cascading failure analysis. We adopt the 
multi-objective Deep Q-Network (DQN) method, presented in Fan et al. 
(2023), within a goal-oriented graph generation approach. Specifically, 
we employ a geometric deep learning network, which we introduce 
as a Graph Neural Q-network (GNQN), to identify the optimal set of 
power grid upgrades by maximizing cumulative rewards. The reward 
encompasses upgrade costs and systemic risks, computed using the 
cascading failure analysis model Cascades (Gjorgiev et al., 2022b). 
We assess risks with Cascades, as it relies on an accurate AC power 
flow model and can produce results that align with recorded data (Li 
et al., 2018). To improve the computational efficiency of Cascades, we 
introduce a geometric deep-learning meta-model. We leverage Graph 
Neural Networks (GNN) to train a computationally efficient regression 
meta-model of Cascades that predicts the magnitude of demand not 
supplied (DNS). This is an advancement over prior studies (Varbella 
et al., 2023), where the output of the cascading failure simulations is 
typically represented as a binary value, categorizing power grid states 
as safe if there is no DNS and unsafe otherwise.

This work addresses the following research questions: i) Is it feasible 
to construct a graph generation model utilizing Reinforcement Learning 
(RL) to optimize a power grid’s structure? Specifically, can the model 
be tailored to balance investment costs and cascading failure risks? ii) 
Can we employ a geometric deep learning-based meta-model to assess 
the risk of cascading failures? Does the meta-model generalize for novel 
power grid topologies? iii) How effective are reinforcement learning 
techniques in solving multi-objective optimization problems?

The contributions of this work are as follows: (i) we introduce a 
model for power grid expansion that leverages goal-oriented graph 
generation, enabling the creation of new grids with optimized prop-
erties; (ii) we showcase the capability of a geometric deep learning 
meta-model to generalize to new topologies, predicting the output of 
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a cascading failure model; (iii) we extend Welfare Q-learning by incor-
porating geometric deep learning for function approximation, propos-
ing GNQN, a novel geometric deep learning architecture for deep 
Q-learning, (iv) we demonstrate that the presented multi-objective 
Deep Reinforcement Learning (DRL) technique competes with state-of-
the-art methods for multi-objective optimization; and (v) we show that 
in the online use, the trained agent finds the best compromise solution 
and it can adapt to power grid topology variations.

The rest of the paper is organized as follows: Section 2 outlines 
the methodology employed for addressing the TEP using reinforcement 
learning; Section 3 introduces the case study; Section 4 presents and 
examines the achieved results, highlighting the diverse contributions of 
this study; and Section 5 wraps up the article with concluding remarks 
and summarizes the prospects stemming from this research.

2. Methodology

2.1. Transmission expansion planning: problem definition

We represent Transmission Expansion Planning (TEP) as a multi-
objective optimization problem that comprises two objectives (Gjorgiev 
et al., 2022a), namely, expansion cost and risk improvement (RI). 
The expansion cost objective serves as an indicator of the financial 
viability and feasibility of a proposed design, ensuring that the invest-
ment remains practical within budgetary constraints. Conversely, the RI 
objective aims to maximize system security by improving the system’s 
risk profile. Risk improvement is computed as the Euclidean distance 
between the risk profiles of the system before and after the transmis-
sion expansion. This metric reflects how the system’s vulnerability to 
cascading failures and other risks has been mitigated. Together, these 
two objectives enable a balanced evaluation of the trade-offs between 
cost-effectiveness and system reliability in the optimization process.

The TEP involves strengthening the existing power transmission 
corridors.1 Therefore, branches (transmission lines or transformers) are 
only added to already existing corridors. We define the feasible set of 
solutions as  , and we denote a feasible solution by 𝐰, which repre-
sents a vector of a feasible combination of added branches. We indicate 
with 𝑏𝑗 the number of branches upgraded in corridor 𝑗. Considering a 
generic solution 𝐰 = {𝑏1,… , 𝑏𝑗 ,… , 𝑏𝑛}, the expansion cost objective is 
computed as the sum of the costs of all individual branch upgrades: 

𝑐(𝐰) = 𝐂(𝐰) ⋅ 𝐰 =
𝑛
∑

𝑗=1
𝐶𝑗 ⋅ 𝑏𝑗 (1)

where 𝑐(𝐰) represents the total cost of TEP, 𝐂(𝐰) is the vector of branch 
upgrade costs for the branches considered in solution 𝐰, 𝐶𝑗 is the cost 
associated with upgrading one branch in corridor 𝑗 and 𝑏𝑗 indicates the 
number of branches upgraded in corridor 𝑗. The risk improvement (RI) 
objective, which aims to maximize the system security, is expressed as: 

𝑅𝐼(𝐰) =
√

|

|

𝑟𝑖𝑠𝑘ref − 𝑟𝑖𝑠𝑘(𝐰)|
|

2 (2)

The RI is computed as the Euclidean distance between the risk profiles 
of the system before transmission expansion 𝑟𝑖𝑠𝑘ref (reference system) 
and 𝑟𝑖𝑠𝑘(𝐰) after grid expansion with the branches in solution 𝐰. The 
expectation is that 𝐰 lies below 𝑟𝑖𝑠𝑘ref, indicating a reduced probability 
of experiencing DNS because of the branch upgrades. We compute 
the risk profiles using the meta-model of Cascades as detailed in Sec-
tion 2.1.1. The complete multi-objective formulation is represented 
as:

maximize
𝐰∈N𝑛

− 𝑐(𝐰), 𝑅𝐼(𝐰) (3)

1 Corridor refers to a designated path that connects two nodes (buses) in 
a power grid with one or multiple parallel branches (transmission lines or 
transformers).
3 
Fig. 1. Complete workflow for developing and utilizing the Cascades meta-model. (a)
Physics-based Cascades generates the training data. (b) The data undergoes processing 
to make it suitable for training the GNN Cascades meta-model. (c) Deployment of the 
Cascades meta-model to estimate the DNS.

subject to
𝑛
∑

𝑗=1
𝑏𝑗 ≤ 𝑁 (4)

𝑏𝑖 ≤ 𝑀 (5)

where 𝑁 denotes the maximum number of branches allowed to be 
upgraded and 𝑀 is the maximum number of upgrades per corridor, 
set at eight and one, respectively. The TEP utilizes integer decision 
variables to expand the system, choosing from a candidate list of 
branches. Overall, this is a mixed-integer, nonlinear, and non-convex 
optimization problem and, therefore, demands the appropriate solvers. 
Here, we utilize DRL to solve the TEP problem by training an agent 
to identify the new branches to be built. The cascading failure model, 
Cascades (Gjorgiev et al., 2022b), serves as the DRL environment 
evaluating the impact of the action space (branch upgrades) on sys-
tem security. Since the cascading failure analyses are computationally 
demanding, we develop a model surrogate of Cascades.

