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Signal switching may enhance processing

oower of the brain

Jennifer M. Groh ® 1234569 Meredith N. Schmehl @256 Valeria C. Caruso

Our ability to perceive multiple objects is mysterious. Sensory neurons are broadly
tuned, producing potential overlap in the populations of neurons activated by each
object in a scene. This overlap raises questions about how distinct information
is retained about each item. We present a novel signal switching theory of neural
representation, which posits that neural signals may interleave representations of
individual items across time. Evidence for this theory comes from new statistical
tools that overcome the limitations inherent to standard time-and-trial-pooled
assessments of neural signals. Our theory has implications for diverse domains
of neuroscience, including attention, figure binding/scene segregation, oscilla-
tions, and divisive normalization. The general concept of switching between func-
tions could also lend explanatory power to theories of grounded cognition.

Current theories of neural representations fall short for multiple stimuli

Current theories of neural representation (see Glossary) hold that information is encoded by a
combination of neural identity and firing rate: which neurons respond and how vigorously they do
so form the representation of a stimulus. These theories have been developed to account for
responses observed for the presentation of one stimulus at a time. On its face, this central
dogma cannot easily handle the case of multiple stimuli.

The critical issue concerns the breadth (and nature) of sensory tuning (Figure 1). Consider the do-
main of space. In the visual system, acuity is ultimately limited by the spacing of the photoreceptors —
where a photon might arise from within the receptive field of a given photoreceptor is essentially
invisible to us; it is only the fact that the photoreceptor has been activated that provides information
to subsequent stages of processing. Photoreceptor spacing and receptive field size lead to an acuity
limit of roughly half an arc-minute. (Measurements of acuity can yield lower values in special cases,
but photoreceptor spacing remains the limiting factor (see [1] for full discussion). However, as signals
progress along the visual pathway, receptive fields increase in size, and the initially tight
correspondence between receptive field size and acuity falls apart. Even in primary visual cortex, a
relatively early point along the visual pathway, the smallest receptive fields are approximately
tenfold larger than the spatial limits of visual perception [2,3], with larger fields appearing in later
stages. Current accounts for how this problem is solved concern the population of neurons: the
loss of information about where the stimulus is within the receptive field of a single neuron is thought
to be compensated for by overlap in the population of activated neurons, such that the precise
location of a stimulus can be inferred from the peak of the population activity. Such a scheme can
work well when there is only one stimulus, but how the locations of multiple stimuli might be recon-
structed from such a population scheme is not obvious. By analogy, images taken with a low-
resolution camera can indicate the location of a single dot against a plain background fairly well
but fail to preserve detail when the scene is more complex (Figure 1A).
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The auditory system has an even more severe problem. Spatial location is reconstructed not via
optical image formation, but rather from computations derived from interaural timing and level dif-
ferences (@among other sources of information). The timing and level cues vary in proportion to the
angle of incidence of a sound in relation to the axes connecting the two ears, with the largest
temporal leads and loudness advantages occurring when the sound is nearest to one ear versus
the other. In the mammalian auditory system, the majority of neurons replicate this tuning profile;
that is, they respond more strongly the closer a sound is to the axis of one ear versus the other
(Figure 1B) [4-8]. Itis thought that location is inferred from the level of firing of such neurons, rather
than which neurons are active as might occur in a neural map. Again, such a code can work well
when there is only one sound, but when two sounds occur, how is a firing rate code supposed to
ensure the representation of both stimuli? One possibility is that segregation of stimuli to different
subpopulations of neurons may occur via their differential tuning to sound frequency, such that
the locations of sounds of different frequencies would be encoded in the level of firing of different
subsets of frequency-tuned neurons. However, at suprathreshold sound intensities, frequency
tuning is very broad [9], leading to a blurring problem that is akin to the one described above
for the visual system.

