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Motivation

Traditional OR algorithms
Hard rules & constraints

Can have big complexity

Focuses on all possible cases

Deep Learning

Perception: fast, intuitive
approximate

Integers & rules

Focuses on the cases shown



Objectives

@ Sometimes in OR, we just don't know.

—— Build mixed algorithm where decisions are arbitrary learned.

12< o L .
- - Sometimes in OR, the complexity is just too big.
°

— Build a fast approximator using deep learning.

In this talk, we refer to both cases as estimation.



A 3-class taxonomy

End-to-End learning

Build a machine learning model to directly output solutions.

Offline estimation @ = 1

Build a machine learning model to parametrize your OR algorithm.

Online estimation “® & &

The machine learning model is used repeatedly by the OR
algorithm to assist it in its solving process.




End-to-end learned algorithms @

» Given a problem, learn the solution.

» Solutions may not be fully detailed.
2

» Runtime: input the problem to the ML model, get the
solution.

1Bello et al. 2016; Dai et al. 2017; Emami and Ranka 2018; Kool and
Welling 2018; Nowak et al. 2017; Vinyals, Fortunato, and Jaitly 2015.
2| arsen et al. n.d.



Advantages ~

Fast inference (Polynomial
complexity)

Based on data appropriate
to the task

Repurposed by retraining

Good default solution when
nothing else is available

End-to-end learned algorithms @

Disadvantages =

Needs data (eventually
labels)

May need (very) expensive
training
Very heuristic:
» No optimality guarantee
> Little feasibility guarantee
— Dedicated
architectures
— Must not break
differentiability

Generalization with size?



Offline estimation ‘@&

» Predict a property of a problem instance that can get

exploited by an OR algorithm.
3

4

» May be seen as a more general case of the previous.

» Runtime: Run the prediction, then run the OR algorithm
accordingly.

3Bonami, Lodi, and Zarpellon 2018.
*Kruber, Liibbecke, and Parmentier 2017.



Online estimation ‘@&

» Throughout it progress, the OR algorithm repeatedly calls
the ML model.
5 6

8

» Can also build heuristics®.

» Runtime: The OR & the ML algorithms need to be deployed
and run together — more specific code.

®Lodi and Zarpellon 2017.

5Shao et al. 2017.

7Andrychowicz et al. 2016; Li and Malik 2016, 2017; Wichrowska et al.
2017.

8Baltean-Lugojan and Misener n.d.

°Dai et al. 2017.



Representation challenge

Deep learning works well for natural signals (images, speech, etc).
Will it work well for OR problems?

' » Are common architectures the best prior?
» Additional constraints: large sparse structured inputs/
outputs of variable sizes.

o © » Partial solutions: graph NN, attention, CNN, RNN and
£y other parameter reuse.



Supervised vs reinforcement

Supervised
Straightforward
Expensive targets

Not well suited when
multiples targets are corrects
(E.g. multiple solutions)

Reinforcement

Natural formulation to the
online setting

Naturally maximizes sum of
expected future rewards

More complex to define and
train



Supervised in the online setting?

» No apparent link between performance of ML and
performance of overall algorithm.

» When estimating a known quantity, it's possible to link the
performance fo ML to the overall performancel®

Baltean-Lugojan and Misener n.d.; Shao et al. 2017.



Data distributions

Easily fooled ®
# edges

Valid space of
symetric graphs

Graphs generated

7

# nodes

Especially if the test set is generated from the same distribution as
the training set &%



Data distributions

Historical data?

“[S]ampling from historical data is appropriate when attempting to
mimic a behavior reflected in such data.”!!

"l arsen et al. n.d.



Other motivations

> ML to model uncertainty!?.

» Extract knowledge out of learned models®3

12) arsen et al. n.d.
3Bonami, Lodi, and Zarpellon 2018; Dai et al. 2017.
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