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Conclusion
Constraint Decomposition Trainable Projection
Decompose arbitrary numbers of 
input-dependent affine constraints 
into manageable sub-constraints

Learns the best feasible 
projection within the 
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Guarantees satisfaction for 
all inputs while preserving 
expressive power
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We address limitations with Constraint Decomposition and Trainable Projection

Case 1 Case 2

NN and HardNet violate constraints, while CAffNet always guarantees satisfaction

• CAffNet-TF obtains the lowest MSE 
• CAffNet-FF and -TF converge faster 

than NN and HardNet in training

• CAffNet-FF and  -FF (Lite) achieve 
the smallest optimality gap to 
baseline IPOPT, while running much 
faster at inference.

• Lite further reduces computation

• NN and HardNet hit obstacles
• CAffNet guarantees safety

Null-space component

CAffNet guarantees satisfaction of input-dependent affine constraints through constraint decomposition and closed-form trainable projection, while preserving neural network expressiveness.

However, soft const. do NOT guarantee safety!

Using projection-based methods is one way to ensure hard constraints.

Neural networks are widely used in safety-critical systems
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