Appendix A. GA-Optimized Loss Balancing in PINNs
Governing Equations
The manufacturing proxy problem considered in this study is a two-dimensional transient heat conduction equation with a moving heat source:

where denotes the temperature field, is the thermal diffusivity, and represents a time-dependent Gaussian heat source modelling a translating laser input.
The physics-informed neural network approximates the temperature field as:

where denotes the trainable neural network parameters.
PINN Loss Function
The total PINN loss function is defined as a weighted combination of data, physics, and boundary losses:

where:
· measures discrepancy with sensor data, 
· penalizes PDE residual violations, 
· enforces boundary conditions, and 
· are normalized weights. 
The loss weights satisfy the normalization constraint:

This normalization ensures consistent scaling between competing loss components and prevents uncontrolled growth of weighting parameters during optimization.
Algorithm 1. GA-Optimized Loss Balancing for PINNs
Input
· Governing equation (A1) 
· Spatio-temporal training domain 
· PINN architecture 
· GA population size 
· Number of GA generations 
· Short training epochs 
· Final training epochs 

Output
· Optimized normalized loss weights 
· Trained GA-optimized PINN model 

Step 1. Initialize PINN
1. Define neural network 
2. Randomly initialize network parameters 

Step 2. Initialize GA Population
Generate initial population of chromosomes:

· Enforce non-negative weights 
· Normalize chromosomes such that Eq. (A4) holds 

Step 3. GA Fitness Evaluation Loop
For generation :
a. For each chromosome 
Assign loss weights:

Train the PINN for epochs using Eq. (A3).
Evaluate fitness using the composite normalized metric:

where:
· is the normalized PDE residual loss, 
· is the normalized data mismatch loss, 
· is the normalized boundary-condition loss, and 
· are scaling coefficients. 

b. Rank chromosomes
Sort chromosomes in ascending order of fitness .

c. Apply genetic operators
· Perform selection of high-performing chromosomes 
· Generate offspring through crossover and mutation 
Enforce non-negative weights:

Renormalize offspring chromosomes:

to ensure:


d. Generate next-generation population
Update the population using newly generated normalized offspring chromosomes.
Step 4. Loss Weight Selection
Identify the best-performing chromosome:


Step 5. Final PINN Training
Train the PINN to convergence for epochs using optimized weights .
Return:
· Optimized loss weights 
· Trained GA-optimized PINN model
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