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Abstract

Many economic problems require finding an efficient combinatorial assignment of multiple in-

divisible items to multiple agents. Popular examples include combinatorial auctions (CAs),

where a set of heterogeneous items is allocated among a set of bidders, and combinatorial course

allocation, where course seats are allocated among students at universities.

What all of these domains have in common is that the agents can report their values on bundles

(sometimes also called packages) of items rather than only on individual items. This allows them

to express more complex preferences, i.e., an agent’s value of a bundle is not simply the sum of

each individual item’s value, but it can be more (complementarity) or less (substitutability). A

mechanism that allows agents to report values for bundles rather than just for individual items

can achieve significantly higher efficiency. However, since the bundle space grows exponentially

in the number of items, agents cannot report values for all bundles, even in domains with a

modest number of items. Therefore, the key challenge in combinatorial assignment is the design

of a preference elicitation algorithm that is (i) practically feasible with respect to elicitation

costs and (ii) smart, i.e., it should elicit the information that is “most useful” for achieving high

efficiency. In this thesis, I study how to design such smart and practically feasible preference

elicitation algorithms using various machine learning (ML) algorithms.

In Research Question 1, I study how to use neural networks (NNs) and Fourier transforms

(FTs) for set functions to enhance existing value query-based preference elicitation algorithms

in combinatorial auctions (CAs). NNs enable the auctioneer to learn more complex bidder

preferences than prior approaches; via FTs an auctioneer can leverage Fourier sparsity of bidders’

preferences to reduce dimensionality and facilitate the learning task. Based on that, I introduce

two novel value query-based ML-powered iterative CA mechanisms (NN-ICA and Hybrid-ICA)

and experimentally show that they achieve state-of-the-art efficiency.

In Research Question 2, I study how to quantify posterior model uncertainty (i.e., epistemic

uncertainty) for NNs in regression. Specifically, I propose neural optimization-based model un-

certainty (NOMU). In contrast to a fully Bayesian approach, NOMU directly estimates posterior

model uncertainty (without explicitly defining a prior) by enforcing five important desiderata

that any method should satisfy. I experimentally show that NOMU works particularly well in

settings with zero or small data noise and scarce training data. This and the fact that NOMU’s

posterior model uncertainty estimate can be represented by a single NN in contrast to ensem-

ble methods, makes NOMU particularly well suited for preference elicitation in combinatorial

assignment.

In Research Question 3, I frame the design of an iterative combinatorial assignment mechanism

as a combinatorial Bayesian optimization (BO) task with an expensive-to-evaluate function. In

classic BO a well-suited domain-specific prior and an acquisition function based on a notion

of uncertainty are key. To address the domain-specific prior, I propose a new class of NNs:

monotone-value neural networks (MVNNs). MVNNs are specifically designed to model mono-

tone combinatorial value functions. I experimentally show that incorporating this important

prior knowledge leads to better generalization performance, specifically in settings with few

training data points. Regarding a notion of uncertainty over agents’ preferences, I combine

NOMU and MVNNs to define a new method for estimating an upper uncertainty bound (uUB)
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that can then be used to define an acquisition function to determine the next query. This re-

sults in the design of a value query-based Bayesian optimization-based combinatorial assignment

(BOCA) mechanism that uses MVNNs as domain-specific prior and makes use of NOMU’s pos-

terior model uncertainty in its query generation module. I experimentally evaluate BOCA and

show that not only exploiting but also properly exploring the bundle space during the preference

elicitation phase indeed leads to allocations with higher efficiency.

In Research Question 4, I study the course allocation problem, an instance of combinatorial

assignment where monetary transfers are not permitted. I introduce a machine learning-powered

course allocation mechanism. Concretely, I extend the state-of-the-art Course Match mecha-

nism with an MVNN-based preference elicitation algorithm. I call the proposed mechanism ma-

chine learning-powered course match (MLCM). MLCM generates in an iterative, asynchronous

manner, pairwise comparison queries that are tailored to each individual student. I perform

computational experiments using a simulator for students’ preferences that was fitted to real-

world data. I find that, compared to Course Match, MLCM is able to significantly increase

both average and minimum student utility, even with only ten additional pairwise comparison

queries.

vi



Acknowledgements

First and foremost, I would like to thank my advisor Sven Seuken for guiding me trough the

past four years of my PhD. When I look back on myself to when I started my PhD and we

wrote our first paper together, and compare that to the present me, it is truly remarkable how

many different things I was able to learn from him. Sven’s dedication and passion for our

research projects has constantly motivated me to keep going even during more difficult times.

Specifically, I thank Sven for teaching me how to communicate and present my work and for

giving me the freedom to select my own research topics and collaborators. His constant support,

sheer availability and careful advice did not end at research but he continued to be of great help

beyond and ultimately shaped the person I am today. Thank you!

I deeply thank everyone with whom I had the pleasure to collaborate. This thesis would

certainly not have been possible without you. I thank Hanna Wutte and Jakob Heiss from

the Department of Mathematics at ETH, with whom I share a very special and long-lasting

relationship since day one of our Bachelor’s studies in mathematics back in Vienna in 2012. I

would like to thank you both for our countless (fun) meetings and interesting discussions in the

last 10+ years on all kinds of different topics including fruitful research discussion. However,

more importantly, I thank you for your close friendship in all those years. I would like to thank
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1 Introduction 1

In recent years, arti�cial intelligence (AI) and machine learning (ML) in particular have found

widespread application in many real-world market mechanisms (with and without money). This

ranges from the development of sophisticated ML-based recommender systems on popular plat-

forms like TikTok, Instagram, Net
ix, to the use of natural language processing to predict a

seller's quality on eBay (Masterov et al., 2015), to ML-based optimal reserve prices in Google's

Ad auctions (Milgrom and Tadelis, 2019), or to optimal refugee resettlement matching mecha-

nisms via gradient boosting regression trees (Bansak et al., 2018). In all these examples, ML

has helped greatly todesign a better marketplace, e.g., by improving customers' experiences, by

facilitating trades, by increasing a seller's revenue or by achieving better societal outcomes.

In my thesis, I focus on combinatorial assignment. Many important economic problems in-

volve the combinatorial assignment of multiple indivisible items to multiple agents. In domains

with money, prominent examples includecombinatorial auctions (CAs) and combinatorial ex-

changes (CEs). In CAs, heterogeneous items are allocated amongst a set of bidders, e.g., for the

sale of spectrum licenses (Cramton, 2013). In CEs, a set of items is allocated between multiple

agents who can be sellersand buyers at the same time, e.g., for the reallocation of catch shares

(Bichler et al., 2019). In domains without money, a popular example iscombinatorial course

allocation, where course seats are allocated to students in business schools (Budish, 2011).

What all of these domains have in common is that the agents can report their values on

bundlesof items rather than only on individual items. This allows them to express more complex

preferences, i.e., their value for a bundle is not just the sum of each individual item's value, but

it can be more (complementarity) or less (substitutability ). A mechanism that allows agents to

report values for bundles rather than just for individual items can achieve signi�cantly higher

e�ciency. However, this also implies that agents' preferences are exponentially-sized (i.e., for

m items there are 2m di�erent bundles), and thus agents cannot report values for all bundles,

even in settings with a modest number of items. Therefore, the key challenge in combinatorial

assignment is the design of apreference elicitation algorithm that is (i) practically feasible with

respect to elicitation costs and (ii) smart, i.e., it should elicit the information that is \most

useful" for achieving high e�ciency.

In my thesis, I study how to use ML for the design of preference elicitation algorithms in

combinatorial assignment. On a high level, theML-based preference elicitation algorithms I

consider in my thesis proceed iteratively in rounds and involve the following two key steps:

First, to use ML algorithms to learn agents' preferences (including some notion of uncertainty)

from observed data points; second, to use those trained ML models to generate smart and

informative queries for the agents (I focus onvalue queries, i.e., \How much do you value bundle

1Some parts of this chapter are adapted from my own prior work (Weissteiner and Seuken, 2020; Heiss et al.,
2022; Weissteiner et al., 2022b,a, 2023; Soumalias et al., 2023)

1



1 Introduction

A" and pairwise comparison queries, i.e., \Do you prefer bundle A or B?" ). Speci�cally, for

the second step, a key requirement is to e�ciently solve the resultingML-based combinatorial

optimization problem. For example, in combinatorial auctions, a key step is to solve ML-based

winner determination problems (WDPs), i.e., �nding allocations that maximize the predicted

social welfare with respect to the trained ML models. In combinatorial course allocation, a key

step is to determine for each student a feasible course schedule that maximizes the predicted

utility with respect to the student's trained ML model.

1.1 Background, Problem Statements and Research Questions

In this section, I frame the four main research questions for my thesis. Each of those will address

the overarching question:

How to design better market mechanisms by integrating advanced ML methods?

Machine Learning-based Combinatorial Auctions

First, I study the design of ML-based combinatorial auction (CA) mechanisms, that aim for

approximately e�cient allocations , i.e., allocations of items to bidders such that the total sum

of bidders' values, i.e.,the social welfare, is approximately maximized.

For general value functions, Nisan and Segal (2006) have shown that to guarantee full e�-

ciency in CAs, exponential communication in the number of items is needed. Thus, practical

CA designs cannot provide e�ciency guarantees in large domains. Instead, recent proposals

have focused oniterative combinatorial auctions (ICAs) , where the auctioneer interacts with

bidders over multiple rounds, eliciting a limited amount of information, aiming to �nd a highly

e�cient allocation. Prior work by Brero et al. (2018, 2021), proposed the �rst ML-powered

ICA . At the core of their design is an ML-powered preference elicitation algorithm. As part

of their algorithm, they used kernelized support vector regressions (SVRs) to learn the highly

nonlinear value functions of bidders. Recently, Brero et al. (2021) showed that their ML-based

ICA achieves even higher e�ciency than the state-of-the-art non-ML-basedcombinatorial clock

auction, which is a widely-used CA mechanism that has already generated more than$20 billion

in total revenue over the past years (Ausubel and Baranov, 2017). However, because of runtime

complexity issues, Brero et al. (2018, 2021) focused on SVRs with less expressive linear and

quadratic kernels. Note that a quadratic kernel, while more expressive than a linear kernel, can

still at most model two-way interactions between the items. This leaves room for improvement,

since bidders' value functions can have more complex structures than can be captured by linear

or quadratic kernels and brings me to my �rst research question:

Research Question 1 How can we enhance ML-based preference elicitation in CAs and address

the limitations of prior work?

Quantifying Model Uncertainty for Neural Networks

Before, I motivate my next research question, I �rst brie
y review the de�nition of model uncer-

tainty (a.k.a. epistemic uncertainty) and data noise (a.k.a. aleatoric uncertainty) (see (Heiss

2



1.1 Background, Problem Statements and Research Questions

et al., 2022, Section 2) for more details).

Remark 1 (Model Uncertainty versus Aleatoric Uncertainty) Let X � Rd; Y � R

denote some input and output space and letf : X ! Y denote the unknown ground truth func-

tion. Let D train := f (x train
i ; ytrain

i ) 2 X � Y; i 2 f 1; : : : ; ntrain gg; with ntrain 2 N be i.i.d samples from

the data generating processy = f (x)+ "; where" jx � N (0; � 2
n(x)) . Let � n refer to the data noise

(aleatoric uncertainty) . I follow the classic Bayesian uncertainty framework by modelling the

unknown ground truth function f as a random variable. Hence, with a slight abuse of notation, I

use the symbolf to denote both the unknown ground truth function as well as the corresponding

random variable. Given a prior distribution for f , known data noise� n, and training data points

D train , the posterior of f and y are well de�ned. The model uncertainty (epistemic uncertainty)

� f (x) is the posterior standard deviation of f (x), i.e., � f (x) :=
p

V[f (x)jD train ; x]; x 2 X:

Assuming independence betweenf and " , the variance of the predictive distribution of y can

be decomposed asV[yjD train ; x] = � 2
f (x) + � 2

n(x). Intuitively, model uncertainty describes the

uncertainty that arises from a lack of observed training data points while aleatoric uncertainty

describes the irreducible uncertainty in the environment, which, in contrast to model uncertainty,

cannot be reduced by observing more training data points.

In my thesis, I mainly focus on neural networks (NNs) as the ML algorithm in the design of

ML-based preference elicitation mechanisms. NNs are nowadays part of many state-of-the-art

systems across di�erent ML disciplines (LeCun et al., 2015). This trend has also propagated

to the design of market mechanisms, where NNs are becoming an increasingly important tool,

e.g., in auction design (D•utting et al., 2019; Weissteiner and Seuken, 2020; Rahme et al., 2020;

Weissteiner et al., 2022b), in the design of combinatorial assignment mechanisms (Weissteiner

et al., 2022a, 2023), or in the design of course allocation mechanisms (Soumalias et al., 2023).