In short, most visual and auditory neurons in the brain are sufficiently broadly tuned that repre-
senting more than one perceptible stimulus or stimulus attribute at once appears challenging.
To date, this situation has gone surprisingly unrecognized. Studies that investigate responses
to more than one stimulus are few and far between, and the implications of the findings of such
studies for preserving information are often not fully considered. For example, a common finding
among such studies is that neurons appear to respond more weakly to a preferred stimulus when
there are other stimuli present versus when the preferred stimulus is presented alone [10]. If
such changes in firing rate were to reflect an effective shrinkage in the receptive field size, thus
sharpening the tuning of individual neurons and dynamically making the code more fine-
grained, this could in principle facilitate coding multiple stimuli. However, in the auditory system,
such sharpening does not appear to be sufficient [1 1], and in the visual system, the general theory
that has been offered proposes instead a general lowering or normalization of activity rather
than a sharpening of tuning [12] [see [12—14] for some cases where sharpening of tuning can
arise in the presence of surrounding stimuli, and see section 'A non-lossy explanation for
(some) normalization?' for more detail].

This gap leads us to present a novel theory of how the brain might solve this problem through
signal switching across time. Specifically, when more than one stimulus is present, perhaps
neurons switch between encoding different items, using interleaved temporal epochs to preserve
distinct information about each individual item across time and/or across the neural population
(Figure 1C,D). Below, we describe this theory and its inspirations, supporting evidence, and
implications for multiple domains of neuroscience.

Neural signal switching

The problem of multiple signals needing to be squeezed into a channel with limited capacity
finds precedent in the domain of telecommunications [15]. When there are more signals than
wires to transmit them, telecommunications circuitry is designed such that signals 'take
turns' accessing the limited channels available, a process known as time-division multiplexing
(Figure 1C). The possibility that the brain might deploy a form of multiplexing has previously
been suggested in the domain of working memory. Working memory has a capacity limit
of 5-7 items, and it has been proposed that this capacity limit may arise due to an encoding
process in which items to be remembered are slotted into different phases of an oscillatory
cycle [16-22].
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Glossary

Arc-minute: unit of measurement
relating to visual space. An arc-minute
spans 1/60 of one degree of the angle
subtended in the visual scene.
Binding: perceptual phenomenon in
which multiple stimuli that share a similar
spatial location or stimulus properties
may seem to form a single object.

Duty cycle: in a time-multiplexed code,
the cycle time it takes to represent each
item once.

Dynamic Admixture Point Process
(DAPP) model: mathematical model
that permits detection of fluctuations at
short time scales, such as within an
individual trial.

Encode: how the firing pattem of a
neuron carries information about
stimulus identity and properties.
Multiplexing: In this article, a
phenomenon whereby a single neuron
can encode multiple stimuli by switching
between representations of individual
stimuli across time windows, allowing
information to be maintained about
multiple stimuli across time or across
multiple neurons. The term has also
been applied to cases in which more
than one variable influences the firing
patten of a neuron, such as both
sensory and decision-related activity.
Neural code: general term for the
representation of information in neural
activity.

Normalization: defined most generally,
a neural response pattem that scales
less than linearly with the energy in the
sensory scene. The particular case of
interest in this article is when a neural
response to two stimuli resembles the
average of the responses to each
stimulus individually.

Receptive field: spatial location to
which a neuron is capable of responding
(see also Sensory tuning).
Representation: information carried by
the firing pattemns of populations of
neurons, and how that information
signifies particular stimulus identities or
properties.

Sensory tuning: preference of a
neuron to respond more strongly to
some types of stimuli than others.
Neurons can be tuned to respond
preferentially to stimuli in specific regions
of space (see also Receptive field),
having specific stimulus properties
(e.g., sound frequency), or having a
specific identity (e.g., identity of a human
face).
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Figure 1. The tuning problem of the brain and signal switching as a possible solution. (A) Inthe visual system, the initial fine coding in the retina gives way to coarse
coding at later stages of the visual pathway [2,3,107-110]. Coarse coding should impair perception of fine detail and multiple stimuli, as illustrated here by analogy with the
resolution of photographs. (B) A related, but distinct, problem occurs in the auditory system, where neurons are monotonically sensitive to the horizontal eccentricity of
sounds [5-8,111,112]. How such a firing rate code for sound location can be deployed when there is more than one sound is unclear. (C) Both problems can be thought
of as a too-many-stimuli-for-the-wires problem. In telecommunications systems, when muitiple signals (e.g., A-D) must be transmitted during the same general period of
time over a single channel, a switch can be used to gate the inputs so that only one signal is carried in the channel at any given moment, with different signals transmitted
across time. (D) If the brain implements something similar, the activity patterns in response to multiple stimuli might appear to consist of epochs of time in which each stimulus
dominates the signal in alternation, as shown for two hypothetical stimuli (modified from [26]). Depending on the timescale of fluctuations and their coordination across the
population, it may be that multiple distinct channels are created dynamically in the brain, a variation on the form of multiplexing deployed in the telecommunications case
(see text for detalils).

