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Abstract

The inferior colliculus (IC) is an auditory midbrain nucleus essential to the
perception of sound frequency and the localization of sound source; yet it remains
unclear how the firing rate of primate IC neurons contribute to the localization of
concurrent sounds of variable sound frequencies. In this work, I extracellularly recorded
the activity of 105 IC neurons while two adult macaque monkeys reported the
location(s) of either a single bandpass filtered sound or two concurrent bandpass filtered
sounds spatially separated by 24° and separated in sound frequency by 0.25 - 2 octaves.
Monkeys performed this task well, with an accuracy of about 80% on single sound trials
and about 90% on dual sound trials. The improvement in performance on dual sound
trials was not explained by dual sound modulations of IC neural response functions. On
dual sound trials, IC neuron receptive fields broadened, and sound frequency accounted
for less variance in the dual sound response; and these changes decreased the
performance of a maximume-likelihood decoder in correctly labeling the condition of a
held out dual sound trial by about 20%. Overall, these results suggest that changes to
the IC neural response functions elicited by the presence of a second, concurrent, sound
should impair rather than facilitate the IC encoding of concurrent sounds and that an
alternative explanation is required to account for monkey performance. I next

investigated if recently discovered response alternations, suggested to underlie the
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encoding of concurrent sounds, were present in the recorded populations. These
response alternations occur when an IC neuron alternates its firing rate between the rate
corresponding to each component sound of a dual sound pair. These response
alternations were observed in about 60% of IC neurons and their contribution to the
population response remained stable across the full, 2 octave, range of frequency
separations tested. Thus, response alternations are a general mechanism used by the IC
to potentially facilitate the encoding of multiple sounds and these results add to a
growing body of work observing response alternations across brain areas. The
measurements I performed clearly indicate that neurons in the primate IC are sensitive
to not only sound frequency and location but also the number of sounds in the
environment. Future empirical and theoretical work is needed to elucidate how exactly
these response alternations arise and are read out by downstream neurons to allow for

the perception of concurrent sounds.
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1. Introduction

The natural world is cluttered with objects that generate sensations in nervous
systems. To behave successfully in these noisy environments sensory systems must
encode and maintain information about behaviorally relevant cues, even if these cues
overlap in time, space, or content. Although done for rigor and interpretability of the
results, most work in sensory neuroscience is done in contrived environments where
animals are presented with a solitary stimulus; and, most of the work done with
multiple stimuli probe how neural populations integrate cues from different senses (e.g.
Stein & Stanford, 2008) or how extraneous cues are filtered out of neural signals
(e.g.Maunsell, 2015). So, the field’s understanding of how a population of neurons
represents simultaneous stimuli, as is often faced in nature, is quite limited. The current
work sheds light on this topic by investigating the representation of concurrent sounds
in the monkey inferior colliculus (IC), an auditory midbrain nucleus.

In the chapters below, I present evidence that concurrent sounds reduce neural
selectivity for sound frequency, degrading the representation of sounds in the IC
(chapter 3). I then show that recently discovered response fluctuations (Caruso et al.,
2018) occur in a large proportion of IC neurons and consistently contribute to the
population response even for sound pairs with wide frequency separation, indicating

these response fluctuations are a general mechanism IC neurons exploit to encode



concurrent sounds (chapter 4). The following sections provide background and

motivation for this work.

1.1 The representation of sound in the auditory midbrain

The auditory system is responsible for encoding the spectral, temporal, and
spatial properties of sounds. It does this with, arguably, the most elegant biology in the
known universe. Sounds are initially generated by a vibrating source which creates a
change in air pressure (air is the typical medium for primates). In the mammalian
system, these sound waves are reflected and amplified by the external auditory meatus
(i.e. pinna and ear canal) before it reaches the tympanic membrane (i.e. ear drum). The
movement of the tympanic membrane results in vibrations of the middle ear ossicles
initiating a traveling wave in the fluid filled cochlea (i.e. inner ear). Due to the unique
and extraordinary properties of the inner ear (for review see: Hudspeth, 2014), the
traveling wave propagates a specific distance along the cochlea dependent on the sound
frequency, where it is then transduced into neural signals by inner hair cells residing on
the basilar membrane. Therefore, there is a contiguous mapping of sound frequency
along the basilar membrane, a property known as tonotopy. Downstream nuclei inherit
this tonotopy making it the dominant organizational principle of the auditory system.
The cochlea then projects to the cochlear nucleus which in turn projects auditory signals

into a multitude of parallels pathways (Cant & Benson, 2003).



Crucially, the transduction of sound waves is reliant on only the amplitude and
spectral content of a given sound and intrinsically contains no spatial information about
the sound source. Indeed, localization of sounds must be computed from additional
cues. Some of these cues, initially outlined around the turn of the 20* century (Rayleigh,
1907; Thompson, 1882), arise due to differences between sounds at the two ears and are
referred to as binaural cues. The first cue arises due to a sound arriving at one ear earlier
than the other generating an interaural time difference (ITD). The second cue arises due
to the acoustic shadow of the head creating an interaural level difference (ILD). These
cues are extracted through specialized connections between the cochlear nucleus and the
superior olivary complex and are predominately thought to subserve localization of
sounds in the horizontal plane (for review see:Grothe, Pecka, & McAlpine, 2010). A
third cue, thought to underlie vertical localization, arises monoaurally and depends on
spectral analysis of the reflection of different sound frequencies by the pinna (Blauert,
1997). Interestingly, these spectral cues are learned and can be altered through changes
to the external ear throughout life (Hofman, Van Riswick, & Van Opstal, 1998).
Nonetheless, a large aspect of the subcortical auditory system evolved to extract spatial
information from the monaural and binaural cues.

Notably, invertebrates, birds and reptiles, amphibians, and mammals
independently evolved tympanic membranes (Grothe et al., 2010). So, although there are

well described and elegant systems for sound localization described in other species



(Knudsen & Konishi, 1978; Mason, Oshinsky, & Hoy, 2001) the implementation in the
mammalian system could be quite different. The monkey auditory system, then,
provides a number of advantages for studying the representation of concurrent stimuli.
First, the monkey auditory system is quite similar to that of humans with largely
overlapping acoustic ranges (Moore, 2012; Pfingst, Laycock, Flammino, Lonsbury-
Martin, & Martin, 1978; Stebbins, Green, & Miller, 1966), a similar coarse tonotopic
organization of the IC (Bulkin & Groh, 2011; Ress & Chandrasekaran, 2013), and similar
patterns of ILDs and ITDs measured by the macaque head-related transfer function
(Spezio, Keller, Marrocco, & Takahashi, 2000). Secondly, monkeys can be trained to
perform many demanding behaviors. In the present work monkeys were trained to
report the location of a single or each of two concurrent sound(s) by an eye movement to
the sound source(s). Behavior is necessary to ground the interpretation of neural activity
(Krakauer, Ghazanfar, Gomez-Marin, Maclver, & Poeppel, 2017), and in the case of the
present work the behavioral task ensures neural activity recorded on dual sound trials
underlies the encoding of multiple sounds.

The foremost reason to investigate the representation of concurrent sounds
within the inferior colliculus (IC) is because it is a coding bottleneck. Nearly every
ascending auditory pathway converges into the IC (Aitkin & Phillips, 1984) bestowing
IC neurons with sensitivity to a myriad of sound parameters (for review see: The Inferior

Colliculus, 2005). Among them it is known that the IC contributes to the perception of



sound frequency (Lim, Lenarz, & Lenarz, 2009; Pages et al., 2016) and sound localization
(Jenkins & Masterton, 1982; Kelly & Kavanagh, 1994). Importantly, the representation of
sound frequency and sound location in the primate IC are coarse (Bulkin & Groh, 2011;
Groh, Kelly, & Underhill, 2003; A. Ryan & Miller, 1978; Versnel, Zwiers, & van Opstal,
2009; Zwiers, Versnel, & Van Opstal, 2004). For example, a given pure tone can activate
20-80% of frequency modulated sites (Bulkin & Groh, 2011). Spatial receptive fields are
also broad, typically responding monotonically as a function of sound eccentricity (Groh
et al., 2003; Zwiers et al., 2004). In short, the nearly complete convergence of auditory
signals into the IC implies that if there are perceived sounds, information about each
should be observable in the neural activity of IC neurons.

The rate-based nature of the code for sound location (McAlpine, Jiang, & Palmer,
2001) is particularly puzzling for the localization of concurrent sounds, since neurons
cannot fire at two rates simultaneously. How, then, do humans and monkeys localize
simultaneously presented sound?

A potential way to overcome this rate code constraint is to potentially segregate
out the signal for each sound into segregated neural populations. The most likely
mechanism to segregate neural populations in the monkey IC is through frequency
selectivity. In fact, it is known that sound frequency can play an important role in
concurrent sound localization. For example, if two sounds of the same center frequency

are presented simultaneously the perceived sound source is a phantom directly between



the two actual sources, an illusion known as summing localization. However, as the
frequency separation of the two sounds increases the illusion attenuates (Blauert, 1997).
This was also seen in previous work in monkey behavior when performance on a dual
sound localization task improved as the frequency distance between the two sounds
increased (Caruso et al., 2018).

The following chapters investigate the role of frequency tuning and frequency

separation in the encoding of concurrent sounds.



2. Methods

This section describes the methods shared between the following chapters.

2.1 General

All procedures were approved by the Duke Institutional Animal Care and Use
Committee. Two adult, female, rhesus monkeys participated in this study. General
procedures have been previously described in greater detail (Caruso et al., 2018; Groh,
Trause, Underhill, Clark, & Inati, 2001). Briefly, under aseptic conditions a head post and
a scleral search coil (Judge, Richmond, & Chu, 1980; Robinson, 1963), were surgically
implanted. After recovery monkeys were trained to perform a sound localization task as
described below. Once the task was learned, a recording chamber (Crist Instruments)
was implanted over the left IC (in both monkeys) based on stereotaxic coordinates and

was confirmed after implantation with structural MRI (Groh et al., 2001)

2.2 Training and behavior

During behavioral training and recording sessions monkeys performed single
and dual sound localization tasks as shown in figure 1A. Monkeys were seated in a
dark, sound attenuated room with head movements restrained. The illumination of a
fixation light (LED) at 0° in both the horizontal and vertical dimensions signified the
start of the trial. Monkeys began the trial by acquiring and holding fixation on the light.
After a variable duration of fixation (600-700 ms) either a single sound or two

simultaneous sounds would be presented while the monkey held fixation. After a
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variable overlap of fixation and sound presentation (1000-1100 ms) the fixation light was
turned off cueing the monkey to saccade to the origin of the sound or sounds. The
monkey had a brief temporal window for their eyes to leave the fixation window and
enter the first target window. The monkey then had to hold fixation in the target
window briefly before initiating a second saccade to the second target window or until
the single sound trial ended. The sound remained on until the end of the trial. If the
monkeys performed the trial correctly, they were rewarded with a grape juice solution
(30% grape juice, 70% water). Reward was delivered through a drinking tube and
controlled via a solenoid.

The sound localization task used in this study was designed and implemented
with proprietary software (Beethoven, RYKLIN Software Inc) and was adapted from a
previous study (Caruso et al., 2018). There were two major adaptations. First, additional
sound frequencies were used. Second, sounds in this study are only located at +12°,
meaning on dual sound trials the sounds are 24° apart compared to 30° in Caruso et al.
(2018).

Initially, monkeys were trained to saccade to the origin of a sound (e.g. to the
location of the speaker). Monkey Y was then trained to saccade to the source of sounds
presented in a sequence. Over time the inter-sound-interval was decreased until

eventually the sounds were presented simultaneously (Caruso et al., 2018). Monkey Y



was trained on all conditions except the control conditions. Monkey N was trained on
the final task, including all conditions.

Eye position was acquired through an implanted scleral coil and Riverbend field
system. Eye coil outputs were calibrated each day before behavioral and recording
sessions. All behavioral data, including eye position data, were saved in Beethoven files

for offline analysis.

