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I. Introduction 

In an era of rapid technological change, manufacturing industry face unprecedented complexity in system 
design. This essay is written from the perspective of a consultant advising a high-tech global manufacturing 
enterprise in 2025 with ambitions to become a world leader in design and production by 2040. To reach this 
goal, the company must master the design of complex systems, leveraging emerging technologies to outpace 
global competition. The integrated use of artificial intelligence (AI), advanced optimization techniques, and 
digital twin frameworks will be central to meeting these challenges. Recent research emphasizes that 
combining AI and digital twins can transform manufacturing, enabling real-time monitoring, predictive 
decision-making, and dynamic optimization. However, realizing this vision involves overcoming significant 
hurdles in data management, model scalability, uncertainty, and integration of design and control. 

This essay first defines the envisioned characteristics of a successful high-tech manufacturing enterprise in 
2040. We then identify key challenges that must be addressed to achieve those characteristics. We critically 
analyze how integrated AI, optimization algorithms, and digital twin technology can provide solutions. In 
particular, we focus on: (1) real-time optimization and AI-based decision making, (2) scalability of models 
using foundation-model approaches, (3) federated learning and edge-based data sharing across global 
operations, (4) rigorous uncertainty quantification (epistemic and aleatoric), (5) hybrid offline/online 
optimization workflows, and (6) control co-design of processes and materials. We present a structured 
discussion with sections on background, challenges, and proposed solutions, and conclude with concrete steps 
the company should begin implementing today. Throughout, we cite and critique state-of-the-art research to 
support our recommendations. 

II. Background: Vision of a 2040 Manufacturing Leader 

The schematic below (Figure 1) captures the three key capabilities of a 2040 manufacturing leader as three 
tightly integrated pillars—Digital Model Training & Update, Uncertainty Quantification, and Decision Making 
& Optimization—all centered around an interconnected digital‐twin ecosystem: 

1. Digital Model Training & Update: Every critical process and product is first encoded into an AI‐based 
surrogate model via multimodal training (physics simulations, process logs, thermography, high‐speed 
video) and then continuously calibrated with live sensor data to reduce model‐calibration error and sensor 
noise [1]. These updated surrogates form the foundation models that power all higher‐level decisions 
(Characteristic 1: Digital Twin Framework; Characteristic 2: AI‐Driven Decision Making; Characteristic 3: 
Federated Learning & Edge Computing) [2]. 

2. Uncertainty Quantification: The digital twin explicitly quantifies numerical, prediction, and model 
uncertainties—distinguishing aleatoric (sensor noise, environmental, material variability) from epistemic 
(model limitations)—and embeds these confidence intervals into every recommendation [3]. This resilience 



layer ensures robust decision making under unknown conditions (Characteristic 4: Resilience through 
Uncertainty Quantification) [4]. 

3. Decision Making & Optimization: Offline optimizers (Bayesian and linear programming) leverage 
historical data and high‐fidelity twins to co-design materials, geometry, and process parameters—creating 
optimal baselines—while online solvers (dynamic programming, reinforcement learning, MPC) execute 
real-time adjustments on the physical system [5]. This continuous offline–online loop shrinks development 
cycles and drives sustainable, multi-objective trade-offs (Characteristic 5: Integrated Offline Planning & 
Online Control; Characteristic 6: Co-Design of Products & Processes; Characteristic 7: Sustainability & 
Resource Efficiency). 

 

Figure 1. An integrated workflow in which AI‐based surrogate models are trained and iteratively calibrated (left), uncertainty 
quantification distinguishes aleatoric and epistemic errors to inform robust model updates and decisions (center), and a 
dual oƯline–online optimization loop (Bayesian/linear programming oƯline, RL/MPC online) drives adaptive control of the 
physical system (right). 

Together, these three pillars form a self-reinforcing, adaptive loop in which updated digital models inform 
quantified‐uncertainty decisions, which in turn feed optimized actions back into both the physical system and 
the AI surrogates—empowering the enterprise to learn, adapt, and innovate at scale in 2040’s complex global 
landscape. 

