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Abstract. Contemporary autonomous engineering systems demand decision-making frameworks 

capable of reconciling competing optimization objectives under dynamic, partially observable 

environments. This paper proposes a stochastic gradient-augmented neuro-symbolic architecture 

(SG-NSA) that integrates differentiable symbolic reasoning modules with deep reinforcement 

learning pipelines to address constrained multi-objective optimization in real-time industrial control 

scenarios. The proposed framework employs a dual-stream policy network coupled with a 

Lagrangian constraint satisfaction layer, enabling simultaneous maximization of operational 

throughput and safety compliance. Empirical validation across three benchmark engineering control 

environments demonstrates a 23.7% improvement in Pareto-front approximation quality over state-

of-the-art baselines. Ablation studies confirm the critical contribution of symbolic grounding to out-

of-distribution generalization. The architecture is shown to be computationally tractable for 

deployment on edge AI inference hardware, advancing the practical viability of intelligent 

autonomous engineering systems. 
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Introduction 

The proliferation of cyber-physical systems and intelligent automation across high-stakes 

engineering domains — including smart manufacturing, autonomous energy grid 

management, and adaptive robotics — has precipitated an urgent demand for artificial 

intelligence frameworks capable of operating reliably under non-stationary, constraint-

laden conditions. As of 2025, industrial AI deployments routinely confront environments 

where multiple conflicting performance objectives must be simultaneously optimized, 

while adherence to hard physical safety constraints remains non-negotiable. Classical 

single-objective optimization paradigms, even when augmented with heuristic 

metaheuristics such as genetic algorithms or particle swarm optimization, have 

demonstrated systematic limitations in scalability and real-time adaptability when faced 

with the combinatorial complexity inherent to modern engineering systems. Concurrent 

advances in deep reinforcement learning (DRL) have yielded powerful policy optimization 

methodologies; however, purely data-driven neural architectures frequently suffer from 

poor out-of-distribution generalization, opacity in decision rationale, and an inability to 

reliably enforce hard inequality constraints during policy execution — shortcomings that 

are categorically unacceptable in safety-critical engineering contexts. Neuro-symbolic 

integration has emerged as a theoretically grounded paradigm for reconciling the statistical 

expressiveness of sub-symbolic neural networks with the structural rigidity and 

interpretability of symbolic logic-based reasoning engines. Prior contributions in this space 

have demonstrated that symbolic grounding can significantly improve sample efficiency 

and constraint compliance in controlled laboratory benchmarks. Nevertheless, existing 

neuro-symbolic architectures have not been systematically adapted to the demands of 

constrained multi-objective optimization in real-world industrial environments, wherein the 

joint optimization of throughput, energy efficiency, maintenance scheduling, and regulatory 

compliance imposes a high-dimensional, non-convex Pareto landscape of considerable 

complexity. The gap between theoretical neuro-symbolic capability and deployable, 

engineering-grade AI systems remains substantially unaddressed in the contemporary 

literature as of 2024–2026. This paper directly addresses this gap by proposing the 

Stochastic Gradient-Augmented Neuro-Symbolic Architecture (SG-NSA), a novel 

computational framework that couples differentiable symbolic reasoning modules with a 

dual-stream proximal policy optimization backbone, augmented by a Lagrangian constraint 

satisfaction layer for online constraint penalization. The SG-NSA is explicitly designed to 

produce Pareto-optimal policy sets under hard constraint regimes, while maintaining 

computational tractability sufficient for deployment on resource-constrained edge AI 

inference hardware. The remainder of this paper is structured as follows. Section 2 reviews 

related work in multi-objective deep reinforcement learning and neuro-symbolic AI. 

Section 3 formally defines the constrained multi-objective Markov decision process 



formulation adopted throughout this study. Section 4 presents the full architectural 

specification of the SG-NSA, including the symbolic grounding module and the Lagrangian 

augmentation mechanism. Section 5 describes the experimental setup, benchmark 

environments, and evaluation metrics. Section 6 reports empirical results and comparative 

analysis against baseline methods. Section 7 conducts ablation studies to isolate 

architectural contributions. Section 8 discusses deployment considerations for edge AI 

hardware. Section 9 concludes with a summary of findings and directions for future 

research. 

This is a preliminary version. To read the full version of the article, please purchase a 

subscription. 
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