Progress in studying such phenomena at the single neuron level has been limited by analysis
methods that rely on pooling activity across time, stimulus repetitions, or both. We recently devel-
oped new statistical methods for analyzing activity patterns evoked by two stimuli at multiple time
scales [23-27]. These methods require triplets of conditions: stimulus A, stimulus B, and A and B
in combination (Figure 2A). For each triplet, we determine the distribution of responses when only
one stimulus, A or B, is presented. The AB condition provides the test case: does neural activity
switch between A-like and B-like response patterns when both A and B are presented?
Benchmarking with the A-alone and B-alone response distributions is key to interpreting any fluc-
tuating activity as possibly preserving a representation of the component stimuli.

The analysis methods consider the distribution of activity at various time scales. Comparing spike
counts across trials, we used a Bayesian model comparison to ascertain whether the trial-wise
AB spike counts are best fit by a mixture of the trial-wise A-like and B-like Poisson distributions
(mixture), consistent with fluctuations between encoding each individual stimulus across trials
(Figure 2A). The alternative options involved single-mode Poisson distributions that match one
of the A-like or B-like distributions (single, or winner/loser-take-all), lie between those distributions
(intermediate, potentially consistent with more rapid, sub-trial fluctuations, to be discussed further
below), or lie outside the range of those distributions (outside, consistent with an additive or
strongly suppressive interaction between the stimuli). This analysis excludes cases in which the
A-alone and B-alone distributions are statistically indistinguishable from one another or when
either does not appear to be Poisson-like [28].
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Figure 2. Statistical tests to identify fluctuating sensory activity. (A) The across-trial analysis method considers the distributions of spike counts on combined stimulus
trials in comparison to the component single stimulus trials. Of particular interest are mixtures, which capture the neuron fluctuating between responding to one stimulus on
some trials and the other on the remaining trials, and intermediates, which could reflect a similar switching response but at a time scale faster than the trial duration. (B) Example
spike count distributions from two neurons in the middle fundus face patch when tested with either two faces or a face and another object [26,27]. (C) Fluctuating activity at the
scale of trials (i.e., mixtures) has been identified using a variety of stimulus types in multiple visual as well as auditory areas of the rhesus monkey [23,26,27,34].

We have tested this spike-counts-across-trials analysis method in a variety of auditory and visual
primate brain areas using a range of tasks and stimulus conditions, and using data collected in a
variety of laboratories. When stimuli are distinguishable from one another, such as presented from
different locations, mixtures are evident in all the brain regions tested (Figure 2B,C) (auditory:
inferior colliculus; visual: V1, MT, V4, IT face patch MF, and IT face patch AL) [23,26,27].

Fluctuating activity has also been identified by several other groups in other contexts using related
methods. For example, in studies of binocular rivalry in which different stimuli are presented
to each eye, some neurons in visual cortical areas show responses that fluctuate along
with concomitant changes in which eye dominates the percept [29,30]. Other studies [31-33]
have deployed analytical techniques involving mixtures of Poissons and have reported that
such mixtures/overdispersion is more evident when the image is not homogenous but can
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be considered to contain more than one element. Finally, one study [34] showed alternating re-
sponses to adjacent dot patches in MT, a finding we replicated by analyzing their data with our anal-
ysis method [27].

In our spike-counts-across-trials analyses, slow fluctuations as indicated by mixtures were not
the only response pattern identified. Rather, intermediates were also identified in some datasets,
leaving open the possibility that fluctuations might exist at a faster time scale than the across-trial
scale analysis could detect. To detect fluctuation within individual trials, we developed a second
analysis method, the Dynamic Admixture Point Process (DAPP) model (Figure 3). In DAPP,

