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Inspired by the sound localization system of the barn owl, we define a new class
of neural codes, called periodic codes, and study their basic properties. Periodic
codes are binary codes with a special patterned form that reflects the periodicity
of the stimulus. Because these codes can be used by the owl to localize sounds
within a convex set of angles, we investigate whether they are examples of convex
codes, which have previously been studied for hippocampal place cells. We find
that periodic codes are typically not convex, but can be completed to convex
codes in the presence of noise. We introduce the convex closure and Hamming
distance completion as ways of adding codewords to make a code convex, and
describe the convex closure of a periodic code. We also find that the probability of
the convex closure arising stochastically is greater for sparser codes. Finally, we
provide an algebraic method using the neural ideal to detect if a code is periodic.
We find that properties of periodic codes help to explain several aspects of the
behavior observed in the sound localization system of the barn owl, including
common errors in localizing pure tones.

1. Introduction

Neural codes are patterns of neural activity, also known as codewords, that arise
from the encoding of environmental stimuli. Understanding neural codes means
understanding both their structure and the relationship between these codewords
and the stimuli they represent. One way to begin understanding this structure is by
considering the neural code as a neural ring and exploring the intrinsic combinatorial
properties as they relate to the structure of the stimulus space in an algebraic
framework [Curto et al. 2013; 2019b]. More recent work has focused specifically
on the relationship between the code and the stimulus space by considering whether
each neuron fires over a convex region of space, motivated by the place cells in the
rat hippocampus [Cruz et al. 2019; Curto et al. 2017; Curto 2017].
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Inspired by the owl auditory system, in this work, we focus on periodic codes,
which have a special structure that may be especially well-suited for encoding
stimuli that are similarly periodic, such as sound waves. Periodic firing patterns
are observed in the nucleus laminaris of the barn owl, the first site of binaural
convergence in the auditory pathway. Similarly, the codewords in a periodic code,
Cr.m(n), have a precise, periodic pattern: they consist of bands of k consecutive
neurons that are firing, alternating with bands of m consecutive neurons that are
silent (see Figure 1). One advantage of binaural hearing is the ability to localize
sounds, and we explore how the structure of periodic codes relates to this ability
to localize a sound to a convex set of angles by asking whether periodic codes are
convex.

First, we show in Theorem 3.3 that, except in trivial cases, periodic codes are
not convex, which may explain the barn owl’s errors in sound localization when
presented with a single-frequency stimulus. This theorem also gives a specific
formulation for adding codewords to make these codes convex, and we define
the convex closure of a code. In the case of periodic codes, the convex closure
involves taking a union with another periodic code, suggesting that owls may
resolve the issues of nonconvexity of single-frequency codes by combining codes
from multiple frequencies higher in the brainstem. Second, we give the precise
probability that the convex closure arises instead from stochasticity, finding that
sparser codes are more likely to be completed to convex codes via stochastic
processes. Third, we give an algorithmic method to determine if an arbitrary code,
with the neurons labeled in a potentially permuted order, is periodic using the neural
ring (Theorem 5.10).

The organization of this paper is as follows. In Section 2, we give a rigorous def-
inition of periodic codes and explore basic combinatorial properties of these codes,
highlighting the differences between periodic codes and cyclic codes [MacWilliams
and Sloane 1977, Chapter 7]. In Section 3, we prove our main result on the convexity
properties of these periodic codes, Theorem 3.3. In Section 4, we explore the role of
stochasticity in creating convex codes from nonconvex periodic codes, deriving the
probability that this transformation occurs. In Section 5, we conclude by analyzing
periodic codes from an algebraic perspective and prove Theorem 5.10.

2. Periodic codes

We define a special class of codes, periodic codes, which have both combinatorial
and biological significance. In this section, we give the basic properties of these
codes and compare them to the more familiar cyclic codes. We end with a description
of sound localization in the barn owl, which is our motivating biological example
of periodic codes, and discuss questions that arise from considering periodic codes
in this context.
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2A. Basic definitions. We first introduce combinatorial neural codes. To relate
continuous firing patterns of a set of n neurons to a discrete object, we associate
a binary string xi - - - x, to a collection of neuron firing rates fi - -- f,,, where for
each neuron i we assign x; = 1 if and only if f; > ¢ for some threshold . A neural
code C of length n is the collection of these binary strings, where each binary string
is a codeword c of C. Note that we will interchangeably use ¢ to denote a binary
string and the set of indices in [n], where [n] = {1, ..., n}, which are 1 in the binary
string representation. For example, ¢ = 10100 is equivalent to {1, 3}. This discrete
formulation allows us to explore combinatorial and topological properties of neural
firing. To relate the codewords to the encoded stimuli, by analogy with place field
codes, we are able to define subsets of the stimulus space for which x; =1 as the
receptive field of neuron i.

An abstract simplicial complex A is a collection of sets which is closed under
the operation of taking subsets, meaning if o € A and 7 C o, then 7 € A. Each
element of a simplicial complex is called a face, and a face o has dimension |o| — 1.
If a face is maximal, in the sense that it is not a proper subset of any other element
of A, then it is called a facet. Every neural code C has a corresponding simplicial
complex A(C) [Curto et al. 2017], defined as follows.

Definition 2.1. The simplicial complex of a code C, denoted by A(C), is given by
A(C)={o | o Cc for some c € C}.

Each neuron is viewed as a vertex, and the subsets of neurons which cofire in
each of the different codewords correspond to higher-dimensional simplices. The
simplicial complex of a code provides a useful topological structure but loses much
of the detailed information about the code [Curto et al. 2013].

2B. Periodic codes and their properties. We now formally introduce periodic
codes. For any k,m € N, let s¢,, denote the binary string s; - - - Sk, such that
si=1forl1<i<kands; =0fork+1<j<k+m.Forexample, s, 3 = 11000.

We use the term substring to refer to a subset of bits of consecutive indices,
where an x-substring is a substring of length x. For example, 010 is a 3-substring
of 10101, but 111 is not because the indices are not consecutive.

Definition 2.2. Let k, m, and n be nonnegative integers such that n > k 4+ m. Let
c=cjcy---cy be a codeword of length n. We say c is a k-m periodic codeword on
n neurons if every (k4m)-substring of c is a cyclic permutation of si .

More informally, a k-m periodic codeword on n neurons is a codeword of
length n, consisting of bands of activity and inactivity, where all of the bands of
consecutive 1’s have length k and all the bands of consecutive 0’s have length m
with the possible exceptions of the first and the last band of activity or inactivity,
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Figure 1. k-m periodic codes. Top: A k-m periodic codeword
on n neurons, where k = 2, m = 3, and n = 12. Circles depict
active (filled) and inactive (unfilled) neurons. Each box shows
a (k+4m)-substring corresponding to cyclic permutations 10001
and 11000 of the fundamental string s, 3 = 11000. Bottom: The
2-3 periodic code on 12 neurons, C» 3(12). Each codeword begins
with a different permutation of s> 3. Note that |C3 3(12)| =k+m =5.

which may be shorter. This is illustrated in Figure 1, where the periodic pattern
consists of bands of k = 2 active neurons followed by bands of m = 3 inactive
neurons, but in the first band of activity only a single neuron fires.

Recall that the Hamming weight of a binary string b is given by wy (b) =) _ b;.

Lemma 2.3 (uniform weight property). Let ¢ = cicp - ¢, be a k-m periodic
codeword on n neurons. Every substring of length k + m has Hamming weight k.

Lemma 2.3 follows immediately from Definition 2.2 since every (k+m)-substring
of ¢ is a cyclic permutation of s ,, which has weight k. Observe that, although
each codeword has the uniform weight property, every codeword does not have the
same weight; in Figure 1, bottom, the first codeword has weight 6, the second has
weight 5, and the third has weight 4.

As the name suggests, k-m periodic codewords exhibit a periodic property, where
the first k +m bits of the codeword repeat periodically as formalized in Lemma 2.4
below.

Lemma 2.4 (periodicity property). Let ¢ =cjcy - - - ¢, be a k-m periodic codeword
on n neurons. If i = j mod (k +m), then ¢; = c;.

Proof. We will show that if j =i + (k +m), then ¢; = ¢;. From here, it follows
by transitivity that ¢; = ¢; for all i, j such that i = j mod (k +m). Recall that
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n > k+m. If n = k+m, there is nothing to prove. Suppose n > k+m. Let i, j € [n]
with j =i+ (k+m). Consider the (k-+m)-substrings s; = ¢; - - - Ci4(k+m)—1 and
$2 =Ciq1---c¢j. By Lemma 2.3, wy (s1) = wy (s2) = k. Since s and s, overlap on
k +m — 1 bits, we have that wy (s2) = wg (s1) — ¢; +¢j. Thus, we can conclude
C;i = Cj. O
These two properties yield additional characterizations of k-m periodic code-
words.
Lemma 2.5. Let ¢ be a binary codeword of length n. The following are equivalent:
(1) cis a k-m periodic codeword on n neurons.
(2) Every (k+m)-substring of c is a cyclic permutation of sy .

(3) ¢1 -+ Cktm is a cyclic permutation of S, and every (k+m)-substring has
weight k.

(4) c1+- - Ck+m is a cyclic permutation of sy m,m, and for all i, j € [n], ifi = j
mod (k +m), then ¢; = c;.
Proof. (1) & (2) The equivalence between (1) and (2) is given by Definition 2.2.
(2) = (3) The equivalence from (2) to (3) follows directly from Lemma 2.3.
(3) = (4) The proof is the same as that of Lemma 2.4.

(4) = (2) Suppose ¢; - - - Ci+k+m—1 1S a cyclic permutation of s, and ¢; = Cjtk+m.
Then, ¢j4+1 - - - Citk+m 1 a cyclic permutation of sy ,,,. By hypothesis, ¢ - - - ck4m is a
cyclic permutation of s¢ ,, and ¢; = ¢; for all i, j € [n] such that i = j mod (k +m).
So, by induction, every (k+m)-substring is a cyclic permutation of si ;. ([

These characterizations show that once the first k 4+ m bits of a k-m periodic
codeword ¢ are given, all other bits of ¢ are determined. This observation makes it
easy to count the number of possible k-m periodic codewords and shows that the
number of possible codewords is independent of #.

Definition 2.6. The k-m periodic code on n neurons, denoted by Cy ,,(n), is the
binary code which contains all possible k-m periodic codewords on n neurons and
no other codewords.

Recall that the size of a code C, denoted by |C|, is the number of codewords it
contains.

Proposition 2.7. Let Cy ,,(n) be the k-m periodic code on n neurons.
(1) If k=00rm =0, then |Cy ,(n)| = 1.
(2) If k,m #0, then |Cy (n)| =k +m.

Proof. (1) If k =0 or m =0, then sy ;, is a string of all 0’s or all 1’s. Since there is
only one possible permutation of si ,, we have |Cy ,(n)| = 1.
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(2) If k, m # 0, there are k +m cyclic permutations of si_,,. There is one codeword
beginning with each of these permutations, so |C ,, (n)| = k + m. O

Figure 1 shows an example of the firing patterns and corresponding codewords of
a periodic code. The k-m periodic code is completely parametrized by k, m, and n,
which are 2, 3, and 12 in the figure respectively. These five codewords constitute
C25(12).

The previous properties resulted from the combinatorial properties of periodic
codes, but the periodic structure of these codes also gives rise to topological
properties in the simplicial complex of the code, which allow us to compare
periodic codes to cyclic codes in the next section. As a result of the periodicity
property (Lemma 2.4) of periodic codewords, we are also able to give a property of
A(Cy m(n)), which will be useful for proving later results.

Proposition 2.8. Let A = A(Cy u(n)). Assume i = j mod (k+m). Ifv;Uo € A,
then v; Uv; Uo € A. In particular, v; Uo € A if and only if viUo € A.

Proof. Without loss of generality, assume v; Uo € A. Since by Lemma 2.4, ¢; =¢;
for all ¢ € C, v; is connected to v; and v; is connected to any face to which v; is
connected. Therefore, v;Uv;Uo € A. Since A is a simplicial complex, v;Uo € A. [

2C. Comparison to cyclic codes. One class of highly structured codes that are of
particular relevance to coding theorists are cyclic codes [MacWilliams and Sloane
1977, Chapter 7]. A cyclic code is defined by the property that the set of codewords
is closed under all shifts in coordinates. Since periodic codes have a similar periodic
property (Lemma 2.4), it is natural to ask whether periodic codes are just a special
case of cyclic codes.