2.3 Sound stimuli

All sounds consisted of bandpass filtered noise constructed by adding a series of
tones. Sounds were frozen for each experimental session; that is for any given
experimental session every instance of the sound stimulus of a given frequency involved
the same waveform. The center frequencies were equally spaced in 0.25 octave intervals:
420, 500, 595, 707, 841, 1000, 1189, 1414, 1682 and 2000 Hz. These sounds were chosen
due to the large proportion of IC neurons responsive at these frequencies (Bulkin &
Groh, 2011), increasing the chance that more than one sound would significantly drive
any recorded neuron.

All sounds were generated using proprietary software (Beethoven, RYKLIN
Software Inc.) and passed through appropriate amplifiers to two speakers matched in
their frequency response characteristics. Speakers were positioned at +12° in the
horizontal azimuth and at 0° in elevation at a distance approximately 1 meter from the

monkey. Sounds were calibrated using a microphone at the position where the



monkey’s head would be during the experiment. Sounds were calibrated to be 55 dB
SPL when presented in isolation; these stimuli resulted in 60 dB SPL sound reaching the
monkey on dual sound trials. The intensity difference is not expected to have
substantive effects on neural activity or behavior (Caruso et al., 2018). We kept the
sound source signals constant across conditions because in the real-world
simultaneously occurring sounds are louder than when the component sounds are
presented in isolation. All experiments were conducted in an anechoic chamber; the wall
and ceilings were lined with echo attenuating foam (Sonex) and the floor was carpeted.

Across all experimental sessions there were 56 conditions, involving either one or
two sounds in combination. For simplicity, we will refer to the sounds in two subsets,
“A” and “B”. The A sounds were used to assess the frequency tuning curves and
consisted of the 8 middle sound frequencies (500 to 1682 Hz). The B sounds flanked the
A sounds, at either 420 or 2000 Hz. On single sound trials any one of the 10 (8 A + 2 B)
sounds could be presented in isolation at either + 12°. On dual sound trials, an A sound
was presented at either + 12° and paired with a B sound at the opposite location. The
dual and single sound trials accounted for 52 of the 56 conditions (8 A sounds x 3 paired
conditions (none, 420 or 2000 Hz) x 2 locations = 48 + 2 B sounds presented in isolation x
2 locations = 56 conditions). To ensure monkeys were actively perceiving both sounds
and not saccading to remembered locations in response to more complex spectral

content (e.g. the dual sound trials have power in more bands than single sound trials),
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an added control accounted for the last 4 conditions. The control trial presented a 1189
Hz sound with either B sound at either +12°, that is to say the 1189 Hz and B sound were
targeted to the same speaker location (2 sounds (1189+420 Hz or 1189+2000 Hz) x 2
locations = 4). Monkeys typically made single saccades on these control trials and
reached high performance levels.

To acquire enough trials per condition and to accommodate cell holding times
(typically 1-2 hours), the number of conditions per recording session were limited by
presenting the A sounds at only one location (either +12°) each day. Therefore, each
recording session consisted of 32 conditions. The eight A sounds presented alone or in
combination with either B sound accounted for 24 of the 32 conditions (8 sounds x 3
paired tones x 1 location = 24). To allow counterbalancing, the two B sounds were still
presented at both locations (2 sounds x 2 locations = 4). The control conditions were not
changed across days and accounted for the last 4 conditions. (2 sounds x 2 locations = 4).
However, the control condition was added after monkey Y recordings were completed,
therefore monkey Y recording sessions only consist of 28 conditions.

Conditions were randomly interleaved: any given trial had a 45% chance to be a
single sound trial, a 45% chance to be a dual sound trial, or a 10% chance to be a control
trial (or for monkey Y a 50% chance to be either a single- or dual-sound trial). Within the
control and dual sound trial types the likelihood of any condition was equal. The

likelihood of any single condition was equal except on 50% of single sound trials the B
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sounds were presented at the opposite location of the A sounds to counterbalance the

location of the single sounds.

2.4 Neural recordings

Neural activity was acquired through a Multichannel Acquisition Processor
(MAP system, Plexon Inc). Single and multiunit activity signals were sent to an external
speaker for auditory detection of neural activity. Once single units were isolated, using
the box method (Plexon SortClient software), spike times were sent to Beethoven and
saved for offline analysis.

Prior to each recording session the chamber was cleaned and a grid and turret
(Crist Instrument, Imm spaced grid) was inserted into the chamber. Prior to recordings,
grid positions likely to intercept the IC were localized using structural MRI (Groh et al.,
2001). A single tungsten micro-electrode (FHC, ~1-5 MQ)) was backloaded into a
stainless-steel guide tube. The guide tube was then manually inserted approximately 1
cm into the brain. The electrode was then advanced with a microdrive (NAN
Instruments) at 100-200 pm/s until the electrode tip was just outside of the guide tube.
This was indicated by a mark on the electrode and confirmed by a change in the hash
typical upon electrode entrance into the brain. The depth on the microdive was then
zeroed and the electrode was advanced at roughly 8 pm/s while monkeys sat passively
listening to sounds of variable frequencies presented every few seconds. Once the

expected depth and/or sound related activity (determined by ear) was encountered in

12



the hash, electrode movement was stopped, and the electrode was allowed to settle for
approximately 1 hour. The settling depth typically occurred 22 mm after exiting the
guide tube. The electrode was then advanced in 1 pm increments until a cell was well
isolated. If no cells were well isolated the electrode was retracted at roughly 8 um/s.

A total of 105 neurons were recorded (monkey Y right IC, N=45; monkey N right

IC, N=59; monkey N left IC, N=1).
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3. Multiple sounds degrade the frequency representation
in monkey inferior colliculus

3.1 Introduction

Natural environments contain numerous stimuli. A fundamental question is
how the brain simultaneously encodes multiple items, particularly when more than one
item falls within a given neuron’s receptive field. Two possible (and potentially
complementary) solutions to this multiplicity conundrum have been proposed: that
receptive fields effectively shrink or shift to limit the number of stimuli within them,
and/or that fluctuating activity patterns allow individual neurons to contribute to
encoding only one particular stimulus at any given time. There is evidence in favor of
the fluctuating activity hypothesis (Caruso et al., 2018), but whether the underlying
tuning curves may also change to facilitate encoding multiple stimuli remains unknown.
Here, we evaluated whether and how the presence of more than one sound alters the
frequency tuning properties of neurons in the inferior colliculus (IC).

The monkey IC is an ideal structure to probe how neurons code concurrent
stimuli for two reasons. First, nearly every auditory signal converges to the IC prior to
ascending to the thalamus (Aitkin & Phillips, 1984), so information must be preserved at
this stage in order to be available to higher areas (for review see The Inferior Colliculus,
2005). Causal studies have indicated a role in frequency perception (Pages et al., 2016)
and sound localization (Jenkins & Masterton, 1982; Kelly & Kavanagh, 1994). Second, the

representations of sound frequency and location in the monkey IC are coarse (Bulkin &
14



Groh, 2011; Groh et al., 2003; A. Ryan & Miller, 1978; Versnel et al., 2009; Zwiers et al.,
2004). A given pure tone can activate anywhere from 20-80% of frequency modulated
sites (Bulkin & Groh, 2011), implying that broadband natural stimuli are likely to be
capable of activating an even higher percentage. Neurons tend not to have
circumscribed spatial receptive fields but respond monotonically as a function of
increasing sound eccentricity over a broad range of space (a hemifield or more, Groh et
al., 2003; Zwiers et al., 2004).

In short, the almost complete convergence of ascending auditory signals in the
IC, together with the broad frequency and spatial tuning in this structure, suggests that
two sounds can potentially recruit similar populations of IC neurons. Nevertheless,
humans (Best, Schaik, & Carlile, 2004; Perrott, 1984a, 1984b; Zhong & Yost, 2017) and
monkeys (Caruso et al., 2018) are capable of localizing two concurrent sounds, implying
that the IC population must overcome these coding constraints.

One possibility is that IC neurons sharpen or shift their frequency tuning curves
to limit the degree to which any two stimuli fall within their receptive field. Tuning
curves are not immutable (Weinberger, 1995). For example, spatial tuning in cat auditory
cortex is modulated by behavioral state: units show broad selectivity under anesthesia
(Imig, Irons, & Samson, 1990; Middlebrooks, Clock, Xu, & Green, 1994; Middlebrooks &
Pettigrew, 1981) but become more selective in the awake cat (Mickey & Middlebrooks,

2003), particularly when performing a spatial auditory task (Lee & Middlebrooks, 2011).
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Surround suppression in the visual system provides another example (Chettih &
Harvey, 2019; Hartline & Ratliff, 1957) as do response profile modulations associated
with experience (Freedman, Riesenhuber, Poggio, & Miller, 2005) or auditory attention
(Connell, Barczak, Schroeder, & Lakatos, 2014).

Could the monkey IC also sharpen tuning curves to facilitate encoding of
multiple stimuli? Previous work in the rabbit IC showed concurrent sound presentation
broadens spatial tuning (Day, Koka, & Delgutte, 2012). However, it remains to be seen if
frequency tuning is affected by the presence of a concurrent sound. The present study
investigates how frequency tuning curves are modulated by the presence of an
additional sound and if these changes are beneficial to decoding stimulus information
from the population.

Single neuron activity was recorded from the IC while monkeys made saccades
to one or two simultaneously presented sounds. Monkeys performed at least 86% correct
on dual sound trials for all frequency separations. Frequency tuning curves were often
altered when a second sound was presented but did not appear to shrink or shift.
Rather, most neurons actually broadened their tuning curves. A maximum-likelihood
decoder used to decode the stimulus on a held-out trial performed slightly worse when
the held-out trial was a dual-sound trial. Thus, the frequency tuning curve modulations
due to the presence of an additional sound seem to limit the available stimulus

information encoded by the population of IC neurons. We conclude that changes to the
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frequency tuning properties of IC neurons in the presence of multiple sounds are

unlikely to solve the multiplicity problem.

3.2 Methods
3.2.1 Behavior

All behavioral analysis was done on attempted trials, defined as those in which
the monkey successfully completed the fixation epoch and left the fixation window after
the go cue. Proportion correct was defined as the # of Correct Trials / # of Attempted

Trials

3.2.2 Neural activity

All analysis of neural activity was done on correct trials and during the first 500
ms after sound onset, i.e. during a period of time when monkeys were fixating (to
reduce effects related to eye movements known to occur in the macaque IC (Bulkin &
Groh, 2012a, 2012b; Groh et al., 2001; Porter, Metzger, & Groh, 2006, 2007). Neurons
were classified as responsive if their spike count 500 ms after sound onset across all
tested frequencies was significantly different from their spike count during baseline, the
500 ms prior to sound onset (t-test, p < 0.05). Ninety-three of the 105 neurons were
classified as responsive. Neurons were classified as frequency selective, or tuned, if their
spike counts 500 ms after sound onset were significantly modulated across all 10 sound
frequencies (one-way ANOVA, p <0.05). Sixty-three of 105 neurons were classified as

frequency selective.
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3.2.3 Point image

The point image refers to the proportion of recorded units that are responsive to
a given condition (Capuano & Mcllwain, 1981). Neurons were classified as responsive if,
for a given condition, their spike count 500 ms after sound onset was significantly
different than their spike count 500 ms prior to sound onset (t-test, p <0.05).

3.2.4 d’ (d-prime)

To investigate how differently a cell responded for A vs B sounds we calculated a
sensitivity index or d”:

Haq — Hp
1. 5 2
j(JA + o3)

Where u and 02 corresponds to the mean spike count and spike count variance

d’ =

for sound A or B. This metric quantifies the separability of the sound A and sound B
spike count distributions. We took the magnitude of the d’ value (|d’[) since the order in
the numerator is arbitrary (the A or B sound could be the first term). A 1d’| value of 0
indicates the sound A and sound B spike count distributions are similar and higher
values of 1d’| indicate the sound A and sound B spike count distributions are more

distinguishable.

