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RESUME

Cette these présente une exploration du theme de I’apprentissage centré sur la décision
(DFL) pour la conception de réseaux. L’ approche représente une nouvelle solution com-
binant 1’apprentissage automatique et la programmation mathématique. Ces dernieres
années, les progres de I’apprentissage axé sur les décisions ont été couronnés de succes
dans des problemes d’optimisation clés tels que le probleme du sac a dos. Cependant,
la plupart des recherches existantes traitent des structures d’optimisation ou des para-
metres inconnus se trouvent dans la fonction objectif. La principale contribution de cette
étude est d’appliquer un cadre DFL a un probléme d’optimisation ou des parametres in-
connus se trouvent dans les contraintes. Plus précisement, 1’objectif est d’appliquer une
approche DFL au probleme Multi-Commodity Network Design (MCND).

L’étude se concentre sur des fonctions de perte spéciales telles que Smart Predict
then Optimize (SPO) et évalue comment un modele fait des prédictions tout en tenant
compte de I’optimisation en aval ol les variables cibles sont dans les contraintes.

Nous démontrons les performances de ce cadre par le biais d’expérimentations et de
modifications informatiques. SPO a tendance a sous-estimer artificiellement la demande,
de sorte qu’il congoit des réseaux qui augmentent les cofits d’exploitation en raison de
sa dépendance a I’égard des pénalités de débordement pour les demandes réalisées. La
sous-estimation de la demande est due a la fonction de perte SPO qui se concentre sur
la diminution du regret plutot que sur les erreurs de prédiction dans ce contexte. Les
résultats montrent clairement que SPO est capable d’apprendre a réduire le cotit des
réseaux en prédisant une faible demande, mais qu’il ne représente pas fidelement la
demande réelle.

En conclusion, cette these explore I'utilisation du DFL dans le contexte de SPO pour
MCND. Notre recherche met en évidence les développements potentiels que la DFL
pourrait avoir pour des problemes de conception de réseau avec un exemple illustratif
tout en testant I’une des approches DFL populaires, SPO. Bien que 1’approche que nous
avons utilisée n’ait pas été en mesure de montrer des résultats trés prometteurs, elle

suggere que le DFL a du potentiel dans ces types de problemes si les approches peuvent
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étre mieux adaptés.
mots clés: Apprentissage axé sur la décision, conception de réseaux, optimisa-

tion, apprentissage statistique.



ABSTRACT

This thesis presents an exploration into the topic of decision-focused learning (DFL)
for network design. The approach represents a novel experiment combining machine
learning (ML) with mathematical optimization. In recent years, the progress of DFL
has demonstrated success in key optimization problems such as the Knapsack problem.
However, the vast amount of existing research deals with optimization structures where
unknown parameters are found in the objective function. The primary contribution of
this study is to apply a DFL framework to an optimization problem where unknown
parameters are found in the constraints. The aim is to apply a DFL approach to the
multi-commodity network design (MCND) problem.

We aim to explore the ability of DFL to predict the demand for commodities in the
MCND. The study focuses on special loss functions such as Smart Predict then Op-
timize (SPO) and evaluates how a model makes predictions while accounting for the
downstream optimization where target variables are in the constraints.

Through computational experimentation and modifications, we demonstrate the per-
formance of the framework. SPO tends to artificially underpredict demand such that it
designs networks that increase operation costs due to its reliance on overflow penalties
for realized demands. The underprediction of demand stems from the SPO loss function
that focuses on decreasing regret more than prediction errors in this setting. It is clear
from the results that SPO is able to learn how to reduce the cost of networks low demand
predictions but does not accurately represent the true demand.

In conclusion, this thesis explores the use of DFL in the MCND context. Our re-
search highlights potential developments that DFL could have in mathematical optimiza-
tion with a motivating example while also testing one of the popular DFL approaches,
SPO. While the approach we used was not able to show very promising results, it sug-
gests that DFL does have potential in these types of problems if approaches can be better
customized.

Keywords: Decision-Focused Learning, Network Design, Optimization, Ma-

chine Learning.
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CHAPTER 1

INTRODUCTION

1.1 Background

Decision science is a multidisciplinary field that examines the processes behind
decision-making, aiming to enhance the performance of systems and processes in var-
ious contexts. Decision-making problems in computer science are fundamental chal-
lenges that arise across various domains, that try to select optimal courses of action
based on given criteria and constraints. These problems encompass a wide spectrum
of complexity, from relatively straightforward choices in algorithm design to intricate
decisions in artificial intelligence and machine learning. Whether it is determining the
most efficient path in graph traversal, selecting the best scheduling strategy in operating
systems, or optimizing resource allocation in distributed systems, decision science is at
the core of computing science. Researchers and practitioners in the field continually
seek new and better algorithms, heuristics, and optimization techniques to tackle these
problems efficiently, allowing for smarter, more autonomous, and robust models that can
make sound decisions in real-world scenarios.

More specifically, DFL is a pivotal area of research that holds immense importance
in various domains. At its core, DFL centers on developing machine learning models
that can make predictions, taking into account uncertainties, risks, and consequences.
By focusing on decision-making rather than mere predictions, this approach empowers
models to not only provide accurate outcomes but also justify their choices, enhancing
transparency. The research in DFL encompasses reinforcement learning, loss functions,
and game theory, among others, aiming to equip models with the ability to optimize ac-
tions based on explicit objectives. As Al continues to pervade critical applications such
as autonomous vehicles, healthcare diagnostics, and financial investments, the advance-
ment of DFL becomes imperative to ensure innovative and effective Al-driven decision-

making in complex real-world scenarios.



Within the realm of decision science, networks can be a useful data structure for
representing real-world problems. From representing complex molecular structures and
predator-prey environments in nature to complex financial derivatives and solar systems,
networks can represent many problems on Earth. However, more familiar network prob-
lems include transportation networks. These networks represent the transportation of
people, goods, energy, and almost anything else one can imagine. A network is a set
of interconnected things, represented by arcs and nodes, where there can be a flow of
anything from node to node carried through connected arcs. Network design problems
are important in operations research and transportation science due to their complex rep-
resentation and their applicability to the real world.

While transportation is vital for the economy and society as a whole, the industry is
negatively impacting the environment. In Canada, the transportation sector accounts for
24% of all greenhouse gas emissions [6]]. Yet, the industry could improve the planning
and design of transport systems as congestion and transporting near-empty containers is
a common occurrence. The ability to optimize these systems is vital in reducing society’s
carbon footprint.

We focus on the transportation of commodities in freight networks. Freight trans-
portation plays a role in the large system that responds to trade in the global mar-
ket. From crude oil transportation to same-day delivery, transportation logistics must
be planned to ensure transportation carriers can be profitable and sustainable. How-
ever, with the rise of quick delivery and one-click checkout, consumer demand quickly
changes over time. A company’s failure to accurately predict and plan for this volatile
demand can cause an enormous waste of resources and dissatisfied customers.

Since 1919, Canadian National (CN) Railway has offered the transport of commodi-
ties from different hubs across Canada. In contrast to last-mile delivery services, this
type of freight transport moves large quantities over large distances such as from ports
to urban sorting centers. While last-mile delivery services try to optimize paths from
sorting centers to hundreds of individuals using thousands of different paths, rail freight
transport 1s restricted to big hubs and limited railways. Yet, the tactical planning of rail

and operations of moving commodities by trains is quite difficult. This problem is an



application of multi-commodity network design (MCND). The solution must satisfy all
demands, offer competitive prices to customers and minimize operating costs. How-
ever, given the demand and supply of commodities at hubs, the problem is solvable with
mathematical programming techniques [17].

In spite of the fact that the planning of the transportation of goods in a rail network
can be solved, it assumes knowledge of demand. Yet, in practice, decision-making must
be done well in advance for freight scheduling. This leads to the problem where demand
must be forecast well in advance and often exhibit relatively large errors. Small errors in
demand forecasts can have significant impacts on the optimization problems.

It is important to highlight that there are a number of different ways to deal with the
underlying uncertainty in commodity demand. Stochastic programming deals with the
optimization problems where uncertain parameters are associated with known probabil-
ity distributions. This allows for the optimization of the expected values as distributions
are known [23]. Another alternative to deal with uncertainty is robust optimization which
is used when uncertain parameters have no known probabilities. Instead, this approach
optimizes over uncertainty sets [S]. Additionally, a predictive modeling approach stands
as another, possibly complementary, strategy. Predictive models are trained utilizing his-
torical data and relevant features to make accurate predictions of future demand patterns.
A widely used approach in practice consists in predict values of unknown parameters ig-
noring the surrounding uncertainty (i.e., deterministic optimization).