(A) Identifying faster fluctuations within trials: dynamic admixture point process model
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Figure 3. A method of identifying faster fluctuations. (A) The Dynamic Admixture Point Process (DAPP) model treats
combined stimulus trials as weighted admixtures of the distributions of activity observed on single stimulus trials. The
weight curves (alpha) can vary across time and trials. The properties of the processes that generate these curves are
learned by the model, permitting the generation of new curves. The distributions of the trial-wise means and ranges of
these curves are then used to tag triplet data as central versus extreme and flat versus wavy based on statistical cutoffs
explained in [24,26]. In general, whole trial mixtures should be flat-extreme, and whole trial intermediates should be central
but could be either flat or wavy, with the latter category indicating fluctuation. (B, C) The observed and generated weight
curves for the two examples from the inferior colliculus [26]. (B) Example 1: on any given trial, weight curves are flat, but
across trials they are bimodally distributed at the extreme values that correspond to either the individual A or B responses
(left panel). Trial-wise mean alpha values cluster at O or 1 (middle panel), and the individual curves do not ‘swing’” much
from their averages (right panel). These weight curves are consistent with a mixture, or across-trial fluctuation. (C) Example
2: weight curves vary during the course of the trial (wavy, left panel), and are central in their average value, with trial-wise
mean alpha near 0.5 (middle panel). The waviness is captured by the high maximum swing size (right panel). These weight
curves are consistent with within-trial fluctuation, despite being classified as intermediate at the whole trial scale.
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spike counts are binned into subintervals within trials, and each AB trial is treated as a weighted
recombination of the A-like and B-like response distributions observed during each bin. The
weights are allowed to vary dynamically across time within a trial and vary stochastically across
trials, producing random weight curves that are not time locked across repetition. The stochastic
generator is estimated from the data, and an inference is drawn on the shape of the weight curves
generated by it: do they tend to be steady, or do they exhibit varying contributions of A and B
across time? Using 50-ms bins, we found some evidence of within-trial varying patterns of activity
in both the inferior colliculus and the face patch system [24,26]. Such within-trial variation in activity
occurred among cases dubbed intermediate at the whole-trial time scale but rarely among
mixtures, which usually showed steady weight functions across within-trial time scales. These
findings confirmed the presence of slow fluctuations, and also suggested that faster ones may
exist as well, varying by neuron, stimulus condition, and brain area.

A grand theory of everything?

Neural signal switching is relevant to a variety of topics in perception, cognition, and atten-
tion. In this section, we review several phenomena to which neural signal switching may
contribute.

Figure binding and scene segregation

What constitutes a stimulus to be encoded by neurons? The sensory scene is continuous, yet we
experience it as consisting of discrete objects with boundaries. Additionally, individual objects can
have multiple distinct parts to be represented; for example, the letter E is composed of one
vertical line and three horizontal ones. Accurate perception necessitates encoding all parts as
distinct yet connected. How such grouping and segregation occurs has been a topic of intense
interest for perceptual psychology and systems neuroscience for about 100 years.

Neural switching patterns could relate to the perceptual segregation of objects from one
another and/or into component parts. An earlier theory of how the brain might solve the
binding problem proposed that the different attributes of complex visual stimuli are linked
together via temporal synchrony of firing patterns across neurons [35-39]. Put another
way, this earlier theory effectively postulated that responses to stimuli might not be steady across
time, and that the timing of responses in different neurons to different components of the stimulus
might reflect (or cause) the perceptual linkage (or lack thereof) of different aspects of the sensory
scene.

While most neural switching patterns that we have observed to date operate at a slower timescale
than was postulated by this earlier theory of binding, we have observed intriguing potential con-
nections to object binding. Specifically, the only datasets where we have not observed substantial
mixtures and intermediates involved superimposed gratings that formed a fused 'plaid' [23,27].
The relative absence of fluctuating activity when the stimuli form a single object in comparison
to cases where the stimuli are distinct is notable.

Perhaps most importantly, neural switching theory offers a new toehold into investigating the
neural mechanisms underlying this perceptual experience. The Gestalt principles that lead to
grouping have been well understood at least in the visual domain for a century [40]. Studies in
which neural switching is investigated as the stimulus attributes that support/disrupt grouping
such as connectedness, similarity, common fate, etc. are parametrically varied will be important
for gaining a full understanding of the relationship between these neural and perceptual phenomena.
Simultaneous recordings from multiple neurons will also be needed to ascertain whether activity
fluctuations are coordinated across neurons (see next section).

