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ABSTRACT

Neurons in cortical area MT respond to visual motion stimuli and drive downstream per-
ception of motion and smooth pursuit eye movements. Each neuron responds to parametric
changes in stimulus value, and the responses are pooled across a large population of neurons
in a population code. The accuracy of such a code can depend subtly on specific features
of the response properties of the neurons that make up the code. Trial-to-trial variability,
correlated responses, response heterogeneity, and temporal dynamics can all affect how a
neural population codes information. This work characterizes the variability of neurons in
MT, and describes how the stimulus-dependent structure of this variability can impact the
population code. A model of stimulus-dependent variability bridges this result with previous
descriptions of variability in MT that lacked stimulus-dependence, and demonstrates how
changes in attentional or behavioral state can alter the structure of this variability. This
work also characterizes and models the diversity of temporal dynamics in MT neurons, and
explores the contribution of temporal heterogeneity to population codes. A generative model
of dynamic MT responses provides a foundation for further investigation of the population

code.
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CHAPTER 1
GENERAL INTRODUCTION

The goal of computational neuroscience, broadly, is to connect sensory inputs to behavioral
outputs through an understanding of how populations of neurons process information. Neu-
rons vary their firing rates in relation to varying stimulus features, and behavior is in turn
correlated with that firing. The neural population code lies between these two end points.
This work examines cortical area MT as one such neural population that clearly connects
sensory inputs to behavioral outputs, and thus provides ample opportunity for exploring the
neural code from both ends. The neurons of area MT respond to visual motion stimuli, and
drive smooth pursuit eye movements. This introductory material provides background on
the key smooth pursuit eye movements and how they are connected to cortical area MT. Sub-
sequently some background is provided on the understanding and challenges of population

coding in MT.

1.1 Area MT and its Role in the Visual Motion and Smooth

Pursuit Pathways

Smooth pursuit is a voluntary eye movement common to primates that smoothly rotates the
eye to keep the image of a small moving object stabilized on the retina. Humans have a
fovea, a small central area of high acuity vision for which most of the visual processing in
cortex is dedicated. In order to see a moving object clearly, the fovea must be stabilized
on the retina by smooth pursuit eye movements. Thus smooth pursuit eye movements are
an important physiological behavior for animal survival. Activities from a predator tracking
prey to a human hitting a baseball depend on accurate smooth pursuit tracking of visual
targets. Maintaining a stabilized image of a moving target on the retina requires a finely
tuned mechanism that can act on very rapid time scales, taking visual motion information

and finely controlling the muscles of the eye. This computation is thought to be done by
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largely by cortical area MT. The following introduction examines the properties of smooth
pursuit eye movements, the properties of neurons in MT, and connections between the two.
This lays the foundation and justification for subsequent investigations of population coding
in MT, which depend on the connection between visual motion stimuli and smooth eye

movement behavior.

1.1.1 Properties of Smooth Pursuit

Smooth pursuit is unusual among eye movements in that while it is voluntary, it gener-
ally requires a small, smoothly moving target [114]. Anecdotally, individuals prompted to
translate their eyes smoothly are unable to do so, instead making a series of small jumps
at approximately 200ms intervals [61]. In the presence of a small moving target, pursuit
involves a combination of smooth pursuit eye movements and small “catch up” saccades to
keep the target centered on the fovea. Smooth pursuit is considered the differentiable part
of pursuit, between the saccades.

The step-ramp stimulus has been an important tool for studying the properties of smooth
pursuit [114]. The stimulus involves a fixation target, followed by a target step to a region
eccentric of the foveal visual field immediately followed by smooth translation of the target.
This stimulus is able to disentangle motion and position signals by stepping in one direction
and ramping in the opposite direction. With the step-ramp stimulus, pursuit begins with
a smooth translation in the direction of the target motion, followed by a small saccade to
correct for the position error [114]. This suggests that smooth pursuit is responsive to the
motion signal but not the position signal.

Additionally, with the step-ramp stimulus latency of pursuit eye movements could be
disentangled from saccade latency, as it allowed pursuit to be initiated without a saccade.
Smooth pursuit latency was found to be around 80-100 ms in macaques [62]. Pursuit latency
is greater in humans than macaques, at approximately 125ms [117]. Pursuit initiation was

recently found to be rather slow in marmosets, at about 200ms latency, although the relia-
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bility of the study is called into question by systematic errors in their measurements of eye
velocity [85]. The broad features of smooth pursuit appear to be common across primates,
with variability in latency, gain, and accuracy.

Eye velocity during pursuit is not able to perfectly match target velocity, with a gain
slightly less than one. The saturation of the pursuit system was for a long time reported
to occur for targets moving at 30°/s, at which point pursuit gain would decrease, error
would increase, and pursuit would require an excess of “catch up” saccades [41, 61, 154].
Systematic study, however, found pursuit to saturate at much higher velocities in humans,
typically 90°/s [84]. The gain in the pursuit system is about 0.9 up until that saturation
point, meaning eye velocity during pursuit is 90% of target velocity [84].

The first 20ms of pursuit match the direction of target motion, but pursuit speed is
independent of target speed or position [62]. For step-ramp stimuli in the same direction
but different speeds, the initial 20ms of smooth pursuit follow the same path, but diverge
over the period from 20-80ms as the eye accelerates to match target velocity [62].

Retinal errors during smooth pursuit are unable to affect pursuit velocity until the after
the subsequent 100 ms, as image motion and position information requires time to propa-
gate through the pursuit system [62]. Lisberger and Westbrook used a step-ramp stimulus
that, as soon as pursuit was initiated, would take into account the eye movements and arti-
ficially imposing retinal errors that could be corrected [62]. In this condition, the eye must
continually use visual feedback to correct its velocity. The eye velocity trace for the first
100 ms of pursuit under this condition is the same as if the target were translating at a
constant velocity, but after 100 ms the eye accelerates in attempt to correct the imposed
error. Additionally, randomly changing the speed of the target during pursuit does not affect
the speed of pursuit until 100 ms after the change in target speed. This strongly indicates
that the first 100 ms of pursuit do not take into account the velocity of the eye, but instead
rely on the estimate generate from image motion velocity during the first 80-100 ms prior to

pursuit initiation. This so-called “open loop period” of pursuit is therefore purely sensory in



origin, allowing for comparisons of pursuit behavior to the underlying visual motion neural
pathways.

The initiation of pursuit is inherently different from the maintenance of pursuit, since the
role of smooth pursuit is to stabilize the image of a moving target on the retina. Initiation
of pursuit requires motion of the image on the retina, but once pursuit is established, retinal
slip is decreased and pursuit instead depends on small retinal errors about the fovea as well
as estimates of eye velocity. Models of pursuit relying solely on visual feedback with a 100 ms
delay can easily become unstable, leading to oscillations of eye velocity during pursuit [57, 61].
Instead, pursuit must rely a combination of efference copies of eye velocity commands and
nonlinearities that take into account both retinal slip velocity and acceleration.