Complexity in Modern Manufacturing Systems: The complexity of a high-tech manufacturing enterprise 
arises from multiple sources, including the heterogeneity of processes, the scale of data, and the coupling of 
decisions across domains (mechanical, computational, organizational) [6]. Digital twin frameworks, while 
promising, must integrate models at different scales – from detailed physics of materials to the macro-level 
production line and supply chain [7]. Ensuring consistency and accuracy across these scales is non-trivial, as 
models must be both detailed and computationally tractable. Data streams come from diverse Industrial Internet 
of Things (IIoT) sensors and databases, often in incompatible formats and varying quality [8]. Data quality and 
consistency are foundational challenges: effective optimization and AI rely on reliable, clean data, yet in 



practice data may be siloed or noisy across different factories and IT systems. In addition, manufacturing 
technologies evolve rapidly (e.g. new machines, materials, processes), so the enterprise’s digital infrastructure 
must be flexible and updatable. Algorithms and models that were effective can become obsolete as new 
processes emerge. The company’s complex system design must therefore accommodate continuous technology 
insertion and system reconfiguration [9]. 

In the following sections, we outline the most important challenges impeding the realization of the above vision 
and discuss how they can be addressed. While the focus is on technical solutions (AI, optimization, digital 
twins), we acknowledge that organizational and human factors (e.g. workforce training, change management) 
are also critical. Our analysis emphasizes research-backed strategies that this enterprise should adopt to 
systematically design and operate its complex system of the future. 

III. Key Challenges in Designing a Complex Manufacturing System 

Despite the clear potential of AI and digital twins, several challenges must be overcome to design an integrated 
manufacturing system that embodies the 2040 vision: 

Challenge 1: AI-Driven Optimization with Digital Twins: Manufacturing lines must adjust instantly to 
variability (machine wear, material changes, failures). Digital twins need to do more than mirror operations—
they must compute and enact optimal control moves (e.g., tuning parameters or rerouting workflows) within 
milliseconds to minutes, balancing safety and performance [10]. Achieving this demands a tight integration of 
offline planning (high-fidelity simulations) and online adaptation (model predictive or feedback control), plus 
AI that is both fast and interpretable so engineers can trust its on-the-fly recommendations. 

Challenge 2: Scalability & Model Generalization (Foundation Models): Enterprises generate vast, 
heterogeneous data across products and sites; bespoke AI for each scenario is infeasible [11]. Foundation 
models—large, pretrained networks capturing general physics and manufacturing patterns—promise broad 
applicability but require massive, diverse training data (simulations, experiments, operations) and huge 
compute resources. Integrating and updating these monolithic models, while keeping them interpretable and 
respecting IP constraints, remains an open problem [12]. 

Challenge 3: Distributed Data & Collaboration (Federated Learning): Global factories produce siloed data 
that cannot be centralized for analysis [13]. Federated learning lets each site train local models on its own data 
and share only model updates, creating a global model without exposing raw data. Practical hurdles include 
network latency, heterogeneous equipment/processes, privacy/IP protection, and ensuring each site has 
sufficient edge compute capacity. Designing secure, robust protocols and adaptable aggregation algorithms is 
key to leveraging the enterprise’s full global footprint [14]. 

Challenge 4: Uncertainty & Trustworthiness: Automated systems must quantify both epistemic uncertainty 
(model gaps) and aleatoric uncertainty (inherent randomness). Ignoring these leads to overconfident or unsafe 
decisions [15]. Embedding Bayesian methods, ensembles, and Monte Carlo simulations into digital twins 
provides confidence intervals, while real-time UQ dashboards and fallback strategies (e.g., human override) 
ensure decisions remain reliable. Building rigorous verification, validation, and uncertainty‐aware controls is 
essential to earn user trust. 



Challenge 5: Integrating Design & Production (Control Co-Design): Sequential product-then-process 
design yields suboptimal solutions. True co-design simultaneously optimizes materials, geometry, and factory 
parameters, but this creates a huge, nonlinear search space and heavy simulation loads. Advances in surrogate 
modeling and multi-fidelity optimization help, yet industry practice remains sparse. Overcoming siloed 
workflows and adopting shared digital-twin platforms will let cross-functional teams explore joint design–
process trade-offs rapidly, slashing development cycles and unlocking novel, manufacturable solutions. 

