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BIP (Binarv Integer Programmin Problem

BIP is an optimization problem where the decision variables =( 4 » , ) are
restricted to binary values (0 or 1). Below is the general formulation.

min  gp= ()

s. t. ()=<0 forall =12, |,
()=0 forall =12 |,
{0,1} forall =12, |,

— Traditional solvers for BIPs:

Gurobi, SCIP

® rely on linear relaxation, which introduces a number of auxiliary variables
® suffer from prohibitive computational cost

— To this end, we propose BIPNN (Binary Integer Programming Neural Network).



BIPNN: Polynomial Reformulation

replace ( ).

BIP problem — an example:
mn — ;— ( )+t 34+2 4
s.t. 2 1+ +3 1 3= 5
{0,1} for =1234 sin(l) | :
(1,0.8451)
— Polynomial Reformulation: E ( )
mn — ;— . + 341F2 4
s.t. 2 1+ . + 3 1 3S4
01} for =1234
{0,1} 0o 1
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i Polynomial Reformulation: :
: |
' For =0 or 1, (0)=0 or (1)=0.8451 !
: —— Therefore, we can use (0,0) and (1,08451) to fit a linear function . to :
: l
: |



BIPNN: Unconstrained Reformulation

— Previously, only a few penalty terms —— The penalty function should satistfy
were discovered. the following two requirements:

Classical Constraint  EquivalentPenalty | g 1¢ the current solution satisfies the |
+ =1 () constraints, the value of the penalty
+ =1 (1- -+ ) . function should be zero.
+ =1 a- - +2 ) ' ® If the current solution does not
< ( — ) satisfy the constraints, the penalty
L+ o+ a=<1 (1% 1 3+ 5 3) . function should yield a large
_ (+ —2 ) positive number. |
'I_ ______________________________________________________________ 1
(1, 2) 1+2 ,—-2<0 —— Observation: For more general constraints :
| (0,0) J/ such as ;+2 ,—2<0, the violating set { ;= |
i (1,0) v/ 1, , =1} corresponds to penalty term ( ; ,). i
L (01) v —— This motives us to propose “Minimal violation !
: (1,1) X subset” based penalty methods. :



BIPNN: Unconstrained Reformulation

Minimal violation subset:

— Polynomial Reformulation: (1 5 2) 2.+17183 ,+3 4,4 =4
min — ;—08451 ; ,+ 3 4+2 4 (0,0,0) 0 v/

S. t. + . + = (1,0,0) 0 v

{01}y for =1234 (0,1,0) 17183 /

(001) 0 v/

— Unconstrained Reformulation: (///’\\ (1,1,0) 37183 ./
min — ;—08451 | ,+ 3 4+2 4+ \(,,) 5 X

{01} for =1234 (0,1,1) 1.7183 v/

(11.1) 6.7183 X

Unconstrained Reformulation:

construct the penalty terms.

[
|
|
— As the table shows, we propose the Minimal violation subset to :
|
|
—— Our work makes significant improvements to the penalty-based methods. |



BIPNN: Modeling BIPs via Hypergraphs

—— One-to-one mapping between polynomial BIPs and hypergraph structures.

Coefficients: [ 11 2y 3y 4 5]

min BP= 1,1t 21 2%t 334%F 44% 51 23

Polynomial terms: 1~ 1 27~ 1 2 4~ 4
3% 3 4 5~ 1 2 3
—— Hypergraph structures —— Incidence matrix
1 1 2 3 4 5
e 2~ Oye 11 1 06 0 1
. 210 1 0 0 1
3,0 0 1 0 1
4@ N ;00 0 1 1 0
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This modeling enables us to solve BIPs via unsupervised hypergraph
neural networks.



BIPNN: Neural Network-based Optimizer

—— Training workflow

Neural Network-based Optimizer Relaxation x; €]0,1]
Random Tensors HyperGCN ( Output
X

gei
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Ly =
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Xy

Converge to solutions Train lo optimize

Loss: Oyrp = Zc,.xi + Zcijxixj + Zcijkxixjxk + ...
ij

]

— BIPNN leverages unsupervised training of HyperGCNs to optimize BIPs.

—— However, we encounter severe obstacles of low computational efficiency
in polynomial losses gjp with numerous variables.



BIPNN: GPU-accelerated Training

— We address the challenge via matrix operations on the incidence matrices of

hypergraphs.
| output X: Lo x o
: ! L e e e e es |
| |
| X, |06 1 Josfos[ o]0 o6
| %2102 TT 0 10]02]0]0002] T 4m=-m-=mmmmm oo ,
| X: 03 | | | L x @O +(1-H) |
| 3 0. | 0] 0j03fo 03] | e e, e, e b o, |
| X 1 :
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Experimental Results

—— Compared with Gurobi and SCIP.
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| (a)(b) show the solving time required for BIPNN, SCIP, and Gurobi to

|
I obtain the same solution.

(c)(d) show the ratio of solutions.
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