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Abstract

Online computation has proven itself a very useful paradigm for the design and analysis

of algorithms for problems of incomplete information. An emerging, and fast-growing trend

is to study online computation in a setting in which the algorithm has certain additional

information, such as some machine-learned advice or prediction, which may however be

imprecise. The central question then is: how can one design online algorithms that leverage

such predictions about the input, and which perform well if the prediction is imprecise, or

even entirely erroneous? We propose a thesis topic that is in the intersection of machine

learning and theoretical computer science, and addresses some new directions in this nascent

field.
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1 Background

In online computation we are interested in algorithms that do not know the entire input in

advance, but rather process it in the form of a sequence of input items. For each incoming input

item, the algorithm must make an irrevocable decision concerning it, without any assumptions

concerning the future items. Online computation has developed, over the last decades, into a

prolific field of theoretical computer science, and it continues to provide a framework that is

applicable in many ares of computer science. See e.g., the book [3]1.

How does one analyze and compare the performance of online algorithms? The standard

method of such evaluation is by means of the competitive analysis framework. More precisely,

the competitive ratio of an online algorithm is the worst-case ratio (among all possible input

sequences) of the performance of the online algorithm (e.g., its cost in case of a minimization

problem) over the corresponding performance of the best offline algorithm that has advance

knowledge of the input. Informally, we compare the performance of an online algorithm to an

ideal one that knows the entire input ahead of time.

1There is a new book in preparation on online algorithms by Borodin and Pankratov. Borodin speaks of a
“resurgence of online computation”, because of the renewed and ever increasing interest in this field.
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2 General presentation of the topic

The standard model of online computation assumes that the online algorithm has no knowledge

whatsoever about the input. This can be problematic, since in the real world the algorithm

may indeed have some (limited) knowledge of the input. For example, the algorithm may know

the length of the input, or it may have a small lookahead (e.g., it may store in a small buffer

the next few items that it will process).

How can one adapt the main paradigm of online computation to account for situations such

as the above? There have been two main approaches so far:

• The advice-complexity framework. Here, we assume that the online algorithm has access

to an oracle that provides the additional information, termed advice. More precisely,

in the advice setting, the online algorithm receives some bits that encode information

concerning the sequence of input items. As expected, this additional information can

boost the performance of the algorithm, which is often reflected in better competitive

ratios. It is important to note that this advice is assumed to be i) error-free; and ii)

provided by an omnipotent oracle. In other words, an advice of length x can encode any

information desired by the algorithm, so long as only x bits are used.

• The ML-prediction framework. This is a much more recent approach that is rooted in

machine learning. Here, the additional information is in the form of a natural predictor

concerning the input, e.g., at which point in time a certain item will appear. It is important

to note that the predictor is assumed to be i) potentially noisy, that is, there is some error

associated with the prediction; ii) provided by a “reasonable” and “natural” oracle, e.g.,

the oracle cannot provide information that is unlikely to be known, such as information

related to the optimal solution.

It should be clear that the two approaches are almost complementary, and one would dare

say, in conflict. The advice-complexity framework is almost entirely a theoretical abstraction

with very few applications, but allows for very rigorous analysis using information-theoretic

approaches. In contrast, the more recent ML-prediction framework is motivated by real appli-

cations, but has not yet developed the precise theory about the limitations of predictions.

To make the above more precise, the main objective in the advice framework is to identify

the exact trade-offs between the size of the advice and the performance of the algorithm, in

terms of its competitive ratio. This is meant to provide a smooth transition between the purely

“online” world (nothing is known about the input) and the purely “offline” world (everything

is known about the input). In contrast, in the ML framework, the objective is to quantify the

tradeoff between the error in the prediction and the competitive ratio of the algorithm.

Sample bibliography, and related material

The term advice complexity was first coined by Dobrev et al. [5], and subsequent formal models

were presented by Böckenhauer et al. [2] and Emek et al. [6]. In the last decade, a substantial
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number of online optimization problems have been studied in the advice model; see the survey

of Boyar et al. [4] for an in-depth discussion of developments in this field.

The ML framework is more recent than the advice framework; a first contribution can

be traced to caching algorithms with predictions [9] followed by further applications in more

online problems [11]. Further recent work includes improved results for paging [12], scheduling

problems [8, 10], and rent-or-buy problems [7] (work published in 2019 and 2020).

We also made a recent contribution in this field [1]: here, we made a first attempt to

reconcile the two models. In particular, we proposed an advice model in which the advice may

be erroneous. This means that the competitive ratio of an algorithm is a point in the two-

dimensional space: one coordinate is the competitive ratio assuming the advice is correct, and

the other is the competitive ratio assuming an incorrect advice, that may in fact be provided by

a malicious adversary. The objective is to identify the Pareto-frontier in this two dimensional

space, which describes the “best” family of online algorithms one can obtain.

Apart from publications, there is an active interest in courses related to these subjects. See

e.g., the course “Learning-Augmented Algorithms” by Daskalakis and Indyk at MIT, the TTIC

Summer Workshop on Learning-Based Algorithms, and the keynote lecture of Sergei Vassilvitskii

at HALG 2019 “What Can ML Do for Algorithms?” (available at http://theory.stanford.

edu/~sergei/slides/HALG-slides.pdf).

3 Thesis proposal

The main direction in this thesis proposal can be summarized as follows:

Can we narrow the gap between the advice-complexity model and the ML-prediction model?

There is a large selection of open questions that we would like to pursue with a Ph.D.

student. A list of specific questions has been given to the selection committee.
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