
Reinforcement learning for precision metal cutting 

Abstract 

This paper examines the application of reinforcement learning (RL) techniques 

in precision metal cutting, with a core emphasis on laser cutting and brief extensions to 

CNC milling, EDM, and abrasive waterjet cutting. It describes closed-loop 

architectures that combine multi-sensor feedback with neural network-based RL agents 

capable of real-time decision-making. The study explores the suitability of algorithms 

such as Q-learning, Deep Deterministic Policy Gradient (DDPG), and Proximal Policy 

Optimization (PPO) for high-frequency, continuous control tasks. Drawing on a 

patented AI-controlled laser cutting module, the paper demonstrates how RL improves 

adaptability to material variability, enhances cut quality, and minimizes operator 

intervention. Case studies and industry data support the performance benefits of RL-

based systems over conventional static control. The article concludes with a discussion 

of implementation strategies, safety considerations, and the broader role of RL in future 

smart manufacturing environments. 
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Introduction 

Precision metal cutting is a fundamental manufacturing process essential to 

industries ranging from aerospace to electronics. Modern techniques such as laser 

cutting, CNC milling, electrical discharge machining (EDM), and abrasive waterjet 

cutting enable high-speed, fine-feature fabrication of complex parts. Among these, laser 

cutting is particularly prominent for its non-contact operation, high energy density, and 

versatility in cutting metals of various thicknesses. However, achieving consistently 

high cut quality in laser machining remains challenging due to the highly nonlinear 

interaction between the laser beam and workpiece material, and the sensitivity to 



variations in material properties or process conditions. Traditionally, operators set static 

parameters (laser power, feed rate, focus, etc.) based on reference tables or empirical 

experience. This open-loop approach can produce defects (tapers, dross, poor edge 

quality) if conditions deviate from nominal. As Mills and Grant-Jacob observe, 

“simulations based on fundamental understanding offer some insight, but… theoretical 

modelling is not particularly applicable to practical experimentation” due to these 

nonlinearities. Thus, there is growing interest in intelligent, adaptive control methods 

for metal cutting processes [3]. 

Machine learning (ML) has recently demonstrated great promise in modeling 

complex machining processes. For example, neural networks can learn to predict 

cutting outcomes or optimize process parameters much faster and more accurately than 

physics-based models. In the context of laser machining, Mills and Grant-Jacob that 

“recent breakthroughs in machine learning have resulted in neural networks that are 

capable of accurate and rapid modelling of laser machining at a scale, speed, and 

precision well beyond those of existing theoretical approaches” [3]. Such ML models 

have been used for tasks like 3D profile prediction and real-time error correction in 

laser processes. However, most prior work has focused on supervised learning or 

parameter optimization in offline settings. 

Reinforcement learning (RL) offers a complementary paradigm: rather than 

passively modeling data, an RL agent can actively interact with the machining process 

to learn how to adjust control actions to optimize a reward (e.g. cut quality or 

productivity) over time. In RL, an agent observes sensor feedback from the process 

(state), selects control actions (e.g. change laser power or feed rate), and receives a 

reward signal that reflects performance. Over many trials, the RL agent learns a policy 

that maps states to actions, seeking to maximize cumulative reward [5]. 

The potential of RL for metal cutting has been recognized in both academia and 

industry. For instance, Xie et demonstrated a novel RL-controlled laser machining 

system that autonomously machines arbitrary patterns while “simultaneously detecting 



and compensating for incorrectly executed actions, in real time”. Major equipment 

manufacturers like Mitsubishi Electric have also begun embedding AI (including 

reinforcement-like learning) in laser and EDM systems to adjust parameters based on 

sensor feedback. These developments suggest that RL could revolutionize precision 

cutting by embedding an adaptive, self-optimizing “intelligence” into the machine. 