6 Trendsin Cognitive Sciences, Month 2024, Vol. xx, No. xx
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Neural switching theory and attention

Both neural switching theory and theories of attention concern how the brain processes multiple
stimuli, and can be thought of as branches of the same conceptual family. However, there are
key differences. Neural switching theory seeks to account for how the representation of multiple
stimuli might be preserved (Figure 4A), whereas attention theories typically concern how the brain
focuses on a small number of salient individual items to the detriment of most others (Figure 4B,C).

Another key difference concerns the general level of description. Attention refers to a cognitive,
behavioral process — the experience of being more aware of one stimulus than others [41]. Neural
switching theory postulates potential neural mechanisms for preserving information regarding
multiple items in the neural code, and does not make explicit claims about correlations with
perceptual awareness of individual items except to argue that such information preservation is
a necessary precondition to awareness.

Nevertheless, there are intriguing open questions at the intersection of neural switching theory
and attention. These open questions surround how responses are coordinated across the neural
population and how switching patterns may relate to sampling of the sensory scene across time.
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Figure 4. Correlation patterns can reveal whether switching is information preserving versus information
selecting. (A) Simultaneously recorded units in V1 show evidence of encoding both A and B stimuli across the population
on every trial. Activity of individual units is color-coded according to whether the activity was more akin to the A-like (pink) or
B-like (blue) distributions of spikes on a given trial. Only units with at least moderate evidence of mixture activity patterns are
depicted; that this identification was successful can be seen by the presence of both A-like (pink) and B-like (blue) squares
for every neuron across trials (rows). Notably, every trial also has both A-like and B-like responses across neurons (columns).
Overall, there are more A-like than B-like responses, suggesting a possible bias in the representation. (B, C) The pattern
differs from those expected under covert attention (B), in which neurons might switch in synchrony between encoding one
item versus another. This is shown here as a simulation involving the same A-like and B-like responses actually observed in
(A), depicted as having occurred in a correlated fashion across neurons, or normalization (C), which would be expected to
produce a common intermediate value across neurons and trials (purple).
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Preservation versus prioritization depends on coordination across the population

Open questions regarding the relationship between neural switching theory and attention
concern the degree of coordination between individual neurons and how this relates to percep-
tion. If all neurons in a population encode only one of the multiple items present at a given instant,
and if that item is the only item that the subject perceives at that moment, a neural mechanism
related to attention may be at work. However, if a neural representation is preserved for multiple
items, that population may form a preattentive stage of processing, with attention operating at a
later point [42].

In one dataset that speaks to this question, the pattern of results is most consistent with the A and
B stimuli both being encoded simultaneously across the population. Specifically, in V1, when
multiple neurons showing mixture response patterns are recorded simultaneously, both A-like
and B-like response patterns occur on every trial, but in varying subsets of neurons (Figure 4A).
However, two additional aspects of the observed pattern are intriguing. First, the A and B stimuli
do not appear to be coded equally across the population. In this set of recordings, the A stimulus
appears to be encoded preferentially compared to the B stimulus. Such a bias could lead to
stimulus A being perceived as more salient. Second, the switching patterns do not appear to
be random across neurons. While no two neurons are perfectly correlated with each other,
there are ensembles of neurons that appear better correlated with each other than with other
neurons. For example, units 1 and 2 are highly correlated with each other, and units 3, 4, and 5
are correlated with each other but not well correlated with units 1 and 2. This suggests that
there may be subgroups of neurons that tend to be highly correlated with each other [31,43],
consistent with the burgeoning literature on the ‘dimensionality’ of neural codes being lower
than the number of neurons in those codes [44]. An implication of this is that the number of
ensembles in a neural population may contribute to limits on the number of stimuli that can be
encoded.

Sampling of the sensory scene

An intriguing possible connection between attention and neural switching involves evidence from
numerous studies suggesting that attention may rely on sampled processes. The reaction time to
identify a target can sometimes scale with the number of items to be evaluated [45]. Such serial
processing would be consistent with an underlying mechanism involving a duty cycle of succes-
sive stimulus encoding [46-49]. This sampling may be internally controlled: stimulus detectability
varies across time and is correlated with the phase of oscillations in EEG signals [50-52] or local
field potentials in various brain areas [53]. Even nominally sustained attention can exhibit rhythmic
properties [54-56]. Such findings therefore also suggest an ongoing, endogenous cycling in
neural coding with concomitant effects on perception.