2.1.1. Risk improvement via cascading failures meta-model
Cascades is a power system security platform that assesses the 

power grid’s stability under outages (Gjorgiev et al., 2022b). The 
model uses the pre-outage operating conditions (demand, dispatch, 
power flows) and a list of contingencies (each comprising single or 
multiple simultaneous outages). Cascades executes a complete simu-
lation of the post-contingency evolution of the power grid, returning 
the amount of demand not served (DNS). The DNS, computed for 
a large set of scenarios (demand and contingencies) is aggregated 
into the complementary cumulative distribution function (CCDF) of 
the DNS (Fig.  1(a)). This result is referred to as the risk curve, as 
it provides the exceedance probability of experiencing DNS greater 
than the one observed. Running Cascades, like other physics-based 
cascading failure models (Carreras et al., 2002; Nedic et al., 2006), 
requires significant computational power (Gupta et al., 2015) and, thus, 
is unsuitable for online analysis. It was experimentally observed that 
by coupling traditional cascading failure models for TEP to inform the 
decision-making about systemic risks, the computational time could 
reach up to several days on high-performance computers (Gjorgiev 
et al., 2022a). To address the computational issue, we train a GNN 
model that can predict the magnitude of DNS given the pre-outage 
operating conditions and contingency list. The problem is modeled as 
a graph regression task: each system’s initial state is a single graph to 
which we associate a graph-level label, which is the computed DNS. 
We employ Cascades (Gjorgiev et al., 2022b) to obtain synthetic data, 
which we use to train the GNN model (Fig.  1(b)). More details on 
the meta-model dataset and training are in Appendix  B. The meta-
model is deployed to infer the risk curve after upgrades (Fig.  1(c)) 
using the operational data of power grids in its raw form. This allows 
us to evaluate the risk improvement (Eq.  (2)) in a computationally 
tractable manner. Then, the Cascades meta-model can be used in a 
computationally intensive DLR framework.
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2.2. Transmission expansion planning as a multi-objective Markov decision 
process

Reinforcement Learning (RL) is a machine learning approach where 
an agent learns decision-making by interacting with an environment. 
Modeled as a multi-objective Markov Decision Process (MOMDP), the 
RL involves an agent observing a state, taking an action, receiving a 
vectorial reward, and transitioning to a new state. The key elements 
are the state (current condition), actions (possible decisions), rewards 
(feedback on the actions, which are vectors), and the environment 
(external system). The agent aims to learn a policy that maximizes 
cumulative rewards over time through iterative interactions with the 
environment.

We adopt the MOMDP modeling of the TEP problem defined in Sec-
tion 2.1. To this aim, the MOMDP is defined by the tuple ( ,, ,, 𝛾), 
where  is the set of power grid states,  is the set of candidate 
branches representing viable actions,  is the set of possible vecto-
rial rewards after reaching a state, 𝛾 is the discount factor tuned to 
prioritize immediate rewards over long-term rewards, and  is the 
transition dynamic (i.e., the outcome after the execution of an action). 
In MOMDP, a trajectory 𝜏 is defined as a sequence of states 𝑠𝑡, actions 
𝑎𝑡, and vectorial rewards 𝐫𝐭 , i.e., 𝜏 = (𝑠0, 𝑎0, 𝐫𝟎, 𝑠1, 𝑎1, 𝐫𝟏,… , 𝑠𝑇 , 𝑎𝑇 , 𝐫𝐓)
for all steps or iterations 𝑡 inside an episode2 finishing at 𝑇 . The 
behavior of the decision-making agent is modeled via a policy, denoted 
as 𝜋(𝑎𝑡|𝑠𝑡) = 𝑃 (𝑎𝑡|𝑠𝑡), which dictates the choice of action given the state. 
The paradigm of reinforcement learning involves finding: 
𝜋∗ = argmax

𝜋
E[𝐆(𝜏)] (6)

The objective is to find the policy that maximizes the discounted 
cumulative return of the trajectory: 

𝐆(𝝉) =
𝑇
∑

𝑡=1
𝛾 𝑡−1𝐫𝐭 (7)

We define the action-value function or 𝑞-value function 𝐪𝜋 (𝑠𝑡, 𝑎𝑡)
that is often used to find 𝜋∗. Q-value is the expected outcome of taking 
a specific action in a given state, by estimating the expected future 
rewards following an optimal policy. Notably, the vector-valued reward 
translates into vector-valued q-values: 

𝐪𝜋 (𝑠, 𝑎) = E𝜋 [𝐆(𝜏)|𝑠𝑡, 𝑎𝑡] = E𝜋 [
𝑇
∑

𝑡=1
𝛾 𝑡−1𝐫𝐭 |𝑠𝑡, 𝑎𝑡] (8)

In practice, Q-learning (Watkins and Dayan, 1992) is the algorith-
mic paradigm used to estimate q-values recursively using the Bellman 
equation. It is a model-free reinforcement learning method designed 
to learn the 𝑞-value of an action from a specific state. Our problem 
requires finding the policy 𝜋 that maximizes E𝜋 [𝐆(𝜏)] in multiple 
dimensions. Therefore, we adopt the approach from Mossalam et al. 
(2016), which extends the Q-learning (Watkins, 1989) to Welfare Q-
learning that aims to maximize the vector-valued reward (𝐫𝐭) in mul-
tiple dimensions. In Welfare Q-learning, nonlinear scalarized learning 
updates and non-stationary action selection are leveraged to optimize 
the multi-dimensional reward. The problem is cast as a fair resource 
allocation problem, where the resources are the elements of the vector-
valued reward. Therefore, the q-values undergo scalarization using a 
nonlinear fair welfare function, i.e., the Nash Social Welfare function 
or, simply, geometrical mean, which is chosen for its balance between 
efficiency and fairness (Mossalam et al., 2016): 

𝑁𝑆𝑊 (𝐪) =
( 𝑛
∏

𝑖=1
𝑞𝑖

)
1
𝑛

. (9)

A key feature of Welfare Q-learning is the nonstationary action 
selection, where the agent selects the action that maximizes the total 

2 An episode refers to a sequence of states, actions, and rewards that starts 
from an initial state and ends in a terminal state T.
4 
Fig. 2. Overview of the proposed goal-oriented graph generation for TEP. The agent, 
which is the graph neural q-network (GNQN) detailed in Section 2.2.1, chooses the 
action, which is the branch highlighted in red; in the environment, we evaluate the 
reward of taking that action, which is a vector including the RI and cost.

discounted reward, considering past and future states. The agent aims 
to find the policy 𝜋(𝑎|𝑠, 𝜏) that maximizes the expected value, which 
depends on the episode’s trajectory 𝜏 and not only on the previous 
state 𝑠𝑡 = 𝑠. Therefore, action selection is not driven by the immediate 
reward 𝐫𝐭+𝟏, but by the accumulated reward, 𝐫𝐚𝐜𝐜 = 𝐫𝐚𝐜𝐜 + 𝛾𝐫𝐭+𝟏.