For periodic or predictable moving stimuli, the eye is able to make predictive pursuit
movements that anticipate target motion [13, 23]. Predictive pursuit movements provide a
useful tool for study because they show that at least some of the inputs to the pursuit system
are not purely sensory and instead depend on memories of target velocity. This can help
determine the neural pathways controlling pursuit.

Although smooth pursuit and saccadic eye movements operate through separate path-
ways, there is evidence of shared motion information between the two systems. Lesions in
visual cortex that generate smooth pursuit deficits generate corresponding deficits in the

compensation of saccadic movements to moving stimuli [33, 96, 128].

1.1.2  Role of MT in Pursuit

Lesions of MT help to reveal the role of MT as a source of visual motion information used
to generate eye movements. A study by [96] found that small chemical lesions in MT using
ibotenic acid create retinotopic deficits in pursuit, i.e. deficits in pursuing targets moving
within the region of the visual field affected by the lesion. Using a step-ramp moving stimulus
(see [114]), deficits in pursuit velocity were found only when the target was stepped into a

localized region of the visual field. The retinotopic deficit corresponded to the center of the
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receptive field at the site of the ibotenic acid injection. Subjects compensated for pursuit
deficits velocity by making a saccade such that the image of the target was in an intact
portion of the visual field, and pursuit continued normally. Saccades to stationary targets
were unaffected by the lesions, but saccades to moving targets in the area of the visual field
affected by the lesion did not compensate for the motion of the target, resulting in a greater
error away from the direction of motion. This supports the idea that MT provides sensory
estimates of target motion rather than motor commands. The motion signals would be used
for both smooth pursuit and saccades.

The deficits produced by such focal chemical lesions disappeared rapidly, recovering to
pre-lesion performance after a few days [114, 159]. The study by [159] also included a large
unilateral lesion that included “all of MT and most, if not all, of MST,” as well as “parts of
V4, V4t, V3, possibly V3a, V2, a small portion of V1, possibly the saccade-related lateral
portion of [LIP], and a portion of the lateral sulcus.” Despite the extent of damage to
visual cortex, motion information was still available to the pursuit system from outside the
damaged the areas. Eye velocity was unable to match target velocity of 16°/s, but “even on
the day of the injection when the pursuit deficit was at its maximum, the pursuit speed was
4.4°/s and not 0°/s.” The large lesion generated severe retinotopic deficits (contralateral
visual field) and more modest directional deficits (ipsilateral motion direction). Recovery
from the lesion was incomplete after 7 months.

Electrical microstimulation studies further support the hypothesis that MT provides a
sensory motion signals for both pursuit and saccades. One study tested the effects of micros-
timulation on smooth pursuit direction and velocity as well as saccade accuracy to moving
and stationary targets [47]. For target motion in along the preferred direction of the stimu-
lated cells, the stimulation increased the speed of pursuit. If the target motion were 180° in
the opposite direction, stimulation had the effect of decreasing pursuit speed. For target mo-
tion in any other direction, the direction of pursuit was biased towards the preferred direction

of the stimulated cells. Similarly for trials where saccades were mad to stationary targets,



eye position error was biased towards the preferred direction of the stimulated neurons as if
compensating for target motion. However, a few trials had opposite effects for saccades and
pursuit; this is still consistent with MT providing a shared motion signal for pursuit and
saccades, but confirms that MT is likely not the only source of motion information for eye
movements. In addition to affecting pursuit velocity and eliciting motion compensation in
saccades, stimulation could also trigger pursuit for a stationary target after it was stepped
into the receptive field, but had no effect in the absence of a target.

Microstimulation in the foveal representation of MT, MTf, generated ipsilateral acceler-
ations during pursuit rather than acceleration toward some other preferred direction [60].
This may indicate some extraretinal representation of pursuit in MTf that is not present in

the rest of MT.

1.1.3 Response Properties of M'T

Cortical area MT is part of the visual pathway that plays an important role in visual motion
processing. Neurons in MT respond selectively to localized motion of a stimulus within a
receptive field. Most MT neurons are strongly directly tuned, responding most strongly to
motion along a preferred direction, with response amplitude on average decaying by half for
motion +40° away from the preferred stimulus direction [3, 76]. Gaussian curves provide
“an excellent fit” to the direction tuning of MT neurons [3]. In addition to selectivity to
direction of motion, MT neurons also exhibited tuning for the speed of moving stimuli, the
orientation of flashed, stationary stimuli, and the binocular disparity of the images from
each retina [76, 77]. Preferred speeds of stimuli ranged from 2°/s to 256° /s, with an average
near 32°/s [76]. The average speed tuning half-maximum width was two octaves from the
preferred speed [76]. Receptive fields in MT were found to be in the range of 4°-25° in
diameter, eccentric to the fovea, with an antagonistic surround in about half of the neurons
[5, 38]. Receptive field center is in the contralateral hemi-field [59]. Response was not

affected by color information [76]. The response properties of MT are consistent with the
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hypothesis that M'T mostly receives inputs from the magnocellular pathway, associated with
motion and depth information, and little input from the parvocellular pathway, associated
with color and form information [67].

Despite receiving its most significant projections from V1, which already exhibits signif-
icant selectivity to visual motion, area MT is distinguished in a number of ways. One of the
most obvious differences is the significantly larger receptive fields of MT compared to V1
[42]. The larger receptive fields of MT coincide with sensitivity to motion of more complex
patterns and objects, rather than simple local edge motion in V1. A study by Movshon et al.
used plaid stimuli consisting of superimposed gratings, revealing the MT neurons responded
to the the overall motion of the pattern whereas V1 responded to the component motion of
the gratings [92]. Similarly, [79] claim that preferred speed in MT is constant across spa-
tial and temporal stimulus frequencies, but in V1 preferred speed varies systematically with
stimulus frequency. The strength of evidence supporting this claim in primates, however, is
unclear.

Cells at the lateral edge of MT, with receptive fields that include the fovea, is often
treated as a distinct region, MTT, separate from MT proper. The cells in MTf have much
smaller receptive fields, typically less than 2° in diameter [59].

Careful study has shown responses in MT to be purely sensory in origin [97]. Such studies
control retinal input by keeping the image of the target fixed on the retina to eliminate slip
during pursuit or by transiently blanking out the target during pursuit to remove sensory
input. Retinal slip of the background is eliminated by performing the experiment in total
darkness and by turning on a light between trials to prevent dark adaptation, as a small
amount of light is scattered from the target. MT does not respond when retinal slip is
eliminated, and response is usually diminished when the target is removed [97] (although
unpublished data from the Osborne lab shows some MT neurons responding transiently to
target blanking, this is consistent with purely retinal inputs).

Response latencies for typical MT neurons (the time from onset of a moving stimulus to a



change in firing rate) have been reported at about 90 ms in anesthetized macaques [65, 113].
Latency is strongly correlated with target velocity, with faster speeds generally reducing
latency [65]. Such latencies would not provide much time to transmit visual motion signals
to the pursuit system for motor response, which has a latency of about 100 ms [62]. Other
studies in anesthetized macaque have found average latencies as short as 40 ms, but may be
attributable to differences in stimuli [10]. Recent data from awake macaques, collected by
Macellaio and Liu in the Osborne lab, show a response latency of only 51 ms on average,
which is more consistent with MT providing motion signals for pursuit initiation. This data
also showed a systematic shift in latency as function of stimulus direction, with the shortest
latencies for preferred direction, and increasing latencies for other directions.

