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Abstract. Relational graph structures add a layer of complexity to multi-
objective combinatorial optimization (MOCO) that often renders large-scale
NP-hard instances computationally prohibitive. While traditional metaheuris-
tics like NSGA-II remain the industry standard, their reactive nature prevents
them from learning policies that generalize to unseen tasks. To address this,
an end-to-end Deep Reinforcement Learning (DRL) framework is introduced,
integrated with a Graph Convolutional Network (GCN) specifically for the
Multi-Objective Project Portfolio Selection Problem (PPSP). By mapping the
structural interdependencies of projects, the GCN provides critical cues that
allow a Proximal Policy Optimization (PPO) agent to construct high-quality
portfolios. Training stability is ensured through a reward normalization strategy
derived from weighted-sum Pareto scalarization theory. Benchmarks on
Barabási-Albert and fully-connected graph instances reveal that the proposed
DRL agent achieves a Hypervolume indicator 2.4 times higher than NSGA-II
on 50-project tasks. Notably, interpretability analysis shows the model learns
to prioritize high-degree ”hub” projects with strategic synergies. Regarding
scalability, the agent maintained over 90% of its Hypervolume performance
when transitioned from 50 to 200 projects in a zero-shot manner, requiring
no further training. This efficiency is mirrored in its computational speed;
an average inference time of 12.69 ms represents a 300-fold acceleration
compared to the metaheuristic baseline. Such results underscore the potential
of GNN-driven structural exploitation as a robust alternative for high-speed,
multi-objective optimization.
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1 Introduction

Modern industrial systems and supply chain logistics are built on the ability to solve Combina-
torial Optimization (CO) tasks [1]. The difficulty of satisfying these optimization constraints
has only increased with the shift toward decentralized models like out-of-home delivery [10].
In industrial practice, finding one global optimum is often computationally intractable. Con-
flicting metrics practically define this field, making trade-offs unavoidable [19, 20]. The PPSP
exemplifies these inherent tensions: organizations want high yields, yet they must strictly mit-
igate risk exposure. In reality, strict budgets and hard capacity limits force a mathematical
compromise.

For a long time, the default tools were exact scalarization, such as the Augmented Epsilon-
Constraint method, or population-based genetics. NSGA-II [5] remains the industry standard
for discrete search spaces. But metaheuristics have a significant inherent limitation. They
react poorly to dynamic changes. Environmental shifts force these algorithms into sluggish re-
optimization cycles [23]. Even hybrid matheuristics often face scalability bottlenecks in live
systems [3]. Researchers are addressing this by moving to Neural Combinatorial Optimization
(NCO). Neural policies remove the need for restarting a search every time a new project arrives.
Constructing a policy this way cuts out the calculation time that slows down classic search,
where even small environment changes require a full re-run [2, 22].

Multi-objective math is increasingly crossing paths with DRL architectures. Gama et al. [8]
proved GNNs can map relational graph data. For Pareto curve tracking, Liu et al. [14] utilized
gradient signals. In heavy scheduling environments, PPO consistently handles the computa-
tional load [24]. PPSP itself remains a prominent multi-objective hurdle [12]. Darvish and
Sepehri [4] even ran DRL on PPSP under deep uncertainty. A major methodology gap remains,
however. No current framework effectively fuses GNN-based structural encoding with stable
Pareto scalarization. Fu and Gu [7] addressed node-routing problems, while Ekmekcioğlu and
Pınar focused on optimizing continuous financial weights [6]. Both approaches, however, are
ill-suited to the discrete, combinatorial nature of subset selection demanded by PPSP.