IV. Proposed Solutions through AI, Optimization, and Digital Twins 

To meet the challenges above, we propose a multi-faceted strategy centered on integrating AI, advanced 
optimization, and digital twin frameworks into the company's operations and design processes. The solutions 
are deeply interrelated – a digital twin acts as the convergence point for many of these technologies – and 
together they form an ecosystem enabling the 2040 vision. Below, we outline the key solution approaches 
corresponding to each challenge, citing current research and practical considerations for implementation. 

Solution 1: AI-Driven Optimization with Digital Twins:  

 

Figure 2. OƯline physics-based simulations and active learning iteratively update the digital twin’s predictive model to 
reduce epistemic uncertainty, while online model-predictive control uses real-time sensor feedback to counteract aleatoric 
disturbances and ensure robust system performance. 

The Figure 2 illustrates a two‐stage workflow in which a digital twin both refines its internal model and governs 
real‐time operations to tackle epistemic and aleatoric uncertainties. In the offline update phase, high‐fidelity, 
physics‐based simulations generate reference trajectories and highlight areas of model inaccuracy [16]. These 
simulation outputs feed into an active‐learning loop that periodically updates the twin’s predictive model, 
thereby reducing epistemic uncertainty before deployment. 



Once deployed, the online control phase employs model‐predictive control (MPC) powered by the updated 
model: an optimizer computes control actions that drive the system along the desired reference [17]. These 
actions are executed on the physical system, where unpredictable disturbances and actuation errors inevitably 
introduce deviations. Real‐time sensor measurements or state estimators capture the system’s actual response, 
and this feedback closes the loop—allowing the MPC to adjust its commands instantly to counter aleatoric 
uncertainty. Any persistent discrepancies between predicted and measured behavior can then trigger the next 
offline update, completing a continuous cycle of model improvement and robust control [18]. 

Solution 2: Leveraging Foundation Models for Scalable AI. Addressing Challenge 2, the enterprise 
should build a unified foundation model trained on diverse manufacturing datasets—high-fidelity physics 
simulations, structured process logs, infrared thermography, high-speed melt-pool video, and microstructure 
imagery. Each modality is preprocessed via specialized encoders (e.g., autoencoder bottlenecks for simulation 
outputs, temporal convolutional layers for time-series signals, and convolutional backbones for images) [19]. 
The resulting embeddings feed into transformer or graph-neural-network layers that learn cross-modal 
correlations—such as how transient temperature spikes predict subsurface porosity and eventual surface defects. 
Training uses supervised losses (defect classification, wear-rate regression) alongside self-supervised objectives 
(masked reconstruction of sensor streams), enabling the model to internalize core manufacturing physics, from 
heat-transfer and phase changes to kinematic tolerances and vibration patterns [20]. 

 

Figure 3. Diverse data sources—from physics-based simulation outputs and tabular process logs to thermal images and 
high-speed video—are encoded and fused into a central foundation model, which can then be fine-tuned on specific tasks 
to generate tailored predictions and control strategies. 

Once pretrained, the foundation model can be fine-tuned on a new task—say, predictive maintenance for 
a freshly installed forging press—with as few as several dozen labeled examples. Techniques like low-rank 
adaptation (LoRA) and lightweight projection layers enable rapid convergence on limited local data [21]. This 
fine-tuned model is deployed within a robust MLOps pipeline featuring CI/CD for version control, automated 
retraining on edge-collected updates, and real-time dashboards tracking metrics (e.g., prediction error, false-



alarm rates). Federated learning periodically aggregates encrypted local updates across plants, enhancing the 
global model without exposing raw data. To ensure safety and interpretability, rule-based verification layers 
enforce known material and process constraints, while explainability tools (integrated gradients, attention maps) 
highlight key features driving each AI recommendation—fostering engineer trust and enabling continuous, 
enterprise-wide learning and innovation [22]. 

Solution 3: Federated Learning and Edge-Based Collaboration. To tackle the distributed data challenge 
(Challenge 3), the company should implement a federated learning framework across its sites, combined with 
strong edge computing nodes (see Figure 4) [23]. In practice, this means establishing a central coordination 
server (cloud-based or at a main hub) and deploying federated learning software at each plant. Each site’s digital 
twin runs AI model training or update routines locally on recent data (e.g., a week’s worth of production logs), 
then periodically sends model parameters or gradients—encrypted to prevent eavesdropping—to the central 
server. The server aggregates these updates (for example, via FedAvg) into an improved global foundational 
model, which is then broadcast back to all sites so each benefits from others’ experiences without ever sharing 
raw data [24]. 

