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Problem Generatlve Modellng For Comblnatorlal Structures FuIIy Differentiable Neural Network-based Implementation |
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- Constraints C = {Ck}k=1' Condition 1 “Extreme Condition”: Constraints C is called “~"Extreme” if for constraints
The probability distribution for constrained Markov random fields is: ¢;, ¢; € C, 1) Either their domain variables do not intersect. 2) Or no variable
P X ‘ 0 exp (¢9(x)) C(x) assignment violates c;, C; sharing variables.
= X p—
‘ ZC(H) Theorem (Probability distribution) Given random variables X = { X }l |» constraints
- C(x) is the indicator function that evaluates to 1 if all constraints are satisfied. = {c}j=, that satisfy the extreme condition and the parameters of the constrained

MRF in the single variable form 6. Upon termination, Algorithm outputs an assignment

- x) : X = R, is the potential function.
Do) P X randomly drawn from the constrained MRF distribution: x ~ Py(X = x| C)

. Z0) = Zx’eX exp (qb@(x)) C(x), is the normalizing constant.

Theorem (Time complexity) Let g, be a non-zero probability of all the constraints are

Learning task: minimize the negative log-likelihood over a dataset D: satisfied. Let chenote the probability that only constraint ¢; is broken and the rest all
\D\ Z log Py(X = x ‘ C) hold. If g, > O, the total number of re-samples throughout is — Z qe,
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T Our method is time efficient . Our method generates 100% valid structures
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Sample from dataset D Sample | from constrained MRF size /S WeightGen CMSGen  KUS QuickSampler Unigen  Gibbs
10 75 0.64 0.22 0.72 0.40 0.66  0.86
- - : 3.04 T.O. 0.26 0.90 0.30 212 1.72
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(c) Approximation error of V log Z¢(0) ()

0.21 0.12 3.58 3.96 4.08 3.93 4.16 0.69
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