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Summary

My research efforts to date consist of a mixture of pure and applied
topics involving mathematics and computer science. I am especially inter-
ested in the power of language and the absolute limitations of machines.
I have worked in computability theory, the branch of mathematics com-
prising Gödel’s incompleteness theorem, which examines self-reference with
respect to formal expression. My work in mathematical logic and theoretical
computer science has touched on probability theory and martingales, addi-
tive number theory, classical fractal geometry, Gödel numberings (that is,
programming languages), Kolmogorov complexity, algorithmic randomness,
shortest computer programs, and recursively approximable real numbers. I
have also pursued a number of applied topics information theory, including
error-correcting codes, efficient data compression, cryptography, network se-
curity, computational neuroscience, and (unrelated to information theory)
disease modeling.

. Overview and background

Over the past decade, researchers have precisely pinned down what it means for
one object to exhibit more randomness than another [13, 43]. To illustrate this
point, consider the following example. One of the following binary sequences was
generated using coin flips:

01010101010101010101010101010101010101010101 . . .

00100111010100100011110111010110010110000100 . . .

The other was not. Intuition suggests that the second sequence came from coin
flips, but how? Both sequences have the same number of 0’s and 1’s (up to
the point shown), and indeed both outcomes result with equal likelihood from a
series of coin flips. Hence the scope of the question, “Is sequence X random?”
lies outside the realm of classical probability theory.

Had history run a different course, perhaps computability theory would have
formalized the notion of chance instead of measure theory. In this exposition,
we shall focus our attention on randomness for infinite binary sequences on the
following two paradigms1:

1A third paradigm is commonly used as well [13, Section 6.2].
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(i) A sequence is random if it is incompressible: its prefixes have no simple
pattern recognizable to a computer.

(ii) A sequence is random if it is unpredictable: a computable gambler cannot
become rich by betting on it.

Together with the formal definitions of the next two paragraphs, these concepts
define the field of algorithmic information theory and algorithmic randomness.
While we cannot expect to obtain a single, definitive notion of random sequence,
these formal concepts have proven to be particularly robust [13, 43].

First we treat paradigm (i). A set of finite strings is called prefix-free if no
element of the set is a proper prefix of another, and a Turing machine is prefix-
free if its domain is a prefix-free set. For prefix-free Turing machines A and
finite binary strings σ and τ , let KA(σ) = min{|τ | : A(τ) = σ} be the length
of the shortest program which computes σ. There exists a universal prefix-free
machine U which is optimal in the sense that for some constant c and for all σ,
KU (σ) ≤ KA(σ) + c [35, Theorem 3.1.1]. Fix a universal prefix-free machine U
and define K(σ) = KU (σ) to be the prefix-free Kolmogorov complexity of σ. Now
define, according to (i) above, a binary sequence X to be Martin-Löf random if
there exists a constant c such that K(X � n) ≥ n−c for all n, where X � n denotes
the length n prefix of X [32, 39]. One might wonder why we have chosen to
require “prefix-free” in the above set of definitions, as opposed to discussing plain
Kolmogorov complexity. The reason is that no Martin-Löf random sequences
would exist if we dropped this condition [13, Theorem 3.1.4]. Moreover, prefix-
free complexity makes sense as a measure of information content in that one
cannot encode “extra” information into the length of input strings [13].

Now let us inspect paradigm (ii). Any function M from finite binary strings
to nonnegative reals which satisfies the fairness condition

M(σ) =
M(σ0) +M(σ1)
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for all strings σ is called a martingale. M(σ) corresponds to the gambler’s capital
after having already bet on the finite string σ. The fairness condition says that
the amount of money gained from an outcome of “0” is the same that would be
lost from an outcome of “1.” A martingale M succeeds on a binary sequence X
if M achieves arbitrary sums of money over X, that is, lim supnM(X � n) =∞;
otherwise X defeats M . M Schnorr-succeeds on a sequence X if M succeeds on
X and there exists a computable, unbounded, nondecreasing function f such that
f(n) < M(X � n) for infinitely many n. If we can replace “for infinitely many n”
with “for all n,” then M Kurtz-succeeds on X. We can now define three classical
randomness notions in terms of martingales. A sequence X is called computably
random [51, 52] if A defeats every martingale. If no martingale Schnorr-succeeds
on X, then X is Schnorr random [52], and if no martingale Kurtz-succeeds on
X, then X is Kurtz random [12, 29, 65].