Definition 2.9. A cyclic code of length n is a code C with the property that for
every cicy - - - cy—1¢, € C, the cyclic permutation c¢,cicp - --¢c,—1 € C.

Note that cyclic codes are often defined with the additional property that the code
be linear. A linear binary code C is a binary code where for all ¢,d € C, c+d € C,
where addition is performed bitwise over [,. Clearly, the all-zeros codeword 00 - - - 0
is in C for any linear code C. We do not require the extra structure imposed by
linearity because most periodic codes are not linear, and in fact, a k-m periodic
code is linear if and only if k£ = 0 since these are the only k-m periodic codes which
contain the all-zeros codeword.

The following lemma shows that, although they are not linear, many periodic
codes satisfy the cyclic property from Definition 2.9.

Lemma 2.10. Let C = Cy ,(n). The code C is cyclic if and only if, for all c € C,
Cn = Ck+m-

Proof. Recall n > k +m.
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(=) Suppose C is cyclic, and let ¢y - - - ¢, € C. Since C is cyclic, c,c1 -+ - cp—1 € C.
By Lemma 2.3, wg(cy -+ Chm) =WH(CnC1 + * * Ck4m—1) =k. This implies ¢, = Cr4m-

(&)Letc=cy--- ¢, €C. Toshow C is cyclic, we want to show ¢’ =c,¢1---¢,_1 €C.
By assumption ¢, = Cg4m, SO CxC1 + - Ck+m—1 18 a cyclic permutation of sy ,, and
has weight k. All other (k+m)-substrings of ¢’ are substrings of ¢, and so they have
weight k. By part (3) of Lemma 2.5, ¢’ is k-m periodic and hence in C. ]

To see why n must be a multiple of k 4+ m, consider C = C;»(5). Clearly, 11001
is in C, but the cyclic permutation 11100 is not in C.

Proposition 2.11. Let Cy ,,(n) be a k-m periodic code on n neurons.
(1) If k=0o0rm =0, then Cy »(n) is a cyclic code, independent of n.

2) If k #0and m # 0, then Cy ,,,(n) is a cyclic code if and only if n is a multiple
of k+m.

Proof. (1) If k =0 or m =0, then Cy_, (n) consists only of the all-zeros or all-ones
codeword respectively, and so is trivially cyclic.

(2) Suppose k, m #0. Let C = Cy_,,(n) and recall n > k + m. By Lemma 2.10, it
suffices to prove that ¢,, = ¢y, for all ¢ € C if and only if n is a multiple of k + m.

(<) Assume n is a multiple of k +m. By Lemma 2.4, ¢;, = cxqm-

(=) We prove the contrapositive. Assume n = a(k + m) + b for integers a, b > 0
and b < k+m. By Lemma 2.4, ¢, = ¢} for all ¢ € C. Since there exists a cyclic
permutation of s ,,, and hence a codeword ¢ € C, such that c; # Cg44; it follows
that ¢, # ¢4, for that codeword. |

Proposition 2.11 tells us which k-m periodic codes are cyclic, so it is natural to ask
which cyclic codes are permutation equivalent to k-m periodic codes, meaning that
there exists a permutation of the vertices of the cyclic code such that the permuted
code is periodic. As seen in Figure 2, some cyclic codes can be made periodic by
applying a permutation of the vertices. Comparing the simplicial complexes of a
cyclic and periodic code allows us to see they are permutation equivalent when
they have the same simplicial complex. By matching the vertices in the simplicial
complexes, we are able to give a permutation which makes the codes the same. In
this example, we can apply the permutation (24)(37)(68) to C»,¢(8) to obtain C’.

We say that a codeword is maximal if it is contained in no other codewords. We
call a code maximal if it contains only maximal codewords. Observe that Cy ,, (n)
is always maximal.

Proposition 2.12. Any two maximal codes are permutation equivalent if and only if
they have isomorphic simplicial complexes.

Proof. (=) It is clear that if two codes do not have the same simplicial complex,
then they are not permutation equivalent.
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Figure 2. Comparing k-m periodic codes and cyclic codes. The
simplicial complexes of C = C,6(8) (left), the cyclic code
C’ = {10010000, 01001000, 00100100, 00010010, 00001001,
10000100, 01000010, 00100001} (middle), and the cyclic code
C = {10100000, 01010000, 00101000, 00010100, 00001010,
00000101, 10000010, 01000001} (right). The codes C and C’ have
isomorphic simplicial complexes and so are permutation equivalent
(Corollary 2.13) as can be seen by matching vertices in the same
position to obtain the permutation (24)(37)(68). C has a different
simplicial complex and, thus, is not a k-m periodic code.

(«<) Let C; and C, be two maximal codes with isomorphic simplicial complexes.
Since all the codewords in C| and C, are maximal, they all correspond to a facet
of the simplicial complex. The isomorphism between A(C;) and A(C,) is a
permutation of vertices that takes facets to facets and thus induces an isomorphism
between C; and C; by permuting vertices (neurons). U

Observe that two codes with the same simplicial complex need not be permutation
equivalent. This is because two codes have the same simplicial complex if and only
if they have the same maximal codewords, but the codes may differ on nonmaximal
codewords. For example, consider the codes C; = {11} and C, = {11, 10}. We
have A(Cy) = A(Cy) ={@, {1}, {2}, {1, 2}}. However, it is clear that the codes are
not equivalent as |C| # |C;|. Thus, the maximality property is necessary.

As a consequence of Proposition 2.12, we can now assert when a cyclic code is
permutation equivalent to a periodic code.

Corollary 2.13. A cyclic code C of length n is permutation equivalent to Cy_,, (n)
if and only if A(C) = A(Cy,m(n)) and |C| = |Cy,m(n)|.

Proof. (=) Assume C is permutation equivalent to Cy ,,(n). Clearly, |C| =
|Ck.m(n)|. Since Cy , (n) is maximal, C must also be maximal. By Proposition 2.12,
A(C) = A(Cr,m(n)).

(«=) Assume |C| = |Cg (n)| and A(C) = A(Ck n(n)). Since Ci (1) is maximal,
its codewords are all the facets of A(Cy ,(n)). Since A(C) = A(Cg (1)), C must
also contain a codeword corresponding to each facet. Since |C| = |Cy_;,;(n)|, C must
also be maximal. By Proposition 2.12, C and Cy_,, (n) are permutation equivalent. [J
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Figure 3. Left: Overview of the barn owl’s auditory pathway. Sound
waves travel to each of the owl’s ears, stimulating the auditory nerve,
which sends a signal to the nucleus magnocellularis (NM). The
NM then projects tonotopically to an isofrequency column in the
ipsilateral (same side) nucleus laminaris (NL), entering on the dorsal
side, and to an isofrequency column in the contralateral (opposite
side) NL, entering on the ventral side. Right: Isofrequency column of
the left nucleus laminaris. A sound wave with period T from a sound
source closer to the left ear arrives at an isofrequency column of the
left NL at a time delay of 7, from the left (green) and at 7, from the
right (purple), with 7; < 7. Within the NL, there are different delays
due to the depth the signal has traveled into the nucleus, which vary
linearly with depth but at a different rate for the signals coming from
each side of the brain, shown by changes by a factor of §; on the left
and 4, on the right. A neuron in the column fires whenever it receives
stimulation that is in phase from both sides within some error bound,
[(t¢+ade)—(t,+bd,)| mod T < e. For example, the second neuron
in the column fires if |(ty+98¢)—(7,4+26,)| mod T < &. Due to the
difference in delay, a peak stimulating the left ear must travel deeper
into the column than the same peak stimulating the right ear for the
two peaks to coincide (red). When these peaks coincide, other peaks
will also coincide; an earlier point in the sound wave (blue) on the
right coincides with a later point in the sound wave (yellow) on the left.

2D. Biological motivation: sound localization in the barn owl. From the com-
parison to cyclic codes, we see that the study of periodic codes is interesting
because they share properties with some cyclic codes, but these codes are also
interesting biologically because they give an abstraction of the neural firing in the
barn owl’s auditory system. Barn owls use two cues to localize sounds in space,



10 LINDSEY S. BROWN AND CARINA CURTO

interaural intensity differences to determine the elevation of the sound source and
interaural time differences to determine its azimuth. Here, we give an overview of
the interaural time difference pathway (Figure 3, left) and show how this pathway
results in periodic firing in one of the nuclei (Figure 3, right).

As shown in Figure 3, left, the interaural time difference pathway begins in the
nucleus magnocellularis (NM), which responds in a phase-locked fashion to the
incoming sound waves. The NM projects onto the nucleus laminaris (NL), the first
place of binaural convergence in the time difference pathway (signals from the left
in green, signals from the right in purple). As a result of the tonotopic projections
from the NM, neurons in the NL are arranged tonotopically in isofrequency laminae,
meaning neurons within a column fire only in response to a certain sound frequency.
It is within each of these isofrequency columns that we see periodic codes arise.

Figure 3, right, illustrates an isofrequency column of the NL. The ipsilateral
signal, the signal coming from NM of the same side, enters through the dorsal
surface and the contralateral signal, the signal coming from the NM of the opposite
side, enters through the ventral surface of the NL. A neuron in this column acts as
a coincidence detector, firing when it receives simultaneous stimulation from both
sides, analogous to the model of delay lines proposed by Jeffress for the mammalian
medial superior olive. To show periodic firing in the column, we first compute the
delay to each neuron in the signals from each side of the brain.

A sound source on the horizon travels a different distance to reach each ear and
this signal must be transmitted through the auditory pathway on each side of the
brain before reaching a column of the NL, giving us different time delays from
each side, t; and t,, before the signal reaches the NL. Once these signals enter
the NL, experiments show that the conduction delay varies linearly with depth; the
ipsilateral side changes at approximately 0.46 degrees per micrometer (§;), and the
contralateral side changes at approximately 0.68 degrees per micrometer (§,). Thus,
for a given neuron, the total delay in the signal coming from the left side is 7, +ad,,
and the total delay in the signal coming from the right side is 7, 4 b3, for integers
a and b denoting how many neurons into the column the neuron is from the dorsal
and ventral surfaces respectively. A neuron receives coincident signals and fires
whenever |(ty +aé¢) — (t, + bd,)| < € for some error bound «¢.

Notice that because a sound wave of a given frequency is periodic with period 7,
the signals will also be coincident for |(ty + ad;) — (t, + bé,)| mod T < ¢, and
so neurons will also fire in response to time differences that are integer multiples
of the period away from the true time difference [Carr and Konishi 1988]. Also
observe that the time difference in the signals to each neuron in a column changes at
a constant rate, 8¢ + &, per neuron, which implies that a neuron in the column fires
every T/(8; 4 d,) neurons. This gives rise to periodicity in the column. Behavioral
experiments show that when localizing pure tones, owls may make errors in sound
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localization by responding to phantom targets, responding to the location of a
sound at one of the multiples of the period rather than the location of the true time
difference, showing the ambiguity of time difference as a sound localization cue
due to the periodic nature of sound waves [Konishi et al. 1988].

Thus, we have seen that periodic codes arise biologically, so we now ask what
behavioral implications such a code has. The periodic code in the owl’s nucleus
laminaris is part of the system that the owl uses to determine the position of a
sound source on the horizon. It is natural to ask how this code relates to a more
highly studied position code, the place code in the place cells of the mammalian
hippocampus. Each of these place cells fires over a convex set corresponding to the
animal’s position in the environment. We consider whether the cells in the owl’s
nucleus laminaris can be associated to convex subsets of angles on the horizon,
addressed formally in the next section.

3. Convex closures of periodic codes

Inspired by the periodic structure of the neural code in the nucleus laminaris of the
barn owl, we explore the convexity of periodic codes, beginning by formally defining
a convex code and introducing the concept of a convex closure. By considering the
biological relevance of these concepts, we demonstrate that convexity is important
to the owl’s sound localization ability. We then present our main result, Theorem 3.3,
and conclude by proving it.

3A. Convex codes and the convex closure. Here we review the concept of convex
codes and some basic results [Curto et al. 2017; 2019a] before introducing a new
concept, the convex closure.

Given an open cover U of a topological space X, where U is the collection of

open sets {Uy, ..., U,} such that U; C X, we can define a code of the cover C(U),
CU):= {a cm|(u\ U U 7&@}.
i€eo jeln\o

In C(U), each U; is called the receptive field of neuron i. We say that a code is
convex if it can be realized as C (Uf), where each of the U; is an open convex set.
As an example, see Figure 4. Note that not every code is convex because there are
geometric and topological constraints imposed by convexity [Curto et al. 2017].