Methods 

Reinforcement learning formalizes the control problem as a Markov Decision 

Process (MDP) in which an agent (the controller) iteratively observes the state of the 

environment, takes an action, and receives a scalar reward reflecting performance. In 

the context of metal cutting, the state might include sensor readings (e.g. temperature, 

acoustic emission, camera images of the cut), the current position and velocity of the 

tool, and any relevant process variables (e.g. material thickness). The action 

corresponds to adjusting control inputs such as laser power, focal position, cutting 

speed, or feed direction. The reward is a measure of the cut quality and efficiency; for 

example, a positive reward might be given for maintaining a desired cut kerf width, 

achieving a high material removal rate, or staying within safety bounds, while penalties 

(negative rewards) may occur for defect formation, excessive wear, or violations of 

constraints [5]. 

An RL agent learns a policy π that maps states to actions in order to maximize 

cumulative reward over time. In practice, because the state and action spaces are often 

continuous or high-dimensional in machining, deep reinforcement learning (DRL) 

methods are used, which approximate the policy or value functions with deep neural 

networks. The training can be done offline using simulations or on real equipment in a 

safe manner; once trained, the policy is deployed to perform control online, running at 

the machine’s control frequency (often kilohertz or higher in laser cutting). 

Integrating RL into a real machine often involves a hierarchy or combination 

with classical control. For stability and safety, low-level PID loops or hardware 

enforcements may maintain basic operation, while the RL agent provides high-level 



adjustments. For example, in the laser cutting patent’s closed-loop design, the AI 

(neural-network) controller issues high-level adjustments to power and feed, while 

underlying PID controllers ensure fine stability and limit overshoots. Safety 

mechanisms are essential: the AI outputs are bounded by engineering limits (max 

power, max feed) and supervisory logic can override or shut down the system if unsafe 

conditions are detected. In practice, ensuring safe RL deployment requires careful 

reward design and constraint handling. 

RL algorithms for control 

A variety of RL algorithms can be applied to metal cutting control. These 

algorithms differ in their learning approach (value-based vs policy-based, on-policy vs 

off-policy) and are suited to different kinds of action spaces (discrete vs continuous). 

Table 1 compares key characteristics of some algorithms relevant to cutting 

applications: Q-learning, Deep Deterministic Policy Gradient (DDPG), and Proximal 

Policy Optimization (PPO). 

Table 1. Comparison of selected reinforcement learning algorithms. 

Algorithm Type 
On/Off 
Policy Action Space Key Features 

Q-learning / 
DQN 

Value-
based 

Off-
policy 

Discrete Learns Q-value table (or DNN for DQN); 
simple but requires discrete actions and 
suffers from sample inefficiency with large 
state spaces. 

DDPG Actor-
Critic 

Off-
policy 

Continuous 
(real) 

Model-free, uses DNNs for actor & critic. 
Handles continuous controls (e.g. laser 
power values). Uses replay buffer and 
target networks for stability. 

PPO Policy-
Gradient 

On-
policy 

Discrete or 
Continuous 

Updates policy directly with clipped 
objective. Tends to be stable and sample-
efficient for many control tasks. Can 
handle continuous action outputs. 

Q-learning (and its Deep Q-Network variant) learns a value function for discrete 

actions, while DDPG and PPO are actor-critic methods capable of continuous control. 

Off-policy means training uses past experience data (e.g. a replay buffer), whereas on-

policy algorithms update using the current policy’s data. 



Q-learning: this classic RL method learns a value function Q(s, a) estimating 

the expected return of taking action a in state s and thereafter following the learned 

policy. In practice, tabular Q-learning is infeasible for continuous or high-dimensional 

problems, but Deep Q-Networks (DQN) use neural nets to approximate Q(s, a). 

However, these are typically limited to discrete action spaces (e.g. “increase power” vs 

“decrease power” by fixed steps). Q-learning is off-policy, using past transitions to 

update Q via the Bellman equation. It is conceptually simple and well-understood, but 

in continuous control it suffers from instability and poor sample efficiency. 

Deep Deterministic Policy Gradient (DDPG): DDPG is an off-policy actor-

critic algorithm suitable for continuous action spaces. It employs two networks: an actor 

that proposes actions given states, and a critic that evaluates them (estimating Q-

values). Training uses experience replay and slowly-updated target networks (as 

introduced in DQN) to stabilize learning. For precision cutting, DDPG can directly 

output fine adjustments in real-valued parameters like laser intensity or servo velocity. 