However, the increased popularity also demands for methods to quantify the posteriormodel

uncertainty (i.e., epistemic uncertainty) of such employed NNs.

More concretely, in this section, I consider NNsN i : X ! Y for learning the ground truth

function f from D train , i.e., to obtain an estimate f̂ (x) for E[f (x)jD train ; x], and I am further

interested to also obtain an estimate ^� f (x) � � f (x) via techniques that are based on NNs.

In applications such as autonomous driving or automated passport control, overcon�dent

predictions can even be dangerous (Amodei et al., 2016). Furthermore, good estimates of poste-

rior model uncertainty are important for the design of smart preference elicitation mechanisms,

where exploration is steered by (functions of) these posterior model uncertainty estimates.

Speci�cally, in combinatorial assignment it is often important to quantify posterior model

uncertainty in scarce and small data noisesettings.

Remark 2 (Scarcity) Scarcity comes from the fact that in the combinatorial assignment

settings I consider in this thesis, i.e., combinatorial auctions and combinatorial course allocation,

agents typically can only report their value for a small number of bundles relative to the full

exponential bundle space.

Remark 3 (Small Data Noise) Small data noise relative to overall uncertainty can be jus-

ti�ed as follows: First, it is important to note that in all combinatorial assignment domains

I consider, one is only interested in posterior model uncertainty (of the true value function)

3



1 Introduction

and not in posterior predictive uncertainty (uncertainty with respect to the response variable),

i.e., for a data generating processyj = v(x j ) + " (x j ) with " (�) representing the heteroskedastic

data noise term, one only tries to capture the uncertainty corresponding to an agent's true value

function v, since the goal is to maximize expressions based on the true agents' values. How-

ever, the posterior model uncertainty ofv entails the following two sources of uncertainty: (i)

non-data-noise-induced posterior model uncertaintyand (ii) data-noise-induced posterior model

uncertainty .

In general, in scarce settings, typically non-data-noise-induced posterior model uncertainty

for not yet elicited bundles dominates the corresponding data-noise-induced posterior model un-

certainty, i.e., out-of-sample uncertainty is larger than in-sample uncertainty.

Moreover, in spectrum auctions, the most prominent application of combinatorial auctions,

agents' reports are typically assumed to be observed with small data noise, i.e., network operators

can quite precisely value bundles they are o�ered by employing expert teams, such that for not

yet elicited bundles non-data-noise-induced posterior model uncertainty is even more dominant

than data-noise-induced posterior model uncertainty.2

In the course allocation domain, students usually make more signi�cant mistakes when an-

swering queries (Budish and Kessler, 2022). Thus, to capture such reporting mistakes in course

allocation, I propose a reporting mistake simulation scheme (Soumalias et al., 2023, Section 4.2)

that was �tted to real-world data (Budish and Kessler, 2022). Nonetheless, even in the course

allocation domain where data noise is potentially larger, the domain scarcity typically implies

that for not yet elicited bundles non-data-noise-induced posterior model uncertainty is still the

dominant source of overall uncertainty.

All considered ML algorithms that provide point predictions (i.e., NNs, Fourier transforms,

monotone-value neural networks), can in general also be used in settings with larger data noise by

adapting their hyperparameters, e.g., incorporating explicit and implicit regularization. Never-

theless, my proposed uncertainty quanti�cation method for NNs, i.e.,neural optimization-based

model uncertainty (NOMU) , is speci�cally designed for settings with small data noise. However,

I also evaluate NOMU in settings with data noise (Heiss et al., 2022, Section 4.1.4) and showed

that it performs on par with other considered benchmarks. Furthermore, in (Heiss et al., 2022,

Appendix C.1), I provide an extension on how to incorporate a data noise estimation in NOMU.

Its evaluation is postponed to future work.

However, estimating posterior model uncertainty well in a computationally e�cient way for

NNs is still an open research problem. Especially for such settings with scarce training data

and negligible data noise, where posterior model uncertainty is the main source of uncertainty,

popular state-of-the-art methods show severe de�ciencies (Heiss et al., 2022). Moreover, an

important step for the design of an ML-based preference elicitation mechanism in combinatorial

assignment is to �nd the predicted social welfare-maximizing allocation, i.e., solving theML-
2Even in the case of large data noise, agents' reports are typically legally binding in the considered mechanisms,

such that the mechanism's trained ML models should exactly �t the reports, i.e., it could be particularly
problematic if an agent reports for a bundle that her value is 10 $ but the corresponding ML model predicts
5$ and subsequently the agent accuses the mechanism designer of falsely representing her reports. Overall,
instead of explicitly modelling that reports are noisy to address the imprecision of agents' reports in spectrum
auctions, it would be better to allow agents to report intervals instead of single points to the mechanism (see
Beyeler et al. (2021) for an extension of MLCA to interval reports). Future work could combine the interval
method by Beyeler et al. (2021) with my proposed ML algorithms.
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1.1 Background, Problem Statements and Research Questions

based winner determination problem(WDP). This is often achieved by reformulating the ML-

based WDP into a mixed integer linear program (MILP). Thus, to integrate posterior model

uncertainty estimates, one needs to be able to represent these estimates in a functional form

that can be encoded as a succinct, practically feasible MILP. In this context my second research

question is:

Research Question 2 How can we capture model uncertainty for NNs for scarce regression

settings with small data noise and ensure that the resulting model uncertainty estimates can be

encoded as a MILP?

Bayesian Optimization-based Combinatorial Assignment

In an (ML-based) iterative combinatorial assignment mechanism (e.g., an iterative combinatorial

auction), the central agency (e.g., the auctioneer) interacts iteratively with agents over multiple

rounds, eliciting a limited amount of information (e.g., via value queries), aiming to �nd a highly

e�cient allocation.

Thus, it is apparent that these mechanisms can be seen as a Bayesian optimization (BO)

maximization task with an expensive-to-evaluate function (Frazier, 2018): First, the central

agency's (e.g., an auctioneer) objective is to �nd a highly e�cient allocation, i.e., to maximize

the social welfare function. Second, this objective in general lacks known structure and when

evaluating it (e.g., via value queries) one only observes it at a single input point and without

derivatives such that gradient-based optimization cannot be used. Third, in practice, one can

only elicit a very limited amount of information (expensive-to-evaluate) to �nd an approximately

optimal allocation. For example, in a real-world spectrum auction, the auctioneer could only

ask each bidder to answer on the order of hundreds of value queries for di�erent bundles, even

though the space of possible bundles is exponential in the number of itemsm, i.e., there are 2m

possible bundles and (n + 1) m possible allocations forn bidders. However, in addition to the

challenges that arise in classic BO, the combinatorial nature in combinatorial assignment adds

its own set of challenges. For example, Gaussian process-based BO often does not extend beyond

10{20 input dimensions, which is problematic as in combinatorial assignment the input space

can be much larger, e.g., in the multi-region value model (Weiss et al., 2017) form = 98 items

and n = 10 bidder the input space is 980-dimensional. In addition, integrality constraints to

obtain only whole items (i.e., combinatorial assignment deals with assigningm indivisible items

to agents) and feasibility constraints that ensure each item is only allocated once also need to

be enforced.

Overall, in (combinatorial) BO a well-suited domain-speci�c prior and an acquisition function

based on anotion of uncertainty are key. For example, in many combinatorial assignment

settings, agents can freely dispose of unwanted items. Thus, a common assumption about agents'

value functions is monotonocity (a.k.a. free disposal in CAs), i.e., \additional items increase

value". However, prior work on ML-based iterative combinatorial assignment (Weissteiner and

Seuken, 2020; Brero et al., 2021; Weissteiner et al., 2022b) has neither taken this important

monotonicity property into account nor did they integrate a notion of uncertainty into their

mechanisms. Speci�cally, the latter means that these approaches aremyopic in the sense that

the resulting mechanisms simply query the allocation with the highest predicted welfare. In
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1 Introduction

particular, the mechanisms do not have any model ofuncertainty over bidders' values for not

yet elicited bundles, although handling uncertainty in a principled manner is one of the key

requirements when designing BO algorithms. Thus, these mechanisms cannot properly control

the exploration-exploitation trade-o� inherent to BO. Concretely, this can imply that these

mechanisms may get stuck in local minima, repeatedly querying one part of the allocation space

while not exploring other, potentially more e�cient allocations. This brings me to my third

research question:

Research Question 3 How can we perform Bayesian optimization in combinatorial assignment

via domain-speci�c NNs as prior?

ML-based Combinatorial Course Allocation

Finally, I study course allocation. The course allocation problem arises when educational in-

stitutions assign bundles of courses to students (Budish and Cantillon, 2012). Each course has

a limited number of seats, seats are indivisible, and monetary transfers are not permitted for

fairness reasons. What makes this problem particularly challenging is that students' preferences

over bundles of courses exhibit a combinatorial structure because students may view certain

courses as complements or substitutes.

Popular mechanisms traditionally used in course allocation were theHarvard Business School

(HBS) mechanism and a bidding points auction (BPA) with arti�cial currency. However, both

of these approaches have severe design 
aws that signi�cantly impact the e�ciency of the �nal

allocation: For HBS, there are signi�cant opportunities for students to strategically misreport

their preferences for courses (Budish and Cantillon, 2012) and BPA treats the arti�cial currency

as if it were real assuming that students have value for left-over currency. To address these design


aws, Budish (2011) proposed a new course allocation mechanismA-CEEI: An approximation to

competitive equilibrium from equal incomesthat is approximately e�cient, satis�es two fairness

criteria and is strategyproof in the large (i.e., if enough students participate, it is optimal for

them to report their true preferences). While attractive in theory, A-CEEI assumes students

can exactly report their full preferences to the mechanism.

In response to that, Budish et al. (2017) proposed theCourse Match (CM) mechanism, a

practically feasible implementation of the A-CEEI mechanism. CM uses a simple reporting

language to elicit students' preferences overschedules(i.e., course bundles). Concretely, CM

o�ers students a graphical user interface to enter abase valuebetween 0 and 100 for each course,

and an adjustment value between � 200 and 200 for eachpair of courses. These adjustments

allow students to report complementarities and substitutabilities between courses, up topairwise

interactions. The total value of a schedule is then the sum of the base values reported for each

course in that schedule plus any adjustments (if both courses are in the schedule). CM provides

a good trade-o� between e�ciency, fairness, and incentives and has now been adopted in many

universities such as the Wharton School at the University of Pennsylvania and Columbia Business

School.

However, already Budish et al. (2017) were concerned that the CM language may not be able

to fully capture every student's preferences. Furthermore, they mentioned that some students

might �nd it non-trivial to use the CM language and might therefore make mistakes when
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reporting their preferences. Indeed, the �eld experiment by Budish and Kessler (2022) revealed

several shortcomings of CM in this regard. First, students made very limited use of the CM

language: on average, students only reported a base value for half of the 25 courses in the

experiment. Furthermore, the average number of pairwise adjustments was only 1:08 (out of

300). This suggests that cognitive limitations negatively a�ect how well students can report

their preferences using the CM language. Second, in addition to not reporting part of their

preferences, students are alsoinaccurate when they do report their preferences. Budish and

Kessler (2022) found that both of these reporting mistakes negatively a�ected the welfare of

CM. In the experiment, about 16% of students would have preferred another schedule of courses,

with a median utility di�erence for these schedules of 13%. Thus, preference elicitation in course

allocation still remains an important challenge. In this context my fourth research question is:

Research Question 4 How can we design an ML-based preference elicitation mechanism for

course allocation, that enables students to express in a simple way more complex preferences and

is more robust to errors, ultimately leading to better allocations?

1.2 Further Related Work

1.2.1 Preference Elicitation in Combinatorial Auctions

Preference elicitation in combinatorial auctions (CAs) has been extensively studied in the past

(see Sandholm and Boutilier (2006) for an overview). Conen and Sandholm (2001) proposed

constraint networks, a general framework for how to represent a bidder's incompletely speci�ed

value function which can be updated with various di�erent query types. Using constraint net-

works, Conen and Sandholm (2001, 2002, 2003) introduced a series of di�erentrank lattice-based

elicitation (i.e., search) algorithms that provably �nd Pareto optimal or e�cient allocations in

unstructured settings (i.e., without assumptions on bidders' value functions), relying on rank,

value and bound queries. Similarly, Hudson and Sandholm (2004) proposed several elicitation

policies in unstructured settings that are restricted only to value queries. Moreover, Hudson and

Sandholm (2004) also studied elicitation policies that alternate between value andorder queries

and �nally they introduced the use of bound-approximation queriesfor CAs, where bidders are

asked to tighten their lower and upper bounds on their value for a given bundle.

However, the practical e�ectiveness of all the aforementioned algorithms is rather limited, i.e.,

they often need to elicit huge portions of the bundle space to guarantee an optimal allocation.