Responses exhibit separate transient and sustained components, which may play different
roles in motion processing [65, 146]. The sustained response is a roughly tonic firing in
response to image motion on the retina. The transient response is a brief increase in firing
rate in response to a change in stimulus velocity, usually of greater amplitude than the
sustained rate [146]. A transient decrease in firing may occur if the change in velocity is

moving away from the preferred direction.

1.1.4 Connections of M'T

MT has inputs from a number of cortical regions in visual cortex, as well as some subcortical
inputs. MT also projects to both cortical and subcortical targets. Area MT clearly plays
a role in processing visual motion and in the initiation and maintenance of pursuit eye
movements, but understanding the anatomical connections of gives a better understanding

of the role MT plays in hierarchy of visual motion processing.

Cortical Inputs to MT

Several cortical visual areas have been found to contribute significant inputs to area MT.

Retrograde tracing studies using injections of horseradish peroxidase in MT have found the
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largest contribution of cortical projections appears to come from V1 directly or indirectly
through V2 and V3 [78, 133, 132, 143]. The direct inputs to MT from V1 originate mostly
in layer 4B, with a smaller portion coming from layer 6, or the border of layers 5 and 6
[78, 133, 143]. These layer 4B neurons are reported to be mostly large spiny stellate cells
[133, 143], all though some studies have found a prevalence of large pyramidal cells [37, 153],
with the reputed contributions of each cell type differing across studies. The discrepancy
in the ratio of spiny stellate and pyramidal cells may be due to differences across primate
species, the topographic region of MT studied, and methodological differences in the study of
cell morphology. The layer 5/6 projection neurons are large and often referred to as solitary
cells of Meynert [133, 143]. The direct and indirect V1 inputs to MT appear to be dominated
by the magnocellular pathway from the retina and LGN, evidenced by anatomical as well
as function inactivation studies. Maunsell et al. found that inactivating the magnocellular
layers of LGN greatly reduced the responsiveness of MT, while inactivating the parvocellular
layers had a much smaller effect [75]. Anatomical studies support this idea. The parallel
magnocellular and parvocellular visual pathways project from distinct layers of the LGN and
terminate in layers 4Ca and 4CfS of V1, respectively [39]. Spiny stellate neurons, reputedly
the strongest inputs to MT from layer 4B of V1, receive strong magnocellular input from 4Cc«
and no significant parvocellular input from 4cg [158]. The pyramidal cells of 4B receive a
mix of inputs from 4Ca and 4Cf, but still receive a greater number of magnocellular inputs
[158]. The indirect inputs to MT through V2 project from the thick cytochrome oxidase
stripes [132], which in turn receive inputs from a population of cells in layer 4B of V1
distinct from the direct project neurons [134]. The indirect inputs projecting to V2 originate
in layer 4B, comprising both stellate and pyramidal neurons, and suggest a predominantly
magnocellular input with a smaller parvocellular component [68, 120, 134, 158]. Similarly,
the indirect inputs through V3 originate in layer 4b of V1 and consist of small pyramidal as
well as some stellate cells [20, 153], suggesting a predominantly magnocellular input to MT

via V3 as well. Anatomical and functional studies suggest that the direct VI-MT inputs



are more significant than the indirect inputs. While retrograde tracing studies have found
a larger number of MT input cells in V2 compared V1 [78], the projections from V1 have
larger axons compared to V2 (3m to 1m) and the V1 projection axons have specialized
beaded terminals with a greater number of multisynaptic boutons [6, 7, 118, 119]. Born
and Bradley argue that these morphological features indicate a stronger input from V1,
with fast and reliable connections [14]. Functional studies eliminating direct or indirect
inputs to MT are inconclusive but insightful. Surgical removal of V1 weakens the activity
in MT, but does not have a significant impact on the direction selectivity, tuning width, or
binocularity of MT neurons [121]. Inactivation of V2 and V3 by cooling also reduces overall
MT responsiveness, but disproportionately degrades binocular disparity tuning relative to
direction tuning, suggesting different modalities for for the direct and indirect pathways [106].
Removal of superior colliculus in conjunction with V1 removal abolishes visual responsiveness
in MT, providing evidence for significant subcortical pathways [122]. Other cortical inputs
to MT include the ventral posterior area (VP), the posterior intraparietal area (PIP), but

are thought to be less important based on the density of connections [78].

Subcortical Inputs to MT

Functional studies suggest that an alternative pathway to MT runs through the superior
colliculus (SC) [122], although the details of this pathway are not entirely clear. One possi-
bility is that input to MT from the SC is through the inferior pulvinar (PI); however, the
sub-regions of the PI that receive input from the SC (PICM and PIP) do not have much
overlap with the sub-regions with the densest projections to MT (PIM) [139]. Another strong
possibility is a tecto-geniculo-cortical pathway to MT that bypasses MT. While most LGN
neurons project to V1, direct connections from the intercalated konicellular layers of the
LGN to MT have been found [135]. These konicellular regions also receive collicular input
[139]. The lack of response in MT when both V1 and SC are removed suggests that if a

konicellular pathway bypassing V1 exists, it does not receive direct retinal input [122].
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Projections from MT

The densest cortical projections from MT are to its neighboring region in the STS, area
MST [78, 149]. Other feedforward projections go to the ventral intraparietal area (VIP) and
the frontal eye fields (FEF) [78, 149]. Cortical connections to MT tend to be reciprocal,
including V1, V2, and V3 [78]. Subcortical projections of MT go to the superior colliculus,

the pulvinar, the dorsal striatum, and the dorsolateral pontine nucleus [150].

1.1.5 Role of Other Visual Areas in Pursuit

Other areas of the brain besides MT are strongly implicated in pursuit eye movements.
Most of these areas project to or receive inputs from MT. The pathway of visual motion
information through the visual system must be understood in order to bridge sensation and

action with population coding in MT.

V1

Primary visual cortex, or V1, is a key part of the pursuit pathway. Many V1 neurons
respond to motion and are directionally selective and tune for binocular disparity [92, 111].
These response properties appear to be inherited by downstream area MT. Unilateral lesions
of V1 generated deficits in pursuit behavior similar to those seen in MT lesions [96, 128].
Moving targets stepped into the contralateral hemi-field were unable to generate sufficient
pursuit velocity to match the target, and saccades were unable to compensate for the motion
of targets [128]. In this case, lesions ablated the entirety of V1, leading to temporary
hemianopia, but permanent pursuit deficits. This is compared to MT and MST, where
pursuit deficits were recovered quickly from small, focal lesions, but a lesion of the entirety
of MT created permanent deficits [33, 96, 159]. While V1 lesions create serious pursuit
deficits, it can be argued that motion information from V1 for smooth pursuit normally

passes through MT, and that MT is a more specialized input for the pursuit system. MT
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lesions are downstream of V1, and receive most of its inputs directly or indirectly from V1
[78], and MT lesions produce the same types of deficits without also losing visual perception
in contralateral field for several months. Additionally, bilateral removal of V1 had drastically
different effects than the unilateral ablation [160]. After several months of blindness, both
saccadic and smooth pursuit eye movements returned. Smooth pursuit gain and saccade
accuracy were normal, but the latencies of both eye movements increased and smooth pursuit
tracking was more variable. Recover suggests that alternative pathways for pursuit exist,

but the presence of V1 inhibits or overwhelms that pathway.