In order to explain the interaction between algorithmic information theory
and programming languages, we introduce the following concepts. A numbering
ϕ is a partial-recursive (p.r.) function 〈e, x〉 7→ ϕe(x); ϕ is an acceptable or Gödel
numbering if for every further numbering ψ there exists a recursive function f
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such that ϕf(e) = ψe for all e [44, 53]. If ϕ is acceptable and in addition for
every numbering ψ the corresponding translation function f is linearly bounded,
then ϕ is a Kolmogorov numbering [50]. Acceptable numberings capture the
notion of reasonable programming language as any algorithm can be effectively
coded into an acceptable numbering given a formal description for that algorithm.
Kolmogorov numberings are optimal programming languages in the sense that
they are universal machines for plain Kolmogorov complexity. Finally a set is
called recursively enumerable, or r.e. if it is the domain of some p.r. function,
and co-r.e. if it is the complement of an r.e. set [44, 53].

I outline my research program below in a series of self-contained sections. In
Section 2, I describe a single theorem connecting algorithmic information theory
to both classical analysis and algebra. In Section 3, I raise an objection to the
classical notions of algorithmic randomness based on practical considerations and
explore an alternative principle by which a casino might operate. Section 4 and
Section 5 examine the entwined relationship between information content and
the names used to describe random-like objects. I am interested in applications
of algorithmic information theory, both within mathematics and outside, and
describe in Section 6 some applied topics where I have made contributions.

. Fractals by partial randomness

Just as one can use Hausdorff dimension2 to identify fractal sets of intermedi-
ate, non-integer dimension, one can use constructive Hausdorff dimension3 to
quantify the amount of “randomness” in a set. Unlike classical Hausdorff di-
mension, however, with constructive Hausdorff dimension we can meaningfully
measure the randomness content of a singleton real. Lutz [37] showed that the
constructive Hausdorff dimension of a set E is the supremum over the construc-
tive Hausdorff dimension of singleton sets, or equivalently the dimension of the
individual points, whose union is E. Moreover any real number 0 ≤ X ≤ 1,
viewed as a binary sequence expansion, has dimension lim infn→∞K(X � n)/n so
that recursive reals have dimension 0, Martin-Löf random reals have dimension 1,
and an interleaving of the digits of a recursive real with a Martin-Löf random
real gives dimension 1/2 [13, Theorem 13.3.4], [31], [40].

The Cantor set C [16, 66], defined as the set of reals in [0, 1] with ternary
expansions containing only 0’s and 2’s, is a quintessential fractal due to its sim-

2The formal definition of Hausdorff dimension is well-known. A cover G for a set E is a
collection of sets whose union contains E, and G is a δ-mesh cover if the diameter of each
member G is at most δ. For a number β ≥ 0, the β-dimensional Hausdorff measure of E,
written Hβ(E), is given by limδ→0Hβδ (E) where

Hβδ (E) = inf

{∑
G∈G

|G|β : G is a countable δ-mesh cover of E

}
.

The Hausdorff dimension of a set E is the unique number α where the α-dimensional Hausdorff
measure of E transitions from being negligible to being infinitely large; if β < α, then Hβ(E) =
∞ and if β > α, then Hβ(E) = 0 [16, 66].

