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What Is Optimization?

- Analogy with Quadratic Function
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Il Optimization Problems
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Il Optimization Problems
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Traveling Salesman Problem
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%+ Pointer Networks

e 2024.05.15 Google Scholar 7 |& 2124 3 5123]

Pointer Networks

Oriol Vinyals* Meire Fortunato* Navdeep Jaitly
Google Brain Department of Mathematics, UC Berkeley Google Brain
Abstract

We introduce a new neural architecture to learn the conditional probability of an
output sequence with elements that are discrete tokens corresponding to positions
in an input sequence. Such problems cannot be trivially addressed by existent ap-
proaches such as sequence-to-sequence [1] and Neural Turing Machines [2], be-
cause the number of target classes in each step of the output depends on the length
of the input, which is variable. Problems such as sorting variable sized sequences,
and various combinatorial optimization problems belong to this class. Our model
solves the problem of variable size output dictionaries using a recently proposed
mechanism of neural attention. It differs from the previous attention attempts in
that, instead of using attention to blend hidden units of an encoder to a context
vector at each decoder step, it uses attention as a pointer to select a member of
the input sequence as the output. We call this architecture a Pointer Net (Ptr-Net).
We show Ptr-Nets can be used to learn approximate solutions to three challenging
geometric problems — finding planar convex hulls, computing Delaunay triangu-
lations, and the planar Travelling Salesman Problem — using training examples
alone. Ptr-Nets not only improve over sequence-to-sequence with input attention,
but also allow us to generalize to variable size output dictionaries. We show that
the learnt models generalize beyond the maximum lengths they were trained on.
We hope our results on these tasks will encourage a broader exploration of neural
learning for discrete problems.
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3+ Ptr-Net

«  UEEl= K™l 01| 2t H2FX|= output dictionaryS HHdet 4= Gl=

7|& Seq2Seq TEI°| SHA|E 225}7| &[5t Ptr-Net 1% |2t - Output Dictionary ZL gi21 Output Dictionary
o 7|Z Attention 71X2| HHE £510{ 121 Sequence?l| 24 & SHLIE ‘MEH(Point)'Eet 4= Q== SH= Network Y

LSTM
<Dec>

A o 2

X|®2 X3 XM 4 X|&2 XE1 X|&4 X3

Data Mining
o‘o‘o Quallity Analytics



- Pointer Networks [2015 NeurlPS]

«» Ptr-Net
o QEE|= X|™Q| 20| 2} EE2HX|= output dictionary= HHJst 4~ i
7|& Seq2Seq ZEI°| 5tH|1E ZE5}7| 2[5t Ptr-Net 2% H|2F > Output Dictionary 2 i1

« 7|Z Attention 71=2| HA S S510{ &l Sequence?| 24 F SHLIE “MEH(Point) S 4~ A== 5= Network

rlr

Data Mining
o‘o‘o Quallity Analytics



er N
o ot
BTN

Optimal SolutionZ 7+t = 8l

35| 2 Alo|=2| ZXIe| 8

Ptr-Net

- =3
AT 1T

2, Optimal SolutionS F15H= 42 UL HEHLI 87

1k SAl0], s =2

12| B2 =50l 27ks

H i

o T T1d

X2 HEFel Optimal SolutionS &

X

=5l}z=0{0F &

1T}

’>f’
B
D

el
[it:)
=
el
[it7)
N
Rl
[it-]
w

C.. Data Mining
ob Quality Analytics

Supervised
Learning

Existing
Exact Method

Y

xH2

N w0
xm/ﬂ\/ﬁ %0
200
150 =
wa

olzd 27| (small n)

710l Zxfts
nElES

(Exact Method)

21t

(Optimal Solution)




S
«  Optimal SolutionS &t 4=

35| 2 Alo|=2| ZXIe| 8

Ptr-Net

olaistnl =
1= 20| 249 10| 2715

o T T1d

. Optimal SolutionS 5= A2 IR HE7LL 27t

X

0| [X| ZX: https;wwwfrontiersnorg/artides/10.3389/frobt 2021689908/full

Data Mining
o‘o‘o Quallity Analytics

Supervised
Learning

i

XH 4

F SA0f], sliiE 2A/|2] ARl Optimal SolutionS 1=15F=0{0F &t

[

Existing
Exact Method

v

212 28| (Large n)

710l Zxfts
nElES

(Exact Method)

21t

(Optimal Solution)




Jl Pointe

r Networks [2015 NeurlPS]

s1 WA Mol 3]
o 20| BHs | K| B
Zgsict

olutionS &t &= Q1= AR 7|Z Heuristic 2 112|5 S &-235}10{ Suboptimal SolutionS 7510 Mt 20|22

W

e Optimal

MEto 2 Z=0{ZI Suboptimal Solution2| Qualityol| 22 Ms0| Qgks BHA| =

= OO

212 28| (Large n)

Ptr-Net
X

¢ 7 |=0]| =xlisk=
ok =
Supervised Existing E:".EI?'