In summary, neural switching theory can provide insights into several phenomena thought to be
associated with attention, from salience to limited processing capacity to temporal sampling of
the sensory scene. More work will be needed to bring these different perspectives into better
conceptual alignment.

A non-lossy explanation for (some) normalization?

A common observation in sensory brain regions is that neural activity often fails to scale linearly
with the total amount of energy in the sensory scene, a pattern often termed normalization
[12,57-63] (or more generally, sub-additivity [14]). Conceptually, normalization has been seen
as ensuring neurons stay in a firing rate zone tailored to the statistics of the scene — such as
reducing contrast sensitivity in a high contrast environment compared to a low contrast environ-
ment [12]. Some cases of normalization are more akin to the case we are concerned about;
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namely, the presence of more than one distinct stimulus in a scene. For example, when a grating
is presented in the center of the receptive field of a V1 neuron, and it is surrounded by a grating
of a different orientation, the (average) response of the V1 neuron can be intermediate between
the (average) responses evoked by either the center or surround stimuli alone (crossorientation
suppression [12]). Such suppression can also occur for surrounds of the same orientation — in
particular when stimulus contrast is high [13].

However, the interpretation of such suppressive patterns depends on whether the underlying
activity is actually fluctuating between single-stimulus response rates. In short, perhaps what
has appeared as normalization is partly an illusion of time-and-trial pooling analysis methods.
By focusing on the average response across time and trials, any fluctuating activity would have
been overlooked, and it could be the case that firing rates of individual neurons are actually
switching between the values associated with the presence of stimulus A and those associated
with the presence of stimulus B at some temporal scale. In our analysis methods, both mixtures
(across-trial fluctuations) and intermediates involve responses that would be categorized as
normalizing when responses are pooled across trials. But both mixtures and the wavy-central
(within-trial fluctuations) subcategory of intermediates (Figure 3C) actually retain information
about each item. These information-retaining strategies contrast with the alternative normalizing
strategy, in which the activity on each trial is close to the across-trial average level (see
Figure 4C for a simulation of this case).

Aside from our methods, clues to the underlying pattern can also come from simply evaluating
across-trial variability in neural firing, a topic already of considerable interest in visual cortical pro-
cessing [14,64-66]. A relatively high variance in the dual stimulus context could indicate an under-
lying signal switching operation. It has been shown that the variance-to-mean ratio (Fano factor)
of visual activity can shift into different modes depending on the sensory context [14], and indeed
the Fano factor has been shown to be greater for larger, heterogenous images, which may be an
analogous to those used here [32,33].

If fluctuating neural signals do underlie some cases currently attributed to normalization, a key
postulated benefit of normalization is retained: the distribution of activity levels across time and
neurons continues to ensure the population level of activity stays within a limited firing rate
range. In contrast, cases of true normalization pose a new problem: they indicate that the relation-
ship between firing rate and the evoking stimuli is context dependent. Put another way, if the
response to two stimuli, Rag, is the average of the responses observed to each stimulus alone
(Ra and Rg), then the brain will have lost information about Ra and Rg individually (Figure 4C).
Depending on how such a neural representation is evaluated by subsequent stages of processing,
it could even seem like there is a single stimulus at some midpoint between stimulus A and stimulus
B. This is known to happen in the case of saccades: when two visual targets are presented simul-
taneously, humans and monkeys will sometimes look between them [67-69]. A read-out algorithm
would need to handle such shifting relationships between firing rate and the underlying stimuli
gracefully (such as 'peak-peaking' the most active neurons regardless of the absolute level of
their firing rate).

Oscillations and duty cycles

When accompanied by sufficient correlations across the neural population, any regularity or
periodicity in neural switching could result in oscillatory signals measurable in local field potentials,
EEG, or even spiking activity [70], and could indicate phase-of-firing coding [16,22]. The duty
cycle of periodicity could be fixed (i.e., switching could occur on the same temporal schedule
regardless of the number of items), or it might vary with sensory or cognitive load. Recent work
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involving a working memory task found a reduction in the frequency of theta-band modulation in
the human hippocampus as a function of increasing numbers of items to be remembered,
suggesting the duty cycle is extended to cover all the items [71]. In monkeys, changes in the
power in different frequency bands have been observed in local field potentials of several brain
regions as a function of perceptual load [72]. Humans engaged in a multiobject tracking task
appeared to use a fixed amount of time to sample each object, such that the total amount of
time to sample all objects might be expected to vary with object number [46].