3.2.4 Equivalent rectangular receptive fields (ERRFs)

ERRFs serve as a measure of the width of the frequency receptive field and were
calculated in a similar fashion to previous work (Lee & Middlebrooks, 2011). The area

under the (non-baseline subtracted) tuning curve was measured with the trapz()
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function in MATLAB, which integrates the area using the trapezoid method. This area
was then divided by the peak firing rate of the tuning curve, creating a rectangle with a
width dependent upon tuning curve breadth and frequency modulation of peak firing

rate.

3.2.5 Maximume-likelihood decoding

The decoding algorithm used here was adapted from previous work (Wallisch,
2014) and is similar to other implementations of maximum-likelihood decoding (Day &
Delgutte, 2013; Jazayeri & Movshon, 2006). The goal of the decoder was to infer the
stimulus that was presented on a set of held-out trials (1 held-out trial of a given
condition per cell). The predicted condition was the condition (1 out of 26 possible
conditions) that had highest population-log-likelihood. This computation was repeated
1000 times per condition. Since there were not 1000 unique trials per condition for each
cell the particular held-out trial on a given repeat was sampled from all possible trials
with replacement.

To determine the population-log-likelihood, first the likelihood for each cell was
computed given the held-out trials spike count. Second, the weights were determined by
finding the average spike count for each condition without the held-out data. Then
likelihood for all 26 conditions given the spike count was computed:

In (Condition Likelihood) = In (P(spike count | frequency))
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This results in a vector with 26 elements for each cell. Each element corresponds
to the log-likelihood of that condition for that held-out spike count. Essentially the log-
likelihood is given by the difference between the held-out spike count and the mean
firing rate across all conditions. These log-likelihood vectors are then summed across all
cells to generate a population-log-likelihood:

N
In(Population Condition Likelihood) = Z In (P(spike count; | stimulus)
=1

Where spike counti corresponds to the ith neuron spike count, and N is the
number of neurons in the population. Therefore, for each repeat of the decoding
computation, the result is a 26-element vector where each element corresponds to the
population-log-likelihood for each condition. The predicted condition for that repeat is
the element with the largest population-log-likelihood.

Importantly, for any repeat the inferred condition could have been one of the 26
conditions (8 A sounds x 3 sound pairs =24 conditions + 2 B sounds = 26 conditions).

We used all responsive units (N = 93) for the decoding analysis.

3.3 Results

Monkeys could successfully report the locations of all sound combinations used
in this study. Across all attempted dual sound trials, monkeys performed roughly 90%
correct (Fig. 1B), compared to the 80% correct on single sound trials. This high degree of

performance on the dual sound trials was only modestly affected by the frequency
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separation between the two sounds: monkeys performed at about 87% correct for the
smallest frequency separation of 0.25 octaves (Fig. 1C), rising slightly to 91% correct for

the largest frequency separation of 2 octaves.
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Figure 1: Task schematic and behavioral performance. (A) Monkeys were
trained on a sound localization task. Left panel: A time course schematic of the task.
Speaker 2 onset and the second saccade and fixation would only occur if it was a dual-
sound trial. Right Panel: In the sound localization task the monkey would initiate a trial
by fixating an LED. After variable interval fixation (600-700 ms), either 1, or 2
simultaneous, sound(s) were presented from one or two locations. After a variable
interval of sound/fixation overlap (1000-1100 ms) the fixation light is turned off, which
cued the monkey to report to the origin(s) of the sound(s) via saccade(s). On single
sound trials monkeys made a single saccade. On dual-sound trials monkeys made a
sequence of saccades to the origin of one sound and then the other. (B) The combined
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proportion of correct single-sound trials (mean = 0.8011 + 0.0069) and dual-sound trials
(mean = 0.8941 + 0.0060) across both monkey Y and monkey N for 105 behavioral
sessions collected during cell recordings. (C) Change in performance across both
monkeys as a function of the frequency separation between the two sounds.
Performance increases as distance between sound frequencies increase (significantly fit
by a line with a slope > 0; slope 0.867, p <0.05). Error bars represented standard error of
the mean (B & C).

This good performance does not appear to be the result of recruiting largely
unique sets of neurons to encode each of the two stimuli. Of the N=93 sound-responsive
neurons we recorded (identified by t-test, see Methods), 45-70% responded significantly
to any given stimulus presented individually (Fig. 2, red curve). The large proportion of
responsive units suggests that sounds presented in this experiment recruit overlapping
populations of neurons. The low frequency bias (negative slope of the red curve in Fig.
2), is similar to previous macaque IC findings (Bulkin & Groh, 2011).

When a second sound was added, more units responded (Fig. 2, blue and black
curves vs. the red curve). This increase in the number of responsive units at the
population level should not occur if individual units were sharpening their tuning.

We next compared the sensitivity of individual IC neurons to the specific pairs of
sounds used. This analysis focused on the roughly 67% (N = 63) of responsive neurons
whose spike counts were significantly modulated by frequency (one-way ANOVA, p <
0.05). We quantified the separability of the spike count distributions of the two
components of the dual sound conditions (e.g. 500 (A-sound) vs. 420 (B-sound) when

either were presented in isolation) using a d” analysis (see Methods).
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Figure 2: A point image plot, or the proportion of the responsive population
that responds to a given frequency. Each point corresponds to the proportion of the
responsive population that is significantly responsive compared to baseline for the given

condition. A unit was counted as responsive if its firing rate in 0-500 ms after sound
onset was significantly different than its firing rate from -500-0 ms before sound onset (t-
test, p<0.05). Red corresponds to sounds presented in isolation, while blue and black
correspond to dual-sound trials paired with 420 Hz or 2000 Hz, respectively.

Figure 3A shows the results for the comparison with a 420 Hz B sound. Units
were sorted based on the sum of their |d’ | values across conditions, with the units

showing the highest aggregate 1d’| on top. For the smallest frequency separation (left-
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most column), few neurons exhibit large d” values: only about a third exhibit a d” value
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Figure 3: A sensitivity index, or d’, between the A and B sounds when they are
presented in isolation. (A) Top Panel: The magnitude of d’ between each of the 8 A
sounds and 420 Hz. A higher |d’| corresponds to a larger difference between the spike
count distributions of the two sounds. Each row corresponds to a unit. Each column
corresponds to a particular sound frequency. Units are sorted by their total Id’| across
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all 8 A sounds compared to 420 Hz. Bottom Panel: The percent of responsive neurons (N
=93) that have a |d’| value > 1 for each frequency compared to 420 Hz. (B) The same as
panel (A) but compared to 2000 Hz. Note these units are sorted by their total Id’| across
all 8 A sounds compared to 2000 Hz. Therefore, unit n in A does not necessarily
correspond to unit n in panel B.

greater than 1 (bottom panel). Figure 3B shows the complementary pattern for the 2000
Hz B sounds. Note that the unit order in two panels are different; both are sorted so the
unit with the highest summed |d’| within a panel is at the top. For both panels, a large
minority of cells barely differentiated between any of the A and B sounds, as evidenced
by the white bands at the bottom of the figure (roughly unit 70 to 93). Overall, this
analysis suggests that only a fraction of the recorded populations (roughly the top 20
units in both panels) possess sufficient sensitivity to underlie the improvement in
performance due to frequency separation on dual sound trials (Fig. 1C).

We then evaluated whether neural response patterns change to facilitate the
encoding of simultaneously presented sounds. Figure 4 compares the single and dual
sound tuning profiles of six example cells. On single sound trials (red traces), neurons
could prefer low frequencies (Fig. 4A, E, F), intermediate frequencies (Fig. 4B, D), or
high frequencies (Fig. 4C). Concurrent sounds could change tuning in multiple ways.
The neurons in figure 4A-C all become less responsive to sounds overall: the responses
in the dual sound cases were generally lower than the responses to the “better” of the
two single sounds (e.g. black curves fall between the red and blue curves). Some

neurons appear to shift their preferred frequency (Fig. 4D), and some neurons appear
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unaffected by the presence of an additional sound (Fig. 4E, F). Interestingly, some
neurons displayed multi-peaked tuning curves that were robust across single and dual
sound conditions (Fig. 4F). Qualitatively, it seems that the majority of neurons become
less responsive in the presence of simultaneous sounds, but whether this suppression

leads to receptive fields that sharpen or broaden requires quantification of tuning curves

across the population.
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Figure 4: Example modulations of frequency tuning curves due to the presence

of an additional sound in 6 different cells. Example modulations of frequency tuning
curves due to the presence of an additional sound in 6 different cells. (A) The tuning
curve across conditions for a cell that displays sharpening in the dual-sound condition.
Each point corresponds to the baseline (-200 ms bin w.r.t sound onset) subtracted mean
firing rate (500 ms bin w.r.t sound onset). Red points correspond to sounds presented in
isolation. The blue point corresponds to the paired sound when presented in isolation.
The blue line is a reference line, so the firing rate of the paired sound is visible across the
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panel. The black points correspond to the dual-sound condition. (B and C) The same as
panel (A) but for two different cells that show a decrease in response and selectivity. (D)
The same as panel (A) but for a cell that shifts its preferred frequency away from the
paired sound. (E & F) The same as panel (A) but for two cells that seem to be unaffected
by the presence of an additional sound. Error bars represent standard error of the
mean(A-F).

To do this, we selected units that were frequency selective to the A sounds when
presented alone (N=57, one-way ANOVA, see Methods). The number of frequency-
selective units dropped to N =47 (82% of N=57) when the A sounds were paired with
either 420 or 2000 Hz. To evaluate effect size, we compared the F-statistic (a metric of
how much frequency modulates spike count) in the dual vs. single conditions (Fig. 5A,
C). If the neurons were more selective in the dual sound conditions, the F statistic
should be higher for these conditions and the data would tend to lie above the line of
slope one, but they do not. Figure 5 B and D quantify this further by subtracting the
single sound F statistic from the dual sound F statistic for a given neuron. If the neurons
were more selective on dual sound than on single sound trials, these distributions would
be positively skewed, but they are not. In fact, the negative skew, i.e. worsening
frequency selectivity, is significant for the 420-Hz pairing (Fig. 5B, mean = -7.989 +1.219
S.E.M, p <0.05). Overall, then, neurons’ frequency selectivity was either unaffected by a
second sound or was reduced by it.

The preceding analysis considers how the means and variances in firing depend

on sound frequency but doesn’t directly investigate whether tuning curves change in

systematic ways, such as changes in the width or peak (best frequency).
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Figure 5: Frequency modulation of firing rate is affected by the presence of an

additional sound. (A) The F-statistic measured from a one-way ANOVA investigating
firing rate across different frequencies (all 8 A sounds). A high F-statistics indicates that
there are large differences in firing rate across the different frequencies. The single-
sound F-statistics are plotted against the 420 Hz paired F-statistics. Each point
corresponds to one unit, out of 93 sound responsive units. Points above the unity line
indicate that frequency modulates firing rate more in the 420 Hz paired condition. Points
on the unity line indicate there is no change in the modulation of firing rate across the
two conditions. Points below the unity line indicate that frequency modulates firing
more in the single-sound condition. (B) The distribution of change in F-statistic per cell
(F-Statisticsingle — F-statisticoual). A value of 0 indicates no change across the two
conditions, a value greater than 0 indicates the 420 Hz paired condition was more
sensitive to frequency and a value less than 0 indicates the single-sound condition was



more sensitive to frequency. The single-sound condition was significantly more sensitive
to frequency (mean =-7.99 + 1.22 S.E.M, p <0.05). The blue vertical line indicates the
mean of the distribution. The black vertical line is at 0. (C) The same as (A) but for
compared to the 2000 Hz paired condition. (D) The same as (B) but compared to the 200
Hz paired condition. There was no difference in the modulation of firing rate across the
two conditions (mean =-1.14 + 0.9 S.E.M, p = 0.21). Note that in (A & C) an outlier data
point was removed for visualization purposes. In panel (A) its position is x =364.5, y =
31.2. In panel (C) its position is x = 364.5, y = 396.3

To investigate possible changes in tuning curve width, we implemented the
equivalent rectangular receptive field analysis (ERRF) from Lee and Middlebrooks
(2011). Briefly, the ERRF divides the area under the tuning curve by the peak firing rate,
creating a metric that incorporates the number of frequencies to which the unit responds
based in part on the level of activity evoked by those stimuli. For example, many of the
cells display a suppression in the dual sound condition (Fig. 4 A-C), yet these
suppressions seem to be of different kinds. Generally, suppressions that compress the
whole firing rate range (Fig. 4B & C) tend to increase ERRF width while suppressions
that affect some conditions but leave the peak untouched (Fig. 4A) tend to decrease the
ERRF width.