Lillicrap et al. (2015) demonstrated DDPG’s ability to learn continuous control in 

simulated robotics, and it has since been applied to various manufacturing optimization 

tasks. 

Proximal Policy Optimization (PPO): PPO is an on-policy policy gradient 

method developed by Schulman et al. (2017). Instead of learning values, PPO directly 

optimizes the policy, adjusting it each iteration to maximize expected reward while 

ensuring updates are within a safe “trust region”. PPO has become popular due to its 

empirical stability and simplicity. In cutting, PPO can learn reactive control policies 

(mapping states to actions) and is compatible with both discrete and continuous outputs. 

Because PPO is on-policy, it typically requires collecting fresh data each update, but 

yields robust convergence in complex tasks. 

Closed-loop control architecture 

Implementing RL in a metal cutting system involves connecting the algorithm to 

the physical control loop. The AI-controlled laser cutting module (as described in the 



patent) serves as a blueprint: it integrates multiple sensors and an embedded neural-

network controller to form a closed-loop system. Initially, the machine uses nominal 

parameters based on material type and thickness. As cutting begins, various sensors 

continuously feed back data: thermal sensors measure cut-zone or part temperatures. 

optical sensors (photodiodes, cameras) capture the brightness of plasma and back-

reflected beam. acoustic sensors pick up the sound spectrum of cutting (sputtering vs 

stable plasma). distance and focus sensors monitor focal position and gap. 

Position encoders track the cutting head coordinates. 

This multi-modal state is input to the RL agent. At high frequency (dozens to 

hundreds of times per second, depending on hardware), the neural network infers the 

appropriate control adjustments. For example, if the temperature drops unexpectedly 

(indicative of poor energy coupling), the agent might slightly increase laser power or 

slow the feed to compensate. If back-reflection spikes, suggesting the beam is off-target 

or the cut is already through, the agent may reduce power or adjust focus to avoid 

overheating. Through continuous feedback and learning, the controller effectively 

“tunes” the process in real time to maintain optimal cutting conditions. 

Integration with safety and auxiliary control 

Safety is paramount in high-power laser cutting. Thus, the RL controller operates 

under strict bounds. As described in the patent, “predefined limits on parameters – the 

AI cannot exceed the maximum laser power or speed that the machine and material can 

handle safely”, and if dangerous conditions are sensed (e.g. overheating, open 

enclosure), the system will automatically pause or shut down. Moreover, a supervisory 

logic or secondary control loop can constrain the RL agent’s outputs to prevent 

oscillations. In practice, a hierarchical scheme may be used: a conventional PID or 

heuristic controller maintains basic process stability and enforces invariants (like stable 

focus and axis tracking), while the RL agent provides higher-level parameter tuning. 

This “safe RL” approach ensures that while the agent explores and adapts, it never 

drives the system into out-of-bounds states [1]. 



Extending RL to Other Cutting Processes 

While laser cutting is a focal example, the same RL principles apply to other 

precision cutting technologies, albeit with different state-action setups. 

CNC Milling: in milling, the state can include spindle speed, feed rate, machine 

vibration or force sensor readings, and current toolpath location. Actions can be 

adjustments to feed rate, spindle speed, or tool orientation.  

Electrical Discharge Machining (EDM): EDM uses electrical discharges to 

erode metal. Typical control involves maintaining a stable gap voltage or spark rate. 

An RL state might include the gap voltage, current pulse characteristics, and debris 

conditions; actions could adjust pulse duration, open-circuit voltage, or servo position. 

Mitsubishi’s AI-driven EDM systems (SG series) exemplify this: their AI 

“continuously adapts the generator parameters” and generates predictive machining 

strategies. In RL terms, the agent would learn the optimal parameter settings to achieve 

steady machining and high material removal while minimizing electrode wear and short 

circuits [2]. 

