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Neural networks are widely used in safety-critical systems
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However, soft const. do NOT guarantee safety!

Motivation: How to guarantee safety @

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

Ours

Existing Methods
(© Limited # of const. —»@ Arbitrary # of const.

HardNet @ Full-row rank const. _»@ No rank limits (handles
(Min & Azizan) (linearly independent) linearly dependent const.)

(© Parallel projection —*@ Trainable projection CAffNet

DC3 @ Asymptotic const. »@ Always const.
(Donti et al.) satisfaction satisfaction

FSNet
(Nguyen & Donti)

Methods

We address limitations with Constraint Decomposition and Trainable Projection

@ Iterative computation —»@ Closed-form computation

Constraint Decomposition
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Projection with Sub-Constraints
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Projections

Candidates ‘ Sp(x

| * fola), if A(z)fo(x) < ba),
Optlmal output P (33) — arg Igllfé ) Hy — fg (CE)HP, otherwise.
p(x
~ J

Our projection is trainable and selects the closest feasible candidate
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CAffNet Framework
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CAffNet guarantees satisfaction of input-dependent affine constraints through constraint decomposition and closed-form trainable projection, while preserving neural network expressiveness.
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T e : NN and HardNet hit obstacles
« CAffNet guarantees safety
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Experiments

NN and HardNet violate constraints, while CAffNet always guarantees satisfaction

Learning Nonlinear Functions
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METHOD MSE INEQUALITY VIOLATION  T}rgin (MS)  Tiese (MS)
MAX MEAN
NN 0.0045 0.0074 0.0019
(0.0057) (0.0074) (0.0019) (0.20)
HARDNET 0.0037 0.0033 0.0008
(0.0063) (0.0037) (0.0009) (0.24)
CAFFNET-FF 0.0020 0.0000 0.0000 11.9300
(0.0032) (0.0000) (0.0000) (0.49)
CAFFNET-TF 0.0012 0.0000 0.0000 15.5700 14.7100 \
(0.0009) (0.0000) (0.0000) (2.04)

3:3700 1 o« CAffNet-TF obtains the lowest MSE
370001« CAffNet-FF and -TF converge faster
7.1100 than NN and HardNet in training

Learning Optimization Solvers * CAfiNet-FF and -FF (Lite) achieve
- ~ the smallest optimality gap to
f(z) = arg min yTOy+p sin baseline .IPOPT, while running much
yeRrous 27 faster at inference.
L st. Gy<hCy=x y N Lite further reduces computation
METHOD OBJ. VALUE INEQUALITY VIOLATION EQ VIOL. Tirain (MS) Tiest (MS)
MAX NUM (%) MAX NUM (%)
IPOPT -0.3494 0.0000 0.0000 0.00% 0.0000 0.0000 0.00% 19799.8000
(0.4995) (0.0000) (0.0000) (0.00%) (0.0000) (0.0000) (0.00%) (295.16)
NN -0.1194 0.0018 0.0004 0.31% 0.1136 0.0685 100.00% 4.2700 1.2300
(0.5824) (0.0015) (0.0003) (0.21%) (0.0035) (0.0023) (0.00%)
HARDNET -0.3000 0.0027 0.0006 3.24% 0.0435 0.0258 99.99% 7.3800 2.1100
(0.4975) (0.0026) (0.0006) (2.91%) (0.0123) (0.0071) (0.01%)
CAFFNET-FF -0.3418 0.0000 0.0000 0.00% 0.0000 0.0000 0.00% 1325.3800 1298.6700
(0.5028) (0.0000) (0.0000) (0.00%) (0.0000) (0.0000) (0.00%) (26.28) (26.28)
CAFFNET-FF (LITE) -0.3418 0.0000 0.0000 0.00% 0.0000 0.0000 0.00% 737.1600 713.6900
(0.5028) (0.0000) (0.0000) (0.00%) (0.0000) (0.0000) (0.00%) (20.54) (20.73)
CAFFNET-TF -0.1576 0.0000 0.0000 0.00% 0.0000 0.0000 0.00% 1327.7900 1299.9500
(0.3653) (0.0000) (0.0000) (0.00%) (0.0000) (0.0000) (0.00%) (24.21) (24.62)
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1y time, t (s) time, t (s) time, t (s)
position, py (m) NN HardNet CAffNet

METHOD CosST INEQUALITY VIOLATION Tirain (MS) Tiest (MS)
MAX MEAN NUM (%)
NN 4.1411 x 10° 0.1348 0.0106 2.60% 2895.1300 47.1700
(6.7984 x 10*) (0.0083) (0.0006) (0.03%) (263.98) 4.17)
HARDNET 4.5701 x 10° 0.1317 0.0104 2.60% 4885.6000 855.5100
(4.2737 x 10*)  (0.0066) (0.0005) (0.03%) (231.74) (81.92)

CAFFNET-FF  7.2060 x 10° 0.0000 0.0000 0.00% 12207.9300 1885.1000
(6.9090 x 10*)  (0.0000) (0.0000)  (0.00%) (306.59) (45.96)

Discussion
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Conclusion

Constraint Decomposition | Trainable Projection| Hard Guarantees

Decompose arbitrary numbers of | Learns the best feasible | Guarantees satisfaction for
input-dependent affine constraints| projection within the all inputs while preserving
into manageable sub-constraints | constraint-affine space |expressive power
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