In contrast, in my thesis I study the design of ML-powered preference elicitation mechanisms for

CA that aim only for approximately e�cient allocations but are practically feasible with respect

to elicitation costs, even for larger settings with many items and bidders.

Using demand queries for preference elicitation in CAs for unstructured settings was most

intensively studied in the context of ascending CAs (Parkes, 1999; Wurman and Wellman, 2000;

Kwasnica et al., 2005). There exist ascending discriminatory bundle-price CAs that yield e�cient

allocations. These formats are based on primal-dual (de Vries et al., 2007) or subgradient

algorithms (Parkes and Ungar, 2000; Ausubel and Milgrom, 2002). Finally, Blum et al. (2004)

and Lahaie and Parkes (2004) showed that bundle-price queries have more power than item-

price queries. In contrast, in the part of my research on ML-powered preference elicitation
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mechanisms for CAs, I only usevalue queries.

Furthermore, there has also been considerable research for preference elicitation in CAs in

structured domains, i.e., when restricting bidders' value functions to certain function classes.

Zinkevich et al. (2003), Conitzer et al. (2005), and Santi et al. (2004) introduced combinatorial

value function classes that can be exactly learned via value queries inpolynomial time. Moreover,

Blum et al. (2004) showed that while learning certain value function classes via value queries

is hard (i.e., requiring super-polynomially many value queries), an e�cient allocation can be

determined with only polynomially many value queries. In contrast, in my thesis I �rst study

in Research Question 1 ML-powered preference elicitation in CAs for general value functions,

i.e., making no assumptions on bidders' value functions and then assume in Research Question

3 and Research Question 4 that bidders' value functions are monotone (i.e., ful�llfree disposal),

a relatively mild assumption that is ful�lled in most CA settings.

As in unstructured domains, most research on demand queries in structured domains has

been conducted in the context of ascending CAs, more concretely, in settings where ascending

item-price auctions yield e�cient allocations. For example, Kelso Jr and Crawford (1982),Gul

and Stacchetti (2000), Ausubel (2006), and Nisan and Segal (2006) proposed ascending CAs for

substitute valuations.

1.2.2 Machine Learning-based Preference Elicitation and Mechanism Design

More recently, researchers have successfully used ML for preference elicitation. Early work

by Blum et al. (2004) and Lahaie and Parkes (2004) laid the foundation for this by studying

the relationship between computational learning theory and preference elicitation in CAs. As

mentioned, most related to this thesis is the work by Brero et al. (2017), Brero et al. (2018),

and Brero et al. (2021), who proposed a value query-basedML-powered preference elicitation

algorithm for CAs. Beyeler et al. (2021) extended their approach by allowing bidders to only

report upper and lower bounds on bundle values instead of value queries.

Using demand queries, Brero and Lahaie (2018) and Brero et al. (2019) introduced a Bayesian

iterative combinatorial auction using probabilistic item-price updates. In contrast to the mech-

anisms I consider in my thesis, their approach does not maximize the per-instance e�ciency but

rather tries to clear (i.e., to �nd an e�cient allocation) as many instances as possible. However,

since in general item-prices are not expressive enough to support an e�cient allocation, their

current approach is rather limited in practice, i.e., even in relatively small synthetic settings

(Combinatorial Auction Test Suite (CATS), 12 items and 10 bidders) their approach could only

�nd market clearing prices, in around 60% of the cases.

In active learning, Chu and Ghahramani (2005) and Guo et al. (2010) use Gaussian processes

(GPs) for preference elicitation. Speci�cally, Chu and Ghahramani (2005) use GPs for pairwise

preference elicitation over instances as well as for the more general framework of label ranking

(i.e, learning preference relations over the instances' set of labels instead over the instances) and

Guo et al. (2010) use GPs and pairwise comparison queries that maximize the expected value of

information (EVOI). However, in the settings considered in this thesis, GPs are less well suited to

design a combinatorial assignment algorithm (due to the high dimensionality of the input space,

the combinatorial, i.e., integrality and feasibility, constraints, and the computational challenge

of quickly solving the ML-based WDP several hundreds of times.
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While in my thesis I focus on the use of ML algorithms for preference elicitation, there has

been also a considerable amount of research on using ML to learn whole mechanisms from data

following the automated mechanism design paradigm. For auctions, D•utting et al. (2019), Shen

et al. (2019), Rahme et al. (2020), and Peri et al. (2021) used NNs to �nd revenue optimal

incentive compatible auction mechanisms, i.e., they use ML algorithms to learn the mapping

from input bids to an allocation and payment rule. Moreover, ML-based automated mechanism

design has also been studied in domains without money: Narasimhan et al. (2016) used support

vector machines to design strategyproof mechanisms for social choice and stable mechanisms

for two-sided matching problems. Golowich et al. (2018) used NNs to design strategyproof,

multi-facility mechanisms that minimize expected social cost.

1.2.3 Encoding Neural Networks as Mixed Integer Linear Programs

In my thesis, I formulated the (MV)NN-based winner determination problem in combinatorial

auctions and the NN-based utility maximization problem for a single student in course allocation

as a mixed integer linear program (MILP). These MILP formulations are related to a recent line

of research that uses MILP encodings of trained NNs for various tasks. For example, Cheng

et al. (2017) studied resilience properties of trained NNs using a MILP, Fischetti and Jo (2018)

used a MILP for �nding adversarial examples of trained NNs in image recognition, Mladenov

et al. (2017) considered linearized NNs as response models in logistic MDPs for user modeling

in advertising and recommendation, and Say et al. (2017) used MILP formulations of NN-based

transition models for planning problems. Finally, Anderson et al. (2020) provide a generic

framework and overview of strong mixed integer programming formulations for trained NNs.

1.2.4 Quantifying Model Uncertainty for Neural Networks

Over the last decade, researchers have developed various methods to quantify posterior model

uncertainty for NNs.3 One strand of research considers Bayesian neural networks (BNNs),

where distributions are placed over the NN's parameters (Graves, 2011; Blundell et al., 2015;

Hern�andez-Lobato and Adams, 2015). However, variational methods approximating BNNs are

usually computationally prohibitive and require careful hyperparameter tuning. Thus, BNNs

are rarely used in practice (Wenzel et al., 2020a).

In practice, ensemble methodsare more established. Gal and Ghahramani (2016) proposed

Monte Carlo dropout (MCDO) to estimate posterior model uncertainty via stochastic forward

passes. Interestingly, they could show that training an NN with dropout can also be interpreted

as variational inference approximating a BNN. Lakshminarayanan et al. (2017) experimentally

evaluated ensembles of NNs and showed that they perform as well as or even better than BNNs.

They proposed usingdeep ensembles (DE), which use NNs with two outputs for model predic-

tion and data noise, and they estimate posterior model uncertainty via the empirical standard

deviation of the ensemble. DE is the most established state-of-the art ensemble method in terms

of robustness and uncertainty quanti�cation, shown to consistently outperform other ensemble

methods (Ovadia et al., 2019; Fort et al., 2019; Gustafsson et al., 2020; Ashukha et al., 2020).

Recently, Wenzel et al. (2020b) proposedhyper deep ensembles (HDE), an extension of DE

3Please, see Remark 1 for a brief review onmodel uncertainty and data noise in the classical Bayesian framework.
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where additional diversity is created via di�erent hyperparameters and experimentally showed

that HDE outperforms DE in the experiments they considered.

Further lines of work have contributed to modeling uncertainties for NN-based estimates.

Nix and Weigend (1994) were among the �rst to introduce NNs with two outputs: one for

model prediction and one for data noise (aleatoric uncertainty), using the Gaussian negative

log-likelihood as loss function. However, such a data noise output cannot be used as an estimator

for model (i.e., epistemic) uncertainty (see (Heiss et al., 2022, Appendix G) for a discussion).

To additionally capture posterior model uncertainty, Kendall and Gal (2017) combined the idea

of Nix and Weigend (1994) with MCDO.

Similarly, NNs with two outputs for lower and upper UBs, trained on speci�cally-designed

loss functions, were previously considered by Khosravi et al. (2010) and Pearce et al. (2018).

However, the method by Khosravi et al. (2010) again only accounts for data noise and does not

consider posterior model uncertainty. The method by Pearce et al. (2018) also does not take

posterior model uncertainty into account in the design of their loss function and only incorporates

it via ensembles (as in DE).

Besides the state-of-the art ensemble methods HDE and DE, there exist many other papers

on ensemble methods that, for example, promote the ensemble's diversity on the function space

(Wang et al., 2019; Tiulpin and Blaschko, 2022) or reduce computational cost (Wen et al., 2020;

Havasi et al., 2021).

For classi�cation, Malinin and Gales (2018) introduced prior networks, which explicitly model

in-sample and out-of-distribution uncertainty, where the latter is realized by minimizing the

reverse KL-distance to a selected 
at point-wise de�ned prior. In a recent working paper,

Malinin et al. (2020) report on progress extending their idea to regression. While the idea of

introducing a separate loss for learning posterior model uncertainty is related to NOMU, there

are several important di�erences (loss, architecture, behavior of the model prediction, theoretical

motivation) that are discussed in detail in (Heiss et al., 2022, Appendix E). Furthermore, their

experiments suggest that DE still performs weakly better than their proposed method.

In contrast to BNNs, which perform approximate inference over the entire set of weights,

neural linear models (NLMs) perform exact inference on only the last layer. NLMs have been

extensively benchmarked in (Ober and Rasmussen, 2019) against MCDO and the method from

(Blundell et al., 2015). Their results suggest that MCDO and (Blundell et al., 2015) perform

competitively, even to carefully-tuned NLMs.

Neural processes, introduced by Garnelo et al. (2018a,b), have been used to express posterior

model uncertainty for image completion tasks, where one has access to thousands of di�erent

images interpreted as functionsf i instead of input points x i . See (Heiss et al., 2022, Appendix

F) for a detailed comparison to NOMU.

Furthermore, it is important to distinguish the following two (almost) orthogonal problems

regarding uncertainty quanti�cation: First, the fundamental concept of how to estimate relative

posterior model uncertainty, i.e., how much more posterior model uncertainty does one have at

one point x compared to any other point x0? (methods such as MCDO, DE, HDE or NOMU are

concerned with this question) and second, the calibration of the resulting uncertainty bounds,

i.e., an � % credible interval should contain the true outcome� % of the time. For calibration,

Kuleshov et al. (2018) and Kuleshov and Deshpande (2022) show that BNNs are in general badly
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calibrated and propose e�ective calibration methods for any given uncertainty quanti�cation

method in regression (including NOMU) and classi�cation.

1.2.5 Monotone Neural Networks

Several other approaches for incorporating monotonicity into NNs have previously been pro-

posed. However, for these architectures, it is either not known how the NN-based winner de-

termination problem (WDP) could be solved quickly, or they have other limitations: Sill (1997)

proposes only a shallow architecture which violates the normalization property (i.e., 07! 0).

You et al. (2017) propose a complicated non-standard architecture, where no computationally

feasible MILP formulation of the corresponding WDP is known. Wehenkel and Louppe (2019)

implement monotonicity by representing the target function as an integral of an NN and thus

the WDP would result in a computationally infeasible MILP. Liu et al. (2020) train NNs with

successively higher regularization until a MILP based veri�cation procedure guarantees mono-

tonicity. The repeated retraining and veri�cation leads to high computational cost. In contrast,

my proposed monotone-value neural networks (MVNNs) are particularly well suited for combi-

natorial assignment, because (i) the MVNN-based WDP can be formulated as a succinct MILP

and thus solved quickly4 and (ii) I propose a generic fully-connected feed-forward architecture

with an arbitrary number of hidden layers which can be trained e�ciently.

1.3 Publications Contained in this Thesis

This thesis consists of six papers that answer the four research questions presented in Section 1.1.

In what follows, I restate the research questions and provide the corresponding list of papers

that address each research question.

Research Question 1 How can we enhance ML-based preference elicitation in CAs and address

the limitations of prior work?

Publications

1. Deep Learning-powered Iterative Combinatorial Auctions.

Jakob Weissteiner and Sven Seuken.

In Proceedings of the Thirty-fourth AAAI Conference on Arti�cial Intelligence (AAAI'20),

New York, USA, February 2020.

2. Fourier Analysis-based Iterative Combinatorial Auctions.

Jakob Weissteiner* , Chris Wendler* , Sven Seuken, Ben Lubin, and Markus P•uschel.

4Speci�cally, note that the particular selection of bReLU as the activation function for MVNNs is in a certain
sense even the optimal choice with respect to expressivity of the network and computational complexity of the
corresponding MILP. This can be seen as follows: (i) The constraints on the weights and biases enforce mono-
tonicity of MVNNs (in fact for any monotone activation). (ii) For universality, one needs however a bounded
monotone non-constant activation, e.g., with ReLUs and our constraints one cannot express substitutabilities.
(iii) for the MILP, one needs a piecewise linear activation, e.g., with sigmoids one could not formulate a MILP.
Taking all together, bReLU is the simplest bounded, monotone, non-constant, piecewise-linear activation
function.