3The constructive β-dimensional Hausdorff measure is defined exactly in the same way as
Hausdorff measure with the restriction that the covers be uniformly r.e. open sets [13, Defini-
tion 13.3.3]. This yields the corresponding notion of constructive Hausdorff dimension.
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ple, recursive construction and self-similarity features. I showed together with
Dougherty, Lutz, and Mauldin [11] that some points in the Cantor set “cancel”
randomness is the sense that, when added to a Martin-Löf random real, the
resulting sum has dimension less than the random itself. More specifically,

Theorem 2.1 (Dougherty, Lutz, Mauldin, Teutsch [11]). For any α satisfying
1 − log 2/ log 3 ≤ α ≤ 1, and for any Martin-Löf random r ∈ (0, 1), the set Eα
of points in C + r with dimension α has (classical) Hausdorff dimension α− 1 +
log 2/ log 3.

From this result we obtain a simple relation between the effective and classical
Hausdorff dimensions of Eα; the difference is exactly 1 minus the dimension of
the Cantor set, or 1 − log 2/ log 3. In particular, for α < 1, Eα is nonempty and
contains elements with lower dimension than r. We conclude that many points
in the Cantor set additively cancel randomness.

While the deepest results used in the proof of Theorem 2.1 belong to the
subfield of classical analysis known as fractal geometry, the key algorithmic as-
pect of our proof hinges critically on an additive number theory result due to
G. G. Lorentz:

Lorentz’s Lemma ([36], see also [15]). There exists a constant c such that for
any integer k, if A ⊆ [0, k) is a set of integers with |A| ≥ ` ≥ 2, then there exists
a set of integers B ⊆ (−k, k) such that A+B ⊇ [0, k) with |B| ≤ ck log `

` .

Using Lorentz’s Lemma, one can effectively obtain points which nearly optimally
“cancel randomness” given a description of the translation real r.

. Martingales and randomness in the real-world

According to the classical notions of algorithmic randomness due to Martin-Löf,
Schnorr, and Kurtz, a martingale is permitted to wager any amount of money
within his means [13, Section 6.3]. On the other hand, a real gambler who wagers
$0.001, $0.0001, and then $0.00001 would be a nuisance to any casino and most
likely does not exist. For this reason, Bienvenu, Stephan, and I investigated
the consequences of imposing a minimum wager value, as would occur in any
modern-day casino, on the definition of “random sequence.” To this end, we put
forth the following definition:

Definition 3.1 (Bienvenu, Stephan, Teutsch [2]). For a martingale M and a
binary string σ, |M(σ0)−M(σ)| is called M ’s wager at σ. A martingale whose
wagers are integers is called integer-valued, and a sequence which defeats every
integer-valued martingale is integer-valued random.

We discovered that, curiously, integer-valued randomness is incomparable with
Schnorr randomness and Kurtz randomness [2]. That is, there exists an integer-
valued random sequence which is not Kurtz random and a Schnorr random se-
quence which is not integer-valued random4.

In addition to lower bounds, most casinos also enforce upper limits on betting.
Together with Chalcraft, Dougherty, and Freiling [7], I investigated randomness

4Incomparability follows by noting that every Schnorr random sequence is Kurtz random.
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notions for gamblers whose wagers are restricted to a finite set. Given a set V
of nonnegative reals, we say that a martingale is V -valued if for all σ the wager
of M at σ belongs to V , unless M does not have enough capital in which case
the wager at σ is 0. Furthermore, a sequence is V -valued random if no V -valued
martingale succeeds on it.

Theorem 3.2 (Chalcraft, Dougherty, Freiling, Teutsch [7]). Let A and B be
non-empty finite sets of computable real numbers. Then every A-valued random
is B-valued random if and only if there exists a k ≥ 0 such that B ⊆ A · k.

Using Theorem 3.2, one can easily find sets A and B so that A-valued randomness
is incomparable with B-valued randomness. Let X be an A-valued random which
is not B-valued random. One can imagine a scenario in which a casino puts forth
a sequence X and a B-valued “idiot” wins by betting on X. The A-valued casino
customers observe B’s success and are thus lured into gambling, but try as they
may X defeats every A-valued customer. In the case of time-bounded customers,
the sequence X can even be computable.