 

Figure 4.  Edge-hosted digital twins at multiple additive-manufacturing sites fine-tune a shared foundation model via 
federated updates, enabling a global metatwin that learns from local sensor noise, model calibration errors, 

environmental uncertainty, and material variability without exchanging raw data. 

The system must respect bandwidth and latency constraints: federated updates can occur during off-peak hours 
or at a manageable cadence (e.g., daily), while edge computing (Solution 1) handles latency-critical decisions 
in real time [25]. This synergy—local inference and immediate control at the edge, global intelligence 
improvements via asynchronous federated updates—ensures that even if connectivity is lost, each site functions 
autonomously on its last synced model, then seamlessly resynchronizes when online. Data privacy and security 
are inherently protected by keeping raw data on site; additional measures like encrypted updates and differential 
privacy can safeguard trade-secret production data. This approach maintains confidentiality and reduces 
network load while collectively optimizing processes across facilities. 



A prime use case is predictive maintenance: similar machines across different plants can each train on local 
sensor noise and environmental variability, then contribute to a shared failure-prediction model that outperforms 
any single-site model. Early deployments in other sectors (for example, automotive fleets) have demonstrated 
that federated learning uncovers rare anomalies undetectable by isolated nodes. The enterprise should start by 
federating one or two critical models—such as quality prediction or tool-wear forecasting—gain operational 
experience, and then scale up. Over time, this network of site-level digital twins evolves into a “metatwin” for 
the entire enterprise: a higher-level digital twin that embodies learned knowledge from all facilities [26].  

Solution 4: Robust Design via Uncertainty Quantification (UQ). To ensure the system handles uncertainty 
(Challenge 4), the enterprise must integrate UQ methods into both its design optimization and real-time 
operation. On the design side, this means performing stochastic optimization or robust optimization when 
planning processes and products [27]. Instead of optimizing for a single best-case scenario, the optimization 
should account for variability – yielding solutions that are optimal on average or minimize worst-case risk. 
Techniques like Monte Carlo simulation can evaluate how a candidate solution performs under many random 
trials (e.g., varying material properties, machine precision, environmental conditions). If a solution is too 
sensitive to variations, it would be penalized in the robust optimization objective [28]. This approach leads to 
choices that may not be extreme optima in any one scenario but deliver reliable performance across scenarios. 

Digital twins provide an ideal platform for such simulations. The company’s digital twin models can be 
augmented with uncertainty models: for every input or parameter, an uncertainty distribution can be assigned 
(based on empirical data or expert judgment) [29]. Then large-scale simulations or even real-time Monte Carlo 
runs can be done to see outcome distributions. For instance, before implementing a new robotic assembly 
routine, the twin can simulate 1000 runs with slight random perturbations to gauge yield and identify any high-
variance steps. If a certain joint in the robot often leads to misalignment only in certain conditions, that might 
be epistemic uncertainty (maybe the model of the robot isn't perfect in those conditions) which could be 
reduced by better calibration or adding a sensor; or it might be aleatoric (maybe random electrical noise) which 
you address by a more conservative speed setting. 

For epistemic uncertainty reduction, the company should apply Bayesian updating and learning algorithms 
[30]. This can be as straightforward as continually comparing twin predictions with real outcomes and feeding 
back the error to adjust model parameters (a form of online learning for the twin). More formally, one can use 
Bayesian neural networks or Gaussian process models that naturally provide a measure of confidence with 
each prediction. As more data comes in, these models tighten their confidence intervals (reducing epistemic 
uncertainty). The enterprise could maintain uncertainty dashboards for critical metrics, which would visualize 
current confidence levels. If epistemic uncertainty for a key quality prediction is high, it flags that more 
exploration or data gathering is needed in that regime. Aleatoric uncertainty, on the other hand, informs the 
risk management strategies – if a particular process has inherent variability, the operations plan might include 
extra buffers or inspection steps to mitigate the risk of a bad outcome [31]. 