MST

The medial superior temporal area, MST, in the superior temporal sulcus of visual cortex,
is adjacent to MT and receives the majority of the projections from MT [78]. Neurons
in MST have receptive fields larger than those in MT [59]. Neurons in MST were often
direction selective and responded to larger moving stimuli than M'T neurons. Neurons in
MST were also found to have extraretinal inputs related to pursuit movements [97]. This
makes MST a candidate for integrating feedback from eye movements in the pursuit system.
Microstimulation of MST during pursuit generates acceleration in the ipsilateral direction,
but has little effect during fixation [60]. This is in contrast with extra-foveal MT, where
microstimulation biases pursuit toward the preferred direction of the region stimulated, but
similar to foveal MT [47, 60]. Similarly, lesions in MST (and MTY) led to directional pursuit
deficits, i.e., an inability to match target speed for ipsilaterally moving targets, regardless
of position in the receptive field [34, 33]. Retinotopic deficits similar to those observed in
MT were also observed, with deficits in pursuit initiation and compensation for motion in
saccades, for moving targets stepped in the contralateral hemi-field. Recovery from lesions

was rapid, comparable to MT lesions.
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Frontal Eye Field

A region of the frontal lobe known as the frontal eye field (FEF), in the fundus of the anterior
bank of the arcuate sulcus, is the region most closely associated with eye movements in the
frontal lobe. The FEF is divided into two subregions for smooth pursuit and saccades, and
microstimulation of each subregion will evoke the respective eye movement [72, 141, 142].
Evoked smooth pursuit movements will tend toward the ipsilateral side [72]. The inputs
to these subregions are thought to be segregated into mostly non-overlapping saccade and
pursuit regions from the supplementary eye field (SEF), the lateral intraparietal area (LIP),
the principal sulcus region (PSR), and MST [142]. Lesions of FEF cause deficits in smooth
pursuit, but much less profound deficits to saccades [70, 72]. Smooth pursuit gain decreased
to about 0.2, although [70] reported deficits in all directions, whereas [72] reported deficits
in the ipsilateral motion direction. Lesions in FEF also eliminate the predictive component

of smooth pursuit, which can occur for predictable or periodic moving stimuli [13, 72].

Pontine Nuclei

The pontine nuclei receive inputs from MT and MST, as well as LIP and FEF, SEF, and a
few others [44, 45]. Neurons in the dorsolateral pontine nucleus (DLPN) respond variously
to visual motion, smooth pursuit eye movements, or both [95]. Lesions of DLPN produce
retinotopic and direction deficits in pursuit similar to those observed in MT and MST [80].
The dorsomedial pontine nucleus (DMPN) has neurons that respond to large-field motion,
often with direction selectivity, and some neurons possess pursuit related activity [57]. The
function observed in the pontine nuclei is consistent with transmitting motion and pursuit

signals from cortex to the cerebellum.
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Cerebellum

The flocculus of the cerebellum is closely connected with the motor circuits of the brainstem,
as evidenced by eye movements evoked with flocculus stimulation on short time scales of 10ms
[63]. Floccular stimulation elicits ipsilateral eye movements, which is consistent with the
ipsilateral deficits and preferences observed in MTf, MST, and FEF lesions and stimulations
[123]. Additionally, [64] found that neurons in the ipsilateral brainstem receive inhibition
from the flocculus, and those neurons increased in firing rate for contralateral movement,
consistent with disinhibition. Removal of the cerebellum results in total loss of pursuit eye

movements, and floccular lesions result in partial loss of pursuit [155].

1.2 Cortical Population Coding

Sensory neurons in cortex are tuned to specific stimuli, but the accuracy of single neurons is
insufficient to achieve levels of accuracy required for behavior. The responses of individual
neurons are noisy, responding variably to repeated presentations of the same stimulus. In
MT, single neurons can discriminate visual motion stimuli separated by about 30° apart,
but the downstream perception and and smooth pursuit behavior indicate much finer dis-
criminability [100]. The implied increase in accuracy is due to the pooling of response across
a population of neurons. Averaging the response over many neurons can overcome the sig-
nificant trial-to-trial variability of cortical neurons.

Different methods have been develop to to estimate the coding performance of a popula-
tion. With a small number of neurons, it is possible to simply calculate the mutual informa-
tion between the stimulus and the response of the neurons [103]. With a large population of
neurons however, it is impossible to estimate the mutual information due to under-sampling
of the distribution. Instead, Fisher information is commonly used to describe population
coding performance [9, 36, 91, 131]. The Fisher information has the property of bounding

the performance of an unbiased estimator (Cramér-Rao bound) and is related to the mutual
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information between stimulus and a large population of tuned neurons [18, 27, 116].

The Cramér-Rao bound provides a nice comparison to behavioral data, because the
performance of the behavioral output can be considered a result of an upstream unbiased
estimator, and thus must be bounded upstream by Fisher Information of the population
through which the information passes.

Vector averaging is another population coding method that is used to estimate a stimulus
parameter from the response of the population [50, 51]. Each neuron in the population
represents a vector in the stimulus space to which it is tuned, weighted by the firing rate of
the response. The stimulus estimate is simply the normalized weighted sum of the vectors
of the population.

Another method for estimating population coding performance is to use a linear classifier,
with methods such as a support vector machine (SVM). This provides a comparison to
discrimination tasks in behavior, such as two alternative forced choice tasks.

In addition to simple independent trial-to-trial variability, responses across neurons may
be correlated. The effect of correlated noise on population coding depends on tuning curves
of the population and structure of the correlations [131, 162, 36, 91]. In particular, small
noise correlations have a large impact the Fisher information in populations of neurons with
homogeneous tuning curves, but that effect is mitigated by having a diversity of tuning func-
tions in the population [131, 162, 36]. It has been recently shown that the decrease in Fisher
information from noise correlations is due to differential, or information-limiting, correlations
[91]. Differential correlations are correlations in the direction perpendicular to the optimal
decision boundary between adjacent stimuli, such that the effect is not distinguishable by a
linear estimator.