To compare tuning curve width between single and dual sound conditions, the
distribution of each were plotted against each other (Fig. 6B & D). If the ERRF widths
were similar across single and dual sound conditions the distribution would fall upon
the unity line (black line in Fig. 6B, D). If the ERRF widths were narrower in the dual
sound condition the distribution would be shifted below unity and if the ERRF widths

were narrower in the single sound condition the distribution would be shifted above
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unity. It is quite apparent that ERRF widths are broader in the dual sound conditions,

for both high- and low-frequency paired sounds.
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Figure 6: ERRF width is larger in dual-sound conditions. (A) The width of the
ERRF for each unit in the single sound condition plotted against the width of the ERRF
for each unit plotted in the 420 Hz paired condition. Each point represents a unit, out of
63 frequency modulated cells. The dashed line indicates unity, or ERRFs of equal width
in the single sound and 420 Hz paired condition. Points above unity indicate ERRFs of
greater width in the dual-sound condition. Points below unity indicate ERRFs of greater
width in the single-sound condition. (B) The distribution of change in ERRF width per
cell (ERRF420 — ERRFsinge). A value of 0 indicates the ERRF width did not change across
conditions. Values greater than 0 indicate the ERRF is broader, while values less than 0
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indicated the ERREF is narrower. The ERRF width in the 420 Hz dual sound condition is
significantly broader (mean = 0.75+0.11 S.E.M, p <0.05). The blue vertical line indicates
the mean of the distribution. The black vertical line is at 0. (C) The same as (A) except for
the 2000 Hz paired condition. (D) The same as (C) except for the 2000 Hz paired
condition. The mean in the 2000 Hz paired condition is significantly broader (mean =
0.26 £ 0.11 S.E.M, p <0.05).

To evaluate whether these width changes are significant, the difference between
each neuron’s dual sound ERRF width and single sound ERRF width was calculated.
The 420 Hz paired ERRF widths were significantly broader than the single sound ERRF
widths (Fig. 6C); the difference distribution was significantly greater than 0 (mean =
0.75+0.11 S.E.M, p <0.05). Although the effect was smaller, the 2000 Hz paired ERRF
widths were also significantly broader than the single sound EERF widths (Fig. 6D); the
difference distribution was significantly greater than 0 (mean =0.26 + 0.11 S.E.M, p <
0.05). In summary, across the population the majority of neurons actually broaden their
tuning curve in response to presentation of two simultaneous sounds.

Could some neurons shift their tuning curves, exhibiting a different best
frequency in response to dual sounds (e.g. Fig. 4D)? To investigate if neurons shifted
their tuning, we selected neurons with firing rates significantly modulated by frequency
and with single sound best frequencies that fell within the middle six A sounds (595-
1414 Hz), leaving out the edge cases for which a shift outside the tested range could not
in principle be observed (N=17). We then compared their single sound best frequency to
their best frequency in the dual sound conditions. Seventeen neurons met these criteria.

Figure 7 shows how best frequency changes in the 420 Hz paired condition (Fig. 7A) or
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Figure 7: The presence of an additional sound does not cause a large shift in

best frequency. (A) The single-sound best frequency plotted against the 420 Hz paired
best frequency in the 17 cells that have best frequencies between 595-1414 Hz (grey
lines). The bold line indicates the mean best frequency across the population. There is no
significant shift in best frequency across the two conditions (single mean =759.3 + 76.48
S.E.M vs. dual mean =937.6 + 113.6 S.E.M, p = 0.072). (B) The same as (A) but for the
2000 Hz paired condition. There is no significant shift in best frequency across the two
conditions (single mean =759.3 + 76.48 S.E.M vs. dual mean =740.9 + 75.67 S.SEM, p =
0.56).

the 2000 Hz paired condition (Fig. 7B). Although, there is a slight shift of the mean best

frequency away from the paired sound, it is not significant for either the 420 Hz dual
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sound (single mean = 759.3 + 76.48 S.E.M vs. dual mean =937.6 + 113.6 S.E.M, p = 0.072)
or the 2000 Hz dual condition (single mean = 759.3 + 76.48 S.E.M vs. dual mean =740.9 +
75.67 S.E.M, p =0.56). These findings suggest that shifting of receptive fields is not a
ubiquitous computation within the population and is unlikely to substantially contribute
to the encoding of simultaneous sounds.

In short, the modulations of frequency tuning on dual sound trials do not appear
to be optimized for the preservation of information about either sound. To determine the
impact of multiple sounds on the efficacy of coding stimulus related information, we
evaluated how this code might be read out.

We first used a population-maximum-likelihood decoder to infer the condition
from the observed spike count on a set of held-out trials (see Methods). Spike counts
were assumed to be Poisson-distributed, and neurons were assumed to be independent
of each other (a reasonable assumption given they were recorded at different times). For
each held-out trial, the log-likelihood for each condition was summed across the
population and the condition with the maximum-population-log-likelihood was
predicted to be the held-out trials condition. This computation was repeated 1000 times
per condition.

Overall, the decoder inferred every condition above chance (chance = 1/26).
Figure 8A, C, and E shows the proportion of correctly predicted conditions across the 3

paired sound trial-types, sounds presented in isolation, sounds paired with 420 Hz, or
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Figure 8: Accuracy of population maximum-log-likelihood decoding and mean
log-likelihood functions across conditions. (A) The accuracy of the population (N = 93)
maximum-log-likelihood decoder across each single sound condition. Each point
corresponds to the percent of correctly labeled repeats (out of 1000) for each condition.
Chance level prediction is 1/26 or ~ 3.85% (B) The mean population log-likelihood
function for each condition across all potential predicted conditions. Each condition had
the chance of being labeled as any one of the 26 single or dual conditions. (C) The same
as panel (A) but for 420 Hz paired conditions. (D) The same as panel (B) but for 420 Hz
paired conditions. (E) The same as panel (A) but for 2000 Hz paired conditions. (F) The
same as panel (B) but for 2000 Hz paired conditions.

sound paired with 2000 Hz, respectively. Qualitatively, the mean across all sounds
presented in isolation (~66.7% correct) was higher than the mean across all 420 Hz
paired conditions (~47.1% correct) or the mean across all 2000 Hz paired
conditions(~51.8% correct). The likelihood functions show that the confusion in
decoding tends to come from proximal conditions (Fig. 8B, D, F). This can be further
seen in the confusion matrix (Fig. 9A) where the off diagonals are slightly darker in the
dual compared to single sound conditions. This confusion arises due to the increase in
likelihood when a low frequency sound is present (420 Hz paired and when 2000 Hz is
paired with a low frequency: Fig. 9B), which may stem from the populations low
frequency bias (Fig. 2). Ultimately, the changes in the frequency response functions
seem to degrade the amount of information concerning each sound, resulting in worse
decoding on dual sound trials.

Until now all the analyses presented probed how monkey IC encoding of sound
changes in the presence of an additional sound. With the implementation of the

maximum-likelihood decoder, we can now ask if single and dual sounds are encoded
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Figure 9: Confusion and mean-likelihood matrices for the decoder. (A) The
confusion matrix for the decoder. Each column corresponds to the actual condition and
each row corresponds to the predicted condition. The color of each square is the
proportion of predicted trials (out of 1000) that fell into that bin. The diagonal
corresponds to correct predictions. (B) A matrix of mean log-likelihood across conditions
for the decoder. Each row corresponds to the likelihood function for that condition while
each column corresponds to the mean log-likelihood for that condition across all actual
conditions (e.g. leftmost column corresponds to the mean log-likelihood for 420 Hz
across all conditions).

with similar neural codes. To investigate if the monkey IC uses a similar code for the
single and dual sound conditions, we attempted to decode the dual sound condition
using the decoding weights learned from the single sound trials. Each held-out dual
sound trial could, therefore, be labeled as one of the 8 A sounds. Performance was
markedly worse in the 420 Hz condition when decoded with the single sound weights
(accuracy = 16.5%; chance 12.5%) compared to the dual sound weights (accuracy ~
47.1%; chance ~ 3.846%). This is evident in the confusion matrix (Fig. 10A) which shows
595 Hz is the most predicted stimulus for seven of the eight conditions. The
performance in the 2000 Hz condition when decoded with the single sound weights
(accuracy = 40.65%; chance = 12.5%) is also worse compared to decoding with the dual
sound weights (accuracy ~ 51.8% correct; chance ~3.846%). Unlike the 420 Hz paired
condition, the 2000 Hz paired conditions seem to confuse proximal conditions (Fig. 10B).
These results show that the IC would need to use different coding strategies in the single
and dual sound conditions, implying an IC readout may need to implement a different

set of weights depending on the number of sounds present.
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Figure 10: Decoding the paired condition with the single-sound weights
impairs performance. (A) The confusion matrix for decoding 420 Hz paired conditions
using the weights learned from single-sound trials. Each column corresponds to the
actual condition and each row corresponds to the predictable condition. The color of
each square is the proportion of predicted trials (out of 1000) that fell into that bin. The
diagonal corresponds to correct predictions. (B) The same as (A) but for decoding the
2000 Hz paired conditions.

3.4 Discussion

How the brain simultaneously encodes multiple items, particularly when more
than one item falls within a given neuron’s receptive field, is an often-overlooked
problem in neuroscience. It is assumed the population representation overcomes
ambiguity in single unit encoding of stimuli, but the problem remains if the items recruit
largely overlapping populations. To address this question, we first verified that
monkeys could report the occurrence of two sounds whose center frequencies are
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separated by as little as 0.25 octaves (and whose bandwidth overlaps). We then
investigated how frequency response functions of are affected by the presence of that
second, concurrently presented sound. We found that the sounds we presented
recruited largely overlapping populations (Fig. 2 & 3), and that on dual sound trials the
majority of these cells’ firing rates were less modulated by sound frequency (Fig. 5) and
had their tuning curves broadened (Fig. 6). There was little evidence of systematic shifts
in best frequency (Fig. 7).

Overall, these changes in frequency response functions reduce the information
available to the maximum-likelihood decoder, decreasing the decoding accuracy in the
dual sound conditions (Fig. 8 & 9). The poor decoding performance when using the
single sound weights to decode dual sound conditions (Fig. 10) suggests that a different
read-out is needed depending on the number of sounds — a startling possibility given
that the brain cannot have prior knowledge of how many sounds are in the environment
except by virtue of what it detects via sensory input.

A limitation of this study is that it is not known how many neurons might be
needed to support perception of any given stimulus. It is possible that the small
proportion of neurons that responded to only one of a pair of sounds were responsible
for the monkeys” perceptual abilities.

Our results seem to be in-line with prior work showing degradation of

information when there are multiple stimuli presented (Day & Delgutte, 2013; Day et al.,
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2012; Henry & Kohn, 2020). If this reduction in information scales with number of
stimuli it could potentially explain the finding that the number of identifiable sounds
saturates at three (Zhong & Yost, 2017).

Generally, these results refute the notion that the changes in frequency response
functions could be used to overcome the multiplicity problem and support recent
evidence of alternations in firing rates between those evoked by individual stimuli
(Caruso et al., 2018) may be a more fruitful research direction.