However, predicting commodity demand is very difficult [21} 137]]. This problem is
usually solved with a two-step approach. In the first step, we model past demand data and
make predictions. With the predictions for a certain time, we can then feed the demand
into the mixed integer linear program (MILP) that will output the optimized result. This
practice is called "Predict, then Optimize"[28]]. Nonetheless, this method fails to account
for some important interactions [[15]. Namely, while the initial prediction models can be
trained to minimize prediction error, lowest error and almost any other error metric, it
cannot be trained to optimize the downstream MCND problem.

There is a growing literature dealing with changing demand in optimization prob-

lems. Most research estimates demand using historical data and use that demand pre-



diction, either a point prediction or statistical distribution, to formulate an optimization
problem and solve it [[15]. Those solutions fail to recognize the relationship between the
transportation services offered and the demand for those services. Thus, we aim to train
prediction models with a loss function capturing the quality of the resulting downstream
decisions instead of a classic prediction loss.

Thus, we must look for solutions that can make accurate demand predictions but also
account for the result of the optimization problem.

[3] introduced a novel method to make predictions while accounting for a down-
stream linear program’s objective. The work originally attempts to predict stock at-
tributes with a modified loss function that took a downstream portfolio optimization
problem into account. This method is called end-to-end learning or more recently, DFL.
The objective of this paper is to use a DFL framework to solve the MCND with demand
prediction problem. In essence, we look to make demand predictions that also optimize
the downstream optimization problem.

The main issue resides in differentiating a modified loss function that includes some
result of the optimization problem [[19]. We are dealing with design variables (to be
defined in Section[I.2) that are constrained to be binary, this poses a problem for differ-

entiability. The thesis explores recent works in DFL that aim to address this issue.

1.2 Problem Description

We consider a fixed-charge capacitated multicommodity network design problem.
We define G = (N, A) as a directed graph, where N and A are the sets of nodes and arcs of
the network, respectively. The set of arcs is defined by the fixed network and represents

how all nodes are connected. Each a;; € A also has a fixed cost, f;;, which is the cost to

k
ij°

much a unit of commodity k costs to move through arc (i, j). Next, K defines the set of

open that arc in the network, and a variable cost, c%;, which is the cost associated to how
commodities where each k € K 1s a certain type of good and is required to be transported
from its origin o(k) € N to its destination s(k) € N. The design variables are charged with
fixing the configuration of the network. In this problem, y;; € {0,1}. If the arc (i, j) € A



is included in the network, y;; equals 1, otherwise 0. The flow variables determine how
the commodities are transported from origin to destination. We use x > 0, the quantity
of k € K that transits through arc (i, j) € A.

A simple example can be visualized in Figure [[.I] which represents an instance of
a network. Each node labeled V;, would have a demand for each commodity, df . Each
arc has a capacity, fixed cost, and variable cost. This makes up the components of the
network that will be used in this exploratory study.

The problem is modeled using a MILP formulation outlined in [[17], where N (i) is

the set of nodes excluding node i:

z(d) = min Z Z c Z Jijyij (1.1a)

xeXerkeK (i.j)eA (i)eA

st. Y x;— Y Ai=diVieNkek (1.1b)
JEN(D) JEN(D)
inj < uijyij,V(i,j) €A (1.1¢)
kek
X >0,¥(i,j) €A VkeK (1.1d)
vij €{0,1},Y(i, j) € A. (1.1e)

The objective minimizes the sum of all variable costs and fixed costs associated with the
network. The set of first constraints (I.1b)) is the demand flow which guarantees that all
demand is satisfied at every node for every commodity. This is where the machine learn-
ing model predicts all demand for the problem. The second set of constraints assures
commodity flow does not surpass capacity in any arc. The third set of constraints
(I.1d) assures that all flow variables are zero or positive. The last set of constraints
guarantees that the design variables are binary.

However, with real-world data, demand may exceed a given tactical plan in which
case extra capacity is introduced or capacity may be relaxed. In our work, we use aux-
iliary arcs to guarantee a feasible solution for any given a demand vector of the right

dimension. We define such auxiliary arcs to connect the source and sink for each com-



u,c
% Directed edge with capacity =u and cost=c

Figure 1.1 — Network Illustration - This figure illustrates a small instance of a network.
Arcs have a capacity and cost. Every node has a demand vector where the demand for
each commodity is given.



modity with unlimited capacity, zero fixed cost, but very high variable costs. This repre-
sents a penalty for not being able to satisfy the demand for a certain commodity and is
akin to an overflow penalty.

Furthermore, an important aspect of this MCND problem is demand forecasting.
Most recent works mainly deal with predicting demand, d, as a point predictions and
then feeding the predictions into the deterministic formulation (T.1a)-(T.Tée).

Using a DFL approach to solve an MCND formulation, we want to link the down-
stream optimization results to the training through the loss function. The key difference
in DFL is that the loss function, /s not only tries to minimize the prediction error but
also the regret [3, 26]]. A simple regret function example iS lyegre; (cf d)=z7"(d)—z7" (d»
which simply measures the difference between the objective value using predicted vector
d and d. Thus, DFL frameworks include some lyegrer in its loss function. Yet, this intro-

duces a complication in the ability to differentiate dlfji’“ and dl?ji”"’. One of the issues

is that the decision variables y are constrained to be binary. In this thesis, we explore
solutions such that differentiation will be possible.

Specifically, we conduct an exploratory study of using DFL for the MCND problem.
The objective is to offer an approach where the model can directly capture the ultimate
task-based objective of solving the problem within the context of changing stochastic
demand. The main contribution of this study is that it is the first to examine DFL in
the context of MCND. While DFL is a growing research topic, they focus on unknown

parameters in the objective function and mainly deal with linear programs.

1.3 Contributions and Thesis Structure

The key aspect of this study that we want to highlight is the use of DFL frameworks
is not designed to work on the MCND problem. As we will highlight in the next section,
DFL frameworks mainly deal with deterministic formulations where the unknown pa-
rameters are defined to be in the objective functions. The contribution this study makes
is to apply a DFL technique designed for much simpler problems on the MCND and

explore results.



In this study, we summarize related works in literature, outline the methodology
utilized, analyze exploratory results, conclude the paper and highlight some important

future works.



CHAPTER 2

LITERATURE REVIEW

This chapter delves into the research relevant to DFL. We first describe the network
design problems, and the MCND in particular. We provide a brief overview of the Pre-

dict, then Optimize (SPO) setting, followed by a high-level overview of DFL.

2.1 Network Design

Network design problems have been extensively studied. From solution approaches
e.g. exact/heuristic/deterministic/stochastic formulations [17, 23] to forecasting demand
using predict, then optimize [28]]. Yet, DFL is a newer problem and very little research
has been done using its framework applied to network design [[15]. Most of this literature
review focuses on studies related to the application of DFL in similar problems.

Network design is the optimal selection of arcs so as to minimize the fixed and vari-
able costs of transporting people, information, or commodities through a network [23]].
Optimal decisions can be defined as designs that minimize overall costs while satisfying
demand. These problems have a combinatorial nature and are NP-Hard. More specif-
ically, [16] introduced the MCND. The original formulation (I.T)) from the paper is a
MILP. MILPs are defined to have a linear objective function as well as both integer-

constrained decision variables and continuous ones [17]].

z=minc’w (2.1a)
w

st. Aw=>b (2.1b)

weWw (2.1¢)

Yet, there are some tricks that have been explored to make solving these problems

easier. Namely, Lagrangian relaxation (LR) has been shown to greatly decrease the diffi-
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culty of some MILPs problems [[14},23]]. LR provides the lower bound of a minimization
problem. The method can relax one or more constraints such that they are moved to the

objective function. For instance,

z=minc’w+ AT (Aw —b) (2.2a)
w

stweW (2.2b)

is the relaxed formulation of Program (2.1a)-(2.1c). Instead of the problem having the
hard constraint (2.1b)), it can instead be moved to the objective function where it will be
optimized.

The nature of this MILP is that it can be solved with commercial software when
all parameters are known [22]]. However, general-purpose commercial solvers struggle
to solve large instances in a reasonable time. Therefore, there are many heuristics and
exact methods that have been able to solve these problems. Heuristic-based approaches
include simplex-tabu tables and slope-scaling algorithms [9, 11, [17]. Exact methods

include branch-and-cut and cutting-plane methods [7, 17, [18]].

2.2 Predict, then Optimize

For the MCND, we focus on the unknown parameter of demand from every given
instance. It is clear that the MCND is very sensitive to the demand used in the formu-
lation (I.I). Thus, the prediction of demand is vital to the problem. The most common
approach is "predict, then optimize".