An important property that prevents a code from having a convex realization is
based on the links of the simplicial complex of the code. The link of a face o in a
simplicial complex A, denoted by Lk, (A), is

Lk, (A)={weA|locNw=and o Uw € A}



12 LINDSEY S. BROWN AND CARINA CURTO

000
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Figure 4. A code of a cover, C(U). This arrangement of
receptive fields U = {U;, Uy, U3} corresponds to C(U) =
{100, 110, 111, 010, 011, 000}. Neurons which cofire correspond
to a region of intersection of their corresponding receptive fields.
Observe that C (U{) is a convex code since each U; is a convex set.

To every A we associate a unique minimal code consisting of all o having noncon-
tractible links:

Cnin(A) = {o € A | Lk, (A) is noncontractible}.

An example of these concepts for a simplicial complex A is shown in Figure 5,
where we see Lk(1;(A) is noncontractible. As a result, 1000 € Cpyin(A). In contrast,
Lk (A) = {@, {1}, {3}, {1, 3}}, which is contractible, so 0100 ¢ Cpin(A).

If 7 is a facet of A, then Lk, (A) = @, which is noncontractible. It follows that all
facets of A are automatically contained in Cpyjn(A). In fact, these facets correspond
to the maximal codewords of any code with simplicial complex A (see [Curto
et al. 2017] for more details). Note that in case of periodic codes, Cy ,, (1), every
codeword is maximal and corresponds to a facet of A = A(Cx_,(n)). Therefore,
for periodic codes, we always have Cy , (1) € Cpin(A).

We call the elements of Cpi, (A) mandatory codewords because they must all
be included in any convex code C with simplicial complex A. This follows from
[Curto et al. 2017, Theorem 1.3], with the relevant portion summarized in the
following lemma.

2 3

Figure 5. A link in a simplicial complex, Lk{1y(A). The simplicial
complex A is shown in black and gray. The link of vertex 1,
Lki1y(A) = {2, {2}, {3}, {4}, {2, 3}} is highlighted in red, and we
see it is disconnected and hence noncontractible.
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Lemma 3.1. Let C be a code with simplicial complex A. If C 2 Cpin(A), then C
is not a convex code.

A counterexample given in [Lienkaemper et al. 2017] illustrates that the converse
is not true; a code may contain all the mandatory codewords but may still not have
a convex realization. To address this, we introduce the concept of a convex closure.

Definition 3.2. A convex closure C of C is a convex code of smallest size such that
C € C and A(C) = A(C).

We note that the convex closure is a closure operator on the power set P ([n]).!
From Lemma 3.1, it is clear that Cpjn (A(C)) C C, but there are cases where C
must contain additional codewords [Lienkaemper et al. 2017].

3B. Convexity and sound localization. As we will see in the next section, periodic
codes are not generally convex, except in degenerate cases. However, because of
the various advantages of convex codes in associating firing patterns with a specific
region of the stimulus space, we are interested in how we may modify periodic
codes to attain convexity.

Convexity is especially relevant to the periodic codes in the nucleus laminaris
(NL) of the owl as the function of this brain structure is to locate sounds on the
horizon, which is equivalent to determining the convex set of angles from which
the sound originated. When receiving a pure tone, the owl makes predictable errors
in its judgment of the sound’s location. The phantom targets to which the owl
responds are not random but correspond to the location of a sound source where
the time difference reaching the ears is the true time difference plus some multiple
of the period of the sound wave (see Figure 3, right). This suggests that the owl is
able to localize a sound to a choice of several disconnected sets of angles, rather
than a single convex set. This behavior corresponds to the fact that the neural code
in the NL does not have a convex realization as we will show in Theorem 3.3.

However, such behavioral errors are rare and are restricted to the case of single-
frequency tones. When responding to wide bandwidth sounds, the owl’s average
error in sound localization is one third of its average error in responding to a single-
frequency tone [Knudsen and Konishi 1979]. Higher in the brain stem, biologists
have observed space-mapped cells in the external nucleus of the inferior colliculus,
which receives inputs from multiple frequency columns. This suggests that the
biological system somehow forms a convex code from the nonconvex periodic
codes in the NL, a biological convex closure, so that the owl is able to locate wide
bandwidth sounds within an average of 2 degrees [Knudsen et al. 1979]. Such a
convex code may arise by combining the code in multiple isofrequency columns of

1A closure operator, Cl: P(S) — P(S), maps the power set of S to itself and for X, ¥ C S satisfies
(i) X C CI(X), (ii) if X C Y, then CI(X) € CI(Y), and (iii) CI(C1(X)) = CI(X).
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the NL or through stochasticity in neural firing. We explore these possibilities in
the combinatorial neural code framework, answering the following questions.

Question 1. Which codes are a convex closure of a periodic code?

We answer this question in Theorem 3.3, showing that the convex closure is
unique. Given this convex closure, we then analyze how this convex closure could
arise, asking the following question.

Question 2. How does stochastic noise in the firing patterns of a k-m periodic code
alter the convexity of the code?

We explore this question in Section 4.

3C. The convex closure of a periodic code. Our main result in this section is
Theorem 3.3, which gives the convex closure of any k-m periodic code for k < m.
We restrict our analysis to the case where k <m, requiring a certain degree of sparsity
in the code. Such sparse codes better reflect the codes which arise biologically and
decrease the number of nontrivial intersections among neurons.

Theorem 3.3. Let C = Cy ,, (n) be a k-m periodic code on n neurons with simplicial
complex A. For k < m, the convex closure of C is precisely C = Cpin(A), and is
thus unique. Moreover,

(1) C=Cmin(A)=C ifk=00rk=1, and

(2) C =Cnin(A) = Cem(M) U Ck—1my1 () if 1 <k <m.

As an example, consider C, 3(5), which contains the codewords 11000 and
01100. The codeword 11000 implies that U; N U, # @. Similarly, the codeword
01100 implies that U, N Uz # &. There are no codewords for which neuron 1 and
neuron 3 cofire, so U; N Uz = &. However, the codeword 01000 is not in the code,
so U» is entirely contained in Uy U Us. Since U; and Uz are disjoint, this can only
be true if U, is disconnected, and hence not convex. As illustrated in Figure 6, the
code C = C5.3(5) U C1.4(5) has a convex realization and A(C) = A(C).

This result is particularly interesting because it gives an example of a class of
codes where C = Cpin(A(C)). In general, we do not always have C C Cpin(A(C)),
but we do in the case of periodic codes because every codeword corresponds to a
facet of the simplicial complex. What we also see in these codes is that convexity
is fully determined by containing Cp,in(A), which is not always true [Lienkaemper
et al. 2017]. This raises the question of whether there are special properties of
A(Cg, m(n)) which can be used to detect more generally when Cpin(A) is convex
for some A.

To prove Theorem 3.3, we need the following two propositions:

Proposition 3.4. Let A = A(Ck ;n(n)) and 1 <k <m. Then
Ck,m(n) U Ck—l,m-‘rl(n) - Cmin(A)-
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Figure 6. Convex closure of C53(5). Left: The convex closure
of Cy3(5) is C = C23(5) U C1,4(5) (Theorem 3.3), which has
a convex realization as shown here. The original code, C; 3(5)
(black dots) has a convex realization with the union of C1 4(5) (gray
diamonds). Right: The convex closure preserves the simplicial
complex, A(C) = A(C2,3(5)), shown here.

Proposition 3.5. The code Cy p,(n) U Ci—1 m+1(n) is convex for 1 <k <m.

Given these two propositions, which we will prove in the next subsection, we
can now prove Theorem 3.3.

Proof of Theorem 3.3. Let C = Cy ,,(n) for k <m and A = A(C). By definition,
C D C, A(C)=A, and C is convex. By Lemma 3.1, we also have C D Cpin(A).
Recall that since every codeword in C corresponds to a facet of A, we also have
C C Chpin(A) and thus

CcC Cmin(A) - E

To show that C = Cyin(A), it thus suffices to show that Cpin(A) is convex.

In the cases k = 0 and k = 1, we can see directly that C is convex, and thus
C = Cpin(A) = C. For k =0, C consists of only the all-zeros codeword, 00 - - - 0,
and is thus trivially convex. For k = 1, all codewords in C are disjoint and, since
they all correspond to facets of A, we see that all facets of A are disjoint. It then
follows from [Curto et al. 2017, Proposition 2.6] that C is convex.

For the remaining cases, 1 < k <m, we have Cy , (1) U Ck_1 jn+1 (1) S Cpin(A)
(Proposition 3.4), and thus

C C Crm(n) U Cr—t,m41(n) € Cmin(A) € C.
We also have that Cy_;,, (n) U Cx—_1 m+1(n) is convex (Proposition 3.5), which imme-
diately implies C = Cpin(A) = Ci.m () U Cr_1,m+1(n), as desired. U

Biological relevance. Theorem 3.3 implies periodic codes are not convex except in
the cases where k = 0 and k = 1, corresponding respectively to a state of constant
inactivity or perfect precision. Both extremes are unlikely given the inherent
stochasticity in this system (see Section 4 for more details). The second part of the
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theorem, for k£ > 1, can provide insight into the behavioral errors made by the owl in
locating a single-frequency tone: because the neural code for a single isofrequency
column of the nucleus laminaris (NL) is not convex, the owl cannot determine a
unique open region in space from which the sound must have originated.

Yet, the owl does not always make these behavioral errors, suggesting that the
biology of the system provides a way for the owl to disambiguate the possible
locations of the sound source, thus yielding a convex neural code. Theorem 3.3
shows that a convex closure of a periodic code is formed from the union of two
periodic codes. In particular, these two codes differ by whether a single neuron
is firing in each firing band; the close relationship between these codes suggests
stochasticity in the system could result in the convex closure, which we address in
greater depth in Section 4.

In addition to the possible stochastic relationship between the two codes, the two
periodic codes may also be related by the connections among nuclei in the barn owl’s
brain stem. The NL projects to the central nucleus of the inferior colliculus (IC),
which sends inputs from multiple isofrequency laminae to the external nucleus of
the IC [Wagner et al. 1987]. Recall that each isofrequency column i of the NL with
frequency 1/7; fires every T; /(8; + 6,) neurons (Figure 3, right), which corresponds
to a different m value in the periodic code of each column. Thus, receiving input
from multiple columns is analogous to receiving input from different periodic codes,
as is needed for the convex closure of a single column; in fact, it has been observed
that the first space-mapped cells exist in the external nucleus of the IC, where the
signals for multiple frequencies first converge [Wagner et al. 1987].

3D. Proofs of Propositions 3.4 and 3.5.

Proof of Proposition 3.4. As has already been noted, since every codeword in
Ci.m(n) corresponds to a facet, Ci (1) € Chin(A). To prove Proposition 3.4,
we will show that for any v € Cy_1 ,,+1(n), the link Lk, (A) is noncontractible,
and so T € Cyin(A). We first consider the special case of k-m periodic codes on
k + m neurons (Lemma 3.6) and then extend this result to a code on n neurons
using Proposition 3.8.

We introduce the notation o; ;(n) for i, j € [n] to be the face of a simplicial
complex on a set of consecutive vertices, where we consider the n-th and first vertex

to be adjacent. More formally, we define
li<t=<j} ifi <j,

oi,j(n) = : e
{tli<e<niuf{L|l<t<j} ifi>j.

Note that a general simplicial complex may not contain such a face, but we are
interested specifically in A(Cy, ,,(n)), which contains o; ;(n) whenever |o; ;(n)| <k.
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In the case n = k + m, the collection of all o; ;(k +m) with |o; j(k +m)| = x for
x < k corresponds to Cy j4m—x(k 4+ m).

Lemma 3.6. Let A = A(Cy u(k +m)) and m # 0. If |o; j(k +m)| =k — 1, then
LK, ; (k-+m)(A) is noncontractible.

