Large Neighbourhood Search meets
Iterative Neural Constraint Heuristics

Yudong Will Xu, Wenhao Li, Scott Sanner, Elias B. Khalil

S e
& BT
UNIVERSITY OF {;‘E’%‘éiép IOTZ 2@
g2 couon 20
% TORONTO G

A"@i-ff F:‘:o:‘.'ﬂo“ "05:70::4



Introduction

Kidney Exchange

THE KIDNEY CHAIN @ "a ‘a
SDH B BHH

Reasoning under constraints is a crucial
challenge in many domains.

Machine learning techniques have been
explored as fast heuristic solvers.
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Learning to Solve Constraint Optimization

216
719
13
48
9
3

SR TWEIN ([ N[OV (O | Ul

N | O OO (U1 (NP W (=
(B | RO [W DNV | O

WO NI | O [ HIDN (=00

N | O  NJUT [ = [ OIO [ W
O INQOQJgW (U1 O |

O U1 |~ |0 | OJW [N | D

ul
RN

One-pass Heuristic: The model predicts the full solution in a single pass.
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One-pass Heuristic: The model predicts the full solution in a single pass.
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Constant computation!

One-pass Heuristic: The model predicts the full solution in a single pass.
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Iterative Neural Heuristics
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Large Neighbourhood Search
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Large Neighbourhood Search
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ConsFormer as Large Neighbourhood Search

ConsFormer |
Random |
Variable —| Transformer |— Sampling —Hx(t+ 1)
Selection 1
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ConsFormer as Large Neighbourhood Search

[ ConsFormer }
i Random
x(t) —[ S\/.e;riable }—»[ Transformer }—»[ Sampling }—ﬁx(t'l' 1)
i election |
*************************** ConsFormer-LNS

Neural Repair Operator

(t) | Destroy . Repair
x 3 Operator } [Transformer} £ Heuristic
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ConsFormer as Large Neighbourhood Search

[ ConsFormer }
i Random
x(t) —[ S\/.e;riable }—»[ Transformer }—»[ Sampling }—ﬁx(t'l' 1)
i election |
*************************** ConsFormer-LNS

Neural Repair Operator

(t) | Destroy . Repair
x 3 Operator } [Transformer} £ Heuristic

We can now improve on these components through the lens of LNS.
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Destroy Operator: which variables to update?

Some ideas from classical LNS [5]:
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Destroy Operator: which variables to update?

Some ideas from classical LNS [5]:
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h variables to update
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Some ideas from classical LNS [5]:
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Destroy Operator: which variables to update?

Some ideas from classical LNS [5]:
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Destroy Operator: which variables to update?

Can we capitalize on our neural approach?

° 2[5[1]3]9]6]8]7]4
8(3(3l1|6|7]3]4]|8
II 314(9]5|6(8]2(1|7
3 719]5l1]4]5]6[3]2
|:>143698572
I 6821312739
' 9l1[4]8[3][5f1]2]6
8 9/2/1)7|5|7|4|6|5
5/6(8l4(2(9]7|1]3

AL'ls U

.

p=> [ReLU(Z 29 1)

J 7
DU U
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Destroy Operator: which variables to update?

Can we capitalize on our neural approach?
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Destroy Operator: which variables to update?

Can we capitalize on our neural approach?
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Destroy Operator: which variables to update?

Can we capitalize on our neural approach?
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Destroy Operator: which variables to update?

Can we capitalize on our neural approach?

Y
p=) [ReLU(Z 29 1)

J 7
—|—Z:1:§j) |1 —ngj)ﬂ.

%

° 2|5[1]3]9]6fs]7]4
s13(301|6|7]3|4]|8
.I 3|4|9]5 /68217
3 71951450632
|:>143698572 |:>

I 6/8|203[1(2]7]3]9
' ol1(4f8|3|5]1[2]6
8 9|2(1§7|5|7)4|6 |5
I slef[sla|2]|9]7]1|3

8

UNIVERSITY OF

¥ TORONTO

Has the largest gradient. The model is least confident about.