Here, we extend Welfare Q-learning by incorporating geometric 
deep learning for function approximation. The neural networks for 
function approximation in Q-learning were first introduced by Mnih 
et al. (2013), known as deep q-networks (DQN). In this method, the 
mapping between input states, action, and the 𝑞-value is parameterized 
by a neural network, 𝑄. A target network 𝑄𝑡𝑎𝑟𝑔 stabilizes training by 
periodically updating its weights 𝜃 with those of the original network 
𝑄, reducing the potential for divergence during Q-value estimation. Our 
extension involves using a graph neural network that maps a state to 
the 𝑞-value of each action, namely a Graph Neural Q Network (GNQN). 
GNQN returns the bi-dimensional 𝑞-value approximation associated 
with each action (upgraded branch) to account for the vectorial reward, 
thus vectorial 𝐪: 
𝑎 = argmax

𝑁𝑆𝑊 (𝐪)
𝑁𝑆𝑊 (𝐪) (10)

We utilize experience replay, which involves storing experiences 
(consisting of state, action, reward, and next state) in a replay buffer
(Mnih et al., 2013). The experience replay randomly samples K transi-
tions (𝑠𝑡, 𝑎, 𝐫𝐚𝐜𝐜, 𝑠𝑡+1) from this buffer during training every 10 episodes. 
This is done to break the temporal correlation between consecutive 
experiences in the same trajectories and improve learning efficiency. 
We balance exploration and exploitation using a 𝜖− 𝑔𝑟𝑒𝑒𝑑𝑦 policy with 
linear decay over episodes (see Algorithm 1). The episode always ends 
when any of the constraints (Eq. (4), Eq. (5)) are violated. The episode 
can also end if a Pareto non-dominated solution (Debreu, 1954) is 
found. When the agent discovers a non-dominated solution, the agent 
is rewarded with a bonus. The value of the bonus is empirically set 
to 40, which is the order of magnitude of summing the elements of 
𝐫𝐚𝐜𝐜. The value of the bonus makes the algorithm converge faster, but 
convergence is reached despite the bonus. The full pseudo-algorithm is 
presented in Algorithm 2.

Fig.  2 shows a simplified scheme of the reinforcement learning 
model used for TEP. We represent power grids as graphs to capture 
their configuration in the state space . The nodes and edges corre-
spond to the buses and branches of the power grid, respectively, and 
are characterized by the attributed graph 𝐺 = (𝑉 ,𝐸,𝐗,𝐀). Here, 𝑉  is 
the set of vertices (nodes), 𝐸 is the set of edges (links), 𝐗 ∈ R|𝑉 |×𝑓

is the node feature matrix (see Appendix  A for more details), |𝑉 |

is the number of nodes, 𝑓 is the number of features per node, and 
𝐀 ∈ R|𝑉 |×|𝑉 | is the weighted adjacency matrix. The 𝑎𝑖𝑗 elements of 
the weighted adjacency matrix 𝐀 contain the number of branches in 
the corridor connecting node 𝑖 and 𝑗. This structured approach enables 
efficient exploration of various power grid configurations. For this 
purpose, we model the problem as graph generation, which generates 
new graphs from a distribution similar to the observed graphs. The 
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TEP approach considers only branch upgrades, which are the feasible 
actions available. This translates into a graph generation process that 
involves only generating new edges. As a result, the action space  is 
discrete, with each discrete action involving the addition of a single 
branch at each step 𝑡. Practically, this requires iteratively updating 
the entries of the weighted adjacency matrix to account for branch 
upgrades. The node feature matrix 𝐗 remains unchanged during the 
graph generation procedure. We leverage graph representation learning 
techniques to address the complexities of our state and action spaces. 
The procedure governing the state transition dynamics is designed to 
map the input graph structure and select a branch expansion action, as 
detailed in Section 2.2.1.
Algorithm 1: 𝜖 − 𝑔𝑟𝑒𝑒𝑑𝑦 with linear decay

input : episode, No. episodes, 𝐪(𝑠𝑡)
output: action

1 𝜖𝑓𝑖𝑛𝑎𝑙=0, 𝜖𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = 1
2 𝜖 = 𝑚𝑎𝑥(𝜖𝑓𝑖𝑛𝑎𝑙 , 𝜖𝑖𝑛𝑖𝑡𝑖𝑎𝑙 − (𝜖𝑖𝑛𝑖𝑡𝑖𝑎𝑙 − 𝜖𝑓𝑖𝑛𝑎𝑙) ∗

𝑒𝑝𝑖𝑠𝑜𝑑𝑒
𝑁𝑜.𝑒𝑝𝑖𝑠𝑜𝑑𝑒𝑠 )

3 if 𝜖 > 𝑟𝑎𝑛𝑑(1) then
4 Select random action
5 else
6 Select action with the maximum q-value- equation (10)
7 end

Algorithm 2: Goal-oriented TEP pseudo-code
input : 𝛼 learning rate, 𝛾 discount factor, No. episodes, batch 

size 𝐾
1 Initialize parameters 𝜃 for 𝐐 and 𝜃𝑡𝑎𝑟𝑔 ← 𝜃 for 𝐐𝐭𝐚𝐫𝐠;
2 Initialize empty memory replay buffer 𝐵;
output: Pareto front

3 for episode = 1 to 𝑁𝑜. episodes do
4 reset environment:
5 Power grid without upgrades (𝑠0);
6 done = False
7 𝐫𝐚𝐜𝐜 = 𝟎
8 while not done do
9 Select action 𝑎𝑡 with alg. 1: 𝜖-greedy policy with linear 

decay w.r.t. 𝐐
10 𝑠𝑡+1, 𝐫𝐭+𝟏,done = step into environment(𝑎𝑡)
11 if Pareto non dominance then
12 done = True
13 𝐫𝐭+𝟏 = 𝐫𝐭+𝟏 + bonus
14 else if constraints violation then
15 done = True
16 else
17 done = False
18 end 
19 𝐫𝐚𝐜𝐜 = 𝐫𝐚𝐜𝐜 + 𝛾𝐫𝐭+𝟏
20 Insert transition (𝑠𝑡, 𝑎𝑡, 𝐫𝐚𝐜𝐜, 𝑠𝑡+1) in the buffer 𝐵
21 Sample 𝐾 transitions (𝑠𝑡, 𝑎, 𝐫𝐚𝐜𝐜, 𝑠𝑡+1)
22 Compute loss function over the batch of experience:

𝐿(𝜃) = 1
|𝐾|

𝐾
∑

𝑖=1
[𝑟𝑎𝑐𝑐,𝑖 + 𝛾𝐐𝐭𝐚𝐫𝐠(𝑠𝑖,𝑡+1|𝜃𝑡𝑎𝑟𝑔) −𝐐(𝑠𝑖,𝑡|𝜃)]2

23 Update GNQN parameters 𝜃 ∼ 𝜃 − 𝛼∇𝐿(𝜃)
24 Every 10 episodes update 𝜃𝑡𝑎𝑟𝑔 ← 𝜃
25 end 
26 end 

2.2.1. Graph neural Q-network
Geometric deep learning has significantly advanced non-Euclidean 

domain applications, with Graph Neural Networks (GNNs) playing a 
central role in this progress. GNNs are employed in diverse fields such 
as bioinformatics (Zhang et al., 2021), chemistry (Godwin et al., 2022) 
5 
Fig. 3. The GNQN architecture for link prediction consists of Message Passing Layers 
with ReLU activation on the graph input 𝐺, generating node embeddings 𝐇|𝑉 |×𝑑 , shown 
in (a) and (b). The final edge embeddings 𝐐 are depicted in (c). The zoomed-in section 
illustrates the link prediction process for a specific edge marked in red. Although the 
zoom focuses on this single edge for clarity, the link prediction process is simultaneously 
performed for all edges in the graph.

and social networks (Guo and Wang, 2021). They learn encoded node 
representations through message passing in graph structures (Hamilton, 
2020). The GNQN adapts this approach to the Q-learning paradigm, 
utilizing a message-passing layer (MPL) for node embedding. The MPL 
iteratively aggregates features of neighboring nodes to learn encoded 
node representations. In our formulation, GNQN is employed for link 
prediction, aiming to assign a 𝑞-value to each branch. From the q-
values, we identify the optimal power grid upgrade, which is the branch 
with maximal 𝑞-value. Link prediction is a prominent GNN application, 
applied in various domains such as citation networks (Subramonian 
et al., 2023), recommender systems (Koren et al., 2009) and molec-
ular generation (You et al., 2018). The GNQN architecture for link 
prediction is illustrated in Fig.  3.

The GNQN processes the input state (Fig.  3(a)), represented as a 
graph 𝐺 with node features (in blue), to produce a Q-value matrix 
(Fig.  3(c)). To achieve this, it employs three Message Passing Layers 
(MPLs) [47], each followed by a Rectified Linear Unit (ReLU) acti-
vation function, resulting in the node embedding 𝐇|𝑉 |×𝑑 , where 𝑑 is 
the number of neurons set to 128 (Fig.  3(b)). The hyperparameters, 
such as the number of MPLs and the embedding dimensionality 𝑑, are 
selected using a grid search over 1, 2, and 3 MPLs and 𝑑 values 32, 
64, and 128. The final configuration of three MPLs and 𝑑 = 128 is 
chosen because it balances performance and computational efficiency. 
Specifically, GNNs with more than three layers tend to oversmooth the 
node embeddings resulting in diminished model performance (Chen 
et al., 2020). Furthermore, increasing the dimensionality 𝑑 beyond 128 
did not yield significant improvements. The edge embeddings 𝐐 (Fig. 
3(c) in red) are generated by pairwise concatenating adjacent node 
embeddings and passing them through a 3-layer feed-forward neural 
network with ReLU activation functions. Our experiments show that 
increasing the size and width of the network did not improve the 
performance. Thus, 𝐐 = 𝐺𝑁𝑄𝑁(𝑠𝑡;𝜽), where 𝐐|𝐸|×2 is the Q-value 
matrix, with each entry representing a bi-dimensional vector of edge 
embeddings, reflecting the dimension of our objective function. The 
GNQN, parameterized by 𝜽, operates on the input graph 𝑠𝑡 to compute 
these values.
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3. Experimental setup and test system

We test the developed TEP methodology on the IEEE 118-bus bench-
mark system (Texas A&M University Engineering, 2022). This bench-
mark system comprises 186 branches, 118 nodes, 54 generators and 
a mean power demand of 3733 MW. The annual load curve, sourced 
from U.S. Energy Information Administration (2019), forms the basis 
of our simulations. All branches identify the candidate corridors for 
expansions and only one branch upgrade is allowed per corridor. We 
estimate the costs of upgrading existing branches using the methodol-
ogy outlined in Zhang et al. (2013). To evaluate the risk of cascading 
failures, we simulate 1000 contingencies, including single and multiple 
simultaneous line failures, over a power grid with 186 lines. These 
scenarios were designed to cover a wide range of potential contingency 
scenarios effectively. From the yearly load curve of the IEEE 118-bus 
system (U.S. Energy Information Administration, 2019), we selected 18 
representative hours, focusing on conditions with higher load, which 
are most likely to reflect worst-case grid stress. After removing du-
plicate contingencies, 4806 cascading failure simulations remained in 
total. While the number of loading conditions may appear limited, 
this choice allowed us to balance the computational complexity of the 
analysis. It enabled a direct comparison of our framework with compu-
tationally intensive metaheuristic algorithms, ensuring the feasibility 
and relevance of the results.

The reinforcement learning model is implemented in Python using 
the Gymnasium package (Towers et al., 2023), Pytorch-geometric (Fey 
and Lenssen, 2019), and Pytorch (Paszke et al., 2019). The experiments 
are conducted on a Windows desktop with an AMD Ryzen Threadripper 
3960X 24-Core Processor and an NVIDIA RTX A6000 GPU with 48 GB 
VRAM. After a grid search over batch sizes (8, 16, 32, 64, 128), 
the batch size of 32 is selected for the memory buffer. The Adam 
optimizer is employed with a fixed learning rate of 10−4. The training 
is carried out for 5000 episodes, where an episode ends if more than 
eight branches are built or a non-dominated solution is found, as 
detailed in Algorithm 2. This results in a total of 20292 iterations, each 
involving the evaluation of the objective function. Given that running 
the cascades meta-model for 4806 scenarios takes approximately 3 s 
and RL performs a total of 9.7 ⋅ 107 cascading failure simulations, the 
entire training lasts about 17 h.