Importantly, when the AI system provides a recommendation, it should also output an uncertainty estimate. 
For example, an AI might suggest "Increase temperature by 5°C to improve yield, with an 85% confidence 
that this will not cause defects." This kind of information is invaluable for human experts to decide whether to 
trust the AI or not. Methods like quantile regression can directly predict certain quantiles of outcomes, giving 
insight into best-case and worst-case expectations. We recommend that by 2040 the company adopts a policy 
that no automated decision is made without an accompanying uncertainty analysis. This might involve 
embedding simulation-based certification: before a new AI control policy is uploaded to a production machine, 



it is tested in the twin under thousands of randomized scenarios to statistically validate its safety and efficacy 
(akin to virtual stress-testing). 

From a cultural perspective, incorporating UQ will improve trust in AI among stakeholders (engineers, 
managers, regulators), because it demonstrates a cautious and scientific approach rather than a blind reliance 
on algorithms. Verification, validation, and uncertainty quantification (VVUQ) are crucial components in 
developing robust digital twins for complex manufacturing [32]. By systematically addressing VVUQ, the 
enterprise not only avoids costly surprises but can also gain competitive advantage by operating closer to 
performance limits safely, thanks to a better understanding of margins. 

Solution 5: Integrated Co-Design of Products and Processes: To overcome the siloed design challenge 
(Challenge 5), the enterprise should adopt a co-design framework that brings product designers, materials 
scientists, and manufacturing engineers together around a shared digital model from day one [33]. Modern co-
design platforms enable simultaneous, multi-domain simulation: for example, engineers can adjust alloy 
properties, part geometry, and machine parameters in one environment and immediately evaluate impacts on 
weight, strength, manufacturability, and cost. Extending the digital twin concept to a “design twin”—which 
simulates both product performance and its manufacturing—allows optimization algorithms to vary design and 
process variables in tandem, seeking global optima rather than settling for suboptimal sequential hand-offs 
[34]. 

Co-design merges offline and online optimization loops: offline simulations identify designs that perform well 
under ideal conditions, while online data from prototype builds feed back to refine the virtual design almost in 
real time [35]. This tight feedback loop, powered by the twin, drastically accelerates iteration and reduces 
reliance on costly physical prototypes. Multidisciplinary design optimization (MDO) techniques—already 
proven in aerospace—can be tailored for manufacturing to co-optimize part topology, material composition, 
and toolpaths, as demonstrated in additive-manufacturing pilots that achieved lighter, stronger parts with fewer 
build cycles. Implementing co-design also requires a unified data infrastructure—connecting CAD, CAM, and 
CAE tools via digital-thread standards—and cross-functional teams empowered to explore trade-offs rapidly. 
By embracing co-design, the company will simultaneously optimize materials, geometry, and processes, 
enabling agile responses to supply constraints or market shifts and securing a decisive competitive edge [36]. 

Integration of Solutions: While we have discussed each solution in isolation, it’s important to stress that 
their real power comes when implemented together. For example, co-design (Solution 5) will benefit from 
uncertainty quantification (Solution 4) to ensure robust designs, and from foundation models (Solution 2) 
that provide quick estimates of performance for new combinations. Federated learning (Solution 3) will make 
the digital twins in each design center or factory smarter over time, which in turn improves real-time control 
(Solution 1) because the models those controls rely on are more accurate. In essence, we are advocating for a 
holistic AI-driven system architecture for the enterprise. Figure 1 (not included here) could be imagined to 
illustrate this synergy: a loop connecting design (co-design with offline optimization), operation (real-time 
control), global learning (federated updates), all underpinned by a digital twin network, with uncertainty 
analysis pervading each step. The more tightly these components are integrated, the closer the company gets 
to an autonomous, self-optimizing manufacturing ecosystem. 

Crucially, human expertise remains in the loop at strategic points – AI is a tool to augment human decision-
making and automate routine optimization, but domain experts will set goals, handle novel situations, and 
provide oversight. By implementing the above solutions, the company will effectively create a partnership 



between experienced engineers and powerful AI systems embodied in digital twins. This is how the most 
challenging aspects of complex system design can be managed. 