Proof. Let o = oj j(k+m), where j = (i +k—2) mod (k +m). We have Lk, (A) =
{h, €}, where h=i—1 mod (k+m) and £ =i +k—1 mod (k + m). These vertices
are distinct since they are distance k apart and m # 0, so the set is disconnected
and noncontractible. ([

This lemma allows us to show that Cy_,, (n) restricted to the first k 4 m vertices
has noncontractible link for the faces corresponding to Cyx_1 41 (k 4+ m). We want
to show that every t corresponding to a codeword Ci_j ,,+1(n) has noncontractible
link in A(Cy_»(n)). To do so, we use the following lemma, which requires the
notation for the restricted simplicial complex,

Algur={s € A|sCoUTt}

Lemma 3.7 [Curto et al. 2017, Corollary 4.3]. Suppose v ¢ o ando Nt = 2. If
Lk, (A|sur) is noncontractible, then LK, (Alsuruy), LKkouy (Alsuruy), oF both are
noncontractible.

One way to demonstrate contractibility is to show that a simplicial complex is
a cone. We will use the fact that a simplicial complex is a cone if and only if the
intersection of all the facets of the simplicial complex is nontrivial in the proof of
the following proposition.

Proposition 3.8. Let A = A(C y(n)). Lett ={v; |1 <i <k+m},o C1,and
Jj > k+m. Suppose Lk, (A|;) is noncontractible:

(1) If j =i mod (k+m) for some i such that v; € o, then LKsuy, (Alcuy;) is
noncontractible.

(2) Otherwise, Lko‘(AI‘L’UUj) is noncontractible.

Proof. (1) Assume j = i mod (k +m) for some i such that v; € . To show
that LkUUvj(Alvaj) is noncontractible, it suffices to show that LkU(A|,UvJ.) is
contractible (Lemma 3.7). By Proposition 2.8, for any w C 7, if v; Uw € A, then
v; Uv; Uw € A. Thus, every facet of LkU(A|,Uvj) contains v;. It follows that
Lky (Alzuy;) s a cone and hence contractible.

(2) Assume j #i mod (k + m) for any i such that v; € 0. Then j = ¢ mod (k +m)
for some £ such that vy, € T\ 0. We have two cases.

Case 1: Assume that vy ¢ Lk, (A|;). This implies vy Uo ¢ Al;, and so v, Uo ¢
A|TUUJ.; by Proposition 2.8, v; Uo ¢ AlrUv_,- This implies v; ¢ Lk,,(A|TUUJ.), and
we have Lk, (A |rqu) = Lk, (A|;), which is noncontractible.
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Case 2: Assume vy €Lk, (Al;). Let A be the closure of the set {p €Lk, (Al;) | v S p},
that is, the smallest simplicial complex containing the faces of Lk, (A|;) that
contain vy. By Proposition 2.8, for any w € Alruy;s ifvUw e Alzuy; then
viUveUw € Alruy,. This implies that Lk, (Alrwy;) = Lk, (A|;) U coney, (A),
where cone,; (A) = {y Uv; | y € A}. Observe that A itself is a cone since all
the facets contain vy, and hence we have coned off a contractible subcomplex of
Lks (Al7). This implies that the homotopy type of Lky (Alzuy;) is the same as the
homotopy type of Lk, (A|;), which is noncontractible. O

We are now able to extend the results of Lemma 3.6 to a code on n neurons,
completing the proof of Proposition 3.4.

Proof of Proposition 3.4. By Lemma 3.6, the link of every o; ;(k + m) with
loj,j(k +m)| = k — 1 is noncontractible in A(Cy,,,(k + m)). Observe that the
codewords corresponding to o; j(k +m) of dimension k — 1 are the codewords of
Ci—1.m+1(n) restricted to the first k + m neurons. Each codeword in Cy_1 ;;+1(n)
is the set of neurons which are equivalent modulo k + m to some o; ;(k + m).
Let w be a face corresponding to a codeword in Ci_1 ;,+1(n) with corresponding
o' =0 j(k +m). By Proposition 3.8, since Lk, (A(Cx,»(n))) is noncontractible,
Lk, (A(Ck m(n))) is noncontractible. Thus, the link of the face corresponding to
every codeword in Ci_1 ,+1(n) is noncontractible, s0 Cx_j ju+1(n) C Cpin(A). U

Proof of Proposition 3.5. To prove Proposition 3.5, we need to show Cy,(n) U
Cr—1.m+1(n) has a convex realization. We first explicitly construct a convex real-
ization for n = k + m (Proposition 3.12) and then show that this realization can be
extended to a code on n neurons (Lemma 3.13).

We first begin with a construction which will help us construct a convex realization
of Cy m(k +m) U Cy—y m1(k +m).
Definition 3.9. A circular cover, T, is a collection of open arcs {y; } with y; =y (a, b)

for —2w <a <b <2 and b—a < 2w, where y (a, b) :={(cos b, sinf) |a <0 < b}.

Note that this cover is circular in the sense that it is composed of circular arcs,
but the definition does not require that the union of the arcs cover S'. Analogously
to the way we defined the code of a cover, we can define the code of a circular
cover.

Definition 3.10. The code of a circular cover I' = {y;} is the neural code

(Vi ij;«é@}.

i€o jeln\o

c):= {0 C [n]

An example of the code of a circular cover is shown in Figure 7. Observe that
any point p written in polar coordinates as (r, ) with r = 1 corresponds to a
codeword ¢y - - - ¢, € C(I"), where ¢; = 1 if (cos 6, sinf) € y; and ¢; = 0 otherwise.
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Figure 7. Circular and convex realizations of C= C1.4(6)UC 5(6).
Left: A circular realization of C. Each colored open arc y; is an
element of I' and can be identified with an open sector U; of the same
color in C(U). Right: A convex realization of C, derived from the
circular realization.

To prove when such circular realizations are convex, we introduce the support of a
codeword c, denoted by supp(c), as the set {i | ¢; = 1}.

Proposition 3.11. If length(y;) < m for all y; € ', then C(I") has a convex realiza-
tion.

Proof. Let T be a circular cover. Define an open cover U/ = {U;} in R? by the
following method. For each open arc y; = y(a;, b;) € T, let U; be the open sector
{(rcosf,rsinf) |0 <r <1and q; <0 < b;}. Since b; — a; = length(y;) < 7,
each U; is convex. Observe that the origin is not contained in any U;. We want to
show that C (U{) = C(I") and thus C(I") has a convex realization. Suppose c € C(U).
There exists some point p € ﬂiesupp(c) U;, which can be written as (r cos 9, r sin ).
Map p to the corresponding point py = (cos 8, sin ) on the unit circle. We have
Po € ﬂiesupp(c) v, and thus ¢ € C(I") also. This implies C (/) € C(I"). To see that
CT)cCU),letceC(I'). There exists some point pg € ﬂiesupp(c) ;. Write pg as
(cos @, sin®). Map py to the point p= (% cos 6, 1 sin6). We have p e U;,
and thus ¢ € C (/). This gives C(I') € C(U), and so C(I") = C(U). Ul

iesupp(c)

Figure 7 shows an example of C(U) = C(I") and the correspondence between
the open arcs and open sectors. We can now show that the code Cy ,,,(k +m) U
Ci—1.m+1(k + m) is convex by showing that it arises from a circular cover and
applying Proposition 3.11.

Proposition 3.12. The code Cy j, (k+m)UCy_1 m+1(k+m) has a convex realization
fork <m.
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Proof. We define an open arc y; for each neuron i in the following manner. If i < m,

let
2 21
i — i i | k .
Vi J/<lk—+-m G+ )k—i-m)

27 27
=i -2, (i +k)— =27 ).
Vi y(lk+m TR ”)

This collection of receptive fields gives a circular cover, I', with

Ifi > m,let

2
length(y;) =k—— < for all i.
ength(y;) Kt <m foralli

By Proposition 3.11, C(I') is convex. We need only show that C(I") = Cy, (k +
m) U Cx_1 m+1(k +m). At every angle which is not a multiple of 27 /(k + m),
exactly k of the y; intersect, corresponding to codewords in Cy ,, (k +m). At angles
that are a multiple of 2 /(k 4+ m), exactly k — 1 of the y; intersect, corresponding
to codewords in Cx_j ;;+1(k +m). Thus, C(I') = Cy (1) U Ck—1 41k +m). O

We want to extend this convex realization on k-+m neurons to a code on n neurons.

Lemma 3.13. Let C be a code where for every codeword ci---¢c, € C, ifi =
Jj mod z, then ¢; = c¢j. The code C is convex if and only if C restricted to any
Z consecutive NeUrons is COnvex.

Proof. (=) Suppose C is convex. There exists a convex, open cover U = {U; }ie[n]
such that C(U4) = C. Let C|z be C restricted to a set Z consisting of z consecutive
neurons. Then U’ = {U;};cz is an open cover with C () = C|z, so C|z is convex.

(<) Suppose C|z is convex on any set Z of z consecutive neurons. Without loss
of generality, there exists a convex, open cover U = {U;},<i<;. Define a convex,
open cover U’ = {U; | U; = U; if i = j mod z}. By assumption, if i = j mod z,
then ¢; = ¢; in every codeword in C, so C(U") = C. Therefore, C has a convex
realization. O

Lemma 3.13 implies that the convexity of a k-m periodic code depends only on
whether the code can be realized convexly on the first £ + m neurons. We can now
complete the proof of Proposition 3.5.

Proof of Proposition 3.5. The code Cy ,,(n) U Cx_1 ,+1(n) has the property
that ¢; = ¢; if i = j mod (k +m) for every codeword. By Lemma 3.13, since
Cr.m(k4+m)UCr_1 y+1(k+m) has a convex realization for k <m (Proposition 3.12),
Ci.m(n) U Cr—1 m+1(n) has a convex realization for k < m. O

Observe that for any k& and m, we can construct a circular realization of the code
by defining open arcs in the same construction as above. However, for k > m,
the method of constructing sectors as open sets no longer generates convex sets
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because we do not have length(y;) < m. The question of how and whether a convex
realization can be constructed for Cy ,, (n) U Cx_1 ,»+1(n) and k > m remains open,
as some but not all of these codes do not contain Cpi, (A(C)). For example, let
C'=C32(5)UC3(5) and C” = C4.1(5) U C32(5). We have C' 2 Cyin(A(C)).
On the other hand, C” 2 Cpnin(A(C")), as Lk 4(A) = {23,35,25}, which is
noncontractible.

4. Stochastically convex periodic codes

Here we address Question 2 from Section 3B. In Theorem 3.3, we showed that for
1 < k < m, the periodic code Cy ;,(n) can be completed to a convex code by adding
the set of codewords in Ci_1 ;;+1(n). One of the possible ways Cyx_1 ,;+1(n) may
arise biologically is through the stochasticity of the neural response, where neurons
fail to fire. This stochasticity arises naturally from our system, the nucleus laminaris
(NL) of the barn owl, in at least two different ways:

(1) Stochasticity in the stimulus. Recall that in our description of the NL (see
Figure 3, right), we assumed that a neuron fires if the difference in the phase of the
signal coming to the neuron is less than €. We also showed that within a column,
neurons differ by a time difference of §; + §,. This means that for a given ¢, up to
[e/(8; + 8,)] neurons could fire. Depending on the incoming time difference, one
fewer neuron than this upper bound could fire. Thus, the stochasticity of the signal
in time could give rise to the additional codewords necessary for the convex closure.

(2) Stochasticity in neural firing. In addition to the stochasticity of the incoming
signal, there is stochasticity in the neural response; a neuron may fail to fire when
it should (false negative), or fire when it should not (false positive), based on the
stimulus.

To attain the convex closure and form the words in Cx_1 ,,+1(n), we clearly need
some neuron to fail to fire, but adding codewords resulting from other neurons failing
to fire could potentially alter the convexity of the code. Lemma 4.1 guarantees
that if the convex closure has been attained, adding codewords that preserve the
simplicial complex, or equivalently result from neurons failing to fire, maintains
the convexity of the convex closure.

Lemma 4.1 [Cruz et al. 2019, Theorem 1.3]. Let C be a convex code. If A(C) D
C D C, then C is convex.

Thus, we can attain the convex closure of a periodic code by introducing some
probability that neurons fail to fire; let p be the probability that a neuron fires
correctly so 1 — p is the probability that the neuron fails to fire. Given this probability
and the fact that other neurons’ failure to fire does not create nonconvexity, we ask
how likely it is to attain the convex closure via failure-to-fire stochasticity.
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Proposition 4.2. Suppose each codeword in Cy. , (k + m) is sampled N times. The
probability of receiving all of the codewords in Cy_j 11k +m) is

Pk, m, N, p) = (1 — (1 - Him(l - p)pk_l)N>k+m.