Leonid Levin [33] pointed out a potential shortcoming of our restricted-wager
gambling model. In the classical paradigms, where a gambler can bet any fraction
of her capital, there is a well-known “savings trick” [13, p. 237] which allows a
martingale to know when it is safe to take each of her dollars out of the casino and
go shopping with them. As Levin feared and I proved [33, 58], there exists a se-
quence on which some integer-valued martingale succeeds but any integer-valued
martingale who attempts to take his winnings outside the casino necessarily goes
bankrupt. I continue to investigate extensions of this paradoxical result. Some
other open questions remain in this area, for example:

1. Does Theorem 3.2 generalize to infinite sets? In particular, is integer-valued
randomness the same as the randomness notion obtained when wagers con-
sist of the set of reals bounded away from 0?

2. Are there meaningful characterizations of integer-valued randomness in
terms other algorithmic models, for example the incompressibility paradigm?

. Recursively approximable reals and sets

Some Martin-Löf random sequences, when viewed as binary expansions of real
numbers, admit recursive approximations from below. Let A be a collection of
binary strings. We define the weight of A to be the real number∑

σ∈A
2−|σ|.

A real number is called left-r.e. if it is the weight of some r.e. set of strings.
Chaitin [6], after work of Zvonkin and Levin [67], motivated the study of left-
r.e. sets by showing that the weight of any universal prefix-free machine U is a
Martin-Löf random real. Conversely, Calude, Hertling, Khoussainov, Wang [4]
and Kučera, Slaman [26] showed that every left-r.e. Martin-Löf random real in
[0, 1] is the weight of some universal prefix-free machine’s domain.

5



Wolfgang Merkle and I [41] recently unearthed an alternate characterization
of the left-r.e. Martin-Löf random reals. Given a prefix-free machine M , we say
that a binary string σ is M -compressible if KM (σ) ≤ |σ|. Building on preliminary
results by Tadaki [57], we proved that a real in [0, 1] is a left-r.e. Martin-Löf
random real if and only if it equals the weight of the U -compressible strings for
some universal prefix-free machine U . We can extend this characterization to
weights of strings which are compressible by at least a and less than b bits, that
is, those σ satisfying

KM (σ) + a ≤ |σ| < KM (σ) + b.

For sufficiently large finite intervals [a, b), the strings which are compressible by
a-bits but not by b-bits form a set which is neither r.e. nor co-r.e., hence we
can obtain the left-r.e. Martin-Löf reals by methods other than the usual r.e.
weight-based constructions.

Kjos-Hanssen, Stephan, and I [25] have explored the complex relationship
between definability in formal languages and left-r.e. random sequences. In one
direction, one might like to know which classes of left-r.e. random reals admit
an effective naming scheme, or left-r.e. numbering, formally a p.r. function from
natural numbers to C mapping each e to the weight of the eth r.e. set5. The
answer to this question depends on the choice of randomness notion as the left-
r.e. Martin-Löf random reals admit a left-r.e. numbering [3, 25] whereas the
left-r.e. Kurtz randoms do not [25], and even the Martin-Löf random reals do not
admit an acceptable left-r.e. numbering6 [25].

In the other direction, one might ask what left-r.e. reals have to say about
the complexity of formal language. We characterize the third and fourth levels
of the arithmetic hierarchy7 purely in terms of classical randomness notions. We
prove a few dichotomy theorems, including the following:

Theorem 4.1 (Kjos-Hanssen, Stephan, Teutsch [25]). For every acceptable left-
r.e. numbering α and every A ∈ Π0

4, there exists a computable function f such
that for all e,

e ∈ A =⇒ αf(e) is computably random;

e /∈ A =⇒ αf(e) is not Schnorr random.