4. Results

4.1. Goal-oriented graph generation

Fig.  4 shows the Pareto front achieved through the goal-oriented 
graph generation framework. It comprises 14 non-dominated solutions 
that balance two conflicting objectives: cost and risk improvement. 
Notably, the risk improvement metric is reported as a negative value. 
Each point on the Pareto front represents a set of upgrades. The 
marker types indicate the number of branches per point, whereas 
the color coding depicts the size of the worst (maximum) cascading 
failure scenario for that upgrade. The number of branch upgrades is 
directly linked to the cost of each proposed solution. As expected, more 
economical expansion leads to less secure solutions, indicating lower 
risk improvement. Conversely, higher expenditure results in a more 
robust power grid. The Pareto front ranges from the most cost-effective 
solution (0.91 M USD, −0.0854) to the most risk-averse yet expensive 
option (34.7 M USD, −1.6824). Table  1 shows a detailed breakdown of 
the cost and risk improvement values of the obtained solutions.

Fig.  4 shows two clusters of solutions. The first cluster observed for 
𝑅𝐼 > −0.6 is associated with upgrading branch 2, which connects bus 
4 to bus 5 (U.S. Energy Information Administration, 2019). This line is 
the second cheapest, after line 182, and provides a risk improvement 
of −0.4221. The second cluster, where 𝑅𝐼 < −1.2, is associated with 
upgrading branch 6. Branch 6 connects bus 8 to bus 9 and links 
the generator at bus 10 to the rest of the grid. We define the best 
6 
Fig. 4. Pareto front visualization using goal-oriented graph generation for TEP. The 
color bar indicates the number of branches associated with each solution. The best 
compromise solution is highlighted by the red box. The risk improvement metric is 
reported as a negative value.

compromise solution (BCS), i.e., the solution that achieves the highest 
risk improvement (RI) at the lowest cost, following the approach in 
Gjorgiev et al. (2022a). We find that the BCS, illustrated in Fig.  4(II), 
corresponds to the upgrade of branches 2 and 6. These upgrades play 
a major role in mitigating systemic risks at a cost of 7.28 million 
USD. Table  1 further quantifies these observations, demonstrating how 
consecutive improvements in RI stem from combining branch upgrades, 
such as branches 2 and 6. The marginal benefits of additional upgrades 
beyond the BCS become evident as costs increase significantly while 
yielding only minor improvements in risk. For instance, while addi-
tional upgrades may slightly improve grid security, the associated costs 
become increasingly prohibitive. This illustrates the framework’s ability 
to identify critical branches, such as branches 2 and 6, which provide 
the most significant security gains at lower costs.

The risk profile across different risk improvements is presented in 
Fig.  5. Fig.  5a shows the most secure (most expensive) with a worst-
case scenario of 51.9 MW of DNS. Fig.  5d shows the most cost-effective 
(least secure) solution with a worst-case scenario of 1553.4 MW of 
DNS. These extremes underscore the trade-offs inherent in prioritizing 
cost versus security. Fig.  5b focuses on the best compromise solution 
(BCS), which achieves a balanced trade-off between cost and risk. 
This solution, with a worst-case scenario loss of 113.3 MW of DNS, 
demonstrates the framework’s ability to provide secure yet economi-
cally viable options. Compared to the most secure solution, the BCS 
offers a risk improvement (RI) that is only marginally lower with a 
significant cost reduction. In fact, the RI is reduced by only 4%, while 
the cost is reduced by 27.4 million USD (approximately a 79% cost 
savings). Despite this slight compromise in security, the BCS provides 
a practical option for decision-makers aiming to achieve significant 
risk mitigation without incurring disproportionately high costs. The 
solution in Fig.  5c achieves a higher risk improvement compared to 
the cheapest solution in Fig.  5d; however, it results in a larger worst-
case scenario DNS of 1632.5 MW. This underscores the importance of 
evaluating the entire risk profile rather than focusing exclusively on 
extreme scenarios, such as the worst-case DNS or the highest cost.

4.2. Robustness of the cascades meta-model in generalizing to new topolo-
gies

The risk curves are generated through a meta-model of the cas-
cading failure simulator (Cascades), developed using deep learning 
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Fig. 5. Complementary Cumulative Distribution Functions (Risk Curves) for the four 
solutions (a), (b), (c), (d) in Fig.  4 and in Table  1. The four panels are labeled as the 
four solutions and represent decreasing costs.

Table 1
Goal Oriented graph generation Pareto front solutions. We assign labels to relevant 
solutions, as highlighted in Figs.  4, 7 and C.9. We indicate the branch indexes associated 
with each solution, 𝛽𝑖 is the branch index for the element 𝑖 of a solution vector.
 Label Risk Improvement Cost (USD) 𝛽1 𝛽2 𝛽3 𝛽4 𝛽5  
 (a) (I) −1.6824 3.472 × 107 0 2 6 106 120 
 −1.6734 3.416 × 107 6 7 53 152  
 −1.6713 1.706 × 107 2 6 39 120  
 −1.6701 1.667 × 107 2 6 120 128  
 −1.6696 1.368 × 107 2 6 103 120  
 −1.6651 1.008 × 107 2 6 120  
 −1.6175 9.400 × 106 2 6 49  
 (b) (II) −1.6163 7.286 × 106 2 6  
 −1.1899 5.490 × 106 6  
 −0.4542 4.585 × 106 2 120  
 −0.4247 4.135 × 106 2 181  
 −0.4226 3.911 × 106 2 49  
 (c) −0.4221 1.796 × 106 2  
 (d) (III) −0.0854 9.113 × 105 182  

and trained with diverse topologies of the IEEE 118-bus system as 
elaborated in Appendix  B and Section 2.1.1. However, uncertainties 
persist regarding the generalization capability of the GNN model to 
previously unseen topologies. In this study, the topology is modified 
as new branches are added parallel to the existing ones. To address 
this concern, we extracted the branches associated with each solution 
and calculated the risk improvement using the original Cascades model. 
Therefore, we evaluate the GNN model’s capacity to infer a risk curve 
without specific training on the exact topology.