* These authors contributed equally.
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In Proceedings of the Thirty-�rst International joint Conference on Arti�cial Intelligence

(IJCAI'22), Vienna, AUT, July 2022.

Research Question 2 How can we capture model uncertainty for NNs for scarce regression

settings with small data noise and ensure that the resulting model uncertainty estimates can be

encoded as a MILP?

Publications

3. NOMU: Neural Optimization-based Model Uncertainty.

Jakob Heiss* , Jakob Weissteiner* , Hanna Wutte * , Sven Seuken, and Josef Teichmann.

In Proceedings of the Thirty-ninth International Conference on Machine Learning (ICML'22),

Baltimore, USA, July 2022.

Research Question 3 How can we perform Bayesian optimization in combinatorial assignment

via domain-speci�c NNs as prior?

Publications

4. Monotone-Value Neural Networks: Exploiting Preference Monotonicity in Combinatorial

Assignment.

Jakob Weissteiner* , Jakob Heiss* , Julien Siems* and Sven Seuken.

In Proceedings of the Thirty-�rst International joint Conference on Arti�cial Intelligence

(IJCAI'22), Vienna, AUT, July 2022.

5. Bayesian Optimization-based Combinatorial Assignment.

Jakob Weissteiner* , Jakob Heiss* , Julien Siems* and Sven Seuken.

In Proceedings of the Thirty-seventh AAAI Conference on Arti�cial Intelligence (AAAI'23),

Washington, D.C., USA, February 2023.

Research Question 4 How can we design an ML-based preference elicitation mechanism for

course allocation, that enables students to express in a simple way more complex preferences and

is more robust to errors, ultimately leading to better allocations?

Publications

6. Machine Learning-powered Course Allocation.

Ermis Soumalias* , Behnoosh Zamanlooy* , Jakob Weissteiner and Sven Seuken.

ArXiv preprint, March 2023, [pdf].

1.4 Summary of Contributions

In this section, I provide a summary of all six research papers and explain how they answer the

four corresponding research questions.
* These authors contributed equally.
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1.4.1 Deep Learning-powered Iterative Combinatorial Auctions

This paper provides the �rst answer to Research Question 1 by introducing a deep learning-

powered iterative combinatorial auction (ICA), which outperforms state-of-the-art prior ICA

designs with respect to allocative e�ciency.

We build on prior work by Brero et al. (2018, 2021), who proposed a value query-basedML-

powered iterative combinatorial auction mechanism (MLCA)5. At the core of their mechanism

is an ML-powered preference elicitation algorithm, which consists of the following two steps:

(1) an estimation step, where given some already elicited bundle-value pairs (i.e., bids) MLCA

uses a distinct ML algorithm to learn each bidder's true value function and (2) anoptimization

step, where MLCA solves an ML-based winner determination problem (WDP) to determine

the allocation with the highest predicted social welfare (i.e., using the trained ML-models as

representations of bidders' true value functions), and MLCA then uses this allocation to generate

the next set of value queries to all bidders. This process repeats in an iterative fashion until a

�xed number of queries has been asked. As their ML algorithm, they used kernelized support

vector regressions (SVRs) to learn the nonlinear value functions of bidders. Recently, Brero et al.

(2021) experimentally showed on synthetic data generated via thespectrum auction test suite

(SATS) (Weiss et al., 2017) that MLCA achieves even higher e�ciency than the widely-used

combinatorial clock auction.

However, because of runtime complexity issues of theoptimization step, Brero et al. (2018,

2021) focused on SVRs with linear and quadratic kernels. This leaves room for improvement,

since bidders' valuations can have more complex structures than can be captured by linear or

quadratic kernels. Concretely, a quadratic kernel, while more expressive than a linear kernel,

can still at most model two-way (i.e., pairwise) interactions between the items.

In this paper, we show how these shortcomings can be addressed by using fully-connected

feed-forward neural networks (NNs) instead of SVRs in theestimation step and the optimization

step of MLCA. In each round of the auction, we approximate bidders' value functions by NNs

(estimation step) and subsequently solve an NN-based WDP (optimization step) to determine

which queries to ask each bidder in the next round of the auction. NNs have the advantage

that in contrast to SVRs, they do not use prede�ned feature transformations. While with

SVRs, the choice of a good kernel usually relies on prior domain knowledge, NNs automatically

learn features in the process of training. Moreover, they are more expressive than quadratic

kernels, i.e., can model preferences that are more complex than two-way interactions. Since our

design involves solving the NN-based WDP in each round of the auction, a key requirement for

the practical implementation of our auction mechanism is to e�ciently solve these NN-based

WDPs. Therefore, we present a theorem, which shows how the NN-based WDP in the case

of ReLU activation functions can be reformulated into a mixed integer linear program (MILP)

(Weissteiner and Seuken, 2020, Theorem 1). Moreover, in contrast to SVRs with nonlinear

kernels, one always obtains a MILP for the NN-based WDP whose size grows linearly in the

number of bidders and items, for any number of layers and nodes.

To experimentally evaluate the performance of our NN-ICA, we follow prior work (Brero

5To be more speci�c, Section 1.4.1 builds on a predecessor version of MLCA, which was introduced by Brero
et al. (2018) and which they called pseudo VCG mechanism (PVM). However, for ease of exposition and since
the main conceptual ideas of MLCA and PVM are the same, I only discuss MLCA at this point.
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GSVM 6 Regional (R), 1 National (N) Bidders LSVM 5 Regional (R), 1 National (N) Bidders

Auction NN E�ciency Revenue t-test:E�ciency NN E�ciency Revenue t-test:E�ciency
Mechanism Hidden Layers in % in % H 0 : � SVR = � NN Hidden Layers in % in % H 0 : � NN � � SVR

NN-ICA R:[32,32], N:[10,10] 98:63� 0:35 67:81
pvalue = 0 :3

R:[32,32], N:[10,10,10] 97:74� 0:47 62:45
pvalue = 2e� 5

SVR-ICA - 98:85� 0:25 77:80 - 96:03� 0:65 65:60

Table 1.1: NN-ICA vs. SVR-ICA. All results are averaged on a test set of 100 auction instances.
For e�ciency, a 95%-con�dence interval is shown. The winner based on a pairwise
t-test with a signi�cance level 0.05 is marked in grey. Additionally, we present the
NN architectures (hidden layers) for the regional (R) and national (N) bidders.

et al., 2021) and use SATS to generate synthetic auction instances in two domains: theGlobal

Synergy Value Model (GSVM), and the Local Synergy Value Model (LSVM). First, we compared

the prediction (i.e., generalization) performance of NNs against SVRs, where we already observed

that NNs better capture bidders' value functions (particularly in the more complex LSVM).

Next, we compared the allocative e�ciency of our NN-ICA against the SVR-ICA. The results

are shown in Table 1.1. In GSVM (a domain perfectly suited for the quadratic kernel), NN-ICA

matches the e�ciency of the SVR-ICA, while in the more complex LSVM, NN-ICA outperforms

SVR-ICA by 1.74% points. Finally, we also demonstrated that the NN-ICA scales well to a very

large domain, by evaluating it in the Multi Region Value Model (MRVM) (with m = 98 items,

298 bundles andn = 10 bidders).

This paper introduces a deep learning-powered ICA and provides the �rst answer to Research

Question 1. Overall, our results show that, perhaps surprisingly, even small-sized NNs can be

advantageous for the design of ICAs and thus we can conclude that using more expressive

(deep) NNs for the design of preference elicitation mechanisms in CA leads to higher allocative

e�ciency.

1.4.2 Fourier Analysis-based Iterative Combinatorial Auctions

This paper completes the answer to Research Question 1 by introducing a Fourier analysis-based

iterative combinatorial auction (ICA), which uses Fourier transforms (FTs) for set functions to

leverage di�erent notions of sparsity of value functions in preference elicitation.

Recent advances in Fourier analysis have brought new tools to e�ciently represent and

learn set functions (Stobbe and Krause, 2012; Amrollahi et al., 2019; Wendler et al., 2021).

In this paper, we build on our own prior work (Weissteiner and Seuken, 2020) and bring the

power of Fourier analysis to the design of combinatorial auctions (CAs). The goal of preference

elicitation in CAs is to learn bidders' value functions using a small number of informative queries.

Mathematically, value functions are set functions, i.e., they map a set of items represented as

an indicator vector to a non-negative real number.

However, those set functions are in general exponentially large objects that are notoriously

hard to represent or learn. To control for this complexity, we leverage Fourier analysis for set

functions. In particular, we consider Fourier-sparse approximations, which are represented by a

small number of parameters. These parameters are the non-zeroFourier coe�cients (FCs) ob-

tained by a base change with theFourier transform (FT) . The motivation behind this approach

is that we expect bidders' value functions to besparse, meaning that their preferences can be
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Figure 1.1: Spectral energy distribution in LSVM for three di�erent FTs: FT3 (i.e., polynomial
representation), FT4, and WHT. For each cardinality (x-axis), we collect the spectral
energy (y-axis) of all FCs of that cardinality and normalize by the total spectral
energy.

described with much less data than is contained in the (exponentially-sized) full value function.

While this sparsity may be di�cult to uncover when looking at bidders' value reports, it may

reveal itself in the Fourier domain (where then most FCs are zero).

We considered three di�erent FTs: the classicWalsh-Hadamard transform (WHT) (Bernasconi

et al., 1996), FT3 (P•uschel and Wendler, 2020) andFT4 (P•uschel and Wendler, 2020). The

bene�t of considering multiple FTs is that they o�er di�erent, non-equivalent notions of sparsity.

This implies that each FT provides us with a new lens on the bidder's value function, potentially

revealing structure and thus reducing dimensionality.

In Figure 1.1, we present this key advantage of representing bidders' value functions in

di�erent Fourier domains. First, we compute the FTs of all bidders and then calculate their

correspondingspectral energydistribution, i.e., the (normalized) distribution of the squared FCs

corresponding to a �xed cardinality (i.e., number of items) of the input set. In Figure 1.1, we

present the mean over 30 CA instances and bidder types in the complex Local Synergy Value

Model (LSVM), a synthetic spectrum auction domain (Weiss et al., 2017). We see that while

the spectral energy is spread among FCs of various degrees in FT3 and FT4, in WHT the low

degree (� 3) FCs contain most of the energy, i.e., the WHT has much fewer important FCs that

accurately describe each bidder's value function, and thus can be learned more easily. Moreover,

in our paper we show that the FT3 is identical to the widely-used polynomial value function

representation (Lahaie, 2010). Therefore, we conclude that solely converting the polynomial

representation into another FT basis (here WHT), without changing the value function at all,

can signi�cantly reduce dimensionality and thus be very helpful for the design of ML-based

ICAs.

In our paper, we then leverage this key observation to design a new ICA mechanism based

on neural networks (NNs) and FTs, which we call Hybrid ICA (Weissteiner et al., 2022b, Al-

gorithm 3). On a high level, Hybrid ICA �rst learns a good support (i.e., the most dominant

FCs) of each bidder via NNs and second builds a Fourier-sparse approximation based on those

supports. Finally, we use this Fourier-sparse approximation to create value queries similar to the

original MLCA (Brero et al., 2021). In (Weissteiner et al., 2022b, Table 3), we show that Hybrid

ICA achieves higher e�ciency than the NN-powered ICA mechanism proposed in (Weissteiner

and Seuken, 2020).
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Figure 1.2: UBs resulting from NOMU, GP, MCDO, DE, and HDE for the Levy function (solid
black line). For NOMU, we also show ^� f as a dotted blue line. Training points are
shown as black dots.

This paper completes the answer to Research Question 1. We have brought together the two

�elds of Fourier analysis for set functions and CA design. We have proposed a new state-of-

the-art Hybrid ICA mechanism based on both NNs and Fourier analysis that leverages di�erent

notions of sparsity resulting in higher allocative e�ciency than prior ML-based ICAs. We

can conclude that using sparser representations of value functions can signi�cantly reduce the

dimensionality and facilitate the learning task.

1.4.3 NOMU: Neural Optimization-based Model Uncertainty

This paper provides a complete answer to Research Question 2. In this paper, we present a

new approach for estimating posterior model uncertainty for NNs in regression settings with

scarce training data observations and small data noise, which we callneural optimization-based

model uncertainty (NOMU) . In contrast to a fully Bayesian approach for NNs, where de�ning

a realistic prior and subsequently approximating the posterior (e.g., by variational inference or

Markov chain Monte Carlo techniques) is in general a very challenging task, we take a di�erent

approach and directly estimate posterior model uncertainty (i.e., without explicitly de�ning a

prior) by enforcing �ve desiderata of posterior model uncertainty that any method should satisfy.