The visual system can also operate in different states, such as shifts in attention, which
alter the gain of the neural responses as well as the the variance and correlation in population
[129, 148]. This adds another confounding factor for decoding a population, as a population

may decode the same stimulus differently depending on context.
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CHAPTER 2
STATE DEPENDENCE OF STIMULUS-INDUCED
VARIABILITY TUNING IN MACAQUE MT

Behavioral states such as levels of arousal and attention modulate some properties of cortical
responses (average firing rates, pairwise correlation) while leaving others largely intact (tun-
ing bandwidth, preferred stimulus). Here we show that changes in state modulate the tuning
of response variance-to-mean ratios in a fashion that is neither predicted by a Poisson spiking
model nor changes in the mean firing rate, with a substantial effect on stimulus discriminabil-
ity. We recorded motion-sensitive neurons in middle temporal cortex (MT) in two states:
alert fixation and light, opioid anesthesia. Anesthesia tended to lower average spike counts,
without decreasing trial-to-trial variability compared to the alert state. Under anesthesia,
within-trial fluctuations in excitability were correlated over longer time scales compared to
the alert state, creating supra-Poisson variance-to-mean ratios (Fano factors). In contrast,
alert-state MT neurons have higher mean firing rates and largely sub-Poisson variability
that is stimulus-dependent and cannot be explained by firing rate differences alone. The ab-
sence of such stimulus-induced variability tuning in the anesthetized state suggests different
sources of variability between states. A simple model explains state-dependent shifts in the
distribution of observed Fano factors via a suppression in the variance of gain fluctuations in
the alert state and predicts the observed changes in stimulus discriminability by the cortical

population.

2.1 Introduction

Sensory systems operate in many states (e.g. attentional states and stages of sleep) wherein
the same anatomical network displays different scales of firing rates, variability, correlations,
oscillation frequencies, and so forth while maintaining basic function [147, 81, 28, 35, 156, 29].

In some states, such as under light anesthesia, cortical networks encode roughly the same

16



information about a stimulus, but with different dynamics and firing rates [16, 25]. Each
neuron’s contribution to the accuracy of stimulus decoding depends on its tuning function,
the smooth modulation of the firing rate in response to parametric changes in stimulus value,
and a neuron’s response reliability determines its impact on decoding precision [18, 130, 90].
Much is made of how a population code might be either robust or sensitive to neuronal
variability, but an important aspect of variability is often left out of the discussion: how
does neuronal variability, itself, depend on the stimulus? This question becomes particularly
important in the context of how response reliability impacts information transmission over
the brain’s natural operating range[18, 100, 21, 53] and decoding [18, 71].

The impacts of variability on population decoding can be analytically derived for the
case of an independent or correlated population of Poisson neurons [18, 161], where the
mean and variance of the response are the same, yielding a Fano factor = 1. The Poisson
model of spike generation replicates many of the features of cortical spike trains recorded
under some conditions [130], but the Fano factor prediction is often violated in real sensory
neurons [137, 54, 8, 22, 89|, particularly when measuring responses over the ~ 100 ms
timescale of sensory estimation [100]. Decreases in Fano factor are observed at the onset
of visual stimulation, alongside decreases in neuronal correlation, in MT and throughout
cortex[100, 136, 28, 87, 26, 156]. Moreover, Fano factors can have their own stimulus tuning,
which can impact stimulus encoding at the population level [109, 124, 107].

The response properties of neurons in the middle temporal cortical area (MT) have been
particularly well described across a number of behavioral states. M'T neurons respond selec-
tively to visual motion and firing rates decrease with a Gaussian profile with angular distance
from a preferred motion direction [76, 3]. Levels of arousal (anesthesia, alert behavior) and
modulations of spatial attention affect the stimulus-averaged excitability of M'T neurons, as
elsewhere in the brain, but do not tend to shift preferred directions or tuning bandwidths
(147, 126, 30, 81], much like changing contrast modulates the rate without changing tuning

in primary visual cortex [144, 32, 2, 127]. Less well studied are the effects of behavioral
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state on the variability of cortical responses, a critical measurement for assessing sensory
discrimination. Increased attention tends to reduce variability in MT and V4 responses,
particularly in narrow-spiking neurons [86, 28, 74]. Anesthetic effects may be analogous to
a large reduction in attention, decreasing mean firing rates and increasing response variance
(17, 156].

Here, we explore the state dependence of variability in neural responses and its implica-
tions for sensory discriminability. We record single unit responses to motion steps in MT in
alert monkeys and under a light opioid anesthetic as a proxy for the range of natural brain
states. Our goal is not to provide an exhaustive review of the myriad effects of anesthesias
and other modulations of brain state on cortical variability, but rather to quantify several fea-
tures of cortical responses under two particular brain states and ask whether a parsimonious
model can explain these transitions. We find that scaled variability in spike count (Fano fac-
tor) is tuned for motion direction, but only in some network states. Alert responses display
sub-Poisson variability that is inversely tuned to the stimulus, decreasing at the preferred
direction of the cell. Anesthetized responses show flat, supra-Poisson tuning. We identify
a simple model by which a single parameter accounts for changes in visually-driven spiking
activity in both alert and anesthetized animals. Modulation of the size of gain fluctuations
in the response can give rise to both qualitative regimes of Fano factor tuning. Finally, we
show how changes in the tuning of the Fano factor enhance stimulus discriminability when

animals are alert and actively engaged in visual behavior.

2.2 Results

In order to test the impact of network state on spiking statistics and stimulus encoding in
cortical sensory neurons, we made extra-cellular recordings of isolated units from cortical area
MT in both alert and anesthetized monkeys (Fig 2.1A). Some of the data from sufentanil-
anesthetized experiments has been published elsewhere [100, 101, 103]. MT neurons respond

robustly to motion steps of random dot patterns, with firing rates that often peak at over 100
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spikes/s to preferred directions (Fig 2.1B) and Gaussian-shaped direction tuning functions
(Fig 2.1C). We presented motion steps in 13 (anesthetized condition) or 24 (alert condition)
directions and repeated each stimulus ~ 100 times to estimate the distribution of spike

counts (see Methods).
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Figure 2.1: Response properties of MT neurons to constant motion stimuli. Blue indicates
experiments on alert subjects and orange indicates experiments on anesthetized subjects
throughout. (A) A cartoon of the experimental setup for measuring the response of MT
neurons to steps of coherent random dot pattern motion. Monkeys maintained fixation while
stimuli translated at constant speed in one of 13 or 24 directions behind a stationary aperture
scaled to the excitatory receptive field. See Materials and Methods for detail. (B) Sample
peri-stimulus time histogram (PSTH) from a representative unit showing the time course of
firing rate for different motion directions, averaged over a 10 ms sliding window. Motion onset
is at 0 ms and motion offset is at 250 ms. (C) Average spike count across neurons in the alert
experiments (blue) and anesthetized (orange) by direction. Circles indicate mean, error bars
indicate standard deviation, and the solid traces indicates a Gaussian best fit. Responses
are aligned such that the preferred stimulus direction for each neuron is taken to be 0°. (D)
Average spike count variance across populations of neurons in the same manner as (C). (E)
Histogram of direction selectivity indexes, DI, across both populations. (F) Histogram of
variance spike count tuning indexes. (G) Histogram of response latency distributions. (H)
Distribution of single-unit mutual information (Shannon) values for alert (blue bars) and
anesthetized (orange bars) states, based on spike count 250 ms after stimulus motion onset,
Value are corrected for finite sample size (see Materials and Methods). Arrows below indicate
average information for alert (1.11 bits) and anesthetized (0.40 bits). Inset: time course of
the mutual information between the cumulative spike count and motion direction over time
with respect to stimulus motion onset. Blue traces indicate alert-state units, orange traces
anesthetized state.
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2.2.1 Anesthetic state modulates mean and Fano factor in MT neurons