O[O | R [ NJW |0 N

D[RO & [ O | W | Ul

D (RO W O |[W |-

BN OfW ([N RRUL =W

NIU|WE- | O | B0 | OV | O

NeRERRN Y R SRR Y Nool BN NiNe))

SN RN || oV | W | @

RSN E°SHIRNEEOSE B IR |

W U OO | N[N |0 D>

22



% solved

Results

100
80 -
60 -

40 -

20 A

Sudoku (1)

1

I ConsFormer

% solved

ie‘«“

UNIVERSITY OF

¥ TORONTO

80 A

60

40 1

20 A

Worst-G

Related-G

Gradient-G

Graph Coloring (1)

I11,

cﬂe5

¢ 00°

c‘e5

10C 000

Confidence-G

Gap to best known cut

(lower is better)

MaxCut (1)

2000 A

1500 A

1000 -

500 ~
0 - |
W\~ W= »* W\= * W\Z

23



% solved

Results

Sudoku (T)

100 A
80 -
60 -

40

20 1

Tes*

UNIVERSITY OF

TORONTO

o0oP

I ConsFormer

% solved

I Worst-G [ Related-G

I Gradient-G

Graph Coloring (1)

80
60
40 -
20 1
04

(DC’ '(35" ‘)C 000

- L
Tt
10 A

[ Confidence-G

2000
y
=}
&)
€%
22 1500
g8
20
35
1000 -
23
-
©
(]
500 -

o o0

I - 0.
\S]

W\F

200

K
\\I\’\'

MaxCut (!)

K
\\I\‘l

K
\\1\7/3

23




Stochasticity is important!
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Stochasticity is important!

UNIVERSITY OF

¥ TORONTO

y

/ N
N
-«

i v
| >
| (W
\ !

/

N\ /

A

Add randomness!

24



% solved

Results

Sudoku (1)

100
80 -
60 -
40
20
04

I ConsFormer

% solved

o

UNIVERSITY OF

2, TORONTO

Worst-S Related-S Gradient-S

Graph Coloring (1)

80
60
40 A
20 +
0- .
165

oY es 00
5C [¢) ,\‘ .\ XO c O

Gap to best known cut

(lower is better)

Confidence-S

MaxCut (!)
250 4
200 1
150
100
50 4

0 '_. T - T T

0 K K K
\\1\49’0 \\,\4X \\J\”L \\/\23

25



% solved

Results

I ConsFormer I Worst-S [ Related-S I Gradient-S [ Confidence-S

Sudoku (1) Graph Coloring (1) MaxCut (!)
250 -
100 | 80
3 200
80 - cT
< 60 2
g £ 8 150
60 - e = 0n
" g -
R 40 A Q9
40 23 100+
Q_:
©
O
20 - 201 50 -
0- L 0- 0-
ot oV ot (o)%) ot (o)%) 00 _aK _2K
w © 5 50 10¢ 40c© W\Z 8 WA= > WA= k \\,\23

UNIVERSITY OF

» TORONTO




ConsFormer as Large Neighbourhood Search
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ConsFormer as Large Neighbourhood Search
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Repair Operator: how to update the variables?
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Repair Operator: how to update the variables?
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Repair Operator: how to update the variables?
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% solved

Results

@ Sampled repair [ Greedy repair
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Constraint Accuracy

Results
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ConsFormer as Large Neighbourhood Search

ConsFormer-LNS

Neural Repair Operator

(t) | Destroy . Repair
x | Operator } [Transformer} { Heuristic

e e~

e Related Removal e Greedy Repair

e Worst Removal e Sampling-based Repair
e Gradient Removal

e Confidence Removal
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Conclusion

+ We view lterative Neural Heuristics as Large Neighbourhood Search.
+ LNS Destroy and Repair improve performance.

+ ltis important to combine the power of classical and neural methods!

Contact: wil.xu@mail.utoronto.ca
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