Speci�cally, we �rst introduce �ve desiderata that we argue posterior model uncertainty

bounds (UBs) should satisfy (Heiss et al., 2022, Section 3.1). We then introduce NOMU, whose

main idea is to design a network architecture consisting of two connected sub-NNs (Heiss et al.,

2022, Section 3.2), one for the model (i.e., mean) prediction and one for the posterior model

uncertainty prediction, and to train it using a carefully-designed loss function (Heiss et al., 2022,

Section 3.3), such that the estimated posterior model UBs ful�ll our �ve desiderata. NOMU is

easy to implement, scales well to large NNs and its posterior model uncertainty estimate can be

represented as asingle NN (in contrast to ensemble methods). This is particularly important,

since we can then use the NN-MILP encoding proposed by Weissteiner and Seuken (2020) to

encode the posterior model upper UB as a MILP and use it to de�ne an acquisition function in

iterative combinatorial assignment mechanisms (e.g., MLCA) to better control the exploration-

exploitation trade-o� (see Section 1.4.5). Moreover, because of its modular architecture, NOMU

can easily be used to obtain posterior model UBs for already trained NNs.

Figure 1.2 exempli�es our �ndings, showing typical model UBs, i.e., [f̂ � �̂ f ], where f̂ and �̂ f
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represent the estimated mean prediction and the estimated standard deviation of the posterior

model uncertainty, for all considered algorithms for the Levy test function. We �nd that Monte

Carlo dropout (MCDO) (Gal and Ghahramani, 2016) consistently yields tube-like UBs; in par-

ticular, its UBs do not narrow at training points, i.e., failing an in-sample desideratum that is

required by Bayesian theory (Heiss et al., 2022, Desideratum D2). Moreover, it only ful�lls our

out-of-sample desideratum, i.e., (Heiss et al., 2022, Desideratum D3), to a limited degree. We

frequently observe that deep ensembles (DE)(Lakshminarayanan et al., 2017) leads to UBs of

somewhat arbitrary shapes. This can be seen most prominently in Figure 1.2 aroundx � � 0:75

and at the edges of its input range, where DE's UBs are very di�erent in width with no clear

justi�cation. Thus, also DE is limited in our out-of-sample desideratum, i.e., (Heiss et al., 2022,

Desideratum D3). In addition, we sometimes see that also DE's UBs do not narrow su�ciently

at training points, i.e., they do not ful�l our in-sample desideratum, i.e., (Heiss et al., 2022,

Desideratum D2). Hyper deep ensemble's (HDE)(Wenzel et al., 2020b) UBs are even more

random, i.e., predicting large posterior model uncertainty at training points and sometimes zero

posterior model uncertainty in gaps between them (e.g.,x � � 0:75).6 In contrast, NOMU dis-

plays the behaviour it is designed to show. Its UBs nicely tighten at training points and expand

in-between (ful�lling desiderata D1{D3 formulated in (Heiss et al., 2022), for desideratum D4

see (Heiss et al., 2022, Appendix D.4)). Like NOMU, the GP ful�lls desiderata D1{D3 from

(Heiss et al., 2022) well, but cannot account for desideratum D4 (Metric Learning) formulated

in (Heiss et al., 2022), since a �xed kernel does not depend on the model prediction.

To benchmark NOMU's posterior model uncertainty estimates also from a quantitative point

of view, we experimentally evaluate NOMU in various di�erent regression settings: in scarce

and noiseless settings to isolate posterior model uncertainty (Heiss et al., 2022, Sections 4.1.1

and 4.1.2) and on real-world data sets (Heiss et al., 2022, Sections 4.1.3 and 4.1.4). We show

that NOMU performs well across all these settings while state-of-the-art methods (MCDO, DE,

and HDE) exhibit several de�ciencies.7 Speci�cally, in (Heiss et al., 2022, Section 4.1.4), we

test NOMU's performance on the UCI data sets proposed in (Hern�andez-Lobato and Adams,

2015), a common benchmark for uncertainty quanti�cation in noisy, real-world regression. Our

results show, that even the current version of NOMU, which does not explicitly model data noise,

already performs on par with existing benchmarks on these real-world regression taskswith data

noise. Incorporating data noise estimation in the current version of NOMU might further boost

its performance. Finally, we evaluate the performance of NOMU in high-dimensional noiseless

Bayesian optimization with costly evaluations where good posterior model uncertainty estimates

are key and show that NOMU performs as well or better than all considered benchmarks (Heiss

et al., 2022, Section 4.2).

6Possible reasons for HDE's particularly bad performance in our setting are: (i) the scarcity of training/validation
data. HDE trains its NNs based on 80% of the training points and uses the remaining 20% to build an ensemble
based on a score, whilst the other methods can use 100% of the training points for training. In a scarce data
setting this implies that �rst, the mean prediction of HDE does not �t through all the training points, and
second, the scoring rule is less reliable and (ii) in a noiseless setting one already knows that the L2-regularization
should be small, and thus optimizing this parameter is less useful here.

7We also conducted experiments using the method proposed by Blundell et al. (2015). However, we found
that this method did not perform as well as the other considered benchmarks. Moreover, it was shown in
(Gal and Ghahramani, 2016; Lakshminarayanan et al., 2017) that DE and MCDO outperform the methods
by Hern�andez-Lobato and Adams (2015) and Graves (2011), respectively. Therefore, we do not include the
methods by Graves (2011), Blundell et al. (2015), and Hern�andez-Lobato and Adams (2015) in our experiments.
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This paper completes the answer to Research Question 2 by introducing a novel method

to capture posterior model uncertainty of NNs speci�cally suited to settings with small data

noise and scarce training data. Furthermore, NOMU's posterior model uncertainty estimate can

be represented by a single NN and thus can be encoded as a succinct MILP making NOMU

particularly well suited for combinatorial assignment problems.

1.4.4 Monotone-Value Neural Networks: Exploiting Preference Monotonicity in
Combinatorial Assignment

This paper provides the �rst answer to Research Question 3 by introducing a novel class of neural

networks: monotone-value neural networks (MVNNs). MVNNs by their design incorporate

important domain-speci�c prior knowledge (i.e., a monotonicity and normalization property)

about agents' preferences in combinatorial assignment settings. This hard-coded prior knowledge

helps to improve the generalization performance, especially in settings with few training data

points (e.g., bids) and makes MVNNs the state-of-the-art algorithm to learn monotone and

normalized preferences in combinatorial assignment.

Recall that in Section 1.4.1, we enhanced the MLCA mechanism by integrating NNs instead

of SVRs with quadratic kernel, which are more expressive and ultimately led to allocations with

higher e�ciency. However, from a Bayesian optimization point of view, there still remain two

main de�ciencies of the NN-based MLCA: First, MLCA uses plain feed-forward fully-connected

NNs as prior to learn the bidders value functions, which are \too generic" and do not account for

the important monotonicity property of bidders' value functions. Second, the query generation

in MLCA only exploits (i.e., it maximizes the mean prediction without any notion of uncertainty)

and does not properly explore the bundle space. In this paper, we address the �rst de�ciency.

Two common assumptions of agents' value functions in combinatorial assignment are:nor-

malization (i.e., \zero value for the empty bundle of items") and monotonicity (i.e., \additional

items increase value"). These properties are satis�ed in many economic market domains. For

example, in many combinatorial auctions (where this property is often calledfree disposal),

bidders can freely dispose of unwanted items; in combinatorial course allocation, students can

just drop courses they have been assigned.

To account for this, we introduce MVNNs, which are speci�cally suited to model monotone

combinatorial value functions. Concretely, we implement thenormalization and monotonicity

property of MVNNs via constraints on the weights (i.e., non-negative weights) and biases (i.e.,

non-positive biases) and use as activation function thebounded ReLU (bReLU). Furthermore,

we show in (Weissteiner et al., 2022a, Theorem 1) that with this design one can representany

value function with arbitrarily complex substitutabilities and complementarities that satis�es the

normalization and monotonicity property exactly as a �nite-width MVNN. Finally, to e�ciently

solve MVNN-based winner determination problems (WDPs), we provide for MVNNs a succinct

MILP formulation. Finding tight bounds on the neurons for NN-based MILPs is an active area

of research and critical to scale NN-based MILPs to larger architectures. For a plain ReLU

NN, bounds based on interval arithmetic (a.k.a. box constraints) are not tight. However, for

MVNNs, it turns out that these bounds are always perfectly tight, because of their encoded

monotonicity. The upper bound of an arbitrary neuron is the value the neuron would output

for the full bundle and the lower bound is the corresponding value for the empty bundle.
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We experimentally evaluated the learning performance of MVNNs vs. plain NNs in four

di�erent synthetic spectrum auction domains from the spectrum auction test suite (SATS)

(Weiss et al., 2017) and showed that MVNNs are signi�cantly better at modelling bidders'

combinatorial value functions. Furthermore, we experimentally investigated the performance

of MVNNs vs. plain NNs when integrated into an existing ML-based iterative combinatorial

auction mechanism (i.e., MLCA proposed by Brero et al. (2021)) and compared them also

to the recently introduced Fourier transform-based method by Weissteiner et al. (2022b). We

showed that using MVNNs in MLCA leads to signi�cantly smaller e�ciency losses than all other

considered auction mechanisms.

This paper introduces MVNNs as a domain-speci�c prior in combinatorial assignment where

agents are assumed to have monotone combinatorial value functions and provides the �rst an-

swer to Research Question 3. Overall, our results show that MVNNs improve the prediction

performance, they yield state-of-the-art allocative e�ciency in the auction, and they also reduce

the runtime of the ML-based WDPs. We conclude that incorporating domain-speci�c prior

knowledge in combinatorial assignment into the ML algorithm can indeed be advantageous,

especially in settings with scarce data points.

1.4.5 Bayesian Optimization-based Combinatorial Assignment

This paper provides a complete answer to Research Question 3. Based on MVNNs as domain-

speci�c prior ML algorithm, we propose in this paper a Bayesian optimization-based combinato-

rial assignment (BOCA) mechanism which includes a notion of posteriormodel uncertainty to

properly explore and not just exploit the bundle space during its preference elicitation phase.

The main idea of previously introduced ML-powered preference elicitation algorithms (Brero

et al., 2018, 2021; Weissteiner and Seuken, 2020; Weissteiner et al., 2022b,a) is two-fold: �rst,

they train a separate ML model to learn each bidder's full value function from a small set of

bids; second, they solve anML-based winner determination problem (WDP) to determine the

allocation with the highest predicted social welfare, and they use this allocation to generate the

next set of queries to all bidders. This process repeats in an iterative fashion until a �xed number

of queries has been asked. Thus, their ML-powered ICA can be interpreted as combinatorial

Bayesian optimization (BO) algorithm, with the goal of maximizing the (true) social welfare

function.

However, in light of BO, the main shortcoming of this prior work is that all of these ap-

proaches aremyopic in the sense that these mechanisms simply query the allocation with the

highest predicted welfare. In particular, these mechanisms do not have an explicit model of

uncertainty over an agent's values for not yet elicited bundles, although handling uncertainty in

a principled manner is one of the key requirements in BO and when designing a smart preference

elicitation algorithm (Guo et al., 2010). Thus, prior mechanisms cannot properly control the

exploration-exploitation trade-o� inherent to BO. For ML-based iterative combinatorial assign-

ment mechanisms, this means that these mechanisms may get stuck in local minima, repeatedly

querying one part of the allocation space while not exploring other, potentially more e�cient

allocations.

In this paper, we address this shortcoming and show how to integrate a notion of posterior

model uncertainty (i.e., epistemic uncertainty) over agents' preferences into iterative combinato-
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rial assignment. Concretely, we design aBayesian optimization-based combinatorial assignment

(BOCA) mechanism that makes use of posterior model uncertainty in its query generation mod-

ule. The main technical challenge is to design a new method for estimating anupper uncertainty

bound (uUB) that can be used to de�ne an acquisition function to determine the next query.8

To this end, we combineMVNNs (Weissteiner et al., 2022a) with NOMU (Heiss et al., 2022).

Speci�cally, we make the following contributions.

First, we present a modi�ed NOMU algorithm, tailored to combinatorial assignment, exploit-

ing monotonicity of agents' preferences and the discrete (�nite) nature of this setting. Concretely,

our new NOMU algorithm is based on the following two key characteristics of combinatorial as-

signment: (i) since agents' value functions are monotonically increasing, the uUBs need to be

monotonically increasing too (Weissteiner et al., 2023, Propositions 1 and 2), and (ii) due to

the (�nite) discrete input space, one can derive a closed-form expression of the 100%-uUB as

an MVNN. We then use this closed form MVNN expression of the 100%-uUB together with the

MVNN mean prediction in the design of a new NOMU loss function to enforce that our uUB

lies between the mean and the 100%-uUB, i.e, approximating an� %-uUB with � 2 [50; 100].