Previous studies (21, |27] have found that demand forecasting over short- and long-
term to be quite difficult for freight and generally. A lot of previous research focuses
on auto-regressive time-series models. Autoregressive models are a representation of a
random process describing events changing with respect to time [31, 35]. This assumes

that the output depends on its past values as well as a stochastic term as:
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p
X = Z 9tXt—l +§t~ (2.3)
i=0

It shows that X; is the result of the product of learned parameters, 8 and past values
of X, as well as the addition of noise which may be defined as & = .4#7(0,0;). This
represents the simplest form of AR models. The most common parameter estimation al-
gorithm is the ordinary least squares (OLS) approach or maximum likelihood estimation

(MLE) [33].

2.3 Statistical Learning

Advances in deep learning, Transformers and Long-Short-Term Memory (LSTM)
models have shown tremendous improvements in modeling time series and sequential
data [20, 24, 136]. The main difference between AR models and ML models is that ML
models assume independent and identically distributed data, which is not necessarily
true. Yet, these models often show better than baseline performances in forecasting time
series data [29, 38, 39]].

Supervised ML, in contrast to AR models, relies on n pairs of labeled data,

(x1,¥1), -+, (Xn,yn), where x; is a feature vector and y; is the target label. We try to find a
mapping, fy, that results in fg(X) — §, where X the set of features and § is the predicted
target variable. fy is defined according to the model (i.e. tree-based models, regressions,
etc), where model parameters are defined as 6. We define a scoring function, or loss
function, /(y,¥) that expresses the error from the result of the predicted target variable,
v, and the true y, given current parameters.

To estimate parameters 0, we look to the Empirical Risk Minimization (ERM) prob-
lem. The ERM problem is possible in the setting of supervised ML. We assume there is
a joint probability function, P(x,y) where our training and testing set is drawn (indepen-
dent and identically distributed from P(x,y) [20]. The risk function, R(fy) associated to

a function fy, is defined as the expectation of the loss function:

R(fo) = Ell(fo(x).3)) = [ 1(fa().5)dP(x) 4
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As the risk, R(fg), can not be computed seeing as P(x,y) is unknown, we compute the
empirical risk:

n

LY o) i) @5

i=1
Thus, to estimate optimal model parameters given training data, (x;,y;), a loss func-

tion, /(y,¥), and a prediction model, fy, we solve the following ERM problem,

1 n
min Y {(fo(xi),y)- (2.6)
i

In the realm of optimization, the resolution of this problem is commonly achieved
through the application of gradient descent algorithms [20]. One prominent technique
in this category is Stochastic Gradient Descent (SGD), which stands as an interactive
approach for locating the minima of differentiable functions. This algorithm operates
through a sequence of iterative steps, wherein each step involves progressing in the di-
rection opposite to the gradient of the function at the current point, with the ultimate
objective of converging towards a minimum value. Throughout its iterative computa-
tions over the dataset, the algorithm dynamically updates the parameters based on the

following update rule:

enew

gew — gold _ v 9" 2.7)

Updates occur at every new data point or epoch. The parameters of a model are
usually initialized randomly or with a warm start.

In addition, Neural Networks (NN) incorporate some different optimization tech-
niques. They are split into forward and backward propagation. A forward pass consists
of calculating all the values at each layer, and all neurons, from the input data, to get
fo =7. A loss function can be calculated from the output values after a forward pass.

On the other hand, backpropagation computes the gradients of a loss function with
respect to all the parameters of the network [20]. The goal of backpropagation is to

adjust the parameters of the network to reduce prediction error and is considered a type
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of gradient descent. Starting with the final layers, backpropagation follows the following

iterative steps:

1. For each parameter, the gradient is calculated using automatic differentiation, and
the parameter is adjusted accordingly, as to follow the approach to the minimum

(in the same way as SGD).

2. The next layers can now be calculated using automatic differentiation and param-

eters adjusted in the same way.

Backpropagation determines how much a specific parameter contributes to the loss func-
tion by propagating through a network and calculating gradients with automatic differen-
tiation along the way. It is important to highlight that for both SGD and backpropagation
is essential that loss functions are differentiable. This is the crux that DFL research tack-

les.

2.4 Decision-Focused Learning

Recent developments in ML have led researchers to harness ML to improve down-
stream optimization problems. A first study [3]] found that in the context of a generally
similar problem, a portfolio management application, ML and deep learning (DL) mod-
els failed to improve profits when trained with a standard loss function. Yet, they were
shown to be effective when trained on a final profit-driven loss function. More specifi-
cally, when a loss function of the training model accounts for downstream optimization
regret function (in this case overall profit/loss), models are able to achieve increased
performance. We call this DFL.

Numerous approaches are available for addressing DFL. In the realm of DFL, re-
search predominantly revolves around linear constraint optimization problems, where
unknown variables are found linearly in the objective functions. Several methods lever-
age differentiable optimization layers integrated within NN architectures [1} 2, 25].
These techniques all employ an embedded differentiable optimization layer at various
stages of the NN architecture, enabling predictions of unknown parameters to be seam-

lessly integrated with networks trained via conventional backpropagation. In contrast,
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alternative approaches introduce innovative loss functions that position optimization as
the final stage in the pipeline [4} |13} 32]. These methodologies aim to incorporate loss
functions that account for both downstream optimization challenges and prediction er-
rors. In this context, we closely examine two specific methodologies for a more in-depth
understanding.

[13]] proposes a seminal framework called Smart Predict then Optimize (SPO) that
deals with deterministic formulations with unknown parameters in the objective func-
tion. This approach works not only with LPs but also any constraint optimization prob-
lems where the unknown parameters appear linearly in the objective function. The pro-
posed algorithm introduces specialized loss functions that measure the regret from a
downstream optimization problem while also accounting for the prediction errors that
occur.

[26., 30] explore applications of DFL to combinatorial optimization problems. They
show good results compared to baselines, but all focus on predicting unknown parame-
ters in the objective function, SPO included.

We look more closely at the SPO approach. Given a simple downstream optimization

problem:

P:z(c)= vr‘}I‘éiVI‘}CTW (2.8)

and a training dataset consisting of pairs {(x1,c1),.., (xi,¢;)}, the authors propose SPO
loss functions Igpo(c, ¢) that can account for the optimization problem P while measuring
the errors of a prediction model. We denote the predicted cost vector as ¢. The SPO loss
function is simply: 1%, (¢,¢) = cTw*(¢) — z*(c), where w*(¢) are the optimal decision
variables given ¢. Since ML algorithms attempt to minimize loss, the model would,
trivially, incentivize ¢ to approach 0. The authors propose a loss function, Smart Predict

then Optimize + (SPO+), that minimizes prediction error and reduces objective values,

Ispo+(¢,c) = nggc){cTw —2¢"w} 428w () — 2 (c), (2.9)

where W*(¢) is the set of optimal w* given é. This is called SPO+.
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It is proven that the function is convex, and thus differentiable, while also having
Fisher Consistency. This means that if the estimator was calculated using a complete
population and not only a sample, the true value would be obtained, which is a desirable
characteristic of an estimator or loss function [8]. In some cases, a gradient of SPO+
may not exist as there is a min operator. As such, it was proven [13] that there is a

subgradient,

g(c,é) =2(w*(c) —w* (26 —0¢)) (2.10)

that can be useful in computationally estimating ML parameters, 6.

There is also literature detailing methods for computing the SPO loss function [13,
30]]. The SPO loss function is expensive to compute in its original form, so it is advanta-
geous to have better quick computations. [30] proposes a version of stochastic gradient
descent (SGD), using subgradients, to better estimate parameters in the SPO framework,
shown in Algorithm[I] The methodology of [30] will be extensively reviewed in Chap-
ter Bl

Algorithm 1 Stochastic Batch gradient descent for the SPO+ loss for regression tasks
(batchsize:N) and learning rate o

Initialize 6
Sample N training datapoints
fori in 1,...,Ndo
predict ¢ using current 6
compute subgradient
VLi =w* (Cl') —w* (26‘1' - C,’)
end forN -
vL =BV
0+ 60—axVLx %
convergence (d0 < 0.001)

DFL works differ in one important aspect: where the predictions are in the opti-
mization problem. For instance, [3} 12, [13, 26] all work with a framework where the
predictions are located in the objective function, usually predicting costs. Yet, for the

MCND problem, the prediction is actually found in the constraints, more specifically the
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flow constraint as can be seen in the problem description formulation (T.Ta)-(T.Te).

The only approach in the literature that is designed for formulations where unknown
parameters do not need to be in the objective function is CombOptNet [33]. CombOpt-
Net provides a unique framework where A, B, ¢ in formulation (2.Ta)-(2.1c) can all be
predicted given a dataset. They suggest incorporating an Integer Linear Problem (ILP) as
a differentiable layer in a black box neural network. Essentially, they propose a method-
ology to find gradients for the mapping (A,B,c) — y*(A,B,c). What is unique about
this paper is the differentiation of (A, B), unlike the differentiation of ¢ which has been
extensively studied [13} 26, 30].