Waterjet and abrasive waterjet cutting: in waterjet cutting, state variables 

include water pressure, abrasive feed rate, and sensor feedback on nozzle condition or 

waterjet vibration. Actions adjust those same parameters. Emerging research notes that 

“fuzzy logic and reinforcement learning are being explored to create adaptive control 

systems that dynamically adjust parameters during cutting”. In practice, an RL agent 

could learn to adjust pressure or traverse speed to maintain consistent cut depth and 

surface finish despite changes in material hardness [2].  

Laser Cutting: Xie et al presented a proof-of-concept RL-controlled laser 

machining system. In their experimental setup, an RL agent was able to follow arbitrary 

toolpath patterns and correct deviations in real time. The authors report that the system 

could “detect and compensate for incorrectly executed actions” during the cut, 

effectively learning to maintain accuracy despite disturbances. Although quantitative 

metrics (e.g. error reduction percentage) were not published, the qualitative result 



demonstrates that RL can achieve robust closed-loop correction where conventional 

open-loop cutting would produce defects [5]. 

CNC Milling: RL-based method required an order of magnitude fewer 

optimization iterations than genetic algorithms or swarm methods, while achieving 

“almost comparably good” setup solutions. This indicates that RL can greatly speed up 

the parameter tuning process in milling, although this was an offline optimization 

scenario rather than an online control loop [4]. 

EDM: Mitsubishi’s commercial AI systems effectively encapsulate RL-like 

behavior. While exact RL algorithms are proprietary, public data show substantial 

gains. For instance, Mitsubishi reports that its AI-driven EDM generator “improves 

removal rates” dramatically – up to a 40% higher removal rate on carbide electrodes 

compared to conventional control. The AI also “learns continuously” to improve 

accuracy of timing and reduce wear. These results highlight that intelligent feedback 

control (which could be realized via RL) can accelerate machining and enhance 

precision. 

Discussion 

The integration of reinforcement learning into precision metal cutting represents 

a paradigm shift from static control to intelligent, adaptive control. The advantages of 

RL-based control are clear. By continuously learning from real-time sensor feedback, 

an RL agent can anticipate process changes and make preemptive adjustments, rather 

than merely reacting to errors after they occur.  

In comparison to conventional control, RL offers a unified framework to fuse 

many sensor streams and optimize multiple objectives simultaneously. The Mitsubishi 

industrial examples illustrate this: their AI-laser system uses both audio and light 

sensors to adjust parameters in real time, and can even “increase the feed rate… to 

110% of the normal feed rate” when conditions are good. Such adaptive speeding-up 

would be difficult without an intelligent policy that recognizes stable cutting. Similarly, 

in EDM, AI adjustments enable predictive generator control that reduces electrode wear 



and estimates machining time more accurately. These improvements translate into 

higher productivity and less scrap [6]. 

Another advantage is speed of setup and changeover. In industry, switching 

materials or thicknesses often requires re-tuning parameters from scratch. An RL 

system trained on a variety of scenarios could generalize: it learns how sensor patterns 

correlate with needed adjustments and can apply appropriate gains or feed rates with 

minimal intervention. A primary issue is data and safety during training. RL typically 

requires many trial-and-error episodes to learn effectively. Running thousands of 

physical cuts on expensive parts is impractical, so initial training must rely on 

simulation or historical data. High-fidelity digital twins of the cutting process can 

enable offline RL training, but modeling the full complexity of plasma generation, heat 

diffusion, and material removal remains difficult. Even with simulation, there is a sim-

to-real gap: policies that work in simulation may behave unexpectedly on the real 

machine due to unmodeled dynamics or sensor noise. Techniques like domain 

randomization or cautious online fine-tuning are needed to mitigate this. 

Another difficulty is stability and convergence. Metal cutting is a fast, real-time 

process, so the RL policy must compute actions at millisecond or faster time scales. 

Modern inference engines can achieve this, but the training phase must ensure that 

policies do not command unsafe oscillatory behavior. As mentioned in the patent, the 

neural network outputs are “constrained through a supervisory logic that ensures 

stability (preventing rapid oscillations or overshoot in adjustments)”. This suggests 

combining RL with classic control-theoretic safeguards, and perhaps utilizing proven 

safety-aware RL algorithms [3]. 

