
Sparse recovery: 3 potential mini-projects

Sidharth Jaggi

1 Introduction

Group testing is the “simplest” example of a sparse recover/sparse inverse problem, where the goal
is to identify a small unknown subset D of defective items embedded in a much larger set N (usually
in the setting where d = |D| is much smaller than n = |N |, i.e., d is o(n)). This problem was first
considered by Dorfman [1] in scenarios where multiple items in a group can be simultaneously tested,
with a positive or negative output depending on whether or not a “defective” item is present in the
group being tested. In general, the goal of group testing algorithms is to identify the defective set
with as few measurements (denoted T ) as possible. As demonstrated in [1] and later work (see [2, 3]
for a comprehensive survey of many group-testing algorithms and bounds), with judicious grouping
and testing, far fewer than the trivial upper bound of n tests may be required to identify the set of
defective items.

There is at this point a vast literature focusing on many different aspects of group-testing. I
would encourage interested readers to look at the excellent recent survey [2] for a good summary of
(almost) state-of-the-art results about the basic models.

Here are three potential mini-project directions.

2 Prior statistics

The “usual” assumptions in group-testing assume that the set of defectives are uniformly distributed
over all sets of size d. Some work goes beyond this. The work in [4] assumed that the items may
have different probabilities of being defective (but, for ease of analysis, are still assumed to be
independent). Recent work [5] assumes certain community structures on the population and derives
bounds on the number of tests required.

Potential mini-project: Given general classes of joint distributions (for instance on the prob-
ability of subsets of items being defective forming a Markov random field) to generalize the ideas
above and come up with fundamental bounds on the number of tests required, and with algorithms
that require a number of tests approaching these fundamental bounds.
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3 Computationally Efficient Group Testing algorithms

There seems to be a fundamental gap between the number of tests known to suffice information-
theoretically (i.e., if one is willing to accept brute force decoding methods with potentially expo-
nential complexity) for reliably estimating the set of defectives, versus the state-of-the-art compu-
tationally efficient reconstruction algorithms. (The survey in [2] has a discussion about this gap.)
Even in the regime where d is a “large” constant (independent of n), we do not (yet) have any
efficient algorithms meeting the information-theoretic limit.

Potential mini-project: In the large constant d regime, explore the potential of using community-
detection/clustering algorithms to boost the performance of group-testing algorithms.

4 General sparse (non)-linear estimation

Viewed a certain way, the problem of group-testing is just a special case of a general sparse estima-
tion problem, in which:

• The set of inputs is a length-n binary vector of sparsity d.

• The set of outputs is a length-T binary vector.

• The tests are disjunctive functions (i.e., OR’s of the input variables).

By changing these assumptions, one can come up with many different variants of the problem – for
instance:

• In the problem of semi-quantitative group-testing [6], the outputs may be non-binary.

• In the problem of group-testing with inhibitors [7], there may be many types of inputs, some
of which may mask defectives in a pool.

• In the problem of threshold group-testing [8], the measurement function has a threshold
property – a pool must contain sufficiently many defectives for it to result in a positive test
outcome.

Each of these may be viewed as an example of a sparse estimation problem where the measurement
function is symmetric (invariant to permutations of the input) and monotone (one can impose
partial orders on the inputs and outputs so that the output cannot decrease if the input increases).
Algorithms for each of the flavours of problems described above have remarkable similarities.

Potential mini-project: Motivated by the above observations, the goal of this mini-project is
to investigate the extent to which algorithms/fundamental bounds for classical group-testing can be
extended to general sparse non-linear estimation problems with symmetric monotone measurement
functions. We currently have preliminary results that some such extensions may be possible.



5 Supervisor

My research interests lie at the intersection of network information theory, coding theory, and
algorithms. To learn more, check out my website https://research-information.bris.ac.uk/

en/persons/sidharth-sid-jaggi and my Google Scholar page: https://scholar.google.com/
citations?user=AX7276AAAAAJ&hl=en
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