Combining our dichotomy theorems with Theorem 4.2 below, one may obtain a
complete picture describing which classical classes of left-r.e. random reals and
left-r.e. nonrandom reals admit left-r.e. numberings. We would like to expand
the vocabulary to include other recursively approximable sets which are not nec-
essarily left-r.e., a goal which leads us to the following numberings-free question:

5For technical reasons which we elaborate in our paper [25, Section 2], it is essential, in any
detailed discussion of left-r.e. numberings to view numberings in terms of sets rather than reals.
In order to obtain a quick, intuitive picture, however, we appeal to a concise definition for reals.

6We define “acceptable left-r.e. numbering” analogous to “acceptable numbering” from Sec-
tion 1.

7For Theorem 4.1, recall that a Π0
4 set A is one which can be written in the form

x ∈ A ⇐⇒ (∀u) (∃v) (∀y) (∃z) : P (u, v, x, y, z)

for some recursive predicate P [53].
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if W = {w0 < w1 < w2, . . . } is an r.e. set and Ω is a left-r.e. Martin-Löf random,
is

Ω(w0)Ω(w1)Ω(w2) . . .

necessarily Martin-Löf random?
The versatility of left-r.e. numberings over the usual (r.e.) numberings makes

them interesting to study in their own right, even without ties to randomness.
In the world of left-r.e. numberings, existence of numberings is equivalent to
arithmetic complexity in the sense of the following theorem:

Theorem 4.2 (Kjos-Hanssen, Stephan, Teutsch [25]). Let C be a class of infinite
left-r.e. reals which contains a shift-persistent element8. Then for any left-r.e.
numbering α of the left-r.e. reals, the following are equivalent:

(i) {e : αe ∈ C} is a Σ0
3-set9.

(ii) There exists a left-r.e. numbering of C.

(iii) There exists an effective enumeration of C without repetitions.

In another direction, Frank Stephan and I have studied the self-referential prop-
erties of left-r.e. numberings [55]. We say that a left-r.e. set A (defined appropri-
ately) can be made into itself if there exists a left-r.e. numbering α of the left-r.e.
reals such that {e : αe = A} = A, and similarly a class of sets can be made
into itself if there exists a left-r.e. numbering β of the left-r.e. sets such that
{e : βe ∈ C} ∈ C. Examples of our results include that the Martin-Löf random
reals can be made into themselves, but the non-recursive left-r.e. sets cannot. In
another project, Stephan, Jain, and I have examined sets which reduce only to
left-r.e. sets under strong recursion-theoretic reductions [22]. Our work suggests
a possible connection between the strength of such reductions and initial segment
complexity for such downward closed sets.

. The set of shortest programs

The study of minimal indices is motivated philosophically by Occam’s razor, a
principle which says that the simplest solution is the correct one. The set of
shortest programs is

MINϕ = {e : (∀j < e) [ϕj 6= ϕe]},

where ϕ is an acceptable numbering. Strictly speaking, MINϕ consists of the
minimal indices for each p.r. function. The set of shortest programs has ap-
plications to computational learning theory [1, 8, 20, 21], and also serves as a
convenient counterexample in recursion theory [19, 23, 24, 38, 49, 56, 54, 60, 59].
It is perhaps not too surprising that properties minimal indices, which are them-
selves names for programming languages, interact closely with numberings. For

8Shift-persistent means that finite prefixes can be added without leaving the class, which
would actually make sense if we were discussing sequences rather than reals.

9A set is Σ0
3, in the usual sense from computability theory, if it is definable using three

alternating quantifiers followed by a recursive predicate with the first quantifier being existential.
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example, Stephan and I showed [56] that whether or not the set of shortest de-
scriptions contains a co-r.e. set depends on the underlying acceptable numbering.
We shall focus on acceptable numberings because in the general case every index
could be minimal which is not too interesting [49].