The present study is structured to address these identified methodological gaps by contribut-
ing to the ”learning to construct” paradigm. First, the work provides an end-to-end DRL frame-
work that stabilizes training via a theoretically grounded reward normalization. Second, the
model exhibits zero-shot scalability. An agent was trained on 50 projects and tested on 200,
spanning both sparse and dense graph topologies, without seeing any major performance drop.
Finally, a detailed interpretability analysis is included. The data proves the GNN actually learns
to target strategic ”hub” projects. It exploits relational synergies instead of just memorizing the
training set.
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2 Materials and Methods

2.1 Problem Formulation: Project Portfolio Selection Problem (PPSP)

The PPSP is structured here as a multi-objective combinatorial optimization task. Project in-
terdependencies are represented via a graph G = (V,E), where each project pi in the set
P = {p1, . . . , pN} is characterized by a triplet of cost ci, profit vi, and risk ri. The primary
goal is to determine a binary vector x ∈ {0, 1}N to:

Maximize F1(x) =

N∑
i=1

vixi, (Total Profit) (1)

Minimize F2(x) =

N∑
i=1

rixi, (Total Risk) (2)

Subject to:

N∑
i=1

cixi ≤ B, (Budget Constraint) (3)

N∑
i=1

xi ≤ K. (Size Constraint) (4)

To apply reinforcement learning, the PPSP is cast as a Markov Decision Process (MDP)
(S,A, P,R, γ) [21]. At each step t, the state st integrates the static graph G with the dynamic
selection mask xt and the remaining resources (Brem,Krem). The agent’s action at consists
of selecting an unselected project i (xi = 0) provided ci ≤ Brem. To prevent infeasible
transitions, an action masking layer is utilized at each decision node. The rewardR is assigned
at the terminal state T through a scalarized normalization:

R(sT ) =

2∑
j=1

wjF̂j(x) + β · Isuccess, (5)

where F̂j are min-max normalized objectives and β is a success bonus. The success bonus
β was carefully calibrated to serve as a sparse feasibility signal; this ensures the agent first
masters the constraints without the feasibility reward eclipsing the dense signals required for
Pareto optimization.

Proposition 1 (Scalarization Property): Following weighted-sum scalarization theory
[17], for any weight vector w ∈ R>0, the optimal policy π∗ that maximizes E[R] yields a
solution x∗ located on the Pareto frontier of the MOCO problem.
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2.2 DRL Framework: Methodology

Portfolio construction is executed as a constructive MDP. The agent architecture (Figure 1)
incorporates a Graph Convolutional Network (GCN) [11]. This design choice is motivated by
the homophily of project networks, where relational synergies are effectively captured through
isotropic neighborhood aggregation [16]. By integrating this graphical prior, themodel achieves
higher stability than recurrent architectures, particularly when dealing with the non-stationary
nature of combinatorial datasets [6].

Figure 1: Detailed Architecture of the GNN-Enhanced DRL Agent.

2.3 Experimental Design and Implementation Details

Computational experiments evaluate three core dimensions: Pareto front diversity, statistical
robustness, and zero-shot generalization capability.

• Instance Generation: Experiments span medium-scale (N = 50) and small-scale (N =

20) problem instances. Each scale encompasses two complementary graph topologies:
sparse, structured Barabási-Albert (BA) graphs and dense, unstructured fully-connected
(FC) networks. A held-out set of 20 previously unseen instances is reserved exclusively
for final generalization validation.

• Baseline Configuration: NSGA-II [5] serves as the primary metaheuristic benchmark.
To ensure a fair comparison, population size and the number of generations are dynami-
cally adjusted according to problem scale, and a feasibility repair mechanism is incorpo-
rated throughout.

• Statistical Protocol: To ensure reliability, all DRL agents are trained under three inde-
pendent random seeds. For each test instance, the Pareto front is approximated via 21
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evenly spaced scalarization weights, w ∈ {0, 0.05, . . . , 1.0}, providing uniform cover-
age of the objective space.

• Implementation Details: Table 1 summarizes the complete hyperparameter configura-
tions adopted for both the PPO agent and the NSGA-II baseline across all experimental
scenarios.