Fig.  6 shows the Pareto front obtained with the Cascades meta-
model in light blue, alongside the Pareto front obtained with the 
physics-based Cascades in orange. The risk deviation—defined as the 
difference in estimating risk improvement between the meta-model 
and the Cascades model—is used to quantify the accuracy of the 
approximation. In most cases, the meta-model tends to overestimate the 
risk improvement, suggesting that it is not a conservative model. Nev-
ertheless, the risk deviation remains consistently low, with a maximum 
of just 4.88% of the total range (0 to 1.7) observed for the risk im-
provement metric. Moreover, this deviation is consistently low, with no 
significant outliers, indicating that it could be systematically compen-
sated for in future work. The most substantial overestimation occurs in 
scenarios involving single-branch upgrades where topological changes 
are minimal. While this demonstrates the potential of the meta-model 
7 
Fig. 6. Comparison of the Pareto fronts obtained using the Cascades meta-model and 
the original physics-based Cascades model.

to approximate risk improvements effectively, it also reveals a limita-
tion: the model’s tendency to overestimate improvements in scenarios 
with minimal topological changes. This overestimation may result from 
the reduced sensitivity of the meta-model to subtle variations in grid 
topology. Addressing this limitation would require enhancing the meta-
model’s training dataset or employing regularization techniques to 
improve its generalization capabilities. Despite this, the low deviation 
across the solution space underlines the meta-model’s reliability in 
approximating risk improvements. This makes it particularly suitable 
for rapidly identifying promising configurations and evaluating their 
risk profiles. Indeed, the meta-model offers a significant computational 
advantage, completing evaluations in just 3 s compared to the 20 s 
required by the physics-based Cascades model (Gjorgiev et al., 2022a).

A practical application of this framework is to use the meta-model 
in a two-stage process. First, it can be employed to generate a wide 
array of potential solutions, quantifying risk profiles efficiently and 
identifying the most promising candidates. In the second stage, the 
selected design choices can be validated with the more accurate but 
computationally intensive physics-based Cascades model. This hybrid 
approach leverages the computational efficiency of the meta-model 
while ensuring the final designs adhere to the rigorous standards of 
the physics-based evaluation. Such a methodology not only accelerates 
the design process but also enhances its practicality in real-world 
applications.

4.3. Comparison with a meta-heuristic multi-objective algorithm

This section compares the proposed approach and the NSGA-III 
algorithm (Deb and Jain, 2014). Table  2 reports the branches to be 
upgraded associated with the Pareto optimal solutions found by the 
NSGA-III algorithm. We observe six solutions that are also obtained 
with our method (see Table  1 and in Fig.  C.9). Our framework out-
performs the NSGA-III, providing higher risk improvements, whereas 
the NSGA-III framework finds more solutions than ours. We use the 
hypervolume indicator (HV) (Auger et al., 2009) to compare the two 
Pareto fronts. The hypervolume indicator measures the region’s volume 
in the objective space that is dominated by a set of solutions and 
bounded by a reference point. It is used to compare the performance 
of different algorithms in multi-objective optimization. A higher hy-
pervolume indicates a better approximation of the Pareto front. The 
hypervolume from the reference point of zero risk improvement and 
5M USD dollars dominated by our approach is greater by 106 units than 
the NSGA-III. HV is used for post-hoc comparison of the optimization 
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Table 2
NSGA-III Pareto optimal solutions. We assign labels to relevant solutions, as highlighted 
in Fig.  7 and C.9. We indicate the branch indexes associated with each solution, 𝛽𝑖 is 
the branch index for the element 𝑖 of a solution vector.
 Label Risk Improvement Cost (USD) 𝛽1 𝛽2 𝛽3 𝛽4 𝛽5 𝛽6 𝛽7 𝛽8  
 (I) −1.6745 4.309 × 107 2 6 16 39 77 91 120 177 
 −1.6743 4.095 × 107 2 6 16 39 91 120 177  
 −1.6740 3.714 × 107 2 6 16 77 91 120 177  
 −1.6738 3.499 × 107 2 6 16 91 120 177  
 −1.6736 3.037 × 107 2 6 39 77 91 120 177  
 −1.6736 2.822 × 107 2 6 39 91 120 177  
 −1.6733 2.441 × 107 2 6 77 91 120 177  
 −1.6731 2.226 × 107 2 6 91 120 177  
 −1.6666 1.764 × 107 2 6 77 120 177  
 −1.6660 1.684 × 107 2 6 91 120  
 −1.6659 1.549 × 107 2 6 120 177  
 −1.6656 1.222 × 107 2 6 77 120  
 −1.6651 1.008 × 107 2 6 120  
 (II) −1.6163 7.286 × 106 2 6  
 −1.1899 5.490 × 106 6  
 −0.4542 4.586 × 106 2 120  
 −0.4239 3.944 × 106 2 77  
 −0.4221 1.796 × 106 2  
 (III) −0.0854 9.113 × 105 182  

frameworks rather than as a guiding metric during optimization. The 
superior solutions identified by our goal-oriented framework result 
from the Welfare Q-learning method, which effectively combines the 
two objectives of minimizing risk and cost. Nevertheless, the Pareto 
fronts reveal that the branches chosen for upgrades often align between 
both frameworks. Similarly to our approach, with NSGA-III, the solu-
tion positioned above the best compromise solution arises from adding 
a few branches to a configuration that already yields a significant risk 
improvement. Fig.  7(I) shows the solution in the Pareto front, yielding 
the biggest risk improvement for both approaches. Here, the algorithms 
find different solutions, however the differences in risk improvement 
are marginal (Tables  1 and 2). Most importantly, both approaches 
identify branches 2 and 6 as strategic for TEP grid configuration. This 
emphasizes the robustness and consistency of the identified strategic 
branches across various scenarios and methods.

Appendix  C offers a detailed overview of the NSGA-III experimental 
setup. The results show that NSGA-III produces a greater number of so-
lutions in approximately seven times fewer iterations.3, although our in-
novative method excels in discovering more secure grid configurations 
at a reduced cost. Additionally, unlike the NSGA-III framework, where 
no enhancements are observed with an increased number of iterations, 
our framework exhibits continuous learning throughout episodes.

4.4. Online use of the trained agent

The lower computational efficiency of RL compared to NSGA-III 
is compensated by several factors. First, RL benefits from continuous 
learning. Second, after training, the RL agent can serve as an expert 
evaluator with little to no retraining required, even if the grid configu-
ration changes. For demonstration, here we present two computational 
experiments, namely, applying the trained agent (i.e., using the 𝜃
parameters learned at the end of training for 𝑄𝜃) to the original IEEE 
118-bus system and to the modified IEEE 118-bus system with the 
addition of two extra branches.