R s A n I Lo Heuristics (Heuristics)
8 Ex) Optimal Solution CHH|
T v 66%7 45 817
Y ' 2}
(Suboptimal Solution)

1 T 1
' BEE

XE4

[T}

XH2

2

X" XH2
66% A5 3H0fl 40| FL

O|OX| &A1 https:/www frontiersinorg/artides/10.3389/frobt 2021689908 full

C.. Data Mining
ob Quality Analytics



ML Driven Heuristics for Combinatorial Optimization Problems - Core Algorithms

Neural Combinatorial Optimization

with Reinforcement Learning

Data Mining
o“l Quality Analytics



Neural Combinatorial Optimization
with Reinforcement Learning [2017 ICLR]

+»» Neural Combinatorial Optimization with Reinforcement Learning
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NEURAL COMBINATORIAL OPTIMIZATION
WITH REINFORCEMENT LEARNING

Irwan Bello*, Hieu Pham*, Quoc V. Le, Mohammad Norouzi, Samy Bengio
Google Brain
{ibello,hyhieu,qvl,mnorouzi,bengio}@google.com

ABSTRACT

This paper presents a framework to tackle combinatorial optimization problems
using neural networks and reinforcement learning. We focus on the traveling
salesman problem (TSP) and train a recurrent neural network that, given a set
of city coordinates, predicts a distribution over different city permutations. Using
negative tour length as the reward signal, we optimize the parameters of the re-
current neural network using a policy gradient method. We compare learning the
network parameters on a set of training graphs against learning them on individ-
ual test graphs. Despite the computational expense, without much engineering and
heuristic designing, Neural Combinatorial Optimization achieves close to optimal
results on 2D Euclidean graphs with up to 100 nodes. Applied to the KnapSack,
another NP-hard problem, the same method obtains optimal solutions for instances
with up to 200 items.
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Algorithm 1 Actor-critic training

1: procedure TRAIN(training set S, number of training steps 7', batch size B)
2: Initialize pointer network params 6
3: Initialize critic network params 6,
4: fort =1to7T do
5: si ~ SAMPLEINPUT(S) fori € {1,...,B}
6: 7 ~ SAMPLESOLUTION(pg(.|s:)) fori € {1,...,B}
7: bi < be, (s;) fori € {1,...,B}
8: go < % Zil(L(ﬂﬂSi) — bi)VQ 10gpe(71‘1'|8¢)
9: Lo 537, lIbi = L(m)|3
10: 0 < ADAM(0, go)
11: 0, < ADAM(0,,Vo, L)
12: end for
13: return 0

14: end procedure

Bello, I, Pham, H., Le, Q. V., Norouzi, M., & Bengio, S. (2016). Neural combinatorial optimization with reinforcement learning. arXiv preprint arXiv:1611.09940.
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ATTENTION, LEARN TO SOLVE ROUTING PROBLEMS!

Wouter Kool Herke van Hoof Max Welling

University of Amsterdam University of Amsterdam University of Amsterdam

ORTEC h.c.vanhoof@uva.nl CIFAR

w.w.m.kool@uva.nl m.welling@uva.nl
ABSTRACT

The recently presented idea to learn heuristics for combinatorial optimization
problems is promising as it can save costly development. However, to push this
idea towards practical implementation, we need better models and better ways
of training. We contribute in both directions: we propose a model based on at-
tention layers with benefits over the Pointer Network and we show how to train
this model using REINFORCE with a simple baseline based on a deterministic
greedy rollout, which we find is more efficient than using a value function. We
significantly improve over recent learned heuristics for the Travelling Salesman
Problem (TSP), getting close to optimal results for problems up to 100 nodes.
With the same hyperparameters, we learn strong heuristics for two variants of the
Vehicle Routing Problem (VRP), the Orienteering Problem (OP) and (a stochas-
tic variant of) the Prize Collecting TSP (PCTSP), outperforming a wide range of
baselines and getting results close to highly optimized and specialized algorithms.
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