In the present study, we made the simplifying assumption that the time-and-
trial-pooled average response of a neuron to a combination of stimuli is reflective of the
information that the neuron encodes. If the underlying activity on dual sound trials
actually fluctuates between the A-like and B-like response patterns, the time-and-trial-
pooled average will be a poor measure of the information present in neural signals. The
fact that average responses to AB sounds were generally between the average responses
to A and B sounds presented alone supports the possibility that fluctuations may
underlie at least a portion of the results observed here. Future work will test this
possibility.

In principle, changes in frequency tuning as investigated here and fluctuating
activity patterns as investigated previously (Caruso et al., 2018) both have the potential
to limit the degree to which a given neuron is faced with the task of encoding more than

one stimulus at a time. It remains possible that information-preserving changes in

40



frequency tuning might be more evident when tested with a wider range of sound
frequencies, allowing a fuller exploration of frequency tuning curves. However, the
granularity of our testing, 0.25 octave spacing, was clearly coarser than monkeys’
perceptual abilities, and the overall range, 2 octaves, should have been adequate to
demonstrate an effect if changes in frequency tuning were a major contributor to these

perceptual abilities.
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4. Consistency of the monkey inferior colliculus
response to concurrent sounds

4.1 Introduction

In the natural world, animals often behave in noisy environments where sounds overlap
in frequency, space, and time. Survival in these noisy environments indicates that
animals can segregate and encode behaviorally relevant sounds, even if sounds co-
occur. In fact, recent work shows both humans (Best et al., 2004; Perrott, 1984a, 1984b;
Zhong & Yost, 2017) and monkeys (Caruso et al., 2018) can localize concurrent sounds.
However, the neural implementation underpinning the representation of simultaneous
sounds remains ambiguous.

A structure involved in the representation of simultaneous sounds is the inferior
colliculus (IC). The IC, a midbrain nucleus, affects the perception of both sound
frequency (Lim et al., 2009; Pages et al., 2016) and sound location (Jenkins & Masterton,
1982; Kelly & Kavanagh, 1994) and is an obligatory site of convergence for the myriad of
subcortical auditory pathways (Aitkin & Phillips, 1984). This convergence and known
sensitivity to numerous features of sounds (for review see: The Inferior Colliculus, 2005)
led to the notion that the IC may serve as a basis for the recognition of auditory objects
(Griffiths & Warren, 2004; Grothe et al., 2010). Thus, if a mammal perceives
simultaneous sounds then information concerning each sound must be encoded in IC

neural activity.
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Indeed, ideal observer decoders trained on IC population activity decode the
number of sound sources (in rabbits:Day & Delgutte, 2013) as well as the number and
frequency of sounds (in monkeys: Willett & Groh, 2020; chapter 3). However, the
addition of a concurrent sound decreased decoder performance. This decrease in
performance was likely due to the response suppression seen in individual IC neurons
on multi-sound trials; generally, neurons respond somewhere between the two
component sound responses on dual sound trials (Day et al., 2012; chapter 3). These
results resemble findings in vision where multiple stimuli or objects normalize
responses across visual cortex including V1 (Busse, Wade, & Carandini, 2009; Henry &
Kohn, 2020) and IT Cortex (Bao & Tsao, 2018; Sheinberg & Logothetis, 2001; Zoccolan,
Cox, & DiCarlo, 2005) Although recognized as a canonical computation (Carandini &
Heeger, 2012), normalization is a poorly suited computation for the preservation of
information about multiple stimuli since information about the individual stimuli is lost
(Orhan & Ma, 2015). Conversely, neural responses invariant to the presence of other
stimuli, a winner-take-all response, are well suited for the preservation of information
about each stimulus, assuming some portion of the population is sensitive to each
stimulus. Recently, Caruso et al. (2018) discovered macaque IC neurons that implement
a time-varying winner-take-all strategy, alternating their firing rates, across or within
trials, between the rates corresponding to each of two concurrently presented sounds.

These response alternations could allow for the representation of multiple stimuli across
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time within the same neural population (Caruso et al., 2018). Importantly, the pooling of
neural activity across time and trials, a ubiquitous step in the processing of neural data,
occludes the recognition of response alternations. In fact, averaging across time and
trials would make such alternations appear as response normalization; potentially
misleading the field in our understanding of how brains encode concurrent stimuli.

Although recent work decoded the number and frequency of sounds from the
activity of the macaque IC, the decoder could not account for the high accuracy of the
monkey’s behavior on dual sound trials (chapter 3). A potential explanation for this
discrepancy, is that these neurons alternate their responses across time or trials to
encode concurrent sounds (Caruso et al., 2018) and a decoder with weights trained on
the time and trial averaged responses of neurons fails to account for those response
fluctuations. However, it remains to be seen if the fluctuating activity will be observed
under different stimulus conditions. For example, Caruso et al. (2018) used stimuli
proximal in center frequency (approximately <1 octave), which may push the IC
population into a regime biased towards response alternations. Conversely, sounds
disparate in center frequency may activate more segregated populations, exploiting the
tonotopic structure of the macaque IC (Bulkin & Groh, 2011; A. Ryan & Miller, 1978;
Versnel et al., 2009), and relaxing the need for response alternations potentially biasing
the IC population towards some other response pattern. This raises an important

question in the representation of simultaneous sounds: Are IC neurons consistent in
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how they encode information concerning concurrent sounds or does their encoding of
concurrent sounds depend on the particular sounds in the auditory scene?

To address this question, we recorded the activity of isolated neurons from the
IC while monkeys localized two simultaneously presented sounds. We found the large
diversity in IC dual sound responses was well captured by modeling each neuron as a
linear combination of the two single sound responses, showing many, but not all,
neurons normalize their dual sound response. However, upon closer inspection of the
trial-by-trial structure in dual sound responses we found that much of the response
normalization could be explained by alternations between the two component sound
responses across time. These response alternations occurred in roughly 63% of IC
neurons and for the full, 0.25-2 octave, range of frequency separations tested. Therefore,
response alternations are a general mechanism IC neurons exploit to encode concurrent
stimuli. These response fluctuations in conjunction with winner-take-all responses could
allow for downstream decoders to remain stable independent of the number sounds in
the auditory scene, alleviating the need for more complex read outs of the neural activity

encoding multiple objects.

4.2 Methods
4.2.1 Neural activity

Unless otherwise noted, all analysis of neural activity was done during the first

500 ms after sound onset, i.e. during a period of time when monkeys were fixating (to
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reduce effects related to eye movements known to occur in the macaque IC (Bulkin &
Groh, 2012a, 2012b; Groh et al., 2001; Porter et al., 2006, 2007). Neurons were classified as
responsive if their spike count 100 or 500 ms after sound onset, across all tested
frequencies, was significantly different from their spike count during baseline, the 100 or
500 ms prior to sound onset (t-test, p < 0.05). These bins were chosen to include neurons
with complex transient and/or sustained response profiles, typical of macaque IC
neurons (Ryan & Miller, 1977). Ninety-three out of 105 neurons were responsive in the
500 ms bin and 95 out of 105 were responsive in the 100 ms bin. Together, 101 out of 105

(~96.2%) of the recorded neurons were responsive to sound.

4.2.2 Combination metric
To determine how the AB response related to the A and B response we
calculated a combination metric:

AB —min (4, B)
range(A,B)

Combination Metric =

Where AB, A, and B correspond to the average response of the neuron to each of
those conditions. This metric captures many different possible AB response
combinations; values less than 0 indicate an inhibition below min(A,B), values of 0 or 1
correspond to winner-take-all for the non-preferred or the preferred sound respectively,
values between 0 and 1 correspond to a weighted average, and values greater than 1

signify response enhancement or summation. Importantly, for trials where A =B the
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denominator would become 0. Therefore, we only included trials for which A # B as

defined by the separation factor described below (see Methods: Whole Trial).

4.2.3 Linear combination

We modeled the time and trial averaged mean AB response as a linear
combination, a weighted sum, defined as:

FRAB = lﬁfFRA + ﬁFRB

Where FRAB, FRA, and FRB are 16 element vectors where each element
corresponds to the baseline subtracted average firing rate for a given AB, A, or B
condition, respectively. The o and 3 weights were fit via the fitlm() function in MATLAB
which also calculated the reported residuals and adjusted R2 values. Once the weights

were found we predicted the FRAB from the right side of the weighted sum equation.

4.2.4 Whole trial

The statistical analysis of whole trial fluctuations was previously described
(Caruso et al., 2018) and vetted (Mohl, Caruso, Tokdar, & Groh, 2020). Briefly, we
classified each AB condition (8 A sounds x 2 B sounds =16 AB conditions per neuron)
based on the spike count from each single sound A and B trials and their corresponding
AB dual sound trials. The spike count was measured from 0-500 ms after sound onset.
Two assumptions were made concerning the spike count distributions.

The first was that the single sound spike count distributions followed Poisson

statistics. To test the Poisson assumption on single sound trials A and B of a given AB
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condition, we used an approximate chi-square goodness of fit test with Monte Carlo p-
value calculation (Caruso et al 2018). The second was that the A and B spike count
distributions were significantly separable, which was done by calculating the intrinsic
Bayes factor of a model that the A and B rates were equal versus a model that the A and
B rates were unequal (Caruso et al., 2018).

For AB conditions that passed these two assumptions, we modeled the single
sound A and B spike counts as Poisson distributions with unknown rates AA, denoted
Poi(AA), and AB, denoted Poi(AB). Four models were considered for the distribution of
AB spike counts:

1. Mixture: a mixture distribution a - Poi(AA) + (1-a) - Poi(AB) with o an unknown
mixing weight

2. Intermediate: a single Poi(AAB) where some AAB is between AA and AB

3. Outside: a single Poi(AAB) where AAB is either larger or smaller than both AA
and AB

4. Single: a single Poi(AAB) where AAB exactly equals one AA and AB

The relative likelihood of these competing models was determined by computing
each models posterior probability with equal prior weights (1/4) assigned to each model,
and with default Jeffreys” prior (Berger, 2006) on model specific Poisson rate parameters,
and a uniform prior on the mixing weight parameter a. The Jeffreys” prior was truncated

to appropriate ranges for the intermediate and outside models. Posterior model
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probabilities were calculated by computation of relevant intrinsic Bayes factors (Berger,
2006). It is important to note that sensitivity of detection was not equal across the
models, because the Single model is a limiting case of the 3 other models. Yet, this
analysis correctly labels simulated data for each model, though with less confidence for

the single model (Mohl et al., 2020).

4.2.5 DAPP

The DAPP model was previously described in detail (Caruso et al., 2018; Glynn
et al.,, 2019). The DAPP model describes the dynamics of spike trains on dual sound
trials as an admixture of those occurring on single sound trials. The DAPP model
initially breaks each trial into time bins. We performed this analysis on the first 1000 ms
after sound onset (still during fixation) with 50 ms time bins. The AB response for a
given bin on a given trial was modeled as:

M) = (1 —a(@) A1) + a(t) A%(D)

Where the AA(t) and AB(t) were the component sound responses at time t.
Importantly, the weight parameter a defines the contribution of either component sound
to the AB response a time t. So, the dynamics of a(t) capture the dynamics of the dual
sound response. We modeled the a(t) function as a smooth Gaussian process with three
parameters corresponding to the mean, variance, and correlation of a across bins and
trials. Although the « at a given time for a given AB trial could be distinct, it was

enforced that the dual trials share dynamic patterns assuming these three parameters
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were drawn from a common, unknown, distribution P, which we called a dynamic
pattern generated and was a characteristic of the AB condition for a given neuron. P was
estimated via a Markov chain Monte Carlo computation (see Glynn et al., 2019).
Nevertheless, the estimation of P allowed for the generation of simulated a(t) curves
that the given neuron would be likely to produce on future dual sound trials.