Before proving this formula in the following section, we use it to estimate the
number of times N that each codeword needs to be sampled to attain a probability
greater than 0.95 of seeing all the codewords in Ci_1 ;,41(k 4+ m), rendering the
resulting code convex. The results are plotted in Figure 8, showing that N grows
supralinearly with £ but approximately linearly with m. In exploring the convex
closure, we assumed that k < m to reflect the fact that neural codes are generally
sparse. The relationship between sparsity and convexity has only begun to be
investigated [Jeffs et al. 2019]. By comparing the way N grows in comparison
to k and m, we argue that this sparsity is not only a general property of codes
but is necessary for convexity to arise through stochasticity in this system. By
increasing k, the number of consecutive active neurons, the number of times each
codeword must be sampled increases rapidly. In contrast, a code can be expanded
by increasing m, the number of consecutive silent neurons, without the number of
samples of each codeword growing so rapidly that all the codewords in the convex
closure would likely never all be seen. Thus, sparsity allows the convex closure
to be obtained through failure-to-fire stochasticity. The importance of sparsity to
the ability to achieve the convex closure is further seen in Figure 8, right. Here,
we see that there is an optimal value for 1 — p, the rate of failure to fire, which
minimizes the number of times each codeword needs to be sampled to achieve the
convex closure. Intuitively, this optimal 1 — p results from the fact that there must
be some failure rate so that single neurons misfire, but if the failure rate is too high,
multiple neurons will misfire at the same time. By finding the minimum of N with
respect to p, we are able to see how this relates to the sparsity of the code.

Corollary 4.3. The optimal failure to fire rate 1 — p for which both N is minimized
for a given P and P is maximized for a given N is

1
l1-p= T

Observe, that this result is not surprising; the number of neurons which fail to fire
is binomially distributed as Bin(k, 1 — p), so for the expected number of neurons
that fail to fire to be exactly 1, we need 1 — p = 1/k. This provides an additional
argument for sparsity in our code because as k increases, the probability of failure
to fire decreases, meaning that the biological system must be increasingly precise
in its firing as the number of active neurons increases.

4A. Proof of Proposition 4.2. We assume the probability of a neuron firing cor-
rectly is p, so the probability of a 1 being switched to a 0 is 1 — p. Here, we
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Figure 8. Number of samples N of each codeword needed for
P > .95. Left: Effect of k on N. For fixed m and p, as k increases,
the number of times, N, that each codeword needs to be sampled
for the probability that each codeword in the convex closure has
been received grows supralinearly. This suggests the importance
of sparsity in keeping N small. The dotted black lines show our
approximation, which closely tracks the exact solutions (colored
lines). Middle: Effect of m on N. For fixed k and p, as m increases,
N grows approximately linearly. Compared with the rapid growth of
N with k, expanding the code with additional silent neurons does not
dramatically increase the number of times that each codeword must
be sampled for a convex realization. As before, the dotted black
lines are our approximation. Right: Effect of failure-to-fire rate 1 — p
on N. For fixed k and m, we see that there is an optimal failure rate
1 — p for which N is minimized, 1 — p = 1/k (solid dots).

consider only the case where neurons fail to fire; neurons have 0 probability of
misfiring (i.e., firing when they should be silent). In addition, we assume that the
stimulus space has a uniform distribution over all possible stimuli, so all codewords
in Cy_,, (n) are equally probable to be the correct codeword, and we assume that the
brain always stores the codewords from Cy ,,(n) in memory. Let N be the number
of times that each codeword that the brain stores is sampled.

In Theorem 3.3, we showed that for 1 < k < m, the convex closure is Cy (1) U
Cr—1.m+1(n). We give the probability of this convex closure for n = k +m. We
first consider the probability of seeing one of the needed mandatory codewords.

Lemma 4.4. Let ¢ € Cx_1 y+1(k +m). Assuming that neurons never misfire and
that the stimulus space is uniform such that all codewords in Cy ,,(k + m) are
equally probable to be the true sent codeword, the probability that c is received on
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a given trial is
(L= )P,

Proof. Without loss of generality, let c =17 - - - 1410 - - - Og . Observe that, since
we assume that neurons never misfire, ¢ can only be formed by the failure of one
of the neurons in a codeword in Cy ,, (k 4+ m) failing to fire. There are exactly
two codewords in Cy ,(k + m) where the failure of one neuron produces c, the
codewords

cr=11 - 1kOq1 -+ Ogpm,

=11 Lt10k - - O gm—1Ligm-

We have )
Pr(c received)

Pr(c received | ¢; or ¢ sent) = .
Pr(c; or ¢, sent)

Since we assumed the stimulus space was uniform, each codeword is equally likely
to have been sent, so Pr(c; or ¢ sent) = 2/(k +m). If ¢ or ¢, was sent and
¢ was received, then exactly one neuron failed to fire and all the other neurons
fired correctly, so Pr(c received | ¢y or c; sent) = (1 — p) p*~1. Therefore, we have
Pr(c received) = 2/(k +m)(1 — p)p*=L O

We now consider the set of codewords in Cx_j ;41 (k +m).

Lemma 4.5. Let q be the probability of seeing a codeword in Cy_1 41k + m)
on a given trial. If each of the codewords in Cy ,, (k + m) is sampled N times, the
probability of seeing all the codewords in Cy_1 m+1(k+m) is (1 — (1 — q)N)k+m.

Proof. Let x be the probability of seeing a codeword at least once. There are k + m
codewords in Cy ,, (k +m), so the probability of seeing all k +m codewords at least
once is x**™. We have

x = 1 — Pr(never seeing a codeword in N trials).

We also have
Pr(never seeing a codeword in N trials) = (1 — q)N .
Thus, the probability of seeing all the codewords is
XKFm — (1 = (1 — @)kt 0

We are able to combine the results of Lemmas 4.4 and 4.5 to give us the probability
of receiving the convex closure,

Pk, m, N, p) = (1 _ (1 — Him(l — p)pk_l)N>k+m.

From this formula for the probability, it is natural to ask how many times each
codeword needs to be sampled to achieve some probability that all the codewords
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in the convex closure have been received. Using this formula, we derive the number
of times N which each codeword needs to be sampled in order to achieve some
probability bound P of receiving all the codewords in the convex closure, finding

In(1 — P/ k+my
In(1— (1= p)p')’

To develop better intuition about the dependence of N on k and m, we can
approximate

N =10g1_o/pmya-ppi- (1= PE) =

2 _ kfl)
(1~ 250
as )
% (1= k—l.
i —pr
Using this approximation, we find
_In(P) + (k+m) In(1/(P/*+m)y —1) 1
N~ Y = f(k) +mg(k)In ST 1),
where . ' .
nP+
k)= ——"-——, k)= —————.
TO=Sa—pp #0 = a

The plots show that this approximation closely follows the analytic solution. Through
this approximation, we are able to see why we might expect N to depend almost
linearly on m, as seen in the plot in Figure 8.

Recall our expression for P from Proposition 4.2. By optimizing this expression
for fixed k, m, and N, we are able to solve for the p which gives the highest
probability of observing the convex closure (Corollary 4.3). The probability of
observing the convex closure P has a minimum of 0 at p = 1 and a maximum at
p = (k—1)/k. Similarly, by optimizing N for fixed k, m, and P, we find that N is
minimized at p = (k —1)/k.

These results are limited to the case where the stochasticity is only for neurons
failing to fire with the assumption that neurons never fire when they should not. The
more challenging question combinatorially is what the probability is that a code
becomes convex when there is some nonzero probability that neurons fire when
they should not because this additional firing changes the simplicial complex and
hence which codewords are mandatory. This combinatorial question remains open
and is further complicated by the fact that for n > k 4+ m, receiving a (k—1)-(m+1)
codeword requires a pattern of repeated errors at each firing band.

4B. Convex completions of Hamming distance d. While less probable, it is also
possible for neurons to fire incorrectly, which would correspond to codewords
of greater weight that no longer preserve the simplicial complex. Observe that
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while multiple errors in firing are possible, the probability of each additional error
decreases. We use Hamming distance as a measure of the degree to which two
codewords differ, counting the number of errors that would be needed for one
codeword to be transmitted as another. Recall that the Hamming distance between
two codewords a and b, denoted by dy(a, b), is given by dy (a, b) = wy(a — b),
where subtraction is performed over [,. Unlike in Theorem 3.3, we no longer require
that the new code preserve A(C), but instead require that the added codewords
have small Hamming distance from the original codewords.

Definition 4.6. A Hamming-distance-d convex completion of C is a code cocC
such that C is convex, and for all a € C\ C there exists ¢ € C such that dy (a, c) <d.
We say C is minimal if |C| is minimal.

From [Curto et al. 2017, Lemma 2.5], we know that any code which contains the
all-ones codeword, 11 - - - 1, is convex. Thus, for any code on n neurons where the
maximal weight codeword has weight w, we have a minimal Hamming-distance-
(n—w) convex completion given by simply adding the all-ones codeword to the
code. In particular, for the case of a k-m periodic code on k + m neurons, we have
a minimal Hamming-distance-m convex completion given by adding the all-ones
codeword. We can also guarantee a Hamming-distance-(k—1) convex completion
by adding all codewords which are subsets of some codeword in Cy ,,, (k +m), but
this method is rarely minimal.

As d increases, the probability of a codeword of Hamming distance d from
an original codeword being received decreases, so while codewords of Hamming
distance kK — 1 and m are possible, these convex completions are often less probable.
For this reason, we give special attention to the cases of a Hamming-distance-1
convex completion of a k-m periodic code.

Observe that for k < m, the convex closure of Cy ,,(k 4+ m) is a Hamming-
distance-1 convex completion, where the codewords of Cy_ ,+1(k + m) result
from a single neuron in a codeword in Cy ,, (k+m) failing to fire (Theorem 3.3). On
the other hand, for k <m — 2, the code obtained by adding higher-weight codewords
Cr.m(k+m)UCrq1 m—1(k+m) is a Hamming-distance-1 convex completion, since
this code is precisely the convex closure of Cyy1 ,—1(k+m). Both of these examples
of Hamming-distance-1 convex completions require k 4+ m additional codewords,
S0 it is natural to ask whether the convex closure is a minimal Hamming-distance-1
convex completion.

Theorem 4.7. For k <m, the convex closure of Cy. ,,,(k+m) is a minimal Hamming-
distance-1 convex completion.

Proof. Let Cbea Hamming-distance-1 convex completion. Define A = C \ C, so
proving C is minimal is equivalent to proving |A| is minimal.
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Let C =Cy  (k+m) for k <m and let A= A(C). For the casesof k=0and k=1,
C = C (Theorem 3.3), so A is the empty set and must be minimal. Now consider
the case 1 < k < m. We know that the convex closure is the minimal Hamming-
distance-1 convex completion which also preserves the simplicial complex of the
code, where A = Cy_1 y+1(k+m) and |A| = k+m. Thus, in order to show that the
convex closure is minimal, we will prove that there is no smaller A" of Hamming-
distance-1 codewords such that Cin(A(C U A’)) € C U A’. Define A = A(CUA)
and A* = Cpyin(A) \ C. For C U A’ to be convex, we must have A* C A’.

For any A’ such that A= A, we have A* = Cx_1 jn+1(k +m). We want to show
that by adding a single Hamming-distance-1 codeword to A’, we can reduce |A*|
by at most 1. Without loss of generality, consider the face v € Cy_1 j41(k +m)
with T = 07 x (k + m), using our notation from Section 3B. Recall from the proof
of Lemma 3.6 that Lk; (A) = {1, (k+ 1)}. To form a convex completion, we must
either have T € A’ or choose A’ such that Lk, (A(C U A")) is contractible. Since
Lk;(A) C Lk (A), in order for Lk; (A) to be contractible, we must have that either
the edge {1(k + 1)} is in Lk,(A) or the edges {1} and {(k + 1)j} are both in
Lk,(A) for some j > k 4+ 1. The only way we can add the edge {1(k + 1)} to
Lk, (A) by adding a Hamming-distance-1 codeword is if o 441 (k +m) € A". The
only way we can add the edges {1} and {(k + 1)} using Hamming-distance-1
codewords isif 1 ---1;0---01;0---0€ A"and 01 - - - 1;440---01;0---0 € A" The
addition of these codewords does not change the link of any of the other codewords
in Cx—1 m+1(k+m), and hence

A* = ((Cr—1mp1 (k+m) = {T}) U Crin(A)) \ C.