Second, we show that generic parameter initialization for monotone NNs (including MVNNs)

can fail and propose a new initialization method for MVNNs based on uniform mixture distribu-

tions. Concretely, the non-negativity constraints of the weights in an MVNN imply that when

using a generic parameter initialization of standard (non-constrained) NNs that the conditional

mean of the output of each neuron in the MVNN either explodes or its conditional variance

vanishes (depending on the scaling of the distribution). To overcome this issue, we propose an

i.i.d. mixture distribution of two di�erent uniform distributions such that the conditional mean

and the conditional variance neither explode nor vanish with increasing width of the network

but rather stay constant.

Third, we present a more succinct mixed integer linear program (MILP) for MVNNs to solve

the ML-based WDP using our proposed MVNN-based uUB as ML algorithm. Our new MILP

only contains half the linear constraints compared to the MILP proposed in (Weissteiner et al.,

2022a).

Finally, we experimentally compared BOCA in the spectrum auction test suite (SATS)

(Weiss et al., 2017) against state-of-art-approaches and showed that BOCA outperforms these

approaches in terms of allocative e�ciency.

This paper completes the answer to Research Question 3. With this paper, we have proposed

a practical fully Bayesian optimization-based combinatorial assignment (BOCA)mechanism. On

a conceptual level, our main contribution is the integration of posterior model uncertainty over

agents' preferences into ML-based preference elicitation. On a technical level, we have designed

a new method for estimating an uUB that exploits the monotonicity of agents' preferences in the

combinatorial assignment domain and the �nite nature of this setting. From our experimental

results, we conclude that using a notion of posterior model uncertainty that enables the mecha-

nism to properly explore and not just exploit the bundle space during its preference elicitation

phase, can signi�cantly boost its performance.

8 In the literature, upper uncertainty bound (uUB) is also sometimes called upper con�dence bound (UCB) and
BO algorithms using the UCB as acquisition function are referred to as UCB-algorithms.
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1.4.6 Machine Learning-powered Course Allocation

This paper provides a complete answer to Research Question 4. In this paper, we introduce a ma-

chine learning-powered course allocation mechanism. Concretely, we extend the state-of-the-art

Course Match (CM) mechanism (Budish et al., 2017) with a machine learning-based preference

elicitation module. We call our proposed mechanismmachine learning-powered course match

(MLCM) . MLCM generates in an iterative, asynchronous manner, carefully selectedpairwise

comparison queriesthat are tailored to each individual student.

With this approach, we build on the ideas developed in a recent stream of papers onML-

powered combinatorial auctions. Brero et al. (2018) were the �rst to integrate an ML-powered

preference elicitation component into a practical combinatorial auction mechanism. They used

support vector regression to learn bidders' value functions and to iteratively generate new in-

formative queries in each auction round. In (Brero et al., 2021), the authors proposed the

MLCA mechanism and showed that it achieves higher allocative e�ciency than the widely-used

combinatorial clock auction (Ausubel et al., 2006).

While these works are important precursors to this paper, there are several noteworthy

di�erences. First, these papers usedvalue queriesas the interaction paradigm, which would

be unnatural in course allocation. Instead, we usepairwise comparison queries(i.e., asking

students \Do you prefer course schedule A or B?"). Importantly, a pairwise comparison query

is a simpler type of query, known to have low cognitive load (Conitzer, 2007; Chajewska et al.,

2000). Second, our goal is to build on top of the CM's simple reporting language (recall that

CM o�ers students a graphical user interface (GUI) to enter a base valuebetween 0 and 100 for

each course, and anadjustment valuebetween� 200 and 200 for eachpair of courses). Thus, we

must be able to handle thecardinal input that students provide via the CM reporting language

as well as theordinal feedback from answering pairwise comparison queries. Finally, while an

auctioneer can require bidders in an auction to participate in a synchronous way (i.e., submitting

a bid in every round), we must allow students to interact with the mechanism in an asynchronous

manner.

The high-level idea of MLCM is as follows. First, students use the CM reporting language

(i.e., the same GUI as in CM). As in CM, this input is required from all students. Second,

MLCM uses these initial reports to train a distinct ML model for each student so that it can

predict each student's value for any possible course schedule. Third, MLCM uses an ML-powered

preference elicitation algorithm to generatecomparison queriesthat are tailored to each student,

and students simply answer which schedule they prefer. Based on this feedback, the ML model

is retrained and the next query is generated. Importantly, this phase isoptional { each student

can answer as many of such queries as she wants (including none). However, the more queries

she answers, the better the ML model will typically approximate her true preferences, which will

bene�t her in the last phase, where MLCM computes the �nal allocation based on all trained

ML models.9

To evaluate the welfare achieved by MLCM, we introduce a new course allocation simulation

9Note that in MLCM, the �nal allocation is determined based on the trained ML models. This is di�erent to our
prior work on ML-based iterative combinatorial auctions where the �nal allocation is calculated only based on
reported/elicited bundle-value pairs. The main reason for only using reported/elicited bundle-value pairs in
the combinatorial auction setting is, that, when allocating based on predicted bundle-value pairs (i.e., based
on trained ML models), one would lose individual rationality of the auction mechanism.
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framework. The �rst component is a realistic student preference generator, which is designed

such that each student's complete preferences can be encoded as a succinct mixed integer linear

program (MILP). This allows us to compute a benchmark allocation given students' true pref-

erences. The second component models students'reporting mistakes when interacting with the

CM language. We calibrate the framework's parameters based on real-world data from the �eld

experiment in (Budish and Kessler, 2022).

Regarding the ML algorithm used for MLCM, we show experimentally that the recently

introduced monotone-value neural networks (MVNNs) (Weissteiner et al., 2022a) exhibit the

best generalization performance in our domain, while also being MILP-formalizable, such that

the corresponding individual student utility maximization problem can be solved fast enough in

practice. Furthermore, we show how the cardinal input from the CM language and the ordinal

feedback from the pairwise comparison queries can be combined when training MVNNs.

Finally, we empirically compare the performance of MLCM and CM. We �nd that MLCM

signi�cantly outperforms CM in terms of average student utility as well asminimum student

utility , even with only ten additional pairwise comparison queries. Furthermore, we show that

these results are robust to changes in students' reporting mistakes and across various di�erent

settings of our proposed student preference generator.

This paper completes the answer to Research Question 4 by proposing MLCM, a new prac-

tical ML-powered course allocation mechanism. Speci�cally, MLCM addresses the main short-

comings of CM's reporting language, revealed in the �eld experiment by Budish and Kessler

(2022). We thus conclude that using ML to carefully select good pairwise comparison queries

that better elicit students' preferences by correcting their reporting mistakes can signi�cantly

increase students' welfare whilst at the same time not creating too much cognitive burden to

students.

1.5 Conclusion and Future Work

Integrating machine learning methods into market mechanisms such as combinatorial assignment

is an intricate task, but one of critical importance in today's large-scale, complex environments.

In particular, properly eliciting all agents' preferences plays an integral part in the design of well

functioning market mechanisms.

Since agents' preferences are exponentially-sized objects, full elicitation is rarely possible in

real-world settings. Therefore, a key challenge in combinatorial assignment is the design of a

preference elicitation algorithm that is (i) practically feasiblewith respect to elicitation costs and

(ii) smart, i.e., it should elicit the information that is \most useful" for achieving high e�ciency.

Integrating ML into the design of a preference elicitation algorithm �rst involves learning agents'

preferences via ML algorithms and then use those trained ML algorithms to select the \most

useful" queries to achieve allocations with high e�ciency.

In this thesis, I have studied how to leverage a variety of machine learning algorithms to

design such smart and practically feasible ML-powered preference elicitation algorithms in com-

binatorial assignment. Speci�cally, I have both proposed some tailor-made ML-based algorithms

speci�cally designed for combinatorial assignment (i.e., NOMU in Section 1.4.3 and MVNNs in

Section 1.4.4) as well as integrated existing ML algorithms into combinatorial assignment mech-
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anisms (e.g., NNs in Section 1.4.1, Fourier transforms for set functions in Section 1.4.2). These

ML models help to guide the elicitation process by eliciting the \most useful" information from

the agents and thereby trying to overcome the curse of dimensionality inherent to combinatorial

assignment.

However, even though learning agents' preferences via ML algorithms can be seen as a

standard supervised learning task, it is particularly challenging in combinatorial assignment,

because the underlying setting is typically extremely scarce, i.e., practical feasibility of the

preference elicitation algorithm implies that only few training data points can be collected.

Moreover, the main computational bottleneck of the considered preference elicitation algo-

rithms lies in the next-query generation method where one has to solve a hard combinatorial

optimization problem using as inputs the trained ML models (i.e., the ML-based winner deter-

mination problem). This implies that highly overparameterized ML models cannot be used in

practice and thus carefully controlling the trade-o� between the ML models' expressivity and the

computational feasibility of the resulting ML-based winner determination problem is of utmost

importance.

I have shown that in this speci�c scarce setting, it is even more important to use as much

prior knowledge as possible (Weissteiner et al., 2022a) and to reduce the dimensionality of the

learning task (Weissteiner et al., 2022b) to get the best possible generalization performance,

which, when combined with a smart next-query generation procedure, then leads to allocations

with higher e�ciency.

Additionally, I have shown that integrating uncertainty over not yet elicited bundles in pref-

erence elicitation (i.e., following more closely the Bayesian optimization paradigm) can prevent

from getting \stuck" in local optima and helps to properly explore bundle space (Weissteiner

et al., 2023).

Furthermore, when designing a practical combinatorial assignment mechanism, it is also

important to consider the communication/interaction paradigm with the central agency, i.e., one

should re
ect which query type is the most practical in the considered domain. For example,

in course allocation, to avoid creating too much cognitive burden for students, I have proposed

the use of simpler pairwise comparison queries (Soumalias et al., 2023) instead of value queries.

Overall, all these subtle details in the choice of the ML model used for preference elicitation

and how they interact with each other ultimately play a key role for the success of the resulting

combinatorial assignment mechanism.

Future Work I have evaluated all my proposed ML-based preference elicitation algorithms in

synthetic settings, i.e., in the spectrum auction test suite (SATS) by Weiss et al. (2017) or via

the student preference generator by Soumalias et al. (2023), assuming that all agents report

truthfully. Therefore, I see the following two important directions for future work.

First, future work could analyze the mechanisms when agents do strategically misreport.

Even though we argue that all considered mechanisms provide good incentives in practice, none

of these guarantees hold in a formal, provable way. Therefore, it would be particularly interesting

to �nd approximately optimal unilateral misreporting strategies and analyze the characteristics

of them in more detail, e.g., how do these strategies di�er from truthful reports, how does the

�nal allocation compare to the one obtained when all agents report truthfully, which agents
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are worse/better of. I could envision analyzing this by framing the iterative combinatorial

assignment problem I studied as a reinforcement learning task and then �nding approximately

optimal strategies by assuming that all other agents report truthfully. Once this reasonably

succeeds, one can then experimentally analyze which of the proposed ML algorithms provide

the best robustness with respect to strategic behaviour.

Second, another interesting direction for future work is to evaluate the proposed mechanisms

not only in synthetic settings but also when put into practice. Speci�cally, it would be of great

interest to de�ne suitable laboratory experiments to evaluate the proposed ML-powered mech-

anisms. Given that in practice, agents are often limited by their cognitive abilities (Sche�el

et al., 2012) and thus (even unintentionally) make mistakes when interacting with the mecha-

nism, such laboratory experiments would provide valuable insights on the real-world performance

of the proposed ML-powered mechanisms.

Furthermore, in the design of new preference elicitation algorithms in the combinatorial

auction domain, I have focused on integrating/designing new ML components and did not change

the interaction paradigm, i.e., value queries, proposed by prior work. An interesting direction for

future work would be to additionally also consider new or combine existing interaction paradigms

in my proposed mechanisms, e.g., to alternate between value queries and demand queries in the

preference elicitation phase.

Finally, another interesting avenue to be explored in future work is to test the key conceptual

idea of BOCA, i.e, using the upper uncertainty bound based on NOMU and NNs as acquisition

function, not only in the context of combinatorial assignment but also in other combinatorial

Bayesian optimization tasks (e.g., see (Baptista and Poloczek, 2018, Section 4) for other di�erent

combinatorial BO tasks). Similarly, one could test the performance of MVNNs in other monotone

regression tasks than the spectrum auction setting.

24



Bibliography

D. Amodei, C. Olah, J. Steinhardt, P. Christiano, J. Schulman, and D. Man�e. Concrete problems

in AI safety. CoRR, abs/1606.06565, 2016. 3

Andisheh Amrollahi, Amir Zandieh, Michael Kapralov, and Andreas Krause. E�ciently learn-

ing Fourier sparse set functions. In Advances in Neural Information Processing Systems,

volume 32, pages 15120{15129, 2019. 14

Ross Anderson, Joey Huchette, Will Ma, Christian Tjandraatmadja, and Juan Pablo Vielma.