We characterized the simulated a(t) curves by the range of a values across all
bins of a trial and the time aggregated average value of a (Caruso et al., 2018). The
waviness index of the AB condition was computed as the odds of seeing an a(t) function

with a change of a of at least 50% between its peak and trough:
_ P(le|l > 0.5)
"W = P(la] < 0.5)
Where P denotes the sampling proportion of the simulated a draws. The triplet’s
extremeness index was computed as the odds of seeing an «a(t) function with its long-

term average being closer to the mid-way mark of 50% than the extremes:

_ P(@ €(0.25,0.75)
~ P(a € (0.25,0.75)

Te

The two indices were then threshold to generate a 2-way classification of each AB
condition (Caruso et. al 2018). On waviness, an AB condition was categorized as Wavy

or Flat, or ambiguous if rw > 1.3, rw > 0.77, or, 0.77 < rw < 1.3, respectively. On
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extremeness, the categories were Central, Extreme, or ambiguous according to whether

rc>3.24, rc <1.68, or, 1.68 < rc < 3.24, respectively (Caruso et al., 2018).

4.3 Results

Two monkeys were trained to report the location of a single sound or two
simultaneous sounds via eye movements to the sound source(s) (Fig. 1A). The sounds
consisted of bandpass filtered noise that varied across 10 central frequencies, 420-2000
Hz. On single sound trials 1 of the 10 sounds was presented at +12° azimuth. On dual
sound trials 1 of the 8 middle sounds (referred to as A sounds: 500-1682 Hz) was
presented at +12° azimuth while a sound of either 420 or 2000 Hz (referred to as B
sounds) was presented at the opposite speaker location. Monkeys performed this task
with an average accuracy of 84.7% across all conditions (Fig. 1B), confirming, as
previously reported (Caruso et al., 2018), that monkeys can not only perceive but also
localize two concurrent sounds.

If monkeys perceive two separate sounds, then neural activity in the IC must
contain information concerning each sound. To investigate the representation of
simultaneous sounds, we recorded the activity of 105 units from the IC of monkeys
while they performed the localization task. Approximately 96.2% (N = 101) of IC
neurons were responsive to presented sounds. Importantly, all analyses were done on
correct trials, ensuring that the neural activity recorded on dual sound trials reflected the

encoding of multiple sounds.
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The response of IC neurons to the presentation of two concurrent sounds was
complex and difficult to predict from knowledge of the single sound responses. Figure
11 shows the average responses of 5 example neurons to all A (red curve), B (blue
points), and AB (black curve) sound combinations, the left column is conditions of B =
420 Hz and the right column is conditions of B = 2000 Hz. Under certain conditions,
some neurons appear to normalize, or average, the responses of the two component
sounds (Fig. 11A & C-left, 11B-right), while some neurons appear to be invariant to the
presence of a concurrent sound (Fig. 11D —left, A & E —right). Other neurons respond
more than the maximum of either component sound, known as a response enhancement
(Fig. 11C & D —right), and others seem to transition between normalization, winner-
take-all, and enhancement depending on the specific sound combination (Fig. 11B & E -
left). Knowledge of the AB response function under a specific paired B sound (420 or
2000 Hz) did not give an intuition for how the response function will change when
paired with the other B sound (Fig. 11 left vs. right column). These 5 example units make
apparent the heterogeneity of the IC response to two concurrent sounds, but whether
the population is biased towards a particular combination rule needs quantification
across all neuron’s dual sound responses.

To determine the distribution of dual sound responses we defined a combination
metric for each AB condition across all neurons (see Methods). Combination metric

values less than 0 correspond to an AB response that is less than the response to either
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Figure 11: Example units show the heterogeneity of dual sound responses in
monkey IC. (A) The response function of an example neuron to the A sounds presented
in isolation (red curve), the B sound presented in isolation (blue point), and the AB
combination (black curve). The left column corresponds to B = 420 Hz and the right
column corresponds to B = 2000 Hz. This neuron appears to normalize, or average, the
two component sound responses when B =420 Hz but appears to respond as if only B is
present if B =2000 Hz. (B) An example neuron that seems to enhance its response for
some AB conditions if B =420 Hz but to averages the two component sounds if B = 2000
Hz. (C). An example neuron that averages the two single sound responses if B =420 Hz
but enhances its response if B =2000 Hz. (D). An example neuron that is not tuned to
sound frequency and shows a winner-take-all response if B = 420 Hz but a summation of
the component sound responses if B = 2000 Hz. (E) An example neuron that transition
between a weighted average, enhancement and winner-take-all across both B conditions.
Note the A and B sounds are played at different locations; A is played at £12° and B is
played at -1*A position. The responses shown here are the baseline subtracted (-200 to 0
ms), across trial average firing rate for the first 500 ms after sound onset (0 to 500 ms).

component sound (the A or B presented in isolation). Values of 0 correspond to an AB
response that is equivalent to the response of the non-preferred component sound, while
values of 1 correspond to an AB response that is equivalent to the response of the
preferred component sound. Thereby, values of 0 or 1 signify an AB response invariant
to the presence of the second sound, or a winner-take-all response captured by the non-
preferred or preferred sound, respectively. Values greater than 1 correspond to an AB
response that is greater than the response to either component sound, or a response
enhancement. While values greater than 0 but less than 1 correspond to an AB response
that is a between the two component sound responses, a response normalization or
average. Note, winner-take-all and average responses are identical if the response to A
and B are identical; therefore, we only included conditions in which a neuron’s response

to A and B differed (n = 655 conditions). The distribution of combination metric values
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(Fig. 12) confirms the heterogeneity seen in the example units (Fig. 11). Approximately
71% (n = 470) of the AB conditions fall between 0.301 and 1.38 (the range within 1
standard deviation of the mean (mean = 0.835, standard deviation = 0.534). This indicates
the bulk of the IC population implements a response normalization, though there are
also many AB responses that show enhancement or winner-take-all responses. Although
this metric provides an intuition for the type of computations the IC implements when
faced with the need to encode two concurrent sounds, it is unclear if individual IC
neurons are biased towards a particular dual sound response pattern (e.g. if one AB
response is winner-take-all are the other AB responses also winner-take-all).

Describing a neuron’s response to multiple stimuli as a linear combination of two
consistently weighted component responses is one of the most successful, and
interpretable, models in neuroscience (Carandini & Heeger, 2012). Indeed, averaging,
winner-take-all and enhancement are all well by described by a linear combination,
specifically a weighted sum. This approach can even capture the transition between
these computations across conditions, though it requires additional parameters (Bao &
Tsao, 2018).

Therefore, to determine if IC neurons time and trial averaged responses to
concurrent sounds are consistent, we modeled the average AB response for each
condition as a weighted sum of the average responses to the two component sounds (see

Methods). This model adequately describes the AB responses of some neurons but
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Figure 12: The bulk of the IC population falls within the weighted average, or
normalization, regime. The combination metric for each AB condition with separable
component sound responses (n = 655 conditions from 85 neurons) was included. The
vertical dashed lines demarcate 0 and 1 or a winner-take-all to the non-preferred or
preferred component sounds, respectively. Bins between 0 and 1 correspond to AB
responses that average the two component sound responses. The blue line indicates the
mean of the distribution (mean = 0.8316 + 0.5337). Bin edges = [-0.75:0.1:3.95].

struggles under some conditions (Fig. 13). The predicted AB response functions,
generally, fit the example neuron response functions well (Fig. 13A-E, black vs. grey
curves). The distribution of weights (Fig. 13F) confirms that throughout the IC
population the AB responses of many cells are well described as a consistent winner-

take-all, average (normalization), or enhancement. Winner-take-all neurons are clustered
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around the points of the shaded triangle region (weights of 0 and 1 or 1 and 0), while
points falling within the shaded triangle indicate neurons that average the component
sound responses or show a response enhancement. However, upon comparison of every
predicted and actual AB response (Fig. 13G) the model struggles to predict the response
for some AB combinations. For example, panel 13B shows the model predicts a firing
rate ~ 50 Hz lower than the actual response to the 500+2000 condition and the model
largely fails to capture the variability in the AB responses of the neuron shown in panel
13E. The failure of the linear combination model to capture the response of every cell is
indicated by the large proportion of neurons with low adjusted R2 values (Fig. 13H)
and, the failure of the model to capture every condition is indicated by the significant
structure in the residuals (one-way ANOVA: df =15; F = 4.84; p < 0.05), where the model
underestimates the responses to AB conditions with large frequency separation (Fig.
13I). These results suggest that many IC neurons are well described by a linear
combination; however, after close inspection of the fits it is clear that to fully capture the
variance of every neuron’s dual sound response will require more complex models.

By evaluating the time and trial averaged responses of IC neurons while
monkeys localized concurrent sounds, we have shown that many, but not all, IC
neurons respond somewhere between the two component sound responses. This type of
response normalization is a suboptimal representation of multiple stimuli (Orhan & Ma,

2015), limiting the information in the macaque IC concerning each sound (chapter 3).
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Figure 13: The time and trial averaged dual sound reposes are mostly well fit

by a linear combination of the single sound responses. (A-E) The same example
neurons seen in figure 11A-E with the addition of the predicted AB response (grey
curve) based on the weights fit through the linear combination model. It can be seen the
predicted AB responses generally match the actual AB responses (black curve), though
some conditions are poorly fit (e.g. panel B, right column 2000 +500). Aw = A weight; Bw
=B weight; Rsq = Adjusted R-squared value. (F) The A and B weight distribution for all
responsive neurons (N =101). The region demarcated by the shaded triangle
corresponds to a number of different combination strategies. Weights of [0,1] or [1, 0],
the points of the triangle, correspond to winner-take-all responses, while points along
the hypotenuse correspond to a weighted average of the two component sounds (with
the sum of the weights = 1). The point [1, 1] corresponds to a perfect sum. As expected,
most of the winner-take-all responses have a single significant weight (grey points). The
bulk of the neurons are fit by weights that fall within the triangle, mostly correspond to
a response normalization, though some of these could be response enhancement
depending on the particular weight and A and B responses. (G) The actual AB response
versus the predicted AB response for every condition for each responsive cell (101
neurons x 16 AB conditions = 1616 points). If the predicted AB response fit the data well
the data would fall upon the unity line (black dashed line). Although some data points
are quite distant from unity, the means of each distribution are not significantly different
(actual AB mean =14.92 + 0.5186 S.E.M vs. predicted AB mean =14.72 + 0.5078 S.E.M; t-
test, p-value = 0.094 ). (H) The distribution of adjusted R-squared values for all 101
neurons. (I) The residuals plotted as a function of frequency separation and paired B
sound. There is significant structure in the residual (one-way ANOVA: df = 15; F = 4.84;
p < 0.05) which can be seen as higher values for larger frequency separations. Note, all
data was modeled using the baseline subtracted, time and trial averaged response from
0 to 500 ms after sound onset.

Recent work that accounts for trial-by-trial structure in the response of macaque IC
neurons, finds that, in response to concurrent sounds, neurons alternate their firing rate
between the rates corresponding to each component sound (Caruso et al., 2018). These
response alternations are, essentially, a winner-take-all that varies across time and could
underlie the ability to encode simultaneous sounds. However, this work (Caruso et al.,

2018) presented sounds of limited frequency separation which could bias the IC towards
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response alternations. Therefore, we asked if the, apparent, normalization seen in our
data was the result of neurons alternating their firing rate across or within trials and if
these response alternations occur for paired sounds with large degrees of frequency
separation.

We first addressed if AB responses were well described by across trial
fluctuations. Across trial fluctuations would appear as AB responses that respond as if
only A was present on some trials and respond as if only B was present on other trials,
in other words a time-varying winner-take-all. We used a previously described Bayesian
model comparison method (Caruso et al., 2018; Mohl et al., 2020) to classify each AB
response distribution as 1 of 4 different models:

1. Mixture: This model corresponds to across trial fluctuations (time-varying
winner-take-all). The neuron’s response distribution for a given dual sound
condition is described as draws from the two component sound response
distributions (Fig. 14A —"Mixture’). Note, the number of draws from each
component sound distribution are not necessarily equivalent so the mixture
could be biased towards a particular single sound response.