This gives us |[A*| > [Cx—1 m+1(k +m)| — 1. So for A" to be a convex completion,
we must have A’ D oy j41(k +m) U A%, giving us |A’| > 1 +|A*| > k +m. Thus,
there exists no smaller A’ such that Cpin(A) S CUA'. O

5. Algebraic signatures of k-m periodic codes

We defined k-m periodic codes as the codes containing all k-m periodic codewords,
relying on a specific ordering of the vertices. We showed that we could determine
whether another maximal code is permutation equivalent to a periodic code by
comparing the simplicial complexes of the codes (Proposition 2.12). In this section,
we prove Theorem 5.10, which gives an algebraic description of periodic codes and
allows us to check if any code is permutation equivalent to a periodic code.

S5A. The neural code as an algebraic ideal. The code may also be viewed from
an algebraic perspective as an ideal. To encode a neural code C as an ideal, we
associate to each neuron an indeterminant x;. The neural ideal is defined by

Je=1{feFalxt,....xa]| f(c)=0forall c € C}\ B,
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where Fp[xy, ..., x,] is the ring of polynomials with coefficients in [F,, the finite
field with two elements {0, 1}, and B = {x; (1 —x;)}7_, the set of Boolean generators.

The neural ideal gives us information about the relationships among the receptive
fields of the neurons as explained in the following lemma.

Lemma 5.1 [Curto et al. 2013, Lemma 4.2]. Let C be a neural code and U a
collection of open sets (not necessarily convex) such that C = C(U). Then for any
o, T C[n]suchthatoc Nt =Q

[[x][[a-xel = (NucJu.
ieo jet ieo jet

For example, in Figure 4, we see U3 C U», so x3(1 — x3) € Jc. In the previous
lemma, the generators of the neural ideal are given as polynomials of the form
Xo [ [;e; (1 —x;), which we call pseudomonomials when o N7 = @.

Viewing the generators of the neural ideal from the perspective of receptive
fields, we are able to observe some special properties in J¢, , () that result from
the periodicity property (Lemma 2.4). In particular, since for i = j mod (k 4+ m)
we have x; = x;, we know that x; and x; are interchangeable in the elements of
the ideal of a k-m periodic code. We define a map T;; between pseudomonomials,
where T;;(f) is f with x; and x; interchanged. For example,

Tij(xixe(1 —x;)) = xjxe (1 — x;),
T (xi (1 —x¢)) = x; (1 — x¢).

Lemma 5.2. Let C = Cy ,,;,(n) be k-m periodic withn > k +m. Forany i, j € [n],
i =j mod (k +m) ifand onlyif x;(1—x;) € Jc. Furthermore, if i = j mod (k +m),
then for every f € Jc, we also have T;;(f) € Jc.

Proof. (<=) Assume x; (1 — x;) € Je, so U; C Uj. Suppose i # j mod (k4 m),
and i =i mod (k+m) and j = J mod (k—l—m) for i and ] less than k +m. We
can choose a permutation of sy ,, such that i = 1 and ] # 1, so there exists a
codeword where 1 =i =i = J~ = j. Thus, U; ¢ Uj;, a contradiction, so we must
have i = j mod (k + m).

(=) Assume that i = j mod (k +m). By Lemma 2.4, ¢; = ¢; for all codewords in
Ci.m(n). This implies that neuron i and neuron j fire over exactly the same set, so
equivalently U; C U; and U; C U;. These receptive field relationships correspond
to the generators x; (1 —x;) and x; (1 — x;). Moreover, since U; and U; are the same
set, x; and x; are interchangeable in the generators of the canonical form, as occurs
under the operation T;;. O

From this result, we are able to define an equivalence relation on [n] from the
generators of Jc.
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Lemma 5.3. Let C = Cy ,(n) withn > k+m. The relation i ~ j if x;(1 —x;) € Jc
defines an equivalence relation on [n].

Proof. We trivially have x;(1 — x;) € Jc, so ~ is reflexive. By Lemma 5.2, if
x;(1 —xj) € Jc, then i = j mod (k+m), so we also have j =i mod (k +m),
giving us x; (1 —x;) € CF(C) and ~ is symmetric. Again applying Lemma 5.2, if
xi(1=xj)e Jcand x;(1—x¢) € Jc, theni = j mod (k +m) and j =¢ mod (k +m),
which implies i = £ mod (k 4+ m), so we must have x; (1 — x,) € J¢, giving us the
transitivity of ~. ([

Observe that this equivalence relation is not true for a general receptive field
code. In our example from Figure 4, x3(1 — x2) € Jcq but x2(1 — x3) is not.

We also observe that we can find the neural ideal of the k-m periodic code for
m > k from the neural ideal of the k-m periodic code with k < m.

Lemma 54. If x, Hier(l —X;j) € Jck‘m(n), then x. njeo(l —Xj) S Jcm’k(n).

Proof. To form the neural ideal, we take the set of functions that evaluate to zero on
all codewords in the code. Given a codeword ¢ € Cy , (n), there is a corresponding
codeword ¢’ € C,, x(n) such that ¢; # ¢; for all i. This implies that any function
that evaluates to 1 on all codewords in Cy ,, (n) evaluates to O on some codeword in
Chm ik (n). O

Observe that the m-k periodic code can be formed from the k-m periodic code
by flipping every bit in every codeword. Lemma 5.4 shows that combinatorially the
information represented by bits which are 1°s and bits which are 0’s has a certain
equivalence. Yet, this information is not equivalent topologically. For example, for
all x > 1, C1 x(1 4 x) is convex but C 1 (1 4 x) is not in general. This implies that
the information represented by 1’s in a code is fundamentally different than that
represented by 0’s.

In order to compare different codes, it is convenient to use a convention to
represent the ideal of a code. In [Curto et al. 2013] an algorithm is developed which
allows the neural ideal to be expressed in canonical form.

Definition 5.5. Let C be a neural code and J¢ its neural ideal. The canonical form
of the neural ideal is the set of all minimal pseudomonomial elements in J¢, where
an element f € J¢ is minimal if f # gh for any pseudomonomial g € J¢- with
deg(g) < deg(f) and some h € Fy[xy, ..., x,].

From this canonical form, a description of the receptive field structure can be
extracted from knowledge only of the code [Curto et al. 2013]. The canonical form
of the code in Figure 4 is given by {x3(1 —x»)}, corresponding to the receptive field
relationship Uz C Us.
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5B. The canonical form of k-m periodic codes. One question of algebraic interest
is whether the canonical forms of k-m periodic codes have any significant properties.
In particular, can the canonical form be used to detect whether a code is periodic? In
this section, we first give the canonical form for a periodic code on k+m neurons. We
then prove several lemmas which extend these results from codes on k + m neurons
to codes on n neurons, allowing us to present the canonical form of any k-m periodic
code in Theorem 5.10.

We first introduce the definition of the interval mod n between two indices, which
will be useful in our formulation of the canonical form of a periodic code. Recall
our notation,

{eli<t=<j} ifi < J,
0;,j(n) = i . 0 e
{tli<f<njU{L|1<e<j} ifi>}].

Definition 5.6. The interval mod n between indices i and j, denoted by Int,[i, j],
is the set 0y, j(n) or o ;(n), whichever is smaller. If |o; ;(n)| = |0} ; (n)|, we choose
Int,[i, j] = o0; j(n) such that i < j by convention.

For example, we have Ints[1, 2] = {1, 2}, and Ints5[1, 5] = {1, 5}.

For simplicity, we include the all-zeros codeword when we give the general
structure of the canonical form. The addition of the all-zeros codeword removes
generators of the form [ [, (I — x;) with no changes to any of the other generators.
This observation, combined with our interval notation, allows us to define four
natural classes of pseudomonomial generators of the canonical form of the periodic
code Cy ,, (n). We define

A= {xixj | k < [Inteymli, j11}-

The set A consists of generators of the form x;x;. A generator x;x; corresponds
to U; NU; = &. We know that the receptive fields of two neurons intersect if and
only if they both fire in the same codeword. In Cy ,, (k + m), neurons i and j only
cofire if [Inty 4, [7, jI| <k, so for U;NU; = &, |Inty 4, [i, jl| > k. Thus, A; consists
of generators of the neural ideal. We define

Ay ={xixj(1 —x2) | z € Intye g [1, j] and k = [Intyy i [7, f11},
Az ={x:(1 —x))(1 —x)) | z € Intyy, [i, j] and k > |Intey (i, j11}.

We observe that A, also consists of generators of the neural ideal. If both
neurons i and j are firing and |Inty,[i, j]| < k, then any neuron contained in
Intyy,, [, j] must also fire or there would be a band of firing neurons of size less
than k. Analogously, A3 also consists of generators of the neural ideal since if both
neurons i and j are not firing, then any neuron contained in Int, [i, j] must also
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not fire or there would be a band of firing neurons of size less than k. We define

Ag={xixjx; | z ¢ Inte i, j1, j & Ity i, 21, i & Intyy [, 21,
and k > max(|Inte 1, [i, j1I, Intetp [i, 21|, (It j, 21D}

The set A4 also consists of generators of the neural ideal. A generator x;x;x,
corresponds to U; NU; N U, = @. For this generator to be minimal, we must have
that the pairwise intersections are nontrivial, so |Intgy,[Z, j1| <k, |Intgi,[i, 2]| <k,
and |Intg,, [, z]| < k, but for the triple intersection to be trivial, we must have that
the third vertex is not contained in these pairwise intervals. Using these sets, we
can construct the canonical form of the k-m periodic code on k 4+ m neurons.

Proposition 5.7. Let k < m. The canonical form of a k-m periodic code on
k + m neurons is given by

CF(Cm(k+m)U{0}) = A U A, UA3U Ay

Proof. From the discussion above, we have seen that all of the described sets must
be generators of the neural ideal. It remains to show that this set is minimal and
that there are no other generators. It is clear that none of the generators in A, or A4
are multiples of the generators of A since in Ay, we have |Intg4,,[i, j]| > k and
in A, and every pair in A4, the interval has size less than or equal to k. Thus the
generators in Ay, Ay, and A4 are minimal. To see that A3 is minimal, we note that
there can be no generators of the form x; (1 — x;) corresponding to U; C U; since
the cyclic nature of the code makes it so that no neuron always fires when another is
firing. We show that this set is complete by showing that it generates no codewords
not in Cy_,, (k +m) U {0}. The all-zeros codeword clearly satisfies the conditions of
the minimal generators and is included in C, so any other codeword must have a 1
at some bit. Let ¢; - - - ¢, be a binary string which vanishes on all of the generators.
Without loss of generality, let c; = 1. We can choose ¢; to be 0 or 1. If we choose it
to be zero, then we must choose ¢,_x4+2 = - - = ¢, = 1 to vanish on the generators
in A, and A3. We also must have that all other bits are O to vanish on the generators
in Aj. Thus, we generate a k-m periodic codeword. If we choose ¢y = 1, then we
can choose c¢3 to be 0 or 1, and if we choose it to be 0, we introduce analogous
restrictions on the remaining bits in the codewords as when we chose ¢; =0, so
we form another k-m periodic codeword but shifted by one bit. Thus, whenever
we choose ¢; =0 for j < k, given that ¢; = 1, we have fixed the remaining bits of
the code so that we have a k-m periodic codeword. Thus, we do not generate any
codewords other than those in C. Therefore, the set A; U A, U A3U Ay is complete
and consists of minimal generators of the neural ideal of Cy ,, (k +m). O

Given that the convex closure is closely related to the original code by the union
with another periodic code, it is natural to ask if we can also find the canonical form
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of the convex closure. To do this we will use Algorithm 1 of [Petersenn et al. 2018],
which describes a method to update the canonical form of a code, CF(C), when
a new codeword c is added. For f € CF(C), if f(c¢) =0, add f to a set L, and
otherwise, add f to a set M. For every g € M and every c¢;, define h = (x; — ¢;)g.
If 4 is not a multiple of an element of L and g is not a multiple of (x; —¢; — 1), add
h to a set W. The canonical form of the new code is given by CF(CUc) = LU W.

We also require defining a subset of the generators in A3 which are not generators
of the neural ideal of the closure,

Ay ={r:(1—x)(1 = x;) | z € Intg [, j] and k = |Intgnli, 11}

Lemma 5.8. Let C = Cy y(k +m) for k < m. The canonical form of the convex
closure C U {0} is
CF(C U{0}) = CF(C U{0})\ As.