Our recordings from MT neurons in alert, behaving primates show a pronounced increase
in their stimulus-evoked mean firing rates compared to neurons recorded in MT under light,
opioid anesthesia (Fig 2.1C), which is consistent with comparisons between alert and anes-
thetized states in other systems (e.g. [25, 35, 156, 29, 4, 83, 58, 1, 48]). We quantified the
mean and variance of the response by counting spikes within a 250 ms window starting from
stimulus motion onset on each trial. The scale of fixational eye movements is small compared
to MT neuron receptive field sizes, such that they do not alter the observed variability in
motion-evoked responses in MT [11]. We focus on this 250 ms time interval during stimulus
motion, but the main results we present are consistent across a range of behaviorally rele-
vant time scales for motion estimation (50-500 ms). The variance is tuned to the direction
of motion in recordings from both alert and anesthetized subjects, and displays a largely
overlapping distribution of magnitudes in these two states (Fig 2.1D). The maintenance of
roughly equal magnitude spike count variance with increasing mean firing rate in the alert
condition implies a substantial change in the Fano factor (FF) in these two states.

In the alert state, we find that the variance, like the mean response, is tuned to the
direction of motion. On average, variance peaks at the preferred direction (rotated to 0°
in all figures) in both the alert (blue trace, Fig 2.1D) and anesthetized (orange trace, Fig
2.1D) populations and falls off with increasing angular separation from the preferred motion
direction. But while firing rates are quite state-dependent, alert and anesthetized populations
display a largely overlapping distribution of variance values, indicating a large change in
Fano factor (FF). Consistent with past studies, the change in state does not affect the
direction tuning of mean rate. We computed a direction selectivity index, DI, (see Equation
2.9, Materials and Methods) and found that the population distribution of values were
statistically indistinguishable (two-tailed t-test, p = 0.60, Fig 2.1E). An analogous variance
tuning index (see Equation 2.10) shows a similar tuning of the variance in both populations
(two-tailed t-test,p = 0.09, Fig 2.1F). Response latencies, estimated as the first point when
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the average response rose above baseline after motion onset and inspected manually for each
neuron, decrease from 94 + 24 ms (SD, n=46) under anesthesia (orange bars, Fig 2.1G) to
56 + 13 ms (SD, n=34) in alert responses (blue bars). The latency difference is consistent
with previously reported measurements [55, 125, 112, 113, 1]. The increase in latency under
anesthesia contributes to the reduction in estimated firing rate (Fig 2.1C), but firing rates
are lower under anesthesia even when estimated in time windows aligned to response onset.

Overall the impact of anesthesia is to lower signal (the mean rate) and maintain noise
(count variance), suggesting that sensory information transmission is impaired with respect
to alert behavior, though no studies have directly measured this effect. We confirm this
intuition by information theoretic calculations. The mutual information between spike count
and motion direction differed substantially between states (see Materials and Methods, Fig
2.1H). On average, MT units recorded in alert subjects encoded 1.11 + Y 0.57 (SD, n=34,
blue bars, Fig 2.1H) about direction compared to 0.40 £ 0.32 bits (SD, n=46, orange bars,
Fig 2.1G) in anesthetized subjects, a statistically significant difference (p = 1.3 x 10710,
one-tailed t-test). The combined effect of the increase in response latency and reduction in
information under anesthesia is that less information about motion direction is available over
time. In Figure 2.1H inset we plot the time course of the mutual information between the
cumulative spike count measured from motion onset and motion direction for each unit in
both populations (see Materials and Methods). In both populations, stimulus information
accumulates most rapidly with the first few spikes fired, but shorter latencies and higher
overall firing rates in the alert state mean that more bits are available more quickly (blue
versus orange traces, Fig 2.1H). Normalizing the mutual information by the response entropy
reduced the difference between the two states but did not change the results. Changing the
size of the time window over which counts are integrated does not recover the lost information
under anesthesia and the difference in average coding capacities persists during stimulation.
However, anesthesia does not abolish the capacity of MT to encode information about motion

direction entirely. The network still functions even with substantially reduced firing rates.
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The state-dependence of the Fano factor is illustrated in Figure 2.2. Very few neurons
in either state display a Fano factor of 1 (dashed unity line in Fig 2.2A). The Fano factors
(FF) of most units measured in the alert state fall below 1 (blue symbols), while most
units in the anesthetized state display FFs above 1 (orange symbols). The distribution of
measured FFs over the anesthetized data shows a significant rightward shift toward higher
values compared to data from anesthetized units, from a mean of 1.02+0.79 (SD, n=34) to
a mean of 1.82 +0.84 (SD, n=46) (Fig 2.2B). Fano factors also show different dependencies
on the count in the two states. Although values show a large degree of scatter, FF increases
with spike count in anesthetized data (orange and black triangles, dashed line, Fig 2.2C).
In the alert state, FFs tend to decrease slightly with increasing spike count (blue and black
circles, solid line, Fig 2.2C) such that neurons with higher firing rates tend to be more
precise. Quadratic polynomial fits of rate to Fano factor (black traces, Fig 2.2C) show these
relationships, but low 2 values (0.08 in alert, 0.02 in anesthetized) suggest that firing rate
alone is not a great predictor of Fano factor. Overall, there is a marked shift in the scaling
of variability with responsiveness in these two states. Alert state neurons have higher firing
rates and higher rate precision relative to anesthetized responses, consistent with better

direction discrimination during alert behavior.

2.2.2  In alert subjects, Fano factor is tuned to motion direction

All but one of the neurons showed directional tuning of the mean and 72 of 80 neurons
showed directional tuning in the trial-to-trial variance (Fig 2.1C-F). However, the tuning of
the variance does not simply follow the tuning of the mean, either in a one-to-one fashion,
with a Fano factor of one, or with a constant factor not equal to one. In a linear regression
between mean rate and variance, firing rate fails to explain much of the spike count variance
measured in the alert experiments (R? = 0.37, see Materials and Methods for statistical
tests used). A linear regression of spike count variance on firing rate explained more variance

(R? = 0.66) in the anesthetized state.
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Figure 2.2: Fano factors differ significantly between MT responses recorded in alert versus
anesthetized primates. (A) The relationship between spike count and spike count variance
in alert (blue circles) and anesthetized (orange circles) experiments. Each circle indicates a
single neuron under a single stimulus condition. Histogram above shows distribution of spike
counts observed in both experiments. The histogram to the right shows the distribution spike
count variance values in both experiments. Stimulus directions shown are within 45° of the
preferred motion direction, in 15° increments. (B) Distribution of spike count Fano factors
for alert (blue) and anesthetized (orange) experiments. Solid trace indicates the best-fit
lognormal distribution for each case. (C) Distribution of Fano factors as a function of spike
count for alert experiments (blue) and anesthetized experiments (orange). Black circles and
triangles indicate the median Fano factor binned by spike count in alert and anesthetized
experiments, respectively. Error bars show the standard deviation of Fano factors in each
bin. The solid and dashed traces are the best-fit quadratic curve for alert and anesthetized
states, respectively (12 = 0.08 alert, r2 = 0.02 anesthetized).