Perceptual and motor imperfections: masking, crowding, and averaging movements

There may be limitations in how well neural signal switching operates. For example, signals might
be imperfectly segregated from one another or imperfectly timed with the rest of the neural
population, or there might be limits in the spatial or temporal scale at which signal switching is
capable of operating. Such limitations could be associated with interesting perceptual parallels,
such as when the presence of stimulus A alters some aspect of the perception of stimulus B.
Examples include simultaneous masking [73,74], distorted object perception associated with
visual crowding [75], and averaging eye movements evoked by simultaneous targets [68,76]. In
our previous study [26], even though the monkeys successfully made saccades to each
sound, those saccades tended to fall slightly short of the actual sound locations. Such behavioral
observations are potentially consistent with imperfections in the coding of each item.

Response variability

Variability in neural signals has troubled neuroscientists since the field emerged as a scientific
discipline [77], as it may cast doubt on the reliability of neural representations. Many experimental
studies have chipped away at unexplained sources of variance to nominally identical conditions;
one compelling example is recent evidence of extensive motor correlates in task-related activity
throughout cortical regions [78]. If neurons switch between encoding different stimuli at times con-
trolled by some internal state, this too will contribute to the apparent noise in neural firing patterns.
In the years to come, it will be of interest to explore activity fluctuations together with other factors to
ascertain just how much signal might be contained in what has until recently seemed like noise.

A role in thought?

More broadly, neural switching has intriguing implications for the theory of grounded cognition.
This theory posits that cognitive capacities like thought rely at least in part on running simula-
tions in brain areas that carry sensory and motor signals [79-82]. Simplistically, when you
think about a cat, your visual areas may exhibit activity patterns reminiscent of seeing a cat,
while auditory and tactile areas may contribute elements related to the sound and feel of a
cat. However, a central problem with this theory is how the brain might distinguish such simu-
lations from the real thing, especially given that failures to distinguish such simulations from
reality might produce hallucinations. Signal switching offers a possible explanation: perhaps
neural ensembles switch between encoding stimuli that are actually present and running
such simulations in the background.

Such a possibility would account for several common observations in neuroscience, such as
human imaging studies showing overlap between the brain regions activated by sensory stimuli
and those activated during mental imagery and language processing [83-86]. In animal studies,
what constitutes thought is likely considerably simpler, but that does not mean it does not occur.
Perhaps some portion of the variability or noise observed in response to nominally identical single
stimulus conditions reflects fluctuations between sensing the stimulus in the first place and using
the same circuit for other cognitive functions that may be unknown to or uncontrolled by the
experimenter.
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Open questions
Many questions remain, from underlying biological mechanisms to ongoing statistical challenges.
In the sections below, we consider these topics.

How is information routed?

A critical question concerns what mechanisms control how signals are routed from one neuron/
neural ensemble to another. That such mechanisms exist is supported by recent studies showing
that correlations between signals simultaneously recorded in different brain regions can change in
different contexts, implying that the effective connectivity between them can change [87-90]. In
principle, such internal control over signal flow could be deployed in contexts such as the one
proposed here. A possible mechanism by which signal flow could be controlled dynamically in-
volves axo-axonal synapses, which may allow neurons to gate inputs to other neurons [91-94].

A second factor that may be related to neural switching is that neurons periodically undergo state
changes that impact their excitability [95,96]. These changes could be internal to the neuron or
could be controlled by external synaptic inputs or even ephaptic coupling [97,98]. If such states
differentially apply to some of a neuron’s inputs versus others, they could introduce a predispo-
sition to respond to a particular stimulus at any given moment.

Computational work concerning the formation of transient cell assemblies is also relevant. Such
efforts have suggested that networks of neurons might exhibit distinct attractor states correspond-
ing to different items stored in or recalled from memory. Such networks might then also transition
between such stable states when encoding different items [99-101]. How the transitions occur is
not fully understood but could involve either explicit signals from elsewhere triggering the transitions
on purpose, or stochastic fluctuations arising due to biological noise within individual neurons.

What is the temporal and spatial resolution of neural signal switching?