Strong mixed-integer programming formulations for trained neural networks. Mathematical

Programming, 183(1):3{39, 2020. 9

A. Ashukha, A. Lyzhov, D. Molchanov, and D. Vetrov. Pitfalls of in-domain uncertainty es-

timation and ensembling in deep learning. arXiv preprint arXiv:2002.06470, 2020. URL

https://arxiv.org/abs/2002.06470 . 9

L. Ausubel and O. Baranov. A practical guide to the combinatorial clock auction. Economic

Journal, 127(605):F334{F350, 2017. 2

Lawrence M Ausubel. An e�cient dynamic auction for heterogeneous commodities. American

Economic Review, 96(3):602{629, 2006. 8

Lawrence M Ausubel and Paul R Milgrom. Ascending auctions with package bidding.The BE

Journal of Theoretical Economics, 1(1), 2002. 7

Lawrence M Ausubel, Peter Cramton, and Paul Milgrom. The clock-proxy auction: A practi-

cal combinatorial auction design. In Peter Cramton, Yoav Shoham, and Richard Steinberg,

editors, Combinatorial Auctions, pages 115{138. MIT Press, 2006. 21

K. Bansak, J. Ferwerda, J. Hainmueller, A. Dillon, D. Hangartner, D. Lawrence, and J. We-

instein. Improving refugee integration through data-driven algorithmic assignment. Science,

359(6373):325{329, 2018. 1

Ricardo Baptista and Matthias Poloczek. Bayesian optimization of combinatorial structures. In

International Conference on Machine Learning, pages 462{471. PMLR, 2018. 24

A Bernasconi, B Codenotti, and J Simon. On the fourier analysis of boolean functions.preprint ,

pages 1{24, 1996. 15

Manuel Beyeler, Gianluca Brero, Benjamin Lubin, and Sven Seuken. imlca: Machine learning-

powered iterative combinatorial auctions with interval bidding. In Proceedings of the 22nd

ACM Conference on Economics and Computation, pages 136{136, 2021. 4, 8

25



Bibliography

Martin Bichler, Vladimir Fux, and Jacob K Goeree. Designing combinatorial exchanges for

the reallocation of resource rights. Proceedings of the National Academy of Sciences, 116(3):

786{791, 2019. 1

Avrim Blum, Je�rey Jackson, Tuomas Sandholm, and Martin Zinkevich. Preference elicitation

and query learning. Journal of Machine Learning Research, 5:649{667, 2004. 7, 8

Charles Blundell, Julien Cornebise, Koray Kavukcuoglu, and Daan Wierstra. Weight uncertainty

in neural networks. In 32nd International Conference on Machine Learning, 2015. 9, 10, 17

G. Brero, B. Lubin, and S. Seuken. Probably approximately e�cient combinatorial auctions

via machine learning. In Proceedings of the 31st AAAI Conference on Arti�cial Intelligence,

2017. 8

G. Brero, B. Lubin, and S. Seuken. Combinatorial auctions via machine learning-based pref-

erence elicitation. In Proceedings of the 27th International Joint Conference on Arti�cial

Intelligence, 2018. 2, 8, 13, 19, 21

G. Brero, B. Lubin, and S. Seuken. Machine learning-powered iterative combinatorial auctions.

arXiv preprint arXiv:1911.08042, Jan 2021. URL https://arxiv.org/abs/1911.08042 . 2,

5, 8, 13, 15, 19, 21

Gianluca Brero and S�ebastien Lahaie. A bayesian clearing mechanism for combinatorial auctions.

In Proceedings of the 32nd AAAI Conference on Arti�cial Intelligence, 2018. 8

Gianluca Brero, S�ebastien Lahaie, and Sven Seuken. Fast iterative combinatorial auctions via

bayesian learning. InProceedings of the 33rd AAAI Conference of Arti�cial Intelligence , 2019.

8

E. Budish, G. Cachon, J. Kessler, and A. Othman. Course match: A large-scale implementa-

tion of approximate competitive equilibrium from equal incomes for combinatorial allocation.

Operations Research, 65(2):314{336, 2017. 6, 21

Eric Budish. The combinatorial assignment problem: Approximate competitive equilibrium

from equal incomes.Journal of Political Economy, 119(6):1061{1103, 2011. 1, 6

Eric Budish and Estelle Cantillon. The multi-unit assignment problem: Theory and evidence

from course allocation at harvard. American Economic Review, 102(5):2237{71, 2012. 6

Eric Budish and Judd B Kessler. Can market participants report their preferences accurately

(enough)? Management Science, 68(2):1107{1130, 2022. 4, 7, 22

Urszula Chajewska, Daphne Koller, and Ronald Parr. Making rational decisions using adaptive

utility elicitation. In Aaai/Iaai , pages 363{369, 2000. 21

Chih-Hong Cheng, Georg N•uhrenberg, and Harald Ruess.Automated Technology for Veri�cation

and Analysis. Lecture Notes in Computer Science, volume 10482, chapter Maximum resilience

of arti�cial neural networks. Springer, Cham, 2017. 9

26



Bibliography

Wei Chu and Zoubin Ghahramani. Preference learning with gaussian processes. InProceedings

of the 22nd international conference on Machine learning, pages 137{144, 2005. 8

Wolfram Conen and Tuomas Sandholm. Preference elicitation in combinatorial auctions. In

Proceedings of the 3rd ACM Conference on Electronic Commerce, pages 256{259, 2001. 7

Wolfram Conen and Tuomas Sandholm. Partial-revelation vcg mechanism for combinatorial

auctions. In AAAI/IAAI , pages 367{372, 2002. 7

Wolfram Conen and Tuomas Sandholm. Di�erential-revelation vcg mechanisms for combinatorial

auctions. In Proceedings of the 4th ACM conference on Electronic commerce, pages 196{197,

2003. 7

Vincent Conitzer. Eliciting single-peaked preferences using comparison queries. InProceedings

of the 6th international joint conference on Autonomous agents and multiagent systems, pages

1{8, 2007. 21

Vincent Conitzer, Tuomas Sandholm, and Paolo Santi. Combinatorial auctions with k-wise

dependent valuations. In AAAI , volume 5, pages 248{254, 2005. 8

Peter Cramton. Spectrum auction design. Review of Industrial Organization, 42(2):161{190,

2013. 1

Sven de Vries, James Schummer, and Rakesh V Vohra. On ascending vickrey auctions for

heterogeneous objects.Journal of Economic Theory, 132(1):95{118, 2007. 7

P. D•utting, Z. Feng, H. Narasimhan, D. Parkes, and S. Ravindranath. Optimal auctions through

deep learning. InProceedings of the 36th International Conference on Machine Learning, 2019.

3, 9

Matteo Fischetti and Jason Jo. Deep neural networks and mixed integer linear optimization.

Constraints, 23(3):296{309, Jul 2018. ISSN 1572-9354. doi: 10.1007/s10601-018-9285-6. 9

S. Fort, H. Hu, and B. Lakshminarayanan. Deep ensembles: A loss landscape perspective.arXiv

preprint arXiv:1912.02757, 2019. URL https://arxiv.org/abs/1912.02757 . 9

Peter I Frazier. A tutorial on bayesian optimization. arXiv preprint arXiv:1807.02811, 2018.

URL https://arxiv.org/abs/1807.02811 . 5

Yarin Gal and Zoubin Ghahramani. Dropout as a bayesian approximation: Representing model

uncertainty in deep learning. In 33rd International Conference on Machine Learning, pages

1050{1059, 2016. 9, 17

Marta Garnelo, Dan Rosenbaum, Christopher Maddison, Tiago Ramalho, David Saxton, Murray

Shanahan, Yee Whye Teh, Danilo Rezende, and SM Ali Eslami. Conditional neural processes.

In International Conference on Machine Learning, pages 1704{1713. PMLR, 2018a. 10

Marta Garnelo, Jonathan Schwarz, Dan Rosenbaum, Fabio Viola, Danilo J Rezende, SM Eslami,

and Yee Whye Teh. Neural processes.arXiv preprint arXiv:1807.01622, 2018b. URL https:

//arxiv.org/abs/1807.01622 . 10

27



Bibliography

Noah Golowich, Harikrishna Narasimhan, and David C Parkes. Deep learning for multi-facility

location mechanism design. InProceedings of the Twenty-seventh International Joint Confer-

ence on Arti�cial Intelligence and the Twenty-third European Conference on Arti�cial Intel-

ligence, pages 261{267, 2018. 9

Alex Graves. Practical variational inference for neural networks. In Advances in neural infor-

mation processing systems, volume 24, pages 2348{2356, 2011. 9, 17

Faruk Gul and Ennio Stacchetti. The english auction with di�erentiated commodities. Journal

of Economic theory, 92(1):66{95, 2000. 8

Shengbo Guo, Scott Sanner, and Edwin V Bonilla. Gaussian process preference elicitation. In

Advances in Neural Information Processing Systems, volume 23, 2010. 8, 19

F. Gustafsson, M. Danelljan, and T. Schon. Evaluating scalable bayesian deep learning methods

for robust computer vision. In Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition Workshops, pages 318{319, 2020. 9

M. Havasi, R. Jenatton, S. Fort, J. Liu, J. Snoek, B. Lakshminarayanan, A. Dai, and D. Tran.

Training independent subnetworks for robust prediction. In International Conference on

Learning Representations, 2021. 10

Jakob M Heiss, Jakob Weissteiner, Hanna S Wutte, Sven Seuken, and Josef Teichmann. NOMU:

Neural optimization-based model uncertainty. In Proceedings of the 39th International Con-

ference on Machine Learning, volume 162 of Proceedings of Machine Learning Research,

pages 8708{8758. PMLR, 17{23 Jul 2022. URLhttps://proceedings.mlr.press/v162/

heiss22a.html . 1, 2, 4, 10, 16, 17, 20

Jos�e Miguel Hern�andez-Lobato and Ryan Adams. Probabilistic backpropagation for scalable

learning of bayesian neural networks. In International Conference on Machine Learning,

pages 1861{1869, 2015. 9, 17

Benoit Hudson and Tuomas Sandholm. E�ectiveness of query types and policies for prefer-

ence elicitation in combinatorial auctions. In Proceedings of the Third International Joint

Conference on Autonomous Agents and Multiagent Systems-Volume 1, pages 386{393, 2004.

7

Alexander S Kelso Jr and Vincent P Crawford. Job matching, coalition formation, and gross

substitutes. Econometrica: Journal of the Econometric Society, pages 1483{1504, 1982. 8

Alex Kendall and Yarin Gal. What uncertainties do we need in bayesian deep learning for

computer vision? In Advances in neural information processing systems, volume 30, pages

5574{5584, 2017. 10

A. Khosravi, S. Nahavandi, D. Creighton, and A. Atiya. Lower upper bound estimation method

for construction of neural network-based prediction intervals. IEEE transactions on neural

networks, 22(3):337{346, 2010. 10

28



Bibliography

Volodymyr Kuleshov and Shachi Deshpande. Calibrated and sharp uncertainties in deep learn-

ing via density estimation. In Proceedings of the 39th International Conference on Machine

Learning, pages 11683{11693. PMLR, July 2022. 10

Volodymyr Kuleshov, Nathan Fenner, and Stefano Ermon. Accurate uncertainties for deep

learning using calibrated regression. InProceedings of the 35th International Conference

on Machine Learning, pages 2796{2804, Stockholmsm•assan, Stockholm Sweden, July 2018.

PMLR. 10

Anthony M Kwasnica, John O Ledyard, Dave Porter, and Christine DeMartini. A new and

improved design for multiobject iterative auctions. Management science, 51(3):419{434, 2005.

7

S. Lahaie. Kernel methods for revealed preference analysis. InECAI , pages 439{444, 2010. 15

Sebastien M Lahaie and David C Parkes. Applying learning algorithms to preference elicitation.

In Proceedings of the 5th ACM Conference on Electronic Commerce, 2004. 7, 8

B Lakshminarayanan, A. Pritzel, and C. Blundell. Simple and scalable predictive uncertainty

estimation using deep ensembles. InAdvances in neural information processing systems, vol-

ume 30, pages 6402{6413, 2017. 9, 17

Yann LeCun, Yoshua Bengio, and Geo�rey Hinton. Deep learning. Nature, 521(7553):436{444,

2015. 3

Xingchao Liu, Xing Han, Na Zhang, and Qiang Liu. Certi�ed monotonic neural networks. arXiv

preprint arXiv:2011.10219, 2020. URL https://arxiv.org/abs/2011.10219 . 11

Andrey Malinin and Mark Gales. Predictive uncertainty estimation via prior networks. In

Advances in Neural Information Processing Systems, volume 31, pages 7047{7058, 2018. 10

Andrey Malinin, Sergey Chervontsev, Ivan Provilkov, and Mark Gales. Regression prior net-

works. arXiv preprint arXiv:2006.11590, 2020. URL https://arxiv.org/pdf/2006.11590.

pdf . 10

D. Masterov, U. Mayer, and S. Tadelis. Canary in the e-commerce coal mine: Detecting and

predicting poor experiences using buyer-to-seller messages. In16th Conference on Economics

and Computation, 2015. 1

Paul R Milgrom and Steven Tadelis. 23. How Arti�cial Intelligence and Machine Learning Can

Impact Market Design. University of Chicago Press, 2019. 1

Martin Mladenov, Craig Boutilier, Dale Schuurmans, Ofer Meshi, Gal Elidan, and Tyler Lu.