CombOptNet uses the incorporated ILP differentiable layer in a neural network that
inputs constraint and objective coefficients and outputs the ILP solution or objective.
The ILP layer is just a solver with no modification or relaxation on the solver. The crux
is the backward pass on this solver, which means the ILP layer must be differentiable.
To estimate parameters in this network, the authors use a descent direction and fixed
increments as a proxy to estimate the model’s paramters. This leads to promising results
in the paper and potential applicability to many DFL problems. However, routinely

This literature review details important works related to the thesis objective. We
introduce related works in network design and then MCND. We also introduce the works
and notations necessary in ML to understand the Predict, then Optimize (PO) framework.
A detailed SPO summary is then shown, highlighting the necessary conditions for its use.
CombOptNet is also presented.

Nonetheless, there is an apparent limitation to all previous research with respect to
our objective. The DFL literature all deals with formulations where unknown parameters
are only in the objective function [34]. Yet, for the MCND and related problems where
parameters are in the constraints, to the best of our knowledge no work has been done
[34]. In sum, this means that we need to adapt MCND problem such that we can try to
apply SPO. We outline the methodology of the experiments in the next section.



CHAPTER 3
METHODOLOGY

This methodology chapter aims to delve into the core principles and techniques un-
derlying DFL for network design. It explores the key components and algorithms in-
volved in our methodology. The goal of our experimental study is to customize the
out-of-the-box SPO approach to predict the demand in a network, a problem it is not
designed for. We also compare the performance to the baseline (PO) framework. Addi-
tionally, we discuss the benefits and potential challenges associated with the application
of SPO in network design.

In this chapter, we first present some experimental results for a motivating example
to illustrate the potential benefit of DFL for network design. We then briefly discuss why
we do not apply CombOptNet (Section[3.2), and in the subsequent sections we delineate

the methodology we use in our results (Chapter {).

3.1 Motivating Example

The main contribution of this work is to explore a DFL framework in the context of
the MCND problem. As such, we expect there to be a difference in the error of predic-
tions and the regret. That is to say, given a certain demand point prediction, d;, and the
true demand, d;, we expect there to be a difference in the prediction error, ly;sg (di,cii)
ID and the regret error, lyeere(z*(d;), 2" (c?i)) |i Notably, we analyze that with
changing d;, regret and prediction loss are not correlated. If they were, using the down-
stream regret in the DFL model would not yield any advantage as it would just be some
linear combination of the demand prediction loss. The loss function in would
suggest that this would not serve any useful advantage to a regular demand prediction
model, such as PO. However, if the loss and regret are not strongly correlated, this would
suggest that the SPO framework could be beneficial.

For this motivating example, we use some of the classical Canad network design



18

benchmark instances created by [10]. These instances provide data regarding nodes,
arcs, commodities, and a feasible demand for commodities at every node. We also create
a smaller instance for quicker computation time. Table [3.1| outlines the different Canad

instances and one custom instance that we use in the motivating example.

Experiment | # Nodes | # Arcs | # Commodities | Demand Matrix Size | Runtime

Canad #36 20 230 40 20x40 3.1s

Canad #53 30 520 400 5x3 257s
Custom Design 3 6 3 3x3 0.2s

Table 3.1 — Network Size and Runtime - This table outlines the sizes and solve time of
three different instances.

Firstly, we define regret as in [13]], of demand predictions as,

A~

Liegret (di,di) = 2*(di) — 2 (d}). 3.1)

We use two additional functions to measure error. We say that y is a vector of pre-

dicted variables and y; is the i’ variable in the vector. MSE is defined as,

1
N !

1

(yi — i), (3.2)

M=

lMSE(ﬁv.V) =

I
_

that we use to quantify errors between vectors.

We also use Log Loss, defined as,

1 N
lLogLoss (}77)}) = 3

~ L vilog i+ (1—yi)log(1- ), (3.3)
i=1

which quantifies errors in vectors containing only binary values. It is mostly used in

evaluating errors in classification predictions but we use it to quantify differences in

vectors of design variables as well.

As we further detail below, we run two different simulation experiments to analyze

how the model’s regret relates to a changing demand vector.
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Experiment \ Formulation to Change Demand Vector
1 dym =axd,0.85<a<1
2 dgim =d + ./ (0,62)

Table 3.1 — Formulations for Demand Generation - This table outlines the functions
that change an initial demand vector for simulation. Experiment 1 shows a multiplier
while Experiment 2 shows the addition of the a random number generated from a normal
distribution.

We evaluate the error (or loss) versus the regret of the formulation with respect to
a baseline. In this case, we evaluate the log loss of the design variables, which gives
intuition of how design variables change with demand predictions. Additionally, we
also evaluate the percent difference in objective value with respect to loss in the demand
vector. The baseline used is the unique true demand, d, given by the Canad network
scenario (Canad only specifies one demand per instance). To simulate demand, we apply
a function n times to the demand vector that randomly or systematically changes it. We
end up with n d;, vectors that we can compare. Table [3.IT outlines the functions that are
used for experiments.

This newly generated demand vector, ds;,, represents one vector derived from d.
We can then calculate both the regrets, r(d,dgin) , and the losses, lysg(do,dsim)
(3.2). We do 50 simulations and we depict the results in figures that we discuss in the
following.

In the first experiment, we apply a function of multiplying the demand by a constant
(Experiment 1 in Table [3.1T). We ran 50 simulations with linearly increasing constants
for each a, where a varies from 0.85 to 1.0.

Figure shows regret versus prediction error for Experiment 1. It shows that by
linearly increasing the demand vector, the change in percent difference is moderately
correlated to the change in MSE of the demand. The expected behavior of this model
is that the objective value increases proportionally to the amount of flow on an arc. Yet,
if the capacity of the arc is exceeded, we will see non-linear increases in the objective
value due to the opening cost of a new arc.

Figure [3.1b| shows the difference in design variables versus the prediction loss. We
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Figure 3.1 — Objective and Design Graphs for Motivating Example - The regret vs. loss
of demand simulations for Canad 36, Experiment 2. On the left, the change in regret
of the objective function in terms of percent error. On the right, the change in regret in
terms of log loss of the design variables chosen.

also see that there is a correlation between the log loss of the design variables
and MSE of the demand. The log loss measures the difference in the design variable,
or arcs, selected for a given demand. As such, we see that the variation between the
design variables is quite high for different demands and seems to be unrelated. It is also
possible that solutions are not unique and these variations can be due to different optimal
solutions. This experiment illustrates that the potential use of DFL could lead to better
results. This is due to the fact that there is a correlation between regret and prediction
loss, which makes it possible for DFL to learn how to design networks that lead to lower
Costs.

In the second experiment, a number randomly sampled from a normal distribution is
added to the demand vector. In other words, demand can increase or decrease randomly.
As such we expect the behavior to deviate from experiment 1. Here, we expect the
design variables to change more with different demands and the flow variables to have
more variation. Figure [3.2b] shows log loss of design variables versus prediction error
in Experiment 2. It shows that the variation in design variables is quite high and that
the flow variables still increase with respect to the change in demand. Since the demand

in this experiment is generated randomly, there is more fluctuation in the selection of
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design variables, and as a result, different fixed variable costs account for the jumps in

the objective value.
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Figure 3.2 — Objective and Design Graphs for Motivating Example - The regret vs. loss
of demand simulations for Canad 53 Experiment 2. On the left, the change in regret of
the objective function in terms of percent error. On the right, the change in regret in
terms of log loss of the design variables chosen.

Figure [3.2a) and [3.2b] shows the second experiment on the smaller instance. There
are only 20 arcs for this instance. In this instance, we strategically set initial values of
demand nearing the capacities such that the new randomly generated demands oscillate
over and under the capacities. As such, the expected behavior is that there will be large
variations in objective values with respect to the demand change. We also see that, to
account for the capacities, the design variables fluctuate significantly.

As aresult, we see differences in regret and prediction loss especially when capacity
is low with respect to the amount of demand. This motivating example hence suggests

that SPO could potentially be beneficial

3.2 CombOptNet

After careful analysis and some experimentation with the CombOptNet, we were
not able to use it for the MCND problem. There is a difference in formulation where

the dimensions of the demand vector must be equal to the dimensions of the decision
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variables. This stems from the fact that CombOptNet is designed for problems with for-
mulation (2.Ta)-(2.1c)), where there is an unknown parameter for each decision variable.
The author’s definition of the unknown parameters made is such that its dimensionality
must be equal to the dimensionality of the decision variables, w, which in the case of
MCND is not true. This is the same problem that is mentioned before in Chapter [2] and
later in this chapter, yet with CombOptNet, the modifications needed to make it work for

MCND are extensive and deemed outside the scope of this thesis.