In telecommunication versions of time-division multiplexing, a single digital bit of information can
be coded in nanoseconds. Brain signaling is slower, with delays for action potentials and synaptic
transmission in the millisecond range, and reaction times to sensory stimuli of 2100 ms. It is there-
fore unlikely that the duration of individual packets in the brain will be as brief as they are in artificial
systems. In our tests, we found evidence for fluctuation when examining neural activity within and
across trials. However, the true underlying time scales remain unknown, and identifying the
precise moment when switches occur requires other methods [102—-104].

Relatedly, we introduced multiplexing as a possible solution to problems arising from broad
neural tuning. However, in many of our datasets, evidence for multiplexing occurs even when
only one of the two stimuliis located within the receptive field [23]. While breadth of tuning creates
the need for something other than spatial maps, it is unknown how fluctuations, correlation
patterns, and underlying neural ensembles might relate to the degree of separation between
the two stimuli and the granularity of overall tuning. Switching in neural activity may be a strategy
deployed primarily when stimuli are close enough that the overlap in activatable neurons is
substantial, and may be less likely when individual stimuli evoke more distinct activity patterns. It is
also unclear whether the granularity of sensory maps might change under more cluttered conditions.
For example, perhaps receptive fields shrink or shift to minimize the overlap problem [105,106].

What is a single stimulus?

What if nominally single-stimulus distributions are themselves fluctuating? While experimenters
may intend to present only a single stimulus, it is simply not physically possible. There are always
other perceptible stimuli in the environment beyond the limited set presented deliberately by the
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experimenter (the dim glow of the display monitor, the hum of the HVAC system, and others).
Thus, if fluctuations occur when two stimuli are presented by deliberate experimental design,
there could also be fluctuations that occur in the single-stimulus case. We currently exclude
such cases from the analysis, requiring that the single-stimulus cases be satisfactorily modeled
with a single Poisson distribution. Further work is therefore needed to explore whether signal-
carrying fluctuations occur in the case of nominally single stimulli.

Concluding remarks

Fluctuating activity might increase the processing power of the brain by permitting individual
neurons to encode multiple items over time. This novel hypothesis about the nature of brain repre-
sentations is relevant to a wide range of findings in neuroscience from the perceptual, neurophys-
iological, and cognitive realms (see Outstanding questions). Testing this theory is challenging and
requires novel quantitative methods that incorporate the entire distribution of neural response pat-
terns, and not just their central tendencies. A risk is that the theory is not globally falsifiable: there is
likely no experiment that can show that neural signal switching never occurs anywhere in the brain.
Rather, a comparative approach evaluating the strength of evidence under different experimental
conditions is likely the most productive avenue for future research in this area. We hope that neural
signal switching theory encourages consideration of gaps in existing models and illuminates
possible connections between seemingly disparate phenomena in the field.
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Outstanding questions

What causes neural fluctuations? How
a neuron comes to respond to one
stimulus versus another is not known.
The process could be bottom up
(driven by the stimuli), top down
(driven by a fluctuating control process
that is stimulus independent), or
noise driven (influenced by stochastic
fluctuations that promote responses to
one stimulus versus another).

What is the spatial scale of neural signal
switching? Does fluctuating activity
occur chiefly when nearby stimuli
compete for representation in an
overlapping population of neurons, or
is the phenomenon more widespread?
Receptive field sizes vary along the
processing hierarchy; if fluctuation is
linked to receptive field size, then the
spatial scale at which it occurs is
likely to vary across the processing
hierarchy as well.

What is the temporal scale of neural
signal switching? Currently, detecting
switching is contingent upon the time
scales chosen for analysis. \Whether
fluctuations could be identified at
faster or slower time scales than those
shown here is unknown.

Do different neurons in an ensemble
code the same item at the same time?
Signal switching could allow single
neurons to preserve information about
multiple stimuli  across time, but
true information preservation requires
neurons to coordinate their responses
such that at least one neuron responds
to each stimulus at a given moment.
Whether and how such coordination
occurs across the neural population
will be a critical area for ongoing
exploration.

How is such a code 'read out' by
downstream neural populations?
We present signal switching as an
information-preservation strategy,
but attentional mechanisms may cause
selective filtering somewhere along the
processing hierarchy. What determines
the preservation versus selection of
sensory information at these different
stages, or how the overall code is read
out, remain unclear.

What other phenomena could neural
switching theory help explain? Signal
switching has intriguing potential
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