Table 1: Hyperparameter Configurations for All Experimental Scenarios

Category Parameter Value
Problem Instance Number of Projects (N ) 50 (up to 200 for scalability testing)

Budget Factor 0.25
Max Selection Factor (K) 0.20
Graph Topology Barabási-Albert (m = 3)

DRL Framework GNN Architecture 2-Layer GCN
Hidden Dimension 128
Learning Rate 2× 10−4

Optimizer Adam (ϵ = 1× 10−5)
PPO Parameters Total Training Steps 300,000

Steps per Update Batch 4,096
Clip Parameter (ϵ) 0.2
Entropy Coefficient 0.01
Discount Factor (γ) 0.99

Reward Design Completion Bonus (β) +10.0

Normalization Strategy Min-Max Objective Scaling
NSGA-II Baseline Population Size 150

Number of Generations 300

3 Results and Discussion

Empirical findings are detailed below, accompanied by ablation experiments and an interpretability-
focused analysis.
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3.1 Pareto Diversity and Convergence

On the 50-project BA instances, a significant advantage was demonstrated in discovering a
dense and diverse Pareto front. By utilizing 21 scalarization weights, a continuous trade-off
curve was captured, whereas NSGA-II required a significantly higher computational budget to
approach a similar level of convergence and diversity in the binary search space (Figure 2).

Figure 2: Comparison of the Pareto fronts on a 50-project BA graph. The proposed DRL framework (21 weights)
provides a significantly denser and more diverse set of non-dominated solutions compared to the NSGA-II baseline.

3.2 Statistical Robustness and Generalization

To validate the robustness of the framework, the agents were evaluated on 20 unseen test in-
stances. As shown in Table 2, the DRL agent achieved a mean Hypervolume of 0.848± 0.002,
demonstrating high stability across different random seeds and graph instances.

Table 2: Statistical Performance and Robustness on Unseen Graphs

Random Seed Mean Hypervolume (HV) Std. Deviation (HV) Avg. Inference Time (ms)
Seed 42 0.8465 0.0187 12.45
Seed 123 0.8522 0.0245 12.72
Seed 7 0.8479 0.0165 12.90
Overall Mean 0.8489 0.0029 12.69

The remarkably low standard deviation (0.0029) across different random seeds highlights
the framework’s stability, offering a significant reliability advantage over stochastic population-
based metaheuristics.
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3.3 Zero-shot Scalability Analysis

A critical strength of the GNN-enhanced agent is its ability to generalize to larger problem
scales without retraining. An agent trained on N = 50 was tested on instances up to N = 200.
While NSGA-II’s performance collapsed due to the exponential growth of the search space, the
DRL agent maintained over 90% of its Hypervolume (Figure 3). During the scalability tests,
the Budget Factor (0.25) and Size Factor (0.20) remained constant, meaning the absolute budget
and capacity constraints scaled linearly with the number of projects.

Figure 3: Zero-shot Scalability Test. The agent trained onN = 50 maintains high performance onN = 100 and
N = 200 instances, highlighting the universal nature of the learned heuristic.

3.4 Ablation Study: Reward Normalization

An ablation study was performed to verify if reward normalization truly impacts the results.
Without this step, the high variance in objective scales led to unstable policy gradients and
failed convergence. In contrast, including the normalization strategy produced a smooth and
stable learning curve (Figure 4).

3.5 Sensitivity to Graph Topology

The results presented in Table 3 reveal a clear performance inversion on Fully-Connected (FC)
graphs, suggesting that the GNN’s competitive advantage is intrinsically tied to the exploitation
of network structure. In dense, uniform environments that lack exploitable topological motifs,
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Figure 4: Impact of Reward Normalization on Training Stability. The proposed normalization (blue) prevents the
reward oscillations observed in the baseline (orange), ensuring stable convergence toward the Pareto frontier.

NSGA-II’s broad global search proves more effective. Conversely, on sparse Barabási-Albert
(BA) graphs, the GNN successfully identifies and leverages high-influence hub nodes encoded
in the power-law degree distribution, yielding a substantially superior Pareto front.