V. Conclusion 

Designing a leading‐edge manufacturing system for 2040 is ambitious yet attainable by articulating a clear 
vision—an AI‐empowered, agile, and resilient global enterprise—and then methodically addressing each 
obstacle. This essay identified five critical challenges—real‐time AI optimization, scalable foundation models, 
federated learning across distributed sites, rigorous uncertainty quantification, and integrated product‐process 
co-design—and offered concrete, research-backed strategies for each. Together, integrated AI, advanced 
optimization techniques, and digital twin frameworks provide the backbone for autonomous control, 
enterprise‐wide knowledge sharing, and rapid virtual prototyping at a scale unprecedented just a decade ago. 

To start this transformation today, the company should: initiate a Digital Twin pilot on a key production line 
to demonstrate AI‐driven monitoring and control; invest in unified data infrastructure and governance, 
including edge/cloud platforms for federated learning; establish an AI Center of Excellence to develop tailored 
foundation models, explore reinforcement learning, and champion uncertainty quantification; form cross-
functional design‐manufacturing teams equipped with co-design tools to jointly optimize product and process; 
and mandate verification, validation, and uncertainty‐quantification (V&V+UQ) for all AI models and 
simulations, training engineers to track epistemic and aleatoric uncertainty and prioritize data or sensor 
improvements accordingly. Executing these steps will build the foundational capabilities for a seamless digital-
twin ecosystem, deeply integrated AI decision loops, and a co-design culture—positioning the enterprise to 
thrive as a world leader in complex system design and production by 2040. 
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Appendix. Definitions of Key Technical Concepts 

1. Digital Twin: A digital twin is a real-time virtual replica of a physical asset, process, or system 
that ingests live sensor data and simulation outputs to mirror its counterpart’s behavior, enabling 
monitoring, analysis, and predictive control of manufacturing operations. 

2. Surrogate Model: An AI-based surrogate model approximates complex physics-based 
simulations by learning input–output mappings (e.g., process parameters to product quality) from 
data, allowing rapid predictions and enabling iterative model updates and discrepancy corrections. 

3. Foundation Model: A foundation model is a large-scale, pretrained neural network—often 
combining physics-based and data-driven components—that embeds general manufacturing 
knowledge (e.g., heat transfer, material behavior) and can be fine-tuned on limited new data for 
task-specific predictions. 

4. Federated Learning: Federated learning is a decentralized training paradigm in which each site 
trains a local model on its own data and shares only encrypted model updates (e.g., gradients) 
with a central server for aggregation, preserving raw data privacy while building a global model. 

5. Edge Computing: Edge computing refers to performing AI inference and model updates on 
hardware located physically close to the data source (e.g., on factory-floor controllers), 
minimizing latency and bandwidth use for real-time decision making. 

6. Aleatoric vs. Epistemic Uncertainty 
o Aleatoric uncertainty arises from inherent randomness in processes or measurements (e.g., sensor 

noise, environmental fluctuations) and cannot be reduced by gathering more data. 
o Epistemic uncertainty reflects lack of knowledge or model inaccuracy (e.g., unmodeled physics, 

limited training data) and can be reduced via additional data collection or model refinement. 
7. Model Predictive Control (MPC): MPC is an optimization-based control strategy that uses a 

predictive model to compute a sequence of future control actions by solving a constrained 
optimization problem at each time step, then applies only the first action before repeating the 
process. 

8. Active Learning: Active learning is a model-training technique in which the algorithm identifies 
and requests the most informative data points (e.g., boundary cases in simulations) to label or 
simulate, thereby improving model accuracy with fewer training samples. 

9. Multidisciplinary Design Optimization (MDO): MDO is an integrated optimization 
methodology that simultaneously considers multiple engineering disciplines (e.g., structural, 
thermal, manufacturing) and their interactions to identify globally optimal design solutions across 
competing objectives. 

10. Verification, Validation, and Uncertainty Quantification (VVUQ): VVUQ comprises: 
o Verification—ensuring the digital twin’s numerical implementation is correct; 
o Validation—confirming the twin’s outputs agree with real-world data; 
o Uncertainty Quantification—characterizing and propagating aleatoric and epistemic 

uncertainties to produce confidence bounds on predictions. 

 