Figures 2.3A and B show the qualitative difference in Fano factor tuning between three
example units in the alert and anesthetized states, respectively. Although there are a range
of FF tuning profiles measured within each state, the increased sharpness of FF tuning in the
alert state is apparent. For each neuron recorded, we defined FF ¢, the Fano factor for the
preferred stimulus direction of the neuron, and FF .}, the Fano factor for the orthogonal

stimulus directions (rightmost panel, Fig 2.3B). We used these terms to define a Fano factor
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tuning index (FFTI) that captures the degree to which the FF depends on motion direction.

FForth — FFpref

FFTI =
FForth + FFpref

(2.1)

Equation 2.1 is analogous to standard methods for quantifying direction selectivity in
first-order response statistics like the rate [110], and takes values from -1 to 1. Positive
FFTI values indicate a decrease in Fano factor for the preferred stimulus direction relative
to the off-preferred stimuli (“U-shaped” tuning); negative FFTI values indicate an increase
in Fano factor for the preferred stimulus direction (Gaussian-like tuning). The three alert-
state example units in Figure 2.3A display “U shaped” tuning functions (FFTI values > 0)
whereas the anesthetized examples in Figure 2.3B either lack direction tuning (FFTI near
0, left and center panels) or show a more Gaussian-like profile (rightmost panel). We plot
FF tuning functions for all units in Figure 2.3C (alert) and D (anesthetized) as gray lines.
Although there is a noticeable diversity in FF tuning profiles for individual units, particularly
in the anesthetized state, the population medians (green lines, Figs 2.3C-D) reflect a clear
state-dependent shift in tuning. Fano factors in the alert state are clearly tuned, whereas
in the anesthetized state, the median FF is flat across directions. These results mean FF as
well as median FF and for a variety of integration windows, including aligning to response
latency rather than stimulus onset (S1).

The distribution of FFTI values in the alert data is broader and more positive than in
the anesthetized state (Fig 2.3E). Alert state MT units showed, on average, significantly
greater FF tuning ((FFTI) = 0.172, where(-) indicates a mean over all units) compared
to the anesthetized state ((FFTI) = —0.012) (two-tailed t-test, p = 0.0016). We chose
FFTI > 0.2 as a cutoff for a positively tuned Fano factor. In the alert state, 50% of the
units had positively tuned Fano factors (17/34). In the anesthetized state, only 13% of the
units had positively tuned Fano factors (6/45). One unit from the anesthetized group was
excluded from the FFTI calculations as it did not emit any spikes to the orthogonal stimulus

direction, and thus FF .}, was not defined.
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Figure 2.3: Fano factors show significant tuning to motion direction in the alert state. Fano
factor across stimulus directions in example neurons from (A) alert and (B) anesthetized
recordings in MT. Black dots indicate Fano factor by direction. Blue and orange traces
show Fano factor values smoothed by a 30° moving window. for respective experimental
conditions. Orange dashed lines indicate FF = 1. (C) Black dots show the Fano factors by
stimulus direction for all neurons neurons in the alert experiments. Stimulus directions are
aligned such that the preferred stimulus direction of each neuron is at 0°. The median Fano
factor across the population (green) is significantly tuned by direction. Gray dashed line
indicates median Fano factor in response to a stationary null stimulus. Red dashed line is
at FF = 1 is as predicted for a Poisson process. (D) Same as (C) but for the anesthetized
experiments. The median Fano factor is not tuned by stimulus direction. (E) Histogram
distributions of Fano factor tuning indices (FFTI) from the alert (blue) and anesthetized
(orange) experiments. Orange and blue traces are Gaussian best fit. The cartoon at top
right shows how FFTI is calculated using the median trace from (C).
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Overall, we observe a dependence of the Fano factor of the spike count on stimulus
direction in the alert state. The tuning is U-shaped, with a dip at the preferred direction,
and the occasional presence of side-peaks at near-orthogonal directions (see e.g. Fig 2.3A-
B). The Fano factor tuning we observe in the alert state using high Fourier bandwidth dot
pattern motion is similar in shape and amplitude to that observed by [107] using low Fourier
bandwidth drifting sine-wave grating stimuli. Our data from anesthetized subjects showed

no significant stimulus dependence of the Fano factor (repeated measures ANOVA, p = 0.38).

Firing rate changes do not explain differences in Fano factor tuning

The firing rates in our alert MT recordings are roughly twice as large as those in the anes-
thetized recordings (Fig 2.2A). Ideally, we would like to be able to exclude all effects changes
of mean rate might have on observed Fano factors. One way to minimize the impact of rate
differences is by analyzing subsets of the data samples that have matching firing rates, as in
[26]. The mean-matching method excludes data from the groups being compared in order
to match their spike count distributions. Mean-matching does not maintain cell identity,
and thus can only describe population-wide rather than cell-specific tuning. We generated
histograms of the spike counts for both states at the preferred stimulus direction and at
the orthogonal directions. We then randomly excluded points from each dataset until the
histograms of spike counts in the alert and anesthetized states matched at each stimulus
direction (gray shaded bars, Fig 2.4A). We calculated the mean Fano Factor of this reduced
data set for both stimulus conditions and both states. We calculated the population FFTI
from the mean Fano factor at the preferred and orthogonal directions. This process was
repeated one million times to average out effects of the particular random subset sampled
on each draw.

The mean-matched analysis reveals that both the population-average shape of the FF
tuning as well as the shift to higher FF in the anesthetized state are maintained (Fig 2.4B).

In this figure, the mean-matched population Fano factors were fit to cosine tunings (Fig
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Figure 2.4: Mean-matched Fano factors preserve variability tuning. (A) Histograms of spike
counts by neuron for a given stimulus direction (left: —90°; center: preferred direction;
right: +90°) for alert (blue, throughout) and anesthetized (orange, throughout) recordings.
The overlapping area is shown in gray. (B) Sample mean-matched Fano factors, with spike
count distributions corresponding to the gray histograms in (A). Each circle is a sample
mean. Dashed traces indicate the mean Fano factor across directions. Solid traces indicate
the mean Fano factor across bootstrapped samples. (C) Fano factor tuning index (FFTI)
of bootstrapped resamples for alert (FFTI = 0.143, s.d. = 0.106) and anesthetized states
(FFTI = —0.020, s.d. = 0.057). (D) Distributions of FFTI for mean-matched data samples.
Solid traces indicate a best-fit Gaussian curve.
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2.4B). The best cosine fits corresponded to FFTIL ot = 0.156 and FFTI,etp = 0.039
for the mean-matched populations, with significant tuning of the FF in the alert data. The
state-dependent differences in Fano factor tuning for individual units within the sub-sampled
population were also maintained after mean matching, with FFTI,jo¢ = 0.143 (sd = 0.107)
and FFTL, ost, = —0.020 (sd = 0.057) (Fig 2.4C). The distribution of FF tuning indices
across sub-sampled data were also similar to the full data set, and recapitulated the shift to
more positive FETI in the alert state (Fig 2.4D).