3.3 Relaxed MCND Formulation, Prediction Model and Synthetic Data

In this section, we define the relaxed MCND formulation we use in our exploratory

study, along with the prediction model and synthetic data.

3.3.1 Relaxed MCND Formulation

All the DFL frameworks outlined in Chapter [2] use deterministic linear programs
(LP)s where unknown parameters are in the objective function. The review leads us
to believe there are no out-of-the-box algorithms to apply DFL to the MCND problem
without heavy modifications. Essentially, SPO can not be applied as is. Instead of
modifying SPO, we relax the MCND formulation to explore if this nevertheless leads to
predictions that can generate better plans than predictions from PO.

We can relax the flow constraint (I.1b) in Formulation (I.Ta)-(I.Ie) such that the
demand will be in the objective. The following formulation is used in our study:

2d)= min Y Y i+ Y fipy AT Y Y df - Y di- Y X

xeX,yeY

keK (i,j)eA (i.j)eA iEN keK JENG) — jeN(i)
(3.4a)
st Y o < w0, j) €A (3.4b)
kek
X >0,¥(i,j) €AVk €K (3.4¢)

Yij S {07 1},V(l,]) €A (34d)
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If the penalty A is sufficiently large, we expect this MILP to approximate the MILP
formulation (1.1a)-(1.1e). Recall that a feasible solution always exists as the use of

auxiliary arcs ensures there will always be a solution to the MILP.

3.3.2 Prediction Model

We use a simple, easily interpretable linear regression trained with SGD:

d=06y+01x1+6x2+...4+ 6,x, 3.5

This is a linear regression such that we can use custom loss functions and optimizer
to estimate the parameters in Equation (3.5) that minimize the ERM (2.6). Thus, with a

given x1,...,x, features, and a trained model we can predict the demand.

3.3.3 Dataset

One common assumption in ML is that the data is Independent and Identically Dis-
tributed (i.i.d). This is untrue with most demand data [35]]. For instance, as demand
fluctuates over time it is non-stationary. But, for simplicity, we generate a dataset that
follows the i.i.d assumption. First, the data we use in synthetically generated using
Sklearn’s generative data function. This function outputs generated data by applying a
linear regression model with a certain number of informative features. It also adds Gaus-
sian noise with a mean of zero and a variance called noise. We generated 10,000 data
points with eight informative features, three noisy features, and nine target variables.
The features simply represent principle components. The target variable’s dimension
matches the cardinality of d. Thus the target variables represent the demand for each
commodity at each node (we use the n'" node explained in the last section). We add a

noise parameter of 1, which represents the standard deviation of the Gaussian noise.
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3.4 SPO Implementation Details

In this section, we discuss the details of the implementation of SPO for the MCND.
We explain the computations of the n'" node, overflow arcs, and decision variables for

relaxation and network size.

3.4.1 Sum of Demand Vector Must Equal 0

Due to the demand flow constraint, the demand vector must satisfy an additional
constraint, ). ;cy(; xifj — X jen() x’j‘.i = dll‘ and ZieNd,k = 0,Vk € K to ensure feasibility.
In sum, the supply and demand for a certain commodity from an origin to a destination
must be equal. That is to say, when looking at the demand for a certain commodity £,
positive or negative, the sum of all demands, Y ;cn ) rck df must be zero or else there
would be an excessive of demand that does not exist, making the MILP unsolvable.

No method can be implemented in the prediction algorithm to constrain some pre-
dictions based on others so we decide to make no demand prediction on the n”. Instead,
we calculate the demand as a source or sink to supply or take demand from the rest of
the network. Thus we define the n' node’s demand as @t = — Y @, Vk € K. With this
n'" node definition, we have a demand vector that will always lead to feasible solutions

given any demand prediction.

3.4.2 OverFlow Arcs

We want to make sure, given a certain demand, d, that a feasible solution always
exists. Itis possible to relax the capacity constraint to ensure that the MILP can always be
solved, even with demand exceeding network capacity. Though, if we completely relax
the constraint, xfj <u;jyij,Vij € A,Vk € K, there is no more enforced relation of x and y.
As a concrete example, if the capacity constraint is relaxed and put in the objective [[14]],
then all the terms with y in the objective are: }.(; j)ea fijyij + Lijea AT Zkerf.‘j — Ujjyij-
Thus, the incentive is to leave y zero and xf-‘j can be non-zero on arcs that are not part of

the design. This is undesired behavior and thus we will keep the constraint unrelaxed.



25

However, it is well known that it is possible to deal with overflow while keeping the

capacity constraints [23]]. We define extra auxiliary nodes such that Vk € K we define

an arc from i to j defined as @'/~ where i is the source and j is the destination for
k. We also define flow variables, xfj_ aux TOr the extra auxiliary arcs. However, these

arcs, a;j_quy are defined to have unlimited capacity yet very high variable costs. This, in

essence, equates to having a very high overflow cost without relaxing any constraint.

3.4.3 Auxiliary Decision Variables to Relax Flow Conservation

After some experimentation and computational review, the use of auxiliary variables
for relaxing flow conservation was required for the SPO code to work. This is due
to the fact that we want the optimization problem to consider each dll‘ — Y jeN(i)Xij +
Y jen(i)Xji; Vi € N,Vk € K. However, if we use auxiliary decision variables, L = d{‘ —

Y x;j + Y. xj; the solver performs as expected. Thus, the MILP becomes:

J=min) N i+ Y fiy+tATY, Y L (3.6a)

keK (i,j)eA (i.j)€A iEN kek
S.t. Z Xij < u,-jyij,V(i,j) €A (3.6b)
kekK
- Y xij+ Y xji (3.6¢)
JEN(i) JeN(i)

> 0,%(i, /) €A Vk € K (3.6d)
ylj6{071}7v(l7])€A (366)
Ly €RYVieN,VkekK (3.6f)

Of course, the demand is still considered to be in the objective function, thus SPO+ can
be applied.
3.4.4 Network Size

There is a limit on the size of the network we use for SPO+. Table[3.Ioutlines the run-

time for Gurobi Solver to find solutions for the baseline Canad instances. As expected,
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we see that it increases exponentially as network sizes increase. The utilization of the
SPO+ framework requires that for every training point, we solve the MILP with the true
demand. Thus, for a dataset with 10,000 data points, before even training the algorithm,
we must solve 10,000 MILP instances.

The use of a larger network also requires more training data and features to get
accurate results. For all these reasons, we will use the small Custom Design network

Table |L.I| for experimentation.

3.5 Baseline: Predict, then Optimize

As discussed in Section [2] the current approach for the MCND is PO[28]. We want
to be able to compare all results to PO so we will use a linear regression model trained
with the OLS loss function. Thus, in this approach, the algorithm minimizes demand
prediction error with no concern for the downstream optimization problem.

The predicted demand, d is then fed directly into the MILP and solved. We can
k.
1]°
for a given demand. We now move on to SPO+.

analyze the solved flow variables, x;;, design variables, y;;, and objective value, z" (d}

3.6 SPO+ Gradients

To estimate parameters in the predictive model, fy, we use the ERM,

mein%éZSP0+(fe (xi),di), (3.7)
The original form of Ispo is expensive to calculate for the gradient descent. More-
over, [13,30] show that the parameters can be estimated using sub-gradients. The mod-
ified stochastic gradient descent, outlined in Algorithm [T] uses sub-gradients to enable
model parameters to reach the local minimum of the SPO+ loss function. Since we have
two sets of decision variables, x and y, we denote them as w for simplicity. We define

the sub-gradients we use to be, (see [13]] Proposition 3)
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Vispoy (d,d) = 2(w*(d) —w*(2d — d)). (3.8)

Using the modified sub-gradients, we can solve the ERM.

Algorithm |1] is used to estimate the parameters of the linear regression algorithm,
there is a computational issue, however, where the dimensions of the demand vector
must be equal to the dimensions of the decision variables. This stems from the fact
that SPO is designed for problems with Formulation (2.1a)-(2.1c), where there is an
unknown parameter for each decision variable by definition. To estimate parameters, 0,
we multiply VL; x g—%. Hence, that means VL and ‘;—‘Z; must be of the same dimension.
However, the dimension of VL is the number of decision variables we have, w. The

Al, in addition to

dimension of w is the dimensions of y, which is the number of arcs,
the number of x, which is the number of arcs multiplied by commodities, |A|* |K|. So
we get the dim(w) = |A| % |K|+ |A| , [VL| = |A| * | K|+ |A].

il% is simply the dimensionality of df‘, SO !‘fl—%’ = [N|=|K].