Despite these challenges, ongoing research addresses many of them. The RL 

literature increasingly focuses on real-time process control and safe operation. Faria et 

al note that integrating RL with demonstrations and transfer learning can reduce 

training needs in industrial settings. Emerging algorithms like constrained RL or 

shielded RL aim to enforce safety constraints explicitly. Finally, advances in sensor 



technology (high-speed cameras, advanced spectroscopy) continue to provide richer 

state information, which RL methods can exploit [1]. 

Table 1: Algorithm Comparison 

The following table (Table 1) compares the discussed RL algorithms in more 

detail, summarizing their suitability for different aspects of precision cutting control: 

Algorithm Action Type 
Learning 
Type 

Sample 
Efficiency Stability Remarks 

Q-learning 
/ DQN 

Discrete Off-policy 
value 

Low (many 
episodes) 

Unstable 
in deep 
variant 

Simple concept; 
limited to discrete 
actions; may need 
discretization of 
continuous controls. 

DDPG Continuous Off-policy 
actor-
critic 

Moderate 
(requires 
replay) 

Can be 
unstable 
if not 
tuned 

Handles continuous 
outputs; often used 
with rich sensor 
state; sensitive to 
hyperparameters. 

PPO Continuous/Discrete On-policy 
policy-
gradient 

Better 
(samples 
efficient with 
multiple 
epochs) 

High (due 
to trust-
region 
clipping) 

Generally reliable; 
fewer tricks than 
DDPG; widely used 
in robotics control. 

SAC 
(bonus) 

Continuous Off-policy 
actor-
critic 

High 
(entropy term 
aids 
exploration) 

High 
(smooth 
training) 

Adds entropy to 
reward for 
exploration; robust 
but computationally 
heavier. 

Characteristics of common RL algorithms for control. Q-learning (and its deep 

variant DQN) is a value-based off-policy method suited to discrete actions. DDPG and 

PPO are actor-critic methods for continuous control. SAC (Soft Actor-Critic) is another 

modern off-policy algorithm that often converges more reliably by maximizing 

entropy. Sample efficiency refers to how many interactions are needed for learning; 

stability refers to convergence reliability. 

RL controllers can adapt in real time to material variations and unexpected 

disturbances, achieving cut quality that was previously only possible with expert 

operators. For instance, the laser cutting AI described automatically adjusts for changes 

in material reflectivity or thickness, effectively encoding “expert knowledge” into the 



controller. Over time, as more operation data are gathered, the RL agent’s performance 

will likely surpass fixed recipes in adaptability and consistency. 

Reinforcement learning aligns well with the trend toward intelligent 

manufacturing and digital twins. A digital twin of the cutting system can be used to pre-

train RL agents under many scenarios. When deployed on the actual machine, these 

agents can continue learning from real cutting trials, using techniques like transfer 

learning to refine their policies. The resulting system is a self-improving cutting cell 

that can continuously optimize itself. 

Conclusions 

Reinforcement learning introduces a fundamentally new approach to precision 

metal cutting by enabling machines to adapt autonomously to changing process 

conditions, material properties, and performance goals. By leveraging real-time sensor 

feedback and deep neural network control, RL systems can outperform traditional 

fixed-parameter methods, reducing scrap, increasing speed, and maintaining superior 

cut quality. This paper has demonstrated how RL algorithms such as DDPG, PPO, and 

Q-learning can be integrated into closed-loop control architectures, particularly in laser 

cutting, but also with clear potential in CNC milling, EDM, and waterjet cutting. 

Industrial examples and experimental studies confirm that RL-based systems offer 

improved efficiency, flexibility, and setup time compared to conventional strategies. 

While challenges remain in safety, training data availability, and sim-to-real transfer, 

ongoing advances in machine learning, sensor integration, and industrial computing are 

rapidly closing those gaps. Reinforcement learning is poised to become a key driver of 

intelligent, self-optimizing manufacturing systems in the era of Industry 4.0. 
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