Logistic markov decision processes. InProceedings of the Twenty-Sixth International Joint

Conference on Arti�cial Intelligence, IJCAI-17 , pages 2486{2493, 2017. 9

Harikrishna Narasimhan, Shivani Brinda Agarwal, and David C Parkes. Automated mechanism

design without money via machine learning. In Proceedings of the 25th International Joint

Conference on Arti�cial Intelligence , 2016. 9

29



Bibliography

Noam Nisan and Ilya Segal. The communication requirements of e�cient allocations and sup-

porting prices. Journal of Economic Theory, 129(1):192{224, 2006. 2, 8

D. Nix and A. Weigend. Estimating the mean and variance of the target probability distribution.

In Proceedings of IEEE international conference on neural networks (ICNN'94), pages 55{60.

IEEE, 1994. 10

S. Ober and C Rasmussen. Benchmarking the neural linear model for regression.arXiv preprint

arXiv:1912.08416, 2019. URL https://arxiv.org/abs/1912.08416 . 10

Yaniv Ovadia, Emily Fertig, Jie Ren, Zachary Nado, D. Sculley, Sebastian Nowozin, Joshua

Dillon, Balaji Lakshminarayanan, and Jasper Snoek. Can you trust your model's uncertainty?

evaluating predictive uncertainty under dataset shift. In Advances in Neural Information

Processing Systems, volume 32, 2019. 9

David C Parkes. i bundle: An e�cient ascending price bundle auction. In Proceedings of the 1st

ACM Conference on Electronic Commerce, pages 148{157, 1999. 7

David C Parkes and Lyle H Ungar. Iterative combinatorial auctions: Theory and practice. In

Proceedings of the seventeenth national conference on arti�cial intelligence, page 74{81, 2000.

7

T. Pearce, M. Zaki, A. Brintrup, and A. Neely. High-quality prediction intervals for deep learn-

ing: A distribution-free, ensembled approach. In35th International Conference on Machine

Learning, 2018. 10

Neehar Peri, Michael Curry, Samuel Dooley, and John Dickerson. Preferencenet: Encoding

human preferences in auction design with deep learning. InAdvances in Neural Information

Processing Systems, volume 34, pages 17532{17542, 2021. 9

M. P•uschel and C. Wendler. Discrete signal processing with set functions. arXiv preprint

arXiv:2001.10290, 2020. URL https://arxiv.org/abs/2001.10290 . 15

J. Rahme, S. Jelassi, J. Bruna, and M. Weinberg. A permutation-equivariant neural net-

work architecture for auction design. arXiv preprint arXiv:2003.01497, Sep 2020. URL

url={https://arxiv.org/abs/2003.01497}, . 3, 9

Tuomas Sandholm and Craig Boutilier. Preference elicitation in combinatorial auctions. Com-

binatorial auctions, 10, 2006. 7

Paolo Santi, Vincent Conitzer, and Tuomas Sandholm. Towards a characterization of polynomial

preference elicitation with value queries in combinatorial auctions. InInternational Conference

on Computational Learning Theory, pages 1{16. Springer, 2004. 8

Buser Say, Ga Wu, Yu Qing Zhou, and Scott Sanner. Nonlinear hybrid planning with deep

net learned transition models and mixed-integer linear programming. InProceedings of the

Twenty-Sixth International Joint Conference on Arti�cial Intelligence, IJCAI-17 , pages 750{

756, 2017. 9

30



Bibliography

Tobias Sche�el, Georg Ziegler, and Martin Bichler. On the impact of package selection in

combinatorial auctions: an experimental study in the context of spectrum auction design.

Experimental Economics, 15(4):667{692, 2012. 24

W. Shen, P. Tang, and S. Zuo. Automated mechanism design via neural networks. InProceedings

of the 18th International Conference on Autonomous Agents and MultiAgent Systems, 2019.

9

Joseph Sill. Monotonic networks. In Advances in Neural Information Processing Systems, vol-

ume 10, 1997. 11

Ermis Soumalias, Behnoosh Zamanlooy, Jakob Weissteiner, and Sven Seuken. Machine learning-

powered course allocation.arXiv preprint arXiv:2210.00954, 2023. URLhttps://arxiv.org/

abs/2210.00954 . 1, 3, 4, 23

P. Stobbe and A. Krause. Learning Fourier sparse set functions. InArti�cial Intelligence and

Statistics, pages 1125{1133, 2012. 14

Aleksei Tiulpin and Matthew B. Blaschko. Greedy bayesian posterior approximation with deep

ensembles.Transactions on Machine Learning Research, 2022. 10

Z. Wang, T. Ren, J. Zhu, and B. Zhang. Function space particle optimization for bayesian

neural networks. arXiv preprint arXiv:1902.09754, 2019. URL https://arxiv.org/abs/

1902.09754. 10

Antoine Wehenkel and Gilles Louppe. Unconstrained monotonic neural networks. InAdvances

in Neural Information Processing Systems, volume 32, 2019. 11

Michael Weiss, Benjamin Lubin, and Sven Seuken. Sats: A universal spectrum auction test suite.

In Proceedings of the 16th Conference on Autonomous Agents and Multi-Agent Systems, 2017.

5, 13, 15, 19, 20, 23

Jakob Weissteiner and Sven Seuken. Deep learning|powered iterative combinatorial auctions.

Proceedings of the AAAI Conference on Arti�cial Intelligence , 34(02):2284{2293, Apr. 2020.

doi: 10.1609/aaai.v34i02.5606. URLhttps://ojs.aaai.org/index.php/AAAI/article/

view/5606 . 1, 3, 5, 13, 14, 15, 16, 19

Jakob Weissteiner, Jakob Heiss, Julien Siems, and Sven Seuken. Monotone-value neural net-

works: Exploiting preference monotonicity in combinatorial assignment. In Proceedings of

the Thirty-First International Joint Conference on Arti�cial Intelligence, IJCAI-22 , pages

541{548. International Joint Conferences on Arti�cial Intelligence Organization, 7 2022a. doi:

10.24963/ijcai.2022/77. URL https://doi.org/10.24963/ijcai.2022/77 . Main Track. 1,

3, 18, 19, 20, 22, 23

Jakob Weissteiner, Chris Wendler, Sven Seuken, Ben Lubin, and Markus P•uschel. Fourier

analysis-based iterative combinatorial auctions. InProceedings of the Thirty-First Interna-

tional Joint Conference on Arti�cial Intelligence, IJCAI-22 , pages 549{556. International

Joint Conferences on Arti�cial Intelligence Organization, 7 2022b. doi: 10.24963/ijcai.2022/78.

URL https://doi.org/10.24963/ijcai.2022/78 . Main Track. 1, 3, 5, 15, 19, 23

31



Bibliography

Jakob Weissteiner, Jakob Heiss, Julien Siems, and Sven Seuken. Bayesian optimization-based

combinatorial assignment. Proceedings of the AAAI Conference on Arti�cial Intelligence , 37,

2023. 1, 3, 20, 23

Yeming Wen, Dustin Tran, and Jimmy Ba. Batchensemble: an alternative approach to e�cient

ensemble and lifelong learning. InInternational Conference on Learning Representations,

2020. 10

Chris Wendler, Andisheh Amrollahi, Bastian Seifert, Andreas Krause, and Markus P•uschel.

Learning set functions that are sparse in non-orthogonal fourier bases.Proceedings of the

AAAI Conference on Arti�cial Intelligence , 35(12):10283{10292, May 2021. 14

Florian Wenzel, Kevin Roth, Bastiaan Veeling, Jakub Swiatkowski, Linh Tran, Stephan Mandt,

Jasper Snoek, Tim Salimans, Rodolphe Jenatton, and Sebastian Nowozin. How good is the

Bayes posterior in deep neural networks really? InProceedings of the 37th International

Conference on Machine Learning, volume 119, pages 10248{10259. PMLR, 13{18 Jul 2020a.

9

Florian Wenzel, Jasper Snoek, Dustin Tran, and Rodolphe Jenatton. Hyperparameter ensembles

for robustness and uncertainty quanti�cation. In Advances in Neural Information Processing

Systems, volume 33, pages 6514{6527, 2020b. 9, 17

Peter R Wurman and Michael P Wellman. A k ba: A progressive, anonymous-price combinatorial

auction. In Proceedings of the 2nd ACM Conference on Electronic Commerce, pages 21{29,

2000. 7

Seungil You, David Ding, Kevin Canini, Jan Pfeifer, and Maya Gupta. Deep lattice networks

and partial monotonic functions. In Advances in Neural Information Processing Systems,

volume 30, 2017. 11

Martin A Zinkevich, Avrim Blum, and Tuomas Sandholm. On polynomial-time preference elici-

tation with value queries. In Proceedings of the 4th ACM Conference on Electronic Commerce,

pages 176{185, 2003. 8

32



2 Deep Learning-powered Iterative

Combinatorial Auctions

The content of this chapter has previously appeared in

Deep Learning-powered Iterative Combinatorial Auctions.

Jakob Weissteiner and Sven Seuken.

In Proceedings of the Thirty-fourth AAAI Conference on Arti�cial Intelligence (AAAI'20),

New York, USA, February 2020.

For its full updated version including appendix, please see

Deep Learning-powered Iterative Combinatorial Auctions.

Jakob Weissteiner and Sven Seuken.

Working paper, March 2023.

URL: arxiv.org/pdf/1907.05771.pdf

33

























3 Fourier Analysis-based Iterative

Combinatorial Auctions

The content of this chapter has previously appeared in

Fourier Analysis-based Iterative Combinatorial Auctions.

Jakob Weissteiner* , Chris Wendler* , Sven Seuken, Ben Lubin, and Markus P•uschel.

In Proceedings of the Thirty-�rst International joint Conference on Arti�cial Intel-

ligence (IJCAI'22), Vienna, AUT, July 2022.

For its full updated version including appendix, please see

Fourier Analysis-based Iterative Combinatorial Auctions.

Jakob Weissteiner* , Chris Wendler* , Sven Seuken, Ben Lubin, and Markus P•uschel.

Working paper, March 2023.

URL: arxiv.org/pdf/2009.10749.pdf

* These authors contributed equally.

45





































4 NOMU: Neural Optimization-based Model

Uncertainty

The content of this chapter has previously appeared in

NOMU: Neural Optimization-based Model Uncertainty.

Jakob Heiss* , Jakob Weissteiner* , Hanna Wutte * , Sven Seuken, and Josef Teich-

mann.

In Proceedings of the Thirty-ninth International Conference on Machine Learning

(ICML'22), Baltimore, USA, July 2022.

For its full updated version including appendix, please see

NOMU: Neural Optimization-based Model Uncertainty.

Jakob Heiss* , Jakob Weissteiner* , Hanna Wutte * , Sven Seuken, and Josef Teich-

mann.

Working paper, March 2023.

URL: arxiv.org/pdf/2102.13640.pdf

* These authors contributed equally.

63




	Abstract
	Acknowledgements
	Contents
	Introduction
	Background, Problem Statements and Research Questions
	Further Related Work
	Preference Elicitation in Combinatorial Auctions
	Machine Learning-based Preference Elicitation and Mechanism Design
	Encoding Neural Networks as Mixed Integer Linear Programs
	Quantifying Model Uncertainty for Neural Networks
	Monotone Neural Networks

	Publications Contained in this Thesis
	Summary of Contributions
	Deep Learning-powered Iterative Combinatorial Auctions
	Fourier Analysis-based Iterative Combinatorial Auctions
	NOMU: Neural Optimization-based Model Uncertainty
	Monotone-Value Neural Networks: Exploiting Preference Monotonicity in Combinatorial Assignment
	Bayesian Optimization-based Combinatorial Assignment
	Machine Learning-powered Course Allocation

	Conclusion and Future Work

	Deep Learning-powered Iterative Combinatorial Auctions
	Fourier Analysis-based Iterative Combinatorial Auctions
	NOMU: Neural Optimization-based Model Uncertainty
	Monotone-Value Neural Networks: Exploiting Preference Monotonicity in Combinatorial Assignment
	Bayesian Optimization-based Combinatorial Assignment
	Machine Learning-powered Course Allocation
	Curriculum Vitae