The dimensionality of
This means that there is a difference of |A||K|+ |A| — |N||K|. We assume that |A||K|+
|A| — |N||K| > 0. Thus, if we compute this essential gradient, we need |A||K|+ |A| —
IN||K| more a’l’.‘s or linear regression output. We define dgyumy as extra dummy prediction
outputs with dimension |A||K|+|A| — [N||K|. We now add dg,ymmy to our target variables
in the dataset as dgymmy = [0, ..,0]. The ML model will then output d{‘ : dgummy, but only
d{‘ will be used in the MCND MILP solver. The dummy outputs are just used in order to
compute the gradients and do not impact on either the ML model or MILP.

3.7 DFL Methodology

After showing the necessary modifications to the experimental setting and formally
defining the prediction model (3.5), the optimization problem (3.6), and the data, we
outline the experimental methodology here.

It is important to remember that the framework of SPO is similar to that of PO, where
predictions are made using a predictor and then the output is solved to get the objective

value and decision variables. The difference lies in the loss function of the predictor.
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We have the optimization problem (3.6), with decision variables w, for which we aim to
predict demands that represent the unknown parameters in the objective function. The
goal of the exploration is to determine if the objective values of predicted demand using
the SPO approach outperform those from a regular loss function. That is to say, will
SPO reduce overall objective costs while also keeping predictions accurate.

To do so, we use Algorithm [I] to estimate parameters in the prediction model. The
algorithm utilizes the subgradients of the SPO+ loss function that make
predictions based on reducing regret while also keeping accurate demand predictions.

Since we try to predict demands, d, we can reexamine the SPO+ loss function:

Ispos(d,d) = ng%’fd){dTW —2d"w} +2dw*(d) — 2" (d). (3.9)

where the subgradients are found to be:

glc,&) =2(w*(d) —w*(2d — d)), (3.10)

where we denote the two decision variables, x and y as w for simplicity. The particular
details of SPO+ have been discussed.

To illustrate the pipeline, we include Figure The predictor takes in a feature
vector, X, associated with true demand, d. The MCND optimizer will solve for w*(d)
and z*(d). The predictor outputs d which is then be fed into the MCND optimizer to get
w* (d» and z* (d) The SPO loss function then has all parameters needed and Algorithm
[[]can then change predictor parameters according to this iteration.

Once trained, the results of the exploration can be studied. We can evaluate how
accurate demand predictions are while verifying the regret.

After showing the necessary modifications and methodology, in the next section, we

present the results.
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Figure 3.3 — Methodology Pipeline - This figure illustrates the pipeline of the DFL train-
ing. Training data (where d has already been run through the optimizer to obtain z*(d)
and w*(d)) gets fed into the predictor.



CHAPTER 4

RESULTS

This chapter presents an analysis and evaluation of the application of DFL in the
context of MCND. It is an exploratory study where we aim to test the SPO framework on
a problem it was not originally designed for. In Chapter 3] we outline the methodology.
This chapter aims to showcase the outcomes and findings obtained from implementing
the SPO framework, providing insights into its effectiveness and impact on network
design outcomes.

The primary objective of this study is to explore how SPO performs on a MILP
where unknown parameters are not in the objective function. We want to see if DFL
can contribute to the improvement of network design, ultimately leading to optimized
network designs, enhanced performance, and cost-effectiveness. To achieve this, a series
of experiments, using the SPO loss functions to address simple instances of the MCND.

This chapter will go over the experimental setup, training, and testing of algorithms.
We also compare SPO results with PO in different settings, high capacity, low capacity,
and varying variable cost. Furthermore, this chapter discusses the significance of the
results obtained, providing insights into the level of improvement achieved by using SPO
loss functions in network design. Additionally, any limitations or challenges encountered

during the implementation of SPO will be discussed as well.

4.1 Experimental Setup

The experimental setup will be important in order to outline the differences of SPO.
We aim to compare how the predicted demands, predicted using different algorithms,
affect the overall costs of networks. For this, we aim to use a small network that will
allow a closer look into how arc selection, commodity flow, and other factors change
with different algorithms. The metric that we use is also important in the analysis of

results.
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The overall objective is to study if SPO is able to select optimal arcs that lead to
reduced costs compared to a baseline. This would show that SPO learns some signal of

how to best solve MCND instances. We introduce the metric in Section

(Capacity, Variable Cost, Fixed Cost)
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Figure 4.1 — Network Illustration - Illustration of the network with arc capacities, fixed
costs, and variable costs.

The results are based on a very small network whose specifications are in Table 4.1]
We also include an illustration of the network in Figure d.1] The reasons we use a small
network are two-fold. Firstly, the computation time required for DFL is significant and
increases exponentially as can be seen in[3.1] A faster run-time helps broader experimen-
tation of SPO as we were able to test more configurations of the model. Table 4.1I| shows

the exact parameters of the network to be used.

Experiment | # Nodes | # Arcs | # Commodities | Demand Matrix Size
Test Design 3 6 3 3x3

Table 4.1 — Test/Train Instance Specification - Outlines the size of the network used for
results.

For more specific details about the exact network including arc capacities, variable
costs, and fixed costs, see Appendix Table
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The setting of the experimentation also requires a prediction model to assess the dif-
ferent loss function approaches. As this is an exploratory setting, we want to use the
simplest predictor possible such that the explainability of the model is straightforward.
This is also a regression task so the model must be capable. We selected linear regression
with SGD for parameter estimation as it reduces training time and allows for straightfor-
ward analysis of inputs, outputs, and parameters, unlike many other ML algorithms that
act as a black box.

This experimental setting allows for efficient and robust computations. In addition,

the small network size allows for in-depth analysis of the following results.

4.1.1 Training

The training of SPO+ and PO follow the same steps. With the generated dataset, we
train algorithms to minimize their respective loss functions outlined in Section [3| with a
gradient descent algorithm. PO attempts to minimize prediction error while SPO+ min-
imizes a combination of prediction error and objective value outlined in Equation (2.9).
Prior to training SPO+, we also compute the optimal solution value with true demand,
denoted z*(c), as required in the SPO+ loss (2.9). We calculate optimal solutions for each
data point, as required by the SPO+ framework. The model parameters are randomly ini-
tialized and then estimated using stochastic gradient descent to find the parameters that
minimize the loss as explained as in Algorithm [I] We run five epochs of training data,

as outlined in [30], which completes the training of the model.

4.1.2 Testing

We aim to test SPO on its ability to lower the overall objective value of the MCND
while keeping accurate demand predictions. As such, we determine if the SPO loss
function enables the signal from the MCND to make designs that reduce the overall
objective value.

We split the data into training and testing at an 8:1 ratio. The training data is only

used for training the SPO and PO algorithms. The testing set is unseen in training and is
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what is presented in this chapter.

In the results, we show three different models. The first is the baseline. We evaluate
the models as follows. First, we compute the objective value using true demand, z*(d),
which is the baseline. The two other models are PO and SPO+. Given the goal is to
compare the different designs of SPO+ and PO given a certain data point, we compare
the objective values and regret for each design. We denote the design using a predicted
demand as y* (d» The regret we use in these results is shown in Equation 1i and
differs from the regret used in the SPO+ loss function in Equation (3.T]), which does not

fix designs.

A

Fimod (dir di) = 2" (d;) — 2" (d) (4.1)

Essentially, given a predicted demand, d;, from either model, we calculate y* (c?,)
We then fix y*(d;) for the MCND (1.1)) and use the true demand, d; to evaluate. This test
gives a realistic performance metric for both algorithms.

We test the different models in three different network capacity settings. The network
capacity settings are meant to show cases where SPO does well and poorly and to help
analyze results. The amount of capacity in the network has a big impact on performance.
If capacity is small, predicting higher demands will result in much higher costs as the
use of auxiliary arcs is necessary. There is an expectation that SPO will make predictions
that do not use auxiliary arcs as it will severely penalize its loss function. If the capacities
are large, the auxiliary arcs should not play a large role. On the other hand, with high
variable costs, SPO will limit the amount of commodity it tries to predict to lower costs,
with a trade-off of high prediction error. With no variable cost, there is no constraint in
over-predicting, to the limit of using the auxiliary arcs. We present the results in the next

three subsections.

4.2 Low Capacity with Variable Costs

Testing low capacity in a network design problem within the context of SPO serves

several important purposes. Evaluating network designs with low capacity allows for
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an exploration of the network designs of SPO algorithms under constrained conditions.
In addition, evaluating low-capacity arcs also allow for a comprehensive examination of
trade-offs between different objectives in network design. With limited capacity, net-
work designs are often forced to make strategic decisions on which arcs to use to avoid
using very expensive overflow options. The capacities used in the section are outlined in
Table [ in the appendix.