Proof. We have C U {0} = Cimk+m)U Cr_1 py1(k+m)U{0}. Algorithm 1 of
[Petersenn et al. 2018] allows us to determine the canonical form of a code that is
modified by adding a single codeword. Let c € C_1 ;;+1(k+m). Since ¢ vanishes on
every generatorin Ay, A,, and A4, we have L =A1UA,UA4. Since Cy_1 41 (k+m)
is periodic, we know that ¢ also vanishes on every generator in A3 \ As. It remains
to show that for every f € A3, there exists ¢ € Ci—_1 m+1(k +m) which does not
vanish on f(c¢). Note that since |Intyy,,[i, j]| =k, we have j =i + k — 1. Take the
codeword 0 =0, j 1, —2(k +m). We have f(o) = 1. So we add x,(1 — x;)(1 —x;)
to M. We have ¢y = 1 for £ € Int,,[i, i +k — 2], but x;(1 —x;)(1 —x;)(1 —x¢) is a
multiple of a generator in A3\ Ag C L. We have ¢y =0 for € & Intyy,[i, i +k —2].
For £ =i+k—1, x;x¢(1 —x;)(1 — x;) is a multiple of a generator in A, C L, and
otherwise we have x,x,(1 —x;)(1 —x;) is a multiple of a generator in A; C L. Thus,
we have CE(CU{0}) =L = (A] UA,UA3UAy) \ A3 =CF(CU{0)\ A3. O

Thus, we have the canonical form of a k-m periodic code and its closure on
k + m neurons, and we want to extend this to a k-m periodic code on n neurons. In
particular, Lemma 5.2 gives us the key result that allows us to do so. Observe that
by Lemma 2.4, the convex closure also satisfies that ¢; = ¢; for i = j mod (k +m),
so the same lemma allows us to extend the results of Lemma 5.2 to the canonical
form of the convex closure. Lemma 5.2 also allows us to define an equivalence
relation on the generators of the neural ideal of a k-m periodic code.

More significantly, Lemma 5.2 in combination with Proposition 5.7 allows us
to detect if a code of arbitrary length is periodic, as we will show in the following
section. To do so we will introduce a concept of equivalence of pseudomonomials.

Definition 5.9. Let f and g be pseudomonomials, f =x, [[;.,(1 —x;) and g =
X' [ l;ep (1 —x;). We say f = g mod a if there exist bijections s : 0 — ¢’ and
t: 7 — 7/ such that s(i) =i mod a and 7(j) = j mod a for some integer a.
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Observe that g = g mod (k + m) trivially by taking both s and ¢ as the identity.

We note that the canonical form of the neural ideal fully characterizes the
code [Curto et al. 2013]. If two codes are permutation equivalent, we can sim-
ilarly permute the indeterminants, x;, that appear in the canonical form, so if
one canonical form, CF(C), can be attained from the other, CF(C"), through a
permutation of the indeterminants, we say that the canonical forms are permutation
equivalent, denoting this equivalence as CF(C) = CF(C’). Combining the results of
Proposition 5.7, Lemma 5.8, and Lemma 5.2 allows us to give the canonical form of
a k-m periodic code on n neurons and that of its convex closure, hence allowing us
to determine if any code is permutation equivalent to a periodic code. We see that
CF(Ci m (n)U{0}) D CF(Cyg i (k+m)U{0}). The canonical form CF(Cy ,,, (n) U{0})
also contains the generators which define the equivalence relation, and as a result
of this equivalence, contains generators equivalent modulo k 4+ m to the generators
of CF(Cy ;m(k +m) U {0}).

Theorem 5.10. Let Cy,, (n) be a k-m periodic code on n neurons and Cy, ,,,(n) be
its convex closure. Define B = {x;(1 —x;) |i = j mod (k+m) and i # j}. Then

CF(Ci,m (m)U{0}) ={f | f = g mod (k+m) for some g € CF(Cy , (k4+m)U{0})}UB,
CF(Ci i m)U{OY) ={f | f = g mod (k+m) for some g € CF(Cy ,, (k+m)U{0})}UB.

Moreover, a code C of length n which does not contain the all-zeros codeword is
permutation equivalent to Cy ,, (n) if and only if

CE(C U{0}) = CF(Cr,m(n) U{0})

for some permutation of the neurons in C. Similarly, C is permutation equivalent to
the convex closure if and only if

CE(C U {0}) = CF(Cyn(n) U {0}).

The canonical forms follow immediately from Proposition 5.7, Lemma 5.8, and
Lemma 5.2. From the results in [Curto et al. 2013], we know that CF(C) fully deter-
mines J¢, which, in turn, fully determines C. Thus, CF(CU{0}) = CF(Cy ,, (n)U{0})
if and only if C and Cy ,, (n) are permutation equivalent. Thus, we are able to provide
three simple checks to detect that a code is not periodic.

Lemma 5.11. Ler C be a neural code with canonical form CF(C U {0}). If any of
the following conditions hold, C is not periodic:

(1) There exists f € CF(C U{0}), where f = [];., Xi ]_[jer(l — x;) such that
T| >2o0r|locUt| > 3.

(2) Fori # j and x; (1 — x;) € CF(C U{0}), there exists g € CF(C U{0}) such that
Tij(g) ¢ CE(CU{0}).
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(3) Fori # jand j #X£, both x;(1—x;) € CF(CU{0}) and x; (1 —x,) € CF(CU{0}),
but x; (1 —x,) ¢ CF(C U {0}).

Lemma 5.11 follows immediately from Proposition 5.7 and Lemma 5.3. Observe
that this guarantees that if x; (1 — x;) is in the canonical form, x;(1 — x;) is also
in the canonical form, as required by Lemma 5.2, since either pseudomonomial
is obtained from the other by applying 7;;. This lemma provides a simple way to
determine when a code is not periodic. Next, we will show that for arbitrary codes
of length n which satisfy these simple criteria, there is still a method which will
allow us to determine k and m and hence the permutation equivalence of the code
to a periodic code.

5C. Identifying periodic codes algebraically. Our formulation of the canonical
form of a k-m periodic code requires knowledge of k and m. For a given code, it
may not be immediately obvious whether it is periodic as the neurons may have
been permuted as we saw in Figure 2, where

C’ = {10010000, 01001000, 00100100, 00010010,
00001001, 10000100, 01000010, 00100001},

C = {10100000, 01010000, 00101000, 00010100,
00001010, 00000101, 10000010, 01000001},

which have corresponding canonical forms,

CF(C'U{0})
= {Xlxz, X2X4,X1X5, X4X5, X1X3, X2X3, X3X4, X3X5, X2X6, X4X6, X5X6, X1X7,
X3X7, X5X7, X6X7, X4(1—x1) (1—x7), X1X8, X2X8, X4X8, X6X§, X7X8,
X5(1—=x2)(1—=xg), x1 (1—=x4) (1—=x6), x6(1—x1)(1—x3),
x2(1=x5)(1—x7), x7(1—x2) (1—2x4), x3(1—x6) (1 —xg), xg(1—x3) (1—x5)}
and
CF(CU{0})
= {x1x2, X2x3, X1 X4, X3X4, X1 X5, X2X5, X4%5, x3(1—x1) (1 —X5), X X,
X2X6, X3X6, X5X6, X4(1—x2) (1—X6), X2X7, X3X7, X4X7, X6X7,
x5(1—=x3)(1—x7), x1x8, X3X8, X4Xg, X5X8, X7X8, X6(1—x4) (1 —xg),
x1(1=x3)(1—x7), x7(1—x1) (1—=x5), x2(1—x4) (1 —xg), x3(1—x2) (1—2x6)}.
In this case, it is not immediately obvious even from the canonical form whether
the code is periodic as all of the generators of CF(C’) and CF(C) have the form
x;xj or x;(1 —x;)(1 — x;), consistent with Lemma 5.11, but only C’ is periodic.
The information we do gain from the canonical form is that there are no generators
of the form x;(1 — x;), so we know that if the code is periodic, then n =k +m
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(Lemma 5.2), which also allows us to determine k by taking the weight of each
codeword, but the question remains how to determine k and m in a general case.
For a code which satisfies the easy-to-check conditions in Lemma 5.11, we
present an algorithm that allows us to determine k and m, and hence whether an
arbitrary code C of length n is k-m periodic for some permutation of the neurons.

(1) Determine k 4 m by determining equivalence classes of vertices: In Lemma 5.3,
we showed that the relation i ~ j if x; (1 — x;) € Jc is an equivalence relation, so
we can partition [r] into k 4+ m equivalence classes. If |C| # k 4+ m, then C is not
periodic (Proposition 2.7).

(2) Determine k by forming C|i4n,: Let Clx,, be the code formed by restricting C
to k + m vertices, where there is one vertex from each equivalence class. If Clx,,
is not a constant-weight code, then C is not periodic. Otherwise, k = wy (c) for
ce C|k+m-

(3) Check for permutation equivalence given k and m: Given k and m, apply
Theorem 5.10 to determine if C is permutation equivalent to Cy , ().

We apply this algorithm to C" and C to show that C’ is periodic and C is not.
In the first step of the algorithm, we find that each neuron is its own equivalence
class for both codes, giving us k +m = 8 and both codes contain eight codewords.
Since each neuron is its own equivalence class, we have that C|4,, is the original
code for both cases in the second step of our algorithm. Each codeword in both
codes has weight 2, giving us kK =2 for both codes. In the third step, we check for
permutation equivalence of the canonical forms of C” and C with the canonical
form of C;(8). We have

CF(C2,6(3)U{0})
= {x1x3, x1x4, X2x4, X1x5, X2X5, x3%5, X2(1—x1) (1—x3), x4 (1 —x3) (1 —x5),
X1X6, X2X6, X3X6, X4X6, X3(1—x2) (1—x4), x5(1—x4) (1—x6),
X1X7, X2X7, X3X7, X4X7, X5X7, X6 (1 —x5) (1—x7), X2X8, X3X8,
x4X8, Xsxg, X6xg, X7(1—x6) (1—xg), x1(1—x2) (1—x3), x3(1—x1) (1—x7) }.
We see by applying the permutation (24)(37)(68) to C’ that we attain the same

canonical form, so C’ is permutation equivalent to a periodic code. There is no
such permutation for C, so this code is not periodic.

6. Discussion

We showed that periodic codes Cy ,, (1) with 1 < k <m do not have a convex real-
ization, potentially explaining the behavioral errors which owls make in localizing
sounds of a single frequency. However, for sounds with greater bandwidth, the owl
is able to locate sounds with high precision, which suggests that there is a convex
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realization of these codes. In particular, we showed that the convex closure of a
single periodic code is its union with another periodic code. Such a code could arise
by combining the code from many isofrequency columns as occurs in the inferior
colliculus, perhaps explaining why the first space-mapped cells exist in this nucleus.
Alternatively, we discussed that this could arise biologically through stochasticity,
suggesting that both stochasticity and sparsity might be advantageous biologically.
Here we have framed our questions in terms of the system of sound localization
in the owl, but we note that there are other systems which may be a natural extension
of periodic codes. For example, the receptive fields of rats’ grid cells are centered
at the vertices of a hexagonal lattice, and so are themselves periodic [Moser et al.
2008]. This two-dimensional system of grid cells raises the question of how to
define periodic codes in higher dimensions, which we leave for further research.

Acknowledgements

We thank Michael Reed and William Pardon for helpful discussions in the early
phases of this project. We also thank Nell Cant for suggesting the barn owl’s
auditory system as a model system and Caitlin Lienkaemper for her comments
on the manuscript. This work was supported by NIH RO1 EB022862 and NSF
DMS1516881.

References

[Carr and Konishi 1988] C. E. Carr and M. Konishi, “Axonal delay lines for time measurement in the
owl’s brainstem”, Proc. Natl. Acad. Sci. USA 85:21 (1988), 8311-8315.