I describe the two classical complexity problems regarding minimal indices
and the progress I have made towards their solution. We appeal to some no-
tions from recursion theory, where reductions can informally be interpreted as
comparing information content. The symbol ′ denotes the jump operator10 and
≤T denotes Turing reduction11. Stronger yet, A is truth-table reducible12 to B,
written A ≤tt B, if membership in A can be decided by effectively constructing a
Boolean formula and evaluating it using membership values from B. If the truth-
table f can be chosen so as to depend on only a constant number of membership
queries from B, then a stronger reduction called bounded truth-table, is satisfied.
A set is complete if it has the same degree as the halting problem, and incomplete
otherwise. See [44] and [53] for further background on recursion theory.

In 1972, Albert Meyer posed the following question:

Meyer’s Problem ([42]). Is MINϕ ≡tt ∅′′ for every acceptable numbering ϕ?

Meyer immediately proved that MINϕ ≡T ∅′′ for every acceptable numbering ϕ.
Five years later, Kinber [24] showed that the bounded truth-table degree of MINϕ

depends on the underlying acceptable numbering ϕ, and Schaefer [49] gave an
acceptable numbering ψ which makes MINψ truth-table complete, yet 41 years
since its introduction, Meyer’s Problem remains unresolved.

In 1998, Marcus Schaefer [49] introduced the set of shortest descriptions:

SDϕ = {e : (∀j < e) [ϕj(0) 6= ϕe(0)]},

a sort of “one-dimensional” version of the set of shortest programs. A couple
of years earlier, Martin Kummer [28] had shown that the similar-looking set of
Kolmogorov random strings was truth-table complete under every Kolmogorov
numbering (though not so for acceptable numberings), and Schaefer wondered
whether a similar construction might yield the truth-table degree of SDϕ. Frank
Stephan and I [54] recently showed that the truth-table degree of the set of short-
est descriptions depends on the underlying acceptable numbering, although our
techniques do not carry over to Meyer’s Problem. Our construction makes a par-
ticularly concrete connection between shortest descriptions, which are themselves
incompressible objects, and algorithmic randomness: our truth-table incomplete
set of shortest descriptions has the truth-table degree of a Martin-Löf random
sequence. We also showed that the truth-table of the set of domain-random
strings, the complement of

NRWϕ = {x : (∃j < x) [max(Wϕ
j ∪ {0}) = x]},

10This makes ∅′ is the halting set, ∅′′ is the halting set for the halting set oracle, and so on.
11For sets A and B, A ≤T B if A can be computed using B as an oracle.
12More formally, A ≤tt B, if there exist recursive functions f and g such that for all x,

x ∈ A ⇐⇒ f [x,B(0), B(1), . . . , B(g(x))] = 1.

8



and closer cousin of the Kolmogorov random strings, depends on its underlying
acceptable numbering. We extend our result on the set of domain-random strings
to obtain chains and antichains of bounded truth-table degrees inside of various
r.e. truth-table degrees. Some degree related problems remain. For example,
the truth-table degree of SDϕ and NRWϕ for Kolmogorov numberings ϕ and the
Turing degree of NRWψ for acceptable numberings ψ are unknown.

John Case introduced [5] the following variant of the set of shortest programs:

MIN∗ = {e : (∀j < e) [ϕj =∗ ϕe]}

where =∗ denotes equality except for a finite set. Schaefer [49] showed that MIN∗ϕ
joined with the halting set has the Turing degree of ∅′′′ for every acceptable ϕ.
This begs the question of whether, in fact, MIN∗ϕ has the Turing degree of ∅′′′,
or equivalently,

Schaefer’s Problem ([49]). Is MIN∗ϕ ≥T ∅′ for every acceptable numbering ϕ?

Using the Owings Cardinality Theorem [27, 47], Jain, Stephan, and I showed
that MIN∗ϕ ≡T ∅′′′ for every Kolmogorov numbering ϕ, thus solving Schaefer’s
Problem for the case of standard universal machines. We also show that Schae-
fer’s result, MIN∗ϕ ⊕ ∅′ ≡T ∅′′′, carries over to =∗-minimal indices of r.e. sets for
any arbitrary numbering ϕ of the p.r. functions. Our result is optimal. Our pa-
per [23] also continues the investigation begun in my earlier papers, [56, 59, 60],
which examines minimal indices for r.e. sets in place of functions; we identify ∅′′′′
(and higher [59]) with sets of minimal indices [23]. Schaefer’s original problem
remains open.