2. Intermediate: This model corresponds to a weighted average of the two
component sound responses. The neuron’s response distribution for a given dual

sound condition is somewhere between the two component sound response
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distributions (Fig. 14A — “Intermediate”). AB conditions captured by this model

could potentially fluctuate within trials.

3. Outside: This model corresponds to enhancement or inhibition. The neuron’s
response distribution for a given dual sound condition is larger (enhancement)
or lower (inhibition) than either of the two component sound response
distributions (Fig. 14A —“Outside’).

4. Single: This model corresponds to winner-take-all. The neuron’s response
distribution for a given dual sound condition matches one of the two component
sound response distributions (Fig. 14A —‘Single”).

Importantly, we make two assumptions about the single sound response
distributions. One is that they are well described by a Poisson distribution. The other is
that the A and B response distributions are separable; if the A and B responses were
equivalent than the single, intermediate, and mixture models converge. 378 AB
conditions from 64 neurons pass these two assumptions. To summarize, we compute the
posterior probability of the 4 models for each AB condition, labeling the AB condition as
the model with the highest posterior probability (which also serves as confidence
measure).

The largest number of AB conditions was classified as single (183 out of 378)
while the smallest number of AB conditions was classified as outside (16 out of 378).

Importantly, a substantial proportion (100 out of 378) of the AB responses were well
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Figure 14: Normalization seen in time and trial average responses can be
described by across trial response alternations. (A) A schematic of the four competing
hypotheses modeling the AB spike count distributions. Mixture corresponds to an AB

62



distribution that samples from the A distribution on some trials and the B distribution
on other trials. This corresponds to across trial fluctuations, or a time-varying winner-
take-all response. Outside corresponds to an AB distribution that is either lower (an
inhibition) or higher (an enhancement) than either single sound response distribution.
Intermediate corresponds to an AB distribution that is between the two single sound
response distributions. Single corresponds to an AB distribution that exactly matches
one of the single sound response distributions. (B) The distribution of model
classifications for each AB condition that passed the Poisson and separation filters (378
from 64 neurons). Win Pr. corresponds to the posterior probability, or confidence, with
which the AB condition was classified. Note, the single model is the rate limiting model
for the 3 other models, therefore it cannot achieve a posterior probability > 0.95. (C) An
example unit with a select condition classified as mixture. The left column shows the
time and trial averaged response function. The right column is a raster with A (red), B
(blue) and AB (black) trials. The AB trials are sorted by their probability to come from
either component sound distribution. The first AB trial is the most B-like trial while the
last AB trial is the most A-like trial. There appears to be a discrete shift from B-like to A-
like trials in this example neuron. (D & E) Formatted the same as (C) but for two
example neurons with a select condition classified as Intermediate. (F) Formatted the
same as (C) but for an example neuron with a select condition classified as Outside. (G)
Formatted the same as (C) but for an example neuron with a select condition classified
as Single. Note, that only the neuron in panel C appears to have a discrete shift from B-
like to A-like trials in its AB response. These example neurons were also presented in
figures 11 & 13.

described as a mixture of the component sound responses (Fig. 14B). Out of the 51
conditions classified with high confidence (posterior probability > 0.95), the most were
classified as mixtures (23/51), while the next most supported model was intermediate
(19/51) and the last remaining conditions were classified as outside (9/51). The single
category received no high confidence classifications, due to the strict definition of this
category. Nevertheless, the different models capture the variety of neural response
patterns observed in the example neurons quite well (Fig. 14C-G). Interestingly, it seems

that the across trial fluctuations may even be observable in the raw data. The AB trials,
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sorted by their likelihood of being drawn from either component sound response
distribution, seem to discreetly shift from higher to lower firing rates around trial 100, or
a shift from B-like to A-like responses (Fig. 14C raster plot, black points). These results
confirm that across trial fluctuations are present in this population of IC neurons.
However, this whole trial analysis can only capture response alternations across trials;
reliable alternations that occur on a timescale shorter than a trial would be labeled as
intermediate. Therefore, we now investigate if AB responses were well described by
within trial fluctuations.

To determine if intermediate labeled AB conditions exhibited within trial
fluctuations, we first removed AB conditions that the whole trial analysis classified with
low confidence (posterior probability < 0.67), leaving 153 AB conditions from 49
neurons. Approximately, 55% of mixture and intermediate conditions passed this filter
(Fig. 15A). We, then, used a previously described statistical approach, the Dynamic
Admixture of Poisson Process (DAPP) model (Caruso et al., 2018; Glynn et al., 2019) to
detect if AB responses, particularly those classified as mixture or intermediate, remained
stable or fluctuated within trials. The DAPP algorithm treats each spike train, for a given
single sound condition, as independent realizations of a nonhomogeneous Poisson
process with unknown rate AA(t) and AB(t) for the two component sounds. Dual sound
trials were modeled as a weighted combination of the component sound rates: AAB(t) =

(I-a(t)) AA(t) + a(t) AB(t) (Fig. 15B). The weight function a(t) was fit to each AB trial and
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it quantified the relative contribution of either component sound. If a(t) was 0 then the
response at time t was dominated by the A response, while if a(t) was 1 then the
response at time t was dominated by the B response. Consequently, the dynamics of «(t)
capture the dynamics of the AB response on each trial.

An advantage to fitting the a(t) function for every trial of an AB condition is that
it allowed for a Bayesian estimation of the underlying distribution of a(t) parameters
(see Methods). This let us simulate a(t) curves the corresponding cell was likely to
produce on future trials of that AB condition, which were summarized by two features:
the mean and range of a(t) values for a given future trial. The AB condition was then
tagged based on the distribution of these two features over the predicted a(t) curves (Fig
15B). The AB condition was tagged as wavy or flat if the distribution of a(t) ranges was
large (maximum of 1) or small (minimum of 1), and as central or extreme if the
distribution of mean «a(t) values peaked close to 0.5 or had one or two peaks at the
extremes (values near 0 or 1). Therefore, the DAPP analysis should tag mixtures as flat-
extremes (Fig. 15C); but, intermediates could be labeled as a flat-central if the neuron
averaged the two component responses (Fig. 15D) or as a wavy-central if the neuron
alternated between the two component responses within the trial (Fig. 15E).

The DAPP analysis confirmed the results of the whole trial classifications.
Roughly 70% of the AB conditions labeled as mixtures were classified as flat-extreme

(Fig. 15F). However, the intermediate classifications contained more heterogeneity. The
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Figure 15: The DAPP model confirms the across trial fluctuations and uncovers

a small group of neurons that fluctuate within trials. (A) The whole trial model
classifications for each AB condition classified with a posterior probability > 0.67 (153
conditions from 49 neurons). A posterior probability of 0.67 means the winning model
is, at minimum twice as likely as the next highest model. (B). A schematic outlining the
steps of the DAPP model. (C). An example neuron with a select condition classified as
mixture (left column). The Estimated «a(t) panel shows the a(t) functions fit to the AB
trials. The predicted long-term average of a(t) panel shows the mean trial-averaged o
value for simulated AB trials, while the range of a(t) panel corresponds to how flat the
predicted a(t) functions are. The AB response for this neuron showed a bimodal
distribution of a values and a range distribution skewed towards 0, leading this
condition to be tagged as Flat-Extreme — which is expected given its mixture
classification. Note, the red histograms correspond to the density of the predicted «a(t)
values while the blue histogram shows the prior distribution. (D) Formatted the same as
(C) but for the neuron except it classified as an intermediate but tagged as a Flat-Central,
which corresponds to an AB response that averages the two component sound
responses. (E) Formatted the same as (C) but for the neuron except classified as an
intermediate but tagged as a Wavy-Central, which corresponds to an AB response that
alternates within trial. (F) The percent of AB conditions labelled as mixture or
intermediate that received a specific tag. Note, the example units shown here were
presented in the previous figures.

bulk of the intermediates (75%) were not completely classified; of those that were
tagged, ~11% were classified as flat-extreme while each of the wavy-central and the flat-
central categories accounted for ~7% of the tagged conditions (Fig. 15F). Crucially, the
mixture flat-extreme conditions had two peaks in the distribution of mean a(t) values
indicating these responses fluctuated across trials, while the intermediate flat-extreme
conditions had a single peak that was biased towards one of the two component sound
responses. Therefore, the intermediate conditions tagged as flat-extreme or flat-central
correspond to weighted averages of the two component sounds with biased or equal

weights, respectively. To summarize, the DAPP results confirmed the existence of across
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trial fluctuations and true-average responses, while also uncovering a small group of

neurons that fluctuation their AB responses within trials.
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Figure 16: Each model classifies conditions across the range of frequency
separations presented. No model is specialized to encode sound pairs of a particular
frequency separation.

These results largely reproduce the findings of Caruso et al. (2018) and confirm
that the normalization observed with canonical analyses (Fig. 12 & Fig. 13) can be
partially explained by neurons that alternate their firing rate. However, are these

response fluctuations specialized for encoding sound pairs proximal in frequency or are
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they a more general computation for encoding all concurrent sounds? To answer this
question, we plotted the number of AB conditions (N =153 with posterior p > 0.67)

by frequency separation for each model class (Fig. 16). It is clear response alternations,
conditions classified as mixture, occur for the entire 0.25-2 octave range tested (Fig. 16 —
‘Mixture’). In fact, AB conditions were observed for every model across the range of
presented frequency separations. Although many of the models seem biased towards
large frequency separations, this is likely explained by intrinsic properties of IC neurons
and the nature of the whole trial analysis. Many macaque IC neurons are tuned to
sound frequency (e.g. Fig. 11A-C & E). Therefore, their firing rates become more
separable as frequency separation increases, leading to more AB conditions that pass the
separability assumption and classifying more AB conditions with higher confidence
(Mohl et al., 2020). Though these results suggest that response fluctuations are a more
general computation occurring for sound pairs as far as 2 octaves apart, it remains to be
seen whether IC neurons consistently contribute to a particular model category or
implement a number of different models across AB conditions.

An advantage to presenting a large number of conditions during each recording
session is that it allows for an interrogation of the consistency of the dual sound
response patterns. To determine how stable dual sound responses were across
conditions and the IC population, we first plotted model counts for each of the 49

neurons with AB conditions classified with a posterior probability greater than 0.67 (Fig.
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17A). Though there is heterogeneity in the AB response patterns across the IC
population, roughly 63% of neurons (31 out of 49) have at least one AB condition
classified as a mixture. Thus, across trial response alternations are a general mechanism

many IC neurons use to encode concurrent sounds.
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Figure 17: Mixtures are a predominate model across the population and their
contribution to the population response pattern is stable over sound pairs of different
frequency separations. . (A) The counts for each model for all 49 cells with an AB
condition classified with a posterior probability > 0.67. It is apparent that many neurons

have at least 1 condition labeled as mixture. (B) The neurons who were significantly
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different based on a chi-square goodness of fit test between the neurons model counts
and the counts expected from chance given the population model distribution (Fig. 15A).
Note, this test was done on all neurons that had at least 3 AB conditions (N = 23). Note,
some of these neurons are only fit by a single model. (C) The percent each model
contributes to the population distribution across sound pairs of different frequency
separations. The single conditions seem to contribute less at higher separations while the
mixture conditions seem to contribute slightly more. (D) We combined the two furthest
frequency separations (Far - 1.75 & 2 octaves) and the two closest frequency separations
(Close — 0.25 & 0.5 octaves) and performed a chi-square test of independence and found
these two distributions are not significantly different (chi-squared test, degrees of
freedom = 3, chi-statistic = 2.102, p-value = 0.552).