An alternative possibility is that the state-dependent difference in FF stimulus tuning
arises from differences in the scale of the FF between the two brain states. Fano factors in
the anesthestized recordings were roughly 80% higher than in the alert experiments, which
affects the normalization factor in the tuning index calculation. With this in mind, we can
examine the raw change in Fano factor, where AFF = FF4j, — FF ¢ In alert recordings
we see AFF = 0.326 (sd = 0.24) and for anesthetized, AFF = —0.09 (sd = 0.26). Thus, the
higher spike counts recorded in the alert state are not the source of the difference in Fano
factor tuning.

It is notable that the qualitative relationship between Fano factor and firing rate differs
in the alert and anesthetized recordings. Fano factor increases with spike count in the
anesthetized state, and decreases with spike count in the alert state, over the same range of
firing rates (Fig 2.2C). This suggests that changes in mean spike count alone cannot entirely

explain the observed differences in measured Fano factors and their tuning.

Effect of tuning bandwidth on Fano factor tuning

While differences in mean spike count fail to explain the differences in observed Fano fac-
tor tuning between states, it is possible that differences in tuning bandwidths lead to the
observed differences in Fano factor tuning. If mean tuning curves are narrower or steeper
in the alert state, this could result in different Fano factor tuning curves when normalized

by the same variance tuning curves. Conversely, if the mean tuning curves are the same in
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both states, Fano factor tuning could arise from relatively broader or flatter variance tuning
curves. We used an ANOVA to compare the widths of mean spike count tuning curves and
spike count variance tuning curves in both states to the FFTI. There was no effect of tuning
curve width or variance tuning width on FFTI, and no interaction with state, suggesting
that FF tuning arises from systematic differences in the structure of the variance rather than

differences in the first-order tuning properties.

Temporal correlations change with behavioral state

The temporal frequency of fluctuations in spiking differed substantially between the alert and
anesthetized states. Under sufentanil anesthesia, neural excitability fluctuated more slowly
such that deviations from the mean tended to accumulate during a trial. The temporal
autocorrelation in spike count fluctuations displayed a higher peak with an exponential
decay with a characteristic time constant of approximately 100 ms (Fig 2.5, orange curve).
In contrast, alert-state correlations were weaker overall and no significant correlations in
spiking were observed beyond 50 ms (blue curve, Fig 2.5). This difference in timescales
contributes to the state-dependent difference in Fano factors. Longer, stronger temporal
correlations in excitability create a larger count variance over a 250 ms time window, and
therefore higher Fano factors [100]. The shorter timescales of correlation in the alert state
create less variable counts, lowering the variance and the FF. To the observer, fluctuations
in spike count are indistinguishable from fluctuations in response gain, so an alternative
description of MT activity is that, on timescales longer than 50 ms, gain fluctuations are
smaller in the alert state than in the anesthetized state. We explore a gain-based model of

state dependent changes in network activity below.

Autocorrelation is not affected by stimulus presentation refresh rate

An analog oscilloscope was used for stimulus presentation in the anesthetized experiments

while a 100 Hz CRT was used for alert experiments. It is conceivable that the disparity
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Figure 2.5: Behavioral state affects the spike-count autocorrelation function. Traces indi-
cate the average temporal autocorrelation for spike count fluctuations in awake (blue) and
anesthetized (orange) conditions. To calculate autocorrelation, spikes are binned in 2 ms
windows and smoothed over a running average of 5 bins. Autocorrelation is normalized by
variance and averaged over the population. The time course of autocorrelation is longer
under anesthesia, decaying with an exponential time constant of 88 ms compared to 29 ms
in the awake state.

in stimulus presentation methods could impact spike count variability. Specifically, there is
concern that nature of the frame update of the CRT leads to phase-locking of the spikes and
regular spiking. We examined the autocorrelation and power spectra of neurons from both
experiments, and no periodic firing was found (Supplemental Fig 2.10A,B). Phase-locking
to the stimulus would reveal itself as peaks in the power spectrum corresponding to the 100
Hz refresh rate of the CRT.

The power spectra of many neurons showed broad peaks in the power spectrum at ap-
proximately 300-600 Hz, but no peaks corresponding to stimulus refresh rates. This bump
in the power spectrum in every instance could be explained by the distribution of interspike
intervals (ISI) for the neurons (Supplemental Fig 2.10B,C). Neurons that exhibited a bump
in the power spectrum had an abundance of very short ISI corresponding to pairs of spikes,
or doublets, which occur in rapid succession about 1.5-3.5 ms apart. The timing of these
doublets is particular to the individual neuron and consistently match peak in the power

spectrum, where the frequency is the reciprocal of the mode of the ISI distribution. The
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high frequency peak in the power spectrum and matching doublet ISI were observed in the
anesthetized experiments. Therefore we deem it unlikely that the disparity in Fano factor

distribution is significantly determined by refresh rates and stimulus phase-locking.

2.2.3 A simple model accounts for changes in Fano factor tuning

We created a simple model that could account for the observed state-dependent changes
in FF tuning without relying on state-dependent differences in firing rates. The model is
inspired by observations of decorrelation and enhanced variability in cortical responses in
the alert compared to the anesthetized state. We reason that increased decorrelation with
alertness could lead to lower relative variance in the neural response, and, hence, lower
FF’s. Models that include Fano factor tuning have been developed to explain the stimulus-
dependent effects of neuronal response variability [107, 40, 163], while others have modeled
variability as rate-dependent, or due to stimulus-independent gain fluctuations [46]. Our
model combines contributions from rate-dependent variability as well as rate-independent
gain-fluctuations to reproduce the diversity of Fano factor tunings observed in both the alert
and anesthetized data.

A simple and common model of spike counts in cortical neurons is given by a Poisson
process, or a Poisson mixture model [46]. A Poisson process is characterized by a Fano factor
of 1. Including a multiplicative gain to describe the underlying rate of the Poisson process
results in a super-Poisson spike count distribution, with a Fano factor that increases with
firing rate. Under anesthesia, we found Fano factors larger than 1 that increased with mean
spike count (Fig 2.2). These observations are consistent with a Poisson mixture model, and
agree with previous experiments [130, 46]. Our recordings in the alert state, however, show
a sub-Poisson spike count, with a Fano factor that decreases with increased firing rate. The
inverse rate-dependence of Fano factor was previously documented by [35] in V1. Can a
single model account for responses in more than one behavioral state? The model we use

captures the difference in the rate-dependence of Fano factors between states as well as the
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difference in Fano factor tuning.
We modeled stimulus averaged MT responses with Gaussian tuning functions f(f), where
6 is the stimulus direction. On any given trial, the mean rate is scaled by a multiplicative

gain, ¢, yielding the underlying rate for the neuron on that trial

p=f(0)=g. (2.2)

The gain g is taken to be a gamma-distributed variable with mean of 1. The spike count for
a given trial is sampled from a Gaussian distribution with a mean value u, and a variance
1, where « is an intrinsic property of the cell that determines how variance scales with
firing rate. For a fixed value of g, a value of « less than 1 corresponds to a Fano factor less
than 1, and a value of « greater than 1 corresponds to a Fano factor greater than 1.

If we allow g to fluctuate, the variance of the