[Cruz et al. 2019] J. Cruz, C. Giusti, V. Itskov, and B. Kronholm, “On open and closed convex codes”,
Discrete Comput. Geom. 61:2 (2019), 247-270. MR Zbl

[Curto 2017] C. Curto, “What can topology tell us about the neural code?”, Bull. Amer. Math. Soc.
(N.S.) 54:1 (2017), 63-78. MR Zbl

[Curto et al. 2013] C. Curto, V. Itskov, A. Veliz-Cuba, and N. Youngs, “The neural ring: an algebraic
tool for analyzing the intrinsic structure of neural codes”, Bull. Math. Biol. 75:9 (2013), 1571-1611.
MR Zbl

[Curto et al. 2017] C. Curto, E. Gross, J. Jeffries, K. Morrison, M. Omar, Z. Rosen, A. Shiu, and
N. Youngs, “What makes a neural code convex?”, SIAM J. Appl. Algebra Geom. 1:1 (2017), 222-238.
MR Zbl

[Curto et al. 2019a] C. Curto, E. Gross, J. Jeffries, K. Morrison, Z. Rosen, A. Shiu, and N. Youngs,
“Algebraic signatures of convex and non-convex codes”, J. Pure Appl. Algebra 223:9 (2019), 3919-
3940. MR Zbl

[Curto et al. 2019b] C. Curto, A. Veliz-Cuba, and N. Youngs, “Analysis of combinatorial neural
codes: an algebraic approach”, pp. 213-240 in Algebraic and combinatorial computational biology,
edited by R. Robeva and M. Macauley, Academic Press, London, 2019. MR Zbl

[Jeffs et al. 2019] R. A. Jeffs, M. Omar, N. Suaysom, A. Wachtel, and N. Youngs, “Sparse neural
codes and convexity”, Involve 12:5 (2019), 737-754. MR Zbl


http://dx.doi.org/10.1073/pnas.85.21.8311
http://dx.doi.org/10.1073/pnas.85.21.8311
http://dx.doi.org/10.1007/s00454-018-00050-1
http://msp.org/idx/mr/3903788
http://msp.org/idx/zbl/1407.92031
http://dx.doi.org/10.1090/bull/1554
http://msp.org/idx/mr/3584098
http://msp.org/idx/zbl/1353.92027
http://dx.doi.org/10.1007/s11538-013-9860-3
http://dx.doi.org/10.1007/s11538-013-9860-3
http://msp.org/idx/mr/3105524
http://msp.org/idx/zbl/1311.92043
http://dx.doi.org/10.1137/16M1073170
http://msp.org/idx/mr/3633775
http://msp.org/idx/zbl/1362.92012
http://dx.doi.org/10.1016/j.jpaa.2018.12.012
http://msp.org/idx/mr/3944460
http://msp.org/idx/zbl/1415.92044
http://dx.doi.org/10.1016/B978-0-12-814066-6.00007-6
http://dx.doi.org/10.1016/B978-0-12-814066-6.00007-6
http://msp.org/idx/mr/3839592
http://msp.org/idx/zbl/1409.92034
http://dx.doi.org/10.2140/involve.2019.12.737
http://dx.doi.org/10.2140/involve.2019.12.737
http://msp.org/idx/mr/3954293
http://msp.org/idx/zbl/1412.52002

PERIODIC NEURAL CODES AND SOUND LOCALIZATION IN BARN OWLS 37

[Knudsen and Konishi 1979] E. I. Knudsen and M. Konishi, “Mechanisms of sound localization in
the barn owl (Tyto alba)”, J. Compar. Physio. 133 (1979), 13-21.

[Knudsen et al. 1979] E. I. Knudsen, G. G. Blasdel, and M. Konishi, “Sound localization by the barn
owl (Tyto alba) measured with the search coil technique”, J. Compar. Physio. 133 (1979), 1-11.

[Konishi et al. 1988] M. Konishi, T. Takahashi, H. Wagner, W. E. Sullivan, and C. Carr, “Neuro-
physiological and anatomical substrates of sound localization in the owl”, pp. 721-745 in Auditory
function: neurological bases of hearing, Wiley, New York, 1988.

[Lienkaemper et al. 2017] C. Lienkaemper, A. Shiu, and Z. Woodstock, “Obstructions to convexity in
neural codes”, Adv. in Appl. Math. 85 (2017), 31-59. MR Zbl

[MacWilliams and Sloane 1977] F.J. MacWilliams and N. J. A. Sloane, The theory of error-correcting
codes, I, North-Holland Mathematical Library 16, North-Holland, Amsterdam, 1977. MR Zbl

[Moser et al. 2008] E. I. Moser, E. Kropff, and M. B. Moser, “Place cells, grid cells and the brain’s
spatial representation system”, Ann. Rev. Neurosci. 31 (2008), 69-89.

[Petersenn et al. 2018] E. Petersenn, N. Youngs, R. Kruse, D. Miyata, R. Garcia, and L. D. Garcia
Puente, “Neural ideals in SageMath”, pp. 182-190 in Mathematical software — ICMS 2018 (South
Bend, IN, 2018), edited by J. H. Davenport et al., Lecture Notes in Computer Science 10931,
Springer, 2018.

[Wagner et al. 1987] H. Wagner, T. Takahashi, and M. Konishi, “Representation of interaural time
difference in the central nucleus of the barn owl’s inferior colliculus”, J. Neurosci. 7:10 (1987),
3105-3116.

Received: 2019-06-13 Revised: 2021-06-15 Accepted: 2021-07-19

lindsey_brown®alumni.harvard.edu
Princeton Neuroscience Institute, Princeton University,
Princeton, NJ, United States

ccurto@psu.edu Department of Mathematics, The Pennsylvania State
University, State College, PA, United States

mathematical sciences publishers :.msp


http://dx.doi.org/0.1007/BF00663106
http://dx.doi.org/0.1007/BF00663106
http://dx.doi.org/10.1007/BF00663105
http://dx.doi.org/10.1007/BF00663105
http://dx.doi.org/10.1016/j.aam.2016.11.006
http://dx.doi.org/10.1016/j.aam.2016.11.006
http://msp.org/idx/mr/3595298
http://msp.org/idx/zbl/1353.05132
http://msp.org/idx/mr/0465509
http://msp.org/idx/zbl/0369.94008
http://dx.doi.org/10.1146/annurev.neuro.31.061307.090723
http://dx.doi.org/10.1146/annurev.neuro.31.061307.090723
http://dx.doi.org/10.1007/978-3-319-96418-8_22
http://dx.doi.org/10.1523/JNEUROSCI.07-10-03105.1987
http://dx.doi.org/10.1523/JNEUROSCI.07-10-03105.1987
mailto:lindsey_brown@alumni.harvard.edu
mailto:ccurto@psu.edu
http://msp.org

involve

msp.org/involve

INVOLVE YOUR STUDENTS IN RESEARCH

Involve showcases and encourages high-quality mathematical research involving students from all
academic levels. The editorial board consists of mathematical scientists committed to nurturing
student participation in research. Bridging the gap between the extremes of purely undergraduate
research journals and mainstream research journals, Involve provides a venue to mathematicians
wishing to encourage the creative involvement of students.

Colin Adams
Arthur T. Benjamin
Martin Bohner
Amarjit S. Budhiraja
Scott Chapman
Joshua N. Cooper
Toka Diagana
Michael Dorff
Joel Foisy
Amanda Folsom
Errin W. Fulp
Joseph Gallian
Stephan R. Garcia
Anant Godbole
Ron Gould

Sat Gupta

Jim Haglund
Glenn H. Hurlbert
Michael Jablonski
Nathan Kaplan
Gerry Ladas
David Larson

MANAGING EDITOR

Kenneth S. Berenhaut

BOARD OF EDITORS

Williams College, USA
Harvey Mudd College, USA

Missouri U of Science and Technology, USA

U of N Carolina, Chapel Hill, USA
Sam Houston State University, USA
University of South Carolina, USA

Suzanne Lenhart
Chi-Kwong Li
Robert B. Lund
Gaven J. Martin
Steven J. Miller
Frank Morgan

U of Alabama in Huntsville, USA Mohammad Sal Moslehian
Brigham Young University, USA Zuhair Nashed
SUNY Potsdam, USA Ken Ono

Ambherst College, USA

Wake Forest University, USA
University of Minnesota Duluth, USA
Pomona College, USA

East Tennessee State University, USA
Emory University, USA

U of North Carolina, Greensboro, USA
University of Pennsylvania, USA
Virginia Commonwealth U, USA
University of Oklahoma, USA
University of California, Irvine, USA
University of Rhode Island, USA
Texas A&M University, USA

Jonathon Peterson
Carl B. Pomerance
Vadim Ponomarenko
Bjorn Poonen
J6zeph H. Przytycki
Javier Rojo

Filip Saidak

Hari Mohan Srivastava
Andrew J. Sterge
Ann Trenk

Ravi Vakil

John C. Wierman

PRODUCTION
Silvio Levy, Scientific Editor

Wake Forest University, USA

University of Tennessee, USA
College of William and Mary, USA
Clemson University, USA

Massey University, New Zealand
Williams College, USA

Williams College, USA

Ferdowsi University of Mashhad, Iran
University of Central Florida, USA
Univ. of Virginia, Charlottesville
Purdue University, USA

Dartmouth College, USA

San Diego State University, USA
Massachusetts Institute of Technology, USA
George Washington University, USA
Oregon State University, USA

U of North Carolina, Greensboro, USA
University of Victoria, Canada
Honorary Editor

Wellesley College, USA

Stanford University, USA

Johns Hopkins University, USA

Cover: Alex Scorpan

See inside back cover or msp.org/involve for submission instructions. The subscription price for 2022 is US $/year for the electronic
version, and $/year (+$, if shipping outside the US) for print and electronic. Subscriptions, requests for back issues and changes of
subscriber address should be sent to MSP.

Involve (ISSN 1944-4184 electronic, 1944-4176 printed) at Mathematical Sciences Publishers, 798 Evans Hall #3840, c/o University of
California, Berkeley, CA 94720-3840, is published continuously online. Periodical rate postage paid at Berkeley, CA 94704, and additional
mailing offices.

Involve peer review and production are managed by EditFLow® from Mathematical Sciences Publishers.
PUBLISHED BY
:I mathematical sciences publishers
nonprofit scientific publishing
http://msp.org/
© 2022 Mathematical Sciences Publishers


http://msp.org/involve
http://msp.org/involve
http://msp.org/
http://msp.org/

Constructing unramified extensions over quadratic fields
MISATO AOKI AND MASANARI KIDA

Applying iterated mapping to the no-three-in-a-line problem
COLE BROWER AND VADIM PONOMARENKO

The tunnel numbers of all 11- and 12-crossing alternating knots
FELIPE CASTELLANO-MACIAS AND NICHOLAS OWAD

Discordant sets and ergodic Ramsey theory
VITALY BERGELSON, JAKE HURYN AND RUSHIL
RAGHAVAN

Hitting time of Brownian motion subject to shear flow
DESPINA CHOULIARA, YISHU GONG, SIMING HE,
ALEXANDER KISELEV, JAMES LIM, OMAR MELIKECHI
AND KEENAN POWERS

Continuous guessing games with two secret numbers
DAVID CLARK AND NICHOLAS LAYMAN

The differentiation operator on discrete function spaces of a tree

ROBERT F. ALLEN AND COLIN M. JACKSON

"~ Periodic neural codes and sound localization in barn owls 1
LINDSEY S. BROWN AND CARINA CURTO
Milnor invariants of sorting networks
MAXIM ARNOLD AND CHRISTIAN KONDOR

39

55

69

75

89

131

141

163


http://dx.doi.org/10.2140/involve.2022.15.1
http://dx.doi.org/10.2140/involve.2022.15.39
http://dx.doi.org/10.2140/involve.2022.15.55
http://dx.doi.org/10.2140/involve.2022.15.69
http://dx.doi.org/10.2140/involve.2022.15.75
http://dx.doi.org/10.2140/involve.2022.15.89
http://dx.doi.org/10.2140/involve.2022.15.131
http://dx.doi.org/10.2140/involve.2022.15.141
http://dx.doi.org/10.2140/involve.2022.15.163

	1. Introduction
	2. Periodic codes
	2A. Basic definitions
	2B. Periodic codes and their properties
	2C. Comparison to cyclic codes
	2D. Biological motivation: sound localization in the barn owl

	3. Convex closures of periodic codes
	3A. Convex codes and the convex closure
	3B. Convexity and sound localization
	3C. The convex closure of a periodic code
	3D. Proofs of Propositions 3.4 and 3.5

	4. Stochastically convex periodic codes
	4A. Proof of Proposition Proposition 4.2
	4B. Convex completions of Hamming distance d

	5. Algebraic signatures of k-m periodic codes
	5A. The neural code as an algebraic ideal
	5B. The canonical form of k-m periodic codes
	5C. Identifying periodic codes algebraically

	6. Discussion
	Acknowledgements
	References
	
	