We next asked if the AB responses of any IC neurons showed a bias towards a
particular model. Of the 32 neurons with at least two AB conditions classified with a
posterior probability greater than 0.67, 14 neurons had AB conditions well described by
only a single model. To statistically test if a given neuron implemented a different
distribution of models than predicted from chance, we performed a chi-square goodness
of fit test between a given neuron’s model distribution and the population’s model
distribution (Fig. 15A). Though we first subtracted the conditions from the tested neuron
so as to not bias the population’s distribution. Due to small sample size we, also,
excluded neurons that had less than 3 AB conditions, leaving 23 neurons (Fig. 17A — first
23 units). Roughly 35% of neurons (8 out of 23; Fig. 15B) implemented a distribution of
AB response patterns significantly different than the IC population (chi-squared test,
degrees of freedom = 3, chi-statistic >7.81 , p-value < 0.05). Many of these neurons are
biased towards intermediate or single AB responses. Due to the small sample size and

the large number of mixtures in the population’s model distribution, the two neurons
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(unit 14 & 15) with only mixture responses only trended toward significance (chi-
squared test, degrees of freedom = 3, chi-statistic =7.245, p-value = 0.0645). Nonetheless,
there seems to be substantial minority of neurons that are biased towards a particular
model, but the majority of the neuron’s implement a combination of the different model
classifications.

We then asked if the population’s model distribution depended on the frequency
separation of the sound pair (Fig. 17C). It appears that as frequency separation increases
the single model contributes less and the mixture model contributes more to the
population response. To statistically test this, we performed a chi-squared test of
independence by comparing the model distribution for the two most distant frequency
pairs to the model distribution for the two most proximal frequency pairs. Although
these two distributions seem to differ (Fig. 17D), they are not significantly different (chi-
squared test, degrees of freedom = 3, chi-statistic = 2.102, p-value = 0.552). Therefore, the
frequency separation of the paired sounds does not seem to significantly affect the way
the IC encodes concurrent sounds. To summarize, the IC response to concurrent sounds
is heterogenous. Many neurons encode simultaneous sounds with a number of
combination rules, the most common of which is across trial response alternations
(mixtures), and the population response pattern remains largely stable across all dual

sound pairs.
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4.4 Discussion

How the brain encodes multiple objects simultaneously is an oft ignored
question in neuroscience. Perhaps the most relevant, but slightly tangential, field
concerns how populations of neurons encode a single object in the presence of other
objects. In this case, it is abundantly clear, across species and brain regions, that neurons
respond less strongly to a stimulus in the presence of other stimuli, a behavior known as
normalization (Carandini & Heeger, 2012). Indeed, we observed similar behavior in the
average response of IC neurons when monkeys successfully reported the presence of
two concurrent sounds, with many IC neurons responding between the responses of
either component sound (e.g. Fig. 11, 12 & 13). Although stimuli can be accurately
decoded with normalized responses, it likely requires a preservation of individual
neuron’s selectivity (Li, Cox, Zoccolan, & DiCarlo, 2009) or a homogenously tuned
population (Bao & Tsao, 2018), neither of which are observed in the monkey IC (Bulkin
& Groh, 2011; Versnel et al., 2009; chapter 3). More likely, the IC is exploiting dual sound
responses that fluctuate between the response to each component sound. These response
alternations were observed (Fig. 14 & 15) in roughly 63% of IC neurons and their
contribution to the population response remained stable across the full, 2 octave, range
of frequency separations tested (Fig. 16 & 17).Thus it appears that response alternations
are a general mechanism used by the IC to facilitate the encoding of multiple sounds.

More broadly these results support response alternations a general mechanism seen
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across many brain areas including V1 (Jun, Ruff, Tokdar, Cohen, & Groh, 2019), IT
cortex (Caruso et al., 2018), hippocampus (Kay et al., 2020) and may potentially be
observed in areas involved in decision making (Ashwood et al., 2020; Kang et al., 2020).

A limitation of the current study arises due to the two assumptions required for
the whole trial classification of AB conditions; we assume the component responses are
Poisson and separable. These assumptions result in much of the data being lost (roughly
76%), making it difficult to interrogate the consistency of a neurons combination rule.
The Poisson assumption can be relaxed by implementing modeling responses with other
distributions (e.g. negative binomial). However, the separation assumption cannot be
relaxed and is fundamental to the interpretation of the whole trial results. It is unknown
what roles the neurons that do not differentially respond to each component sound play
in the perception of sounds. Nevertheless, future analyses will need to be developed to
prevent loss of data and statistically probe the role of non-separable responses.

Broadly, these response fluctuations are possibly connected with cognitive
processes, potentially carried through the large corticofugal projection into the IC
(Huffman & Henson, 1990). For example, the alternations bear some resemblance to the
results of selective attention (Moran & Desimone, 1985) where neurons selectivity
responds to a particular stimulus or the rhythmic theory of attention where attention
fluctuates between salient stimuli 3-8 times a second (Fiebelkorn & Kastner, 2019). It is

important to note that we do not control for attention in this study. However, to
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correctly perform on dual sound trials the monkey must report the location of both
sounds, so the representation of each sound should be maintained for the length of the
trial. That being said, it's quite unclear what is meant by attention most of the time
(Hommel et al., 2019).

The growing support for response alternations calls for revisiting data where a
trial averaged combined response is modeled as a function of the component responses.
For example, we found that even though some neuron’s trial averaged AB responses
were well captured by a linear combination model (e.g. Fig. 13C), trial-by-trial structure
of the AB responses clearly indicate that a given neuron may alternate their responses
between the two component sounds (e.g. Fig. 14C & 15C). However, it also true that
some neurons do average the component sound responses under some conditions (Fig.
13B, 14D & 15D). Indeed, there are a number of computational benefits to the
normalization of responses (Carandini & Heeger, 2012). Additionally, the degradation of
information concerning component stimuli can be alleviated through heterogeneity in
combination weights or tuning properties and specific correlational structure (Ecker,
Berens, Tolias, & Bethge, 2011; Orhan & Ma, 2015). It is possible, and likely, that
alternating populations and averaging populations could differ in connectivity or
physiology and may underlie different behaviors. Therefore, it is vital to our
understanding of how brains function in cluttered environments that studies account for

trial-by-trial structure in neural responses.
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5. Conclusions

5.1 Summary

The fact that animals can localize simultaneously occurring sounds challenges
prevailing assumptions that sound location is encoded via a rate code. Neurons cannot
fire at two rates simultaneously; so how could they encode concurrent sound sources? In
the previous chapters I presented work investigating how a coding bottleneck, the
monkey inferior colliculus (IC), could overcome this constraint of rate coding during the
localization of a single, or two concurrent, sound source(s).

I first explored whether IC neural sensitivity to sound frequency could facilitate
the encoding of concurrent sounds. I hypothesized that on dual sound trials IC neurons
would increase their selectivity to sound frequency, reducing population overlap and
allowing for segregated populations to encode each sound. I first confirmed that
monkeys could localize paired sounds that differed in center frequency from 0.25-2
octaves. Monkeys performed, on average, 86% of dual sound trials correctly, and
performance improved as the frequency separation of the sound pair increased. I then
verified that the presented sounds recruited a largely overlapping population of broadly
tuned neurons. Although there was heterogeneity in the neural responses to dual
sounds, it was evident that most IC neurons did not sharpen their frequency receptive
fields but instead broadened them. These modulations of the frequency response

functions reduced the information available to a maximum-likelihood decoder, which
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performed worse on dual sound trials. I concluded that IC selectivity to sound
frequency is unlikely to underlie the ability to localize concurrent sounds and proposed
that recently reported (Caruso et al., 2018) alternations of IC responses may provide a
more promising avenue of research.

I next investigated if these response alterations were a general mechanism the IC
implemented to encode concurrent sounds or if they were a specialized computation
used only to encode sound pairs proximal in frequency ( <1 octave), like the frequencies
used in Caruso et al. (2018). Response alternations would appear as trial averaged
responses that fall between the two component sound responses. I, first, confirmed this
by modelling the dual sound responses as a linear combination of the two component
sound responses and found most neurons were well fit by a response normalization. I
then verified that across and within trial fluctuations were present in the data. Indeed,
these response alterations were the predominate computation in the IC, being observed
in roughly 63% of IC neurons and across the full, 2 octave, range of frequency
separations. Importantly, their contribution to the population response was stable across
sound pairs of all frequency separations; suggesting that response alternations are a
general computation exploited by IC neurons to facilitate the encoding of concurrent

sounds
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5.2 Implications, limitations, and future directions

The predominance of across trial response fluctuations in the monkey IC has
interesting implications for the representation of auditory space reference frames. A
peculiar finding throughout many auditory areas, including the IC, is that they do not
strictly represent auditory space in head-centered coordinates, instead they represent
auditory space somewhere between head- and eye-centered reference frames (for review
see:Willett, Groh, & Maddox, 2019). Interestingly, recent work has shown that neurons
in the ventral intraparietal area are capable of dynamically switching between world-
and self-coordinate systems depending on the demands of the task (Sasaki, Anzai,
Angelaki, & DeAngelis, 2020). So therefore, it is possible that the origin of the hybrid
reference frame seen in the IC (Groh et al., 2001) and other auditory areas could emerge
due to latent across trial fluctuations between the head- or eye-centered coordinate
systems. However, reference frames can only, currently, be measured using across trial
averaged activity. Therefore, new analyses will need to be developed before the
contribution of response alternations in this field can be addressed.

The majority of work investigating the responses of neurons to the presence of
multiple stimuli within their receptive field finds a reduction in firing rate. This
characteristic response puzzled the field for some time because animals seem to trivially
recognize objects in cluttered environments, yet the representation of the object is not

invariant to the presence of other objects. In fact, the particular way the multi-object
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responses changed reduces the information concerning each object within the scene
(Orhan & Ma, 2015, chapter 3). To account for this reduction in firing rate (Li et al., 2009)
proposed a readout that depended not on firing rate per se but instead on the rank order
of object preference. Although the stability of object preference was important for the
successful decoding of stimuli it required a different decoding threshold, which implies
the existence of two neural codes, one for objects in isolation and one for objects in
clutter. How would the decoder know which threshold to use at a given time if it does
not know how many objects are in a given scene beforehand? Importantly, the current
work offers an alternative explanation, that the response normalization could be
explained by across time response alternations, effectively a time-varying winner-take-
all code. A winner-take-all code is known to outperform weighted averaging and
divisive normalization in the representation of multi-object responses (Orhan & Ma,
2015) and would allow for the instantiation of a single downstream decoder robust to
multiple objects in a scene.

A strong assumption of the current work is that the neural code fundamentally
depends on a stable relationship between a neuron’s firing rate and the stimulus space.
However, this is clearly not always the case. For example IC neurons in the current work
can enhance their responses under some conditions, and it is known throughout the
brain that firing rates can be modulated by cognitive processes (Humphreys et al., 1998),

behavioral states (e.g. arousal or locomotionVinck, Batista-Brito, Knoblich, & Cardin,
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2015), or stimulus statistics (Malmierca, Cristaudo, Pérez-Gonzalez, & Covey, 2009).
Alternatives to this interpretation of firing rate exist. For instance, probabilistic
population codes assume firing rate corresponds to confidence a particular stimulus is
present (Ma, Beck, Latham, & Pouget, 2006). On the other hand there is evidence of
neurons encoding stimulus information through spike timing (Gollisch & Meister, 2008)
and it is known that spike timing contributes to the encoding of sound features of the
inferior colliculus (Chase & Young, 2006). Nevertheless, future work must investigate
the contribution of firing rate and spike timing to neural representations (Brette, 2015).
Another limitation of the current study is that we largely ignore the known
diversity of cell types within the IC (Peruzzi, Sivaramakrishnan, & Oliver, 2000; Allen
Ryan & Miller, 1977). In the auditory system, many cell types are known to functionally
contribute to the processing of specific aspects of sound (Cant & Benson, 2003). Do
response alternations occur across the diverse number of cells in the inferior colliculus or
is it specialized to only a particular class? Future work should address not only if
particular classes of cells implement response alternations but also determine how their

connectivity allows for the implementation of time-varying winner-take-all signals.
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