Table 3: Hypervolume Performance Ratio Across Graph Topologies

Graph Topology Structural Property Ratio (HVDRL / HVNSGA-II)
Barabási-Albert Sparse, power-law degree distribution 2.39x
Erdős-Rényi Random, homogeneous connectivity 1.10x
Fully-Connected Dense, uniform (no exploitable motifs) 0.84x

3.6 Interpretability: What the GNN Learned

A dual analysis was conducted to interpret the agent’s policy. First, a t-SNE visualization of
the project embeddings is presented in Figure 5, confirming that projects are clustered based on
their structural and attribute-based similarities. This proves that the GNN successfully extracts
the contextual information of each node. Second, Figure 6 highlights the correlation between
node connectivity and selection probability. The strong positive correlation found here indicates
the agent learns to prioritize high-degree ”hub” projects, likely to exploit relational synergies
in the graph.
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Figure 5: t-SNE visualization of the learned project embeddings.

Figure 6: Correlation between node degree and selection probability.

3.7 Computational Efficiency

Solutions are generated in approximately 12.69 milliseconds once the training phase concludes.
This makes it over 300 times faster than the NSGA-II baseline. Such a significant reduction in
latency suggests the framework is highly suitable for dynamic settings where re-optimization
must happen almost instantly [13].
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4 Discussion

The experimental results offer several insights into how DRL performs on structured MOCO
problems. Analyzing empirical findings regarding structural exploitation and computational
throughput is the focus here.

4.1 Structural Exploitation and Interpretability

The sharp performance reversal seen across graph topologies (Table 3) confirms that the GNN’s
inductive bias is uniquely suited for structured relational data. As Figs. 5 and 6 illustrate, the
agent clearly learns to pinpoint and favor strategic ”hub” projects. Such structural awareness
stands in contrast to metaheuristics, which typically view the decision space as a flat collection
of binary choices [7].

4.2 Scalability and Zero-shot Generalization

A key advantage of this framework is its zero-shot scalability. As Figure 3 illustrates, the agent
trained on N = 50 projects retains over 90% of its performance when applied to N = 200

instances. This implies the GNN learns local relational motifs that don’t change with graph
size. This offers a scalable alternative to metaheuristics, which typically have to solve every
new instance from scratch [2].

4.3 Computational Efficiency and Practical Utility

The analysis highlights a classic trade-off: DRL requires intensive offline training, but its online
inference speed (around 12.6 ms) is 300 times faster than NSGA-II. For environments involving
daily re-evaluation or real-time resource allocation, this speed is essential [13]. Instantaneous
decision-making is a major asset in industrial systems where multi-objective tasks require high
adaptability [9].

5 Conclusion

Integrating GCN-based structural encoding with a PPO agent and Pareto-grounded reward nor-
malization has yielded a robust optimization model for the PPSP. The framework was bench-
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marked against NSGA-II across various topologies and scales, leading to three main conclu-
sions. First, on structured Barabási-Albert graphs, the DRL agent achieved a Hypervolume 2.4
times higher than NSGA-II, with statistical significance across multiple seeds. Second, inter-
pretability checks show the GNN actually learns to target high-degree ”hub” projects, creating
a more transparent decision-making process. Third, the model shows robust zero-shot general-
ization, maintaining 90%Hypervolume when moving fromN = 50 toN = 200, and runs over
300 times faster than the metaheuristic baseline. There are limitations to consider. The perfor-
mance depends heavily on topology; NSGA-II still outperforms DRL on unstructured, fully-
connected graphs. This suggests structural exploitation requires a clear relational structure to
be effective. Upcoming efforts will target real-world PPSP datasets and look into Tchebycheff
scalarization for non-convex regions. Investigation of hardware accelerators such as Ising ma-
chines is also planned. In summary, GNN-based DRL provides a scalable and interpretable
paradigm for multi-objective optimization.

Limitations and Future Directions Dataset generalization stays a primary concern. Validat-
ing these results against empirical PPSP data to move beyond synthetic benchmarks is a critical
next step [4]. There is also an intention to investigate meta-learning as a way to allow a single
policy to adjust to shifting objective weights [15]. Because weighted-sum approaches often
fail in non-convex regions [17], Tchebycheff scalarization remains a promising alternative for
future versions. Furthermore, Ising machines and other specialized hardware may provide a
novel path for reaching ground states in such NP-hard problems [18].
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