Having noted that arbitrary numberings preserve some properties of minimal
indices, we wondered whether the structure of the familiar index sets13 from
recursion theory, a classical topic in the case of acceptable numberings, carry over
to arbitrary numberings. We discovered a disturbing numbering which makes the
index set for equality, the pairs 〈i, j〉 such that the ith r.e. set equals the jth one,
to have 1-generic14 Turing degree [23]. In other cases, such as the index set
for pairs with disjoint domains, the Turing degree can remain fixed across all
numberings. We wonder whether the inclusion problem, the pairs 〈i, j〉 such that
the ith r.e. set contains the jth r.e. set, has a fixed Turing degree of ∅′′ in every
numbering.

. Applied topics in information theory

The majority of my applied research pertains to information theory. I have
worked on practical projects in cryptography, network security, data correction,
error-correcting codes, and health sciences. I am particularly interested in appli-
cations of information theory to computational neuroscience. Below I describe
some details of my work in these areas.

13Examples of index sets include the indices for the total functions, the indices for functions
with recursive domain, etc. [53]

14A set X is 1-generic if for every r.e. set of strings A, either X has a prefix in A or there
exists a prefix of X which has no extension in A.
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Security. I worked on classified cryptography and network security projects as
a research staff member at Center for Communications Research–La Jolla
(2008–2010). Specific projects have involved data mining, signal processing,
analysis of large data sets, and algorithm analysis.

Signal processing. When Lempel and Ziv [30] introduced their famous complex-
ity measure (LZ), which has evolved into one of the most widely used data
compression algorithms today, they cited the de Bruijn sequences as exam-
ples of strings with high LZ-complexity. T-complexity [61] is an alternative
complexity measure which also gives rise to efficient compression, however
finding strings which are maximal for T-complexity is less straightforward,
and this difficulty may have led to the propagation of certain unlikely propo-
sitions:

It has . . . been conjectured that T-complexity represents a good
approximation to Kolmogorov complexity. [14, p. 2]

Recently Greg Clark and I [10] found an efficient way to generate strings
which have maximum T-complexity for their lengths and applied our meth-
ods to disprove the above conjecture. We also investigated the T-complexity
of de Bruijn sequences, and found that for some lengths de Bruijn sequences
can achieve maximal T-complexity and for other lengths not. In general,
the T-complexity of a de Bruijn sequence does not lie within a logarithmic
factor of maximal for its length.

I have also worked with error-correcting codes. Feldman, Wainwright, and
Karger [17, 18] used linear programming to decode messages sent over
noisy channels. Their constraint relaxation method results in the cre-
ation of pseudo-codewords which must be avoided for successful decoding.
Smarandache, Vontobel, Kiyavash, Vukobratovic, and I [64] investigated
the pseudo-codewords arising from finite geometry codes and introduced
methods to analytically quantify their behavior.

Neuroscience. Recently, Onton and Makeig [45] succeeded in distinguishing among
emotional states in human subjects by measuring electroencephalographic
activity (EEG). Information theory provides some tools, such as normalized
information distance [9, 34, 63], which may facilitate improvement of the
independent component analysis (ICA) [46, 48, 62] for these signals. I have
a pending grant to study ICA and epilepsy with Scott Makeig (UCSD) and
Mina Teicher (Bar-Ilan).

Health. As a postdoctoral fellow at the RAND Corporation, I developed a Markov
model with Vargas, Keeler, Weden, Wu, and Zhuo which simulated the
progression of chronic kidney disease. The states of our model corresponded
to five stages of disease. I estimated transition probabilities for a cohort
moving from one stage to the next, given an underlying condition such
as hypertension or diabetes, based on available studies from the medical
literature.
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