Table |4.11| shows the overall performance of the baseline, PO, and SPO. The mean
objective values correspond to 2" (i) (d;) for the respective d averaged over the test set.
The mean regret corresponds to r(d, d) averaged over the test set. The mean number
of arcs opened is the sum of arcs in design y* (d} average over the test set. The mean
fixed cost is the sum of the fixed costs associated to the design, y* (d) averaged over the
test set. Finally, the mean overflow units is the number of units that use the auxiliary
costs when solving the MCND (|1.1)) with true demand, d and design, y* (d)

Table also shows the differences in the actual demand prediction each model is
making. To clarify, we calculate the prediction error and regret of the actual predictions
the PO and SPO models are making, where the regret follows Equation (3.I). In the
table, we see that SPO has a negative regret meaning it is actually lower than the baseline
objective cost. But, we see very large prediction errors meaning that SPO is under-
predicting demand as a means to lower cost.

It is clear that the baseline has the lowest objective value (lower bound) with SPO be-

ing the highest. The same is true for regret. Moreover, the prediction error in Table

H Design Metrics Baseline PO SPO H
Mean Objective Value 301,789 306,077 444,566
Mean Regret 1,04 0 4,288 142,777
Mean Number of Arcs Open 2.8 2.8 3.0
Mean Fixed Cost 5891 5891 5,000
Mean Overflow Units 288.7 288.7 433.3

Table 4.I1 — Network Design Metrics for Scenario 1 - Design metric results of Low
Capacity, Variable Costs simulation.
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H ML Metrics PO SPO H
Mean MSE for Demand Prediction 345 18,446
Mean Regret 586 -296,137

Table 4.1I1 — ML Prediction Metrics for Scenario 1 - ML metric results of Low Capacity,
Variable Costs simulation.

follows the same trend, where SPO has a mean prediction error significantly larger than
PO.

This explains why SPO has a much higher regret than PO in Table The design is
meant for demands that are much lower than true demand which leads to the use of the
very expensive auxiliary costs.

If we look at the way the gradients are calculated in Algorithm (I we can see why
the predictions tend to under-predict demand. The sub-gradients are computed using
w*(d) —w*(2d — d) as in . The sub-gradients are being used to lead us param-
eters, 6, that minimize the ERM, effectively minimizing the SPO loss function @])
Essentially, the sub-gradients are computed by subtracting the decision variables given
by solving the optimization problem with a demand equal to 2d — d from the decision
variables given by solving the optimization problem with the true demand, d. If d is
larger than d, then w*(d) < w*(2d —d) and VL increases. On the other hand, if d is
smaller than d, then w*(d) > w*(2d — d) and VL decreases. Since the objective of SGD
is for the gradients to find the local minimum, SPO incentives d to decrease, which is
what we see in the example. This relates to an issue with the objective function that we
discuss further in Section

In addition, when we compare model designs, PO and baseline have the same fixed
cost and design. The small difference in objective value comes from the prediction error
PO makes in demand. PO slightly over-predicts demand such that the variable costs of
moving more commodities are higher. SPO selects more arcs in the design yet has a
lower fixed cost.

Figure [4.5]shows the average demand prediction of a commodity per node. We that

the PO predictions are usually closer to actual demand than SPO. This also shows that
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SPO is under-predicting demands.

Average Demand Prediction

SPO+
4 Real

Average Predicted Demand

D(1.1) D(1.2) D(1,3) D2,1) D22y D23y D@31y DE2) DE3)
Demand(l.K)

Figure 4.2 — Demand Prediction for Scenario 1 - Average demand prediction for each
commodity.

4.2.1 Predict, then Optimize

Figure [4.3a and [4.3b] show the prediction error versus regret and prediction error
versus design variable error. It shows that the prediction error and regret are uncorre-
lated. Generally, the trend we see is; the higher the prediction error, the lower the regret.
Since the predictive algorithm does not learn from the MCND structure, we expect good

prediction results, especially considering the linearly constructed data.
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Design Variable Error vs Prediction Error
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Figure 4.3 — Objective and Design Graphs for Scenario 1, PO - The left graph shows the
relationship between Regret and MSE Prediction Error. The right graph shows the rela-
tionship between the difference in design variable selection and MSE prediction error.

We also see that there is little variation in the design variables. Almost all generated
demands are being solved with the same design. However, this can almost certainly be
attributed to the low capacity with respect to the amount of flow. Since every arc is being
utilized near full capacity, there is not much room for difference in arc selection leading
to the results shown. This example shows the importance of capacity in the MCND

problem.
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4.2.2 Smart Predict then Optimize

Design Variable Error vs Prediction Error
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Figure 4.4 — Objective and Design Graphs for Scenario 1, SPO - The left graph shows
the relationship between Regret and MSE Prediction Error. The right graph shows the
relationship between the difference in design variable selection and MSE prediction er-
rofr.

SPO differs from the PO. We see that for the framework, there is a correlation be-
tween regret and predictive error. The two metrics are quite correlated where higher
prediction error leads to higher regret. Yet, one thing to notice is the degree of the pre-
dictive error as outlined in Table Note that we experimented with changing true
demand values and this does not change the overall performance of this approach.

It is also apparent in Figure that SPO uses various designs, as is apparent from
the different log losses of the designs. We also see that the designs include only 3 arcs
and have the same fixed cost in Table d.IIl This shows that the SPO loss function is able
to actually gain signal from the MCND. While it is unable to accurately predict demand,
it does lower fixed costs (5,000 vs. 5,891 for SPO and PO, respectively). Yet, the lower
fixed costs end up being extremely costly when using true demand as it requires a high
use of auxiliary arcs. As SPO is under-predicting demand, to lower initial fixed costs
that are ideal with its small demand predictions, it is not able to consider that its savings
lead to much higher auxiliary costs when using true demand.

The SPO loss function penalizes large demand predictions. What we see in this
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example is that the computation of sub-gradients leads to under-predictions and favors
reducing the costs rather than prediction error. In this capacity setting, the SPO loss

function is not appropriate as shown by bad prediction and large regret.

4.3 High Capacity with Variable Costs

Testing high capacity in the MCND is equally important as it provides valuable in-
sights into the design variable selection. By evaluating network designs with high ca-
pacity, we can examine how the SPO algorithm effectively utilizes abundant capacity
to optimize network performance. In addition, testing high-capacity arcs enables us to
analyze the decision-making capabilities of DFL. Since there is more capacity, we will
observe different arc selections between algorithms. The capacity used the number out-
lined in Table|L.I} in the appendix, multiplied by a factor of 10.

We see a similar trend here as to low capacity. It is clear that in Table SPO has
a large prediction error but improves the regret even compared to baseline (the demand
predictions are small which causes lower objective values when comparing to baseline).
This is due to underpredictions caused by the definition of loss function.

Table shows the baseline and PO models actually have a lower fixed cost but a
higher auxiliary cost compared to SPO. We also notice that all the models return lower
objective values compared to the smaller capacity example due to avoiding the large
auxiliary arc costs. This could mean that the SPO does gain some signal into how to
lower network costs. However, the overall objective cost of SPO is still higher. We

explore this further in the next sub-sections.

H Design Metrics Baseline PO SPO H

Mean Objective Value 21,827 24,791 29,780
Mean Percent of Arcs Open 36 % 36% 50%
Mean Fixed Cost 4,033 4,033 5,000
Mean Overflow Units 3,304 3,304 1,359

Table 4.1V — Network Design Metrics for Scenario 2 - Design metric results of Low
Capacity, Variable Costs simulation.
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H ML Metrics PO SPO H
Mean MSE for Demand Prediction 345 18,430
Mean Regret -520 -16,331

Table 4.V — ML Prediction Metrics for Scenario 2 - ML metric results of Low Capacity,
Variable Costs simulations.

Average Demand Prediction

SPO+
4 Real

Average Predicted Demand

D(1,1) D(1,2) D(1,3) D(2,1) D22y D23y D3,1) D3,2) D33
Demand(l,K)

Figure 4.5 — Demand Prediction for Scenario 2 - Average demand prediction for each
commodity.

Figure .5 shows the same illustration as previously mentioned. We see here, SPO

demand prediction usually underpredicts with respect to the baseline.

4.3.1 Predict, then Optimize

PO has the same results as Section @ Similarly, it can also be attributed to small
prediction errors. The takeaway is that when models predict demands accurately, the

regret stays very small as well.
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Design Variable Error vs Prediction Error
Objective Error vs Prediction Error
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Figure 4.6 — Objective and Design Graphs for Scenario 2, PO - The left graph shows the
relationship between Regret and MSE Prediction Error. The right graph shows the rela-
tionship between the difference in design variable selection and MSE prediction error.