3 The comparison based on computational resources is not feasible because 
the RL algorithm primarily utilizes GPUs, whereas the NSGA-III algorithm 
runs on CPUs. This fundamental difference in hardware usage affects the 
efficiency and speed of each method, making direct comparisons based on 
computational time or resources unfair. In fact, we can compare the number 
of total iterations, which means steps into the environment for RL or objective 
function evaluations for NSGA-III.
8 
Table 3
Setup for testing the trained agent on a variation of the IEEE 118 with two extra 
random branches. All the experiments converge to the same line upgrade, comprising 
line 120, which results in RI = 1.649, c = 2.79 M USD.
 𝜖 Total No. iterations No. Pareto optimal solutions 
 0.2 827 4  
 0.5 1148 7  
 1 1708 7  

Upon applying the agent to the original IEEE 118-bus system, we 
observe its ability to identify two critical solutions, i.e. (7.286 M USD, 
−1.6163) and (5.49 M USD, −1.1899). The associated configurations 
correspond to the one depicted in Fig.  7(II) and the grid featuring the 
upgraded line 6. Notably, the agent converges to the optimal com-
promise solution. This demonstrates that the identified policy (which 
maps the best action from the initial state) can be just applied to 
optimization problems, decreasing the computational effort to find the 
best compromise solution. In real-world scenarios, however, the grid 
configuration changes due to planned or unplanned outages, opera-
tional switching, grid expansions, or the decommissioning of aging 
infrastructure. To test if the trained agent can function as an expert 
evaluator for various power grid configurations with minimal training, 
we introduce two random lines to the IEEE 118-bus system. The trained 
agent is applied to it for 500 episodes with different initial exploration 
rates (see Algorithm 1). Regardless of the initial exploration rate and 
number of iterations, the agent consistently converges to the same 
upgraded grid configuration. Specifically, the agent consistently selects 
line 120 in the TEP, which yields a risk improvement of −1.649 at a 
minimal cost of 2.79 M USD. The TEP problem is a black-box, multi-
objective, non-convex optimization problem, meaning no paradigm 
guarantees finding the best global compromise solution. However, 
the agent’s consistent identification of the same configuration, despite 
varying exploration criteria and with minimal retraining, underscores 
its robustness and computational efficiency. This contrasts with meta-
heuristic algorithms, which require a completely new computationally 
expensive search. While we focused on grid topology changes, gener-
alization to varying loading conditions beyond the 18 representative 
hours used in this study remains an area for future exploration.

To further evaluate the computational efficiency of the trained 
agent, Table  3 presents the number of iterations required to complete 
500 episodes, along with the number of Pareto optimal solutions iden-
tified for different initial 𝜖 values. The number of iterations is a key 
metric for assessing computational expense, as it directly reflects the 
number of environment evaluations (or interactions), which is critical 
for determining the practicality of deploying the agent in real-time 
scenarios. Furthermore, it provides a measure of computational cost 
independent of device-specific factors. Employing the trained agent 
with a small initial 𝜖, i.e. 𝜖 = 0.2 significantly reduces the number of 
iterations required. Nevertheless, the agent finds more Pareto optimal 
solutions when the initial 𝜖 is higher, such as 0.5. Yet, transitioning 
to fully random initial exploration does not significantly increase the 
number of Pareto solutions found and erases any memory of previous 
training. In summary, the goal-oriented graph generation framework, 
coupled with the trained agent, facilitates rapid convergence to optimal 
solutions and offers robust adaptability to new grid configurations with 
minimal exploration and training overhead.

5. Conclusions

This paper introduces a goal-oriented graph generation method to 
address the risk-informed transmission expansion planning problem. 
The goal is to enhance system security by concurrently minimizing 
cascading failure propagation and grid expansion costs. The method 
utilizes reinforcement learning and a GNN-based cascading failure 
meta-model. The former trains an agent to learn a multi-objective 
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Fig. 7. Visualization of TEP for selected solutions: most secure solution I, best compromise solution II and cheapest solution III, as labeled in Fig.  C.9.
expansion plan of the IEEE 118-bus system. The latter computes the 
risk of cascading failures in near real-time and, therefore, improves 
the computational efficiency of the method. We demonstrate the gen-
eralizability of the GNN meta-model on previously unseen topologies. 
In addition, we perform a comparative analysis against the state-of-
the-art multi-objective optimization approach, i.e., the NSGA-III. We 
found that the reinforcement learning agent identifies more secure 
power grid configurations at a lower cost. Nevertheless, the obtained 
decisions are comparable, underscoring the significance of two specific 
lines within the best compromise solution shared by both approaches. 
Our results show that the trained agent demonstrates two key points. 
First, the trained agent autonomously converges to the optimal best 
compromise solution given cost and security objectives. Secondly, the 
agent demonstrates adaptability to novel grid configurations, requiring 
minimal exploration and training to identify optimal grid upgrades. In 
future work, we aim to assess how the trained GNQN can be utilized 
to identify new branches in non-existing corridors through link predic-
tion modeling, a task well-suited for graph neural networks (GNNs). 
Link prediction in GNNs involves predicting the likelihood of an edge 
(branch) between two nodes (buses) in a graph, leveraging structural, 
feature-based, and topological information. Specifically, our objective 
is to extend the training to a fully connected graph that distinguishes 
between existing and potential new corridors. This approach would 
enable the model to identify plausible locations for new branches.

An evident challenge in this framework is assigning costs to lines 
in non-existing corridors, as we lack information regarding their ge-
ographical length, environmental constraints, and overall feasibility. 
Overcoming this limitation may require incorporating external geo-
graphical or planning data into the model.

Additionally, we plan to analyze how the meta-model performs 
when applied to new grid configurations. Previously, the meta-model 
demonstrated generalization capabilities to new topologies with addi-
tional branches on existing corridors. However, it remains uncertain 
how well the model will generalize when integrating entirely new 
corridors into the grid. This direction aims to improve the model’s 
ability to predict and evaluate the integration of new branches into the 
grid.
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Appendix A. State space specification

The state space  represents power grids as graphs. The power grid 
is denoted by 𝐺 = (𝑉 ,𝐸,𝐗,𝐀). The node feature matrix 𝐗 contains 
bus information, where |𝑉 | is the number of buses, and 𝑓 is the 
number of features per bus. In our case, there are 54 features per bus. 
These features are obtained by solving the optimal power flow for 18 
randomly sampled hours from the yearly loading demand. The features 
include net active power, net apparent power, and voltage magnitude 
per bus. These features are concatenated to form a 118 × 54 node fea-
ture matrix, and mean normalization is applied. In PyTorch Geometric, 
the weighted adjacency matrix is represented by encoding the graph 
connectivity in Coordinate list (COO) format (Fey and Lenssen, 2019). 
An edge weight vector is assigned, and its elements are integer values 
representing the number of branches per corridor. The edge weight 
vector, with dimensions 179 × 1, is the only entity modified during 
the learning process. Importantly, the node features matrix remains 
unchanged.
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Fig. B.8. CCDF comparison: physics-based model (blue) vs trained GNN model (red).