4.3.2 Smart Predict then Optimize

In contrast, it is easy to see that SPO yields different results. In Figure predic-
tion error and regret are correlated. We see that the demand predictions SPO makes are
still underpredicting, yet we see a small decrease in predictive error. Once again, we see

that SPO underpredicts to get small objective values but makes large prediction errors.
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Design Variable Error vs Prediction Error
Objective Error vs Prediction Error
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Figure 4.7 — Objective and Design Graphs for Scenario 2, SPO - The left graph shows
the relationship between Regret and MSE Prediction Error. The right graph shows the
relationship between the difference in design variable selection and MSE prediction er-
rofr.

4.4 High Capacity, No variable costs

Testing a network design problem with no variable cost is to explore the impact of
fixed cost. We hypothesize that in this scenario, demands will be accurately estimated as
there is no penalty for overestimating as the only cost consideration would be the fixed
costs associated with opening arcs. This allows us to gain a deeper understanding of how

SPO prioritizes and optimizes network designs when the variable cost is not a driving

factor.
H Design Metrics Baseline PO  SPO H
Mean Objective Value 6,105 6,105 6,359
Mean Percent of Arcs Open 35% 35% 50 %
Mean Fixed Cost 3,208 3,208 5,000
Mean Sum of Auxiliary Cost 2,897 2,897 1,359

Table 4.VI — Network Design Metrics for Scenario 3 - Design metric results of Low
Capacity, Variable Costs simulation.

We see a different trend in Table for this example. All objective functions
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are similar. SPO has a lower auxiliary arc cost due to more arcs being available. The
tradeoff is that the fixed costs of opening the arcs are larger. PO and baseline have higher

auxiliary costs and lower fixed costs due to fewer arcs, in contrast.

H ML Metrics PO SPO H
Mean MSE for Demand Prediction 358 18,300
Mean Regret 135 1,637

Table 4.VII — ML Prediction Metrics for Scenario 3 - ML metric results of Low Capacity,
Variable Costs simulation.

We see different results in Table as well. Regret and prediction error is small
for PO while SPO makes large prediction errors but reduces objective value with its

underpredictions.

Average Demand Prediction

SPO+
4 Real

Average Predicted Demand

D(1,1) D(1,2) D(1,3) D(2,1) D22y D23y D3,1) D32) D33
Demand(l,K)

Figure 4.8 — Demand Prediction for Scenario 3 - Average demand prediction for each
commodity.

4.4.1 Predict, then Optimize

Due to no variable cost, we can see in Figure that the resulting prediction error

and regret are on discrete points representing the various initial fixed costs.



44

Objective Error vs Prediction Error Design Variable Error vs Prediction Error
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Figure 4.9 — Objective and Design Graphs for Scenario 3, PO - The left graph shows
the relationship between Regret and MSE Prediction Error. The right graph shows the
relationship between the Difference in Design Variable Selection and MSE Prediction
Error.

PO performs baseline in this example. Sie prediction error is small and they have the
same fixed cost, we expect total costs to be the same as there is no variable costs.
Figure [4.95 has the same behaviour as in Sections 4.2 and 3] where designs remain

generally constant.
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4.4.2 Smart Predict then Optimize

Design Variable Error vs Prediction Error
Objective Error vs Prediction Error
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Figure 4.10 — Objective and Design Graphs for Scenario 3, SPO - The left graph shows
the relationship between Regret and MSE Prediction Error. The right graph shows the
relationship between the difference in design variable selection and MSE prediction er-
IOr.

We see similar results as PO in Figure #.10al Since SPO has more arcs opened,
we see a higher fixed cost but lower auxiliary costs, which is expected. There is no
correlation between prediction error and regret here. In a situation with high capacity
and no variable cost, SPO and PO perform similarly.

Figure 4.10b| shows that designs fluctuate but are not correlated to predictions errors.

4.5 Discussion

The takeaway of the results is two-fold. First and foremost, SPO performs below the
standard PO in this instance. It is clear to see that SPO is outperformed by PO in reduc-
ing regret (4.1) and prediction errors. The designs that PO makes have lower objective
values and select fewer arcs in the design on average. As SPO model underestimates
demand, it selects designs that, when using true demand, rely on auxiliary arcs, espe-
cially in low-capacity settings. It is apparent that the SPO loss function underestimated

demand to prediction regret (3.1)), showing it cares more about reducing the objective
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value than accurate predictions. In real examples, clients’ need for accurate demand pre-
diction is important and models that under-predict lead to lower customer satisfaction
and over-prediction leads to unnecessarily high costs. Through all examples, the SPO
loss function prioritizes lowering prediction regret over accurate predictions which is not
a trade-off SPO should make in this example. Moreover, the resulting designs showed
that using the network design from SPO resulted in higher regret.

The second important point to make about these results is that SPO is not sensitive
enough to the different capacity parameters. This signals a flaw in the use of SPO for the
MCND. From Tables [.ITT, 4.V] and . VT]| it is apparent that regret changes according

to capacity settings but the prediction error of SPO only fluctuates by a small amount.

The prediction errors of PO remain constant throughout all settings which is expected as
it only accounts for prediction error and is unchanged by the downstream optimization
problem.

The SPO prediction errors are 18,446, 18,430, and 18,300 for low capacity, high
capacity, and high capacity with no variable cost, respectively. This is the trend expected
as with low capacity, the SPO loss function (2.9), is incentivized to under-predict as
over-prediction will result in the use of expensive auxiliary arcs. With high capacity,
predictions are reduced slightly as there is less of a dependency on auxiliary arcs. With
high capacity and no variable cost, we expect the prediction to drop more as there are
no additional costs associated with having more commodity flow. Even though we see
that the SPO model does gain some signal from the optimization problem, it still under-
predicts the demand and requires further customization.

There is one important note to make. For this experiment, we used linearly generated
data with an i.i.d assumption. This is far from reality as time-dependent data is much
harder to predict and features are far from linear. This leads to a high performance of the
PO algorithm which does not perform as well in more realistic settings.

MCND is a fundamentally different problem than the ones SPO was designed for.
We relax MCND such that the unknown parameters are in the objective function, which
allows the use of the SPO framework. This means that the regret will drive demand

down and impact both the feasible region and objective costs. From the results, SPO in
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this original version (designed for cost parameters only) is not appropriate for this case.
As noted, SPO is not designed for the MCND. Throughout this thesis, adjustments
are made to nevertheless explore the use of SPO in this setting. We believe that more

customization could lead to better results of DFL applied on the MCND.



CHAPTER 5

CONCLUSION

This thesis focused on the exploration of DFL in network design. We introduced the
MCND with easy-to-understand description and notation. Furthermore, we delve into
the current literature of network design, ML and DFL, highlighting what has been done
but also bringing to attention areas that need development.

One of the issues we encountered in this work is the large computational resources
required to perform SPO on the MCND. This constrained the work to smaller networks
and linear data generation to find convergence in training and testing algorithms.

The work serves to achieve two goals. We first provide a motivating example that
serves to bring to attention the potential benefits of SPO in the context of the MCND
problem. We wanted to investigate, with the modifications shown in this thesis, if SPO
could solve a problem it was not designed for. The amount of research into DFL is
increasing but it lacks the applicability to many problems.

Secondly, we provided the exploration of using SPO to design networks in the MCND.
We outlined the computational difficulties in our approaches. The main takeaway from
the experimental result was that with the customization we do, PO performs better. How-
ever, we believe that with further methodological advancements of a loss function, re-
sults could improve from the ones we present here. It is clear that this implementation is
artificially underpredicting demand such that it designs networks that increase operation
costs due to its reliance on overflow penalties for realized demands. The underpredic-
tion of demand stems from the SPO loss function that focuses on decreasing regret more
than prediction errors in this setting, SPO does learn how to reduce prediction regret,
the error in prediction values is too significant and leads to network designs that are
outperformed by PO, due to the feasible region being impacted. We think that future
research should look at loss function modifications that can further minimize prediction
loss while keeping the low downstream costs we showed here.

In conclusion, this thesis accomplished the goal of exploring SPO in the context of
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the MCND. Additionally, the work presents preliminary exploratory results and high-

lights future works in the area.
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Appendix I

Information on Network Settings

H Arc Fixed Cost Variable Cost Capacity H
(1,2) 1,000 15 150
(1, 3) 2,000 25 125
2,1 3,000 45 150
(2,3) 1,000 45 150
(3, 1) 3,000 45 125
(3,2) 2,000 45 100

H Auxiliary Arcs H
(1,2) - 1,000 -
(1,3) - 1,000 -
2, 1) - 1,000 -
(2,3) - 1,000 -
(3, 1) - 1,000 -
(3,2) - 1,000 -

Table I.I — Detailed Information on Test Network Instance - Outlines the specifications
of the network used for all the results.
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