Appendix B. Cascades GNN meta-model architecture and model 
performance

The meta-model of Cascades has been developed using geometric 
deep-learning techniques that involve training GNN. We extend the 
work of a prior study (Varbella et al., 2023) by presenting a regression 
model that leverages a Graph Neural Network (GNN) architecture for 
graph-level tasks. This model aims to predict the precise magnitude of 
Demand Not Served (DNS) resulting from a cascading failure event. 
It represents an advancement beyond the previous work, where the 
output of cascading failure models was encoded with a binary label, 
only indicating the presence or absence of DNS. The data is organized 
as graph-structured data, which is needed as input to the GNN, meaning 
that the dataset comprises a set of N graphs  = {𝐺1, 𝐺2,… , 𝐺𝑁}. 
Each graph represents the power grid state associated with a DNS in 
MW. Each input graph is assigned a node feature matrix (𝐍) and edge 
feature matrix (𝐄). Nodes and edges represent the buses and branches 
of the power grid, respectively. We provide three features per bus and 
four features per edge. The bus-level features are the net active power, 
net apparent power, and voltage magnitude. The branch-level features 
are the active power flow, reactive power flow, branch reactance, and 
branch rating. The initial contingencies are considered by removing the 
failed branches from the list of branches in the power grid and the 
respective branch features. All bus and branch features are normalized 
using mean normalization. In summary, each graph instance consists 
of the node feature matrix, the edge feature matrix, the branch list, 
and a graph-level label. The model uses two message-passing layers, 
specifically GraphTransformer layers (Shi et al., 2020), each combined 
with a parametric Relu (PRelu) activation, one graph pooling layer, and 
three fully connected layers (FC) with PRelu activation. Finally, mean 
squared error loss is applied to deal with the regression problem. We 
report the results of the GNN model trained on a dataset of 56 IEEE 
118 topologies. Each of the topologies is created by randomly imposing 
grid upgrades. We included 4806 graphs, as many as the scenario 
considered, the same scenario described in Section 4. As a result, the 
entire dataset to train and test the metamodel consisted of 269136 
graphs. We split the dataset into 80-15-5 train–test–validation sets. We 
trained the meta-model with a Windows desktop with an AMD Ryzen 
Threadripper 3960X 24-Core Processor and an NVIDIA RTX A6000 GPU 
with 48 GB VRAM.. Fig.  B.8 shows the risk curve obtained with the 
physics-based model (blue) and the risk curve obtained with the trained 
GNN model (red). We observe that the risk curves are very well aligned, 
i.e., the GNN model can reproduce the results of Cascades. The mean 
squared error (MSE) loss and the R2 score on the test dataset are 8.1e−8
and 99.8%, respectively. The R2 score is 𝑅2 = 1 − 𝑅𝑆𝑆

𝑇𝑆𝑆 , where 𝑅𝑆𝑆 is 
the sum of squares of the residual errors and 𝑇𝑆𝑆 is the total sum of 
the errors.
10 
Fig. C.9. Goal-oriented graph generation vs NSGA-III.

Appendix C. NSGA-III framework

In this section, we comprehensively explore the results obtained 
from the NSGA-III algorithm (Deb and Jain, 2014), shown in Fig.  C.9. 
NSGA-III is a Genetic Algorithm designed to solve optimization prob-
lems with multiple conflicting objectives, such as the TEP problem. The 
TEP is characterized by a nonlinear, non-convex nature and includes 
a black-box function associated with the second objective 𝑅𝐼 , which 
lacks an analytic form. The algorithm employs distinctive features to 
iteratively converge towards the desired Pareto-optimal front. In par-
ticular, it deploys widely distributed reference directions to efficiently 
guide the search through improved function evaluations, leading to a 
well-distributed Pareto front (Deb and Jain, 2014).

The experiment involves an initial population of 40 randomized 
individuals and 70 iterations. Each individual is generated by ran-
dom boolean vectors with eight non-zero entries, representing the 
branches eligible for upgrade. If this results in all-zero entries, to avoid 
non-reproducibility of the population, a ’’Repair’’ mechanism is imple-
mented to randomly assign an entry equal to ’’1’’ in the individual. 
This experimental setup provides a robust foundation for evaluating 
the algorithm’s performance. The number of iterations used with the 
NSGA-III is lower than those used by the goal-oriented graph generation 
framework. However, we monitor the hypervolume to examine the 
convergence of the NSGA-III. We find that in 30 iterations, the Pareto 
population converges to the reported solution, meaning that a higher 
number of iterations will likely not improve the results.

Fig.  C.9 visualizes the NSGA-III outcomes, offering insights into 
its ability to generate diverse, high-quality solutions throughout the 
iterations. In Table  2, we present all the branches associated with the 
respective objective values. The algorithm is implemented using the 
PYMOO library (Blank and Deb, 2020). The experiments are conducted 
on a Windows machine with an Intel(R) Core(TM) i7-4770 4-Core 
Processor. To complete the iterations, approximately 8 h are necessary.

Appendix D. DQN versus welfare DQN

In this section, we present results obtained through the traditional 
Deep Q Learning framework (Mnih et al., 2013) instead of the Welfare 
Q-learning multi-objective framework outlined in Section 2.2. Unlike 
the non-stationary policy employed in the multi-objective framework, 
the traditional DQN algorithm relies on a stationary policy. We adopt 
a scalarization approach for the reward vector instead of the Nash 
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Fig. D.10. Development of the risk improvement metric in the agent training. We 
present the risk improvement metric as a positive number, whereas it was previously 
shown as a negative value, to better illustrate its growth throughout the training 
episodes.

Social Welfare function in Eq.  (9). The same initial conditions, hyper-
parameters, and agent architecture are used for the two approaches, 
reported in Section 3. The comparison of learning processes between 
the Welfare Q Learning method and the DQN method is depicted 
in Fig.  D.10, which shows the development of the metric 𝑅𝐼 in the 
learning process and demonstrates performance disparities between the 
two approaches. Through this comparative analysis, we observe that 
using a traditional DQN model, the agent is not learning strategies to 
maximize risk improvement despite using equal initial conditions. The 
traditional DQN algorithm relies on a stationary policy and simpler 
scalarization of the reward vector, which appear crucial to learning 
an optimal strategy. Furthermore, more iterations are needed for the 
traditional DQN approach because fewer Pareto optimal solutions are 
found, making the episodes longer, see Algorithm 2. The welfare DQN 
agent learns steadily but shows temporary instability around 5000 
iterations. After this drop, the RI increases monotonically, stabilizing 
performance due to the decaying exploration rate. By the end of the 
training, the welfare DQN exhibits minimal reward and RI variance, 
indicating convergence. To maintain stability, we use experience replay 
and target network updates. These address common DRL challenges like 
correlated data and non-stationary targets. The decaying exploration 
rate ensures a balance between exploration and exploitation, aiding 
convergence. In future work, we plan to explore adaptive learning rate 
schedules and prioritized experience replay to further enhance stability 
and robustness.

Data availability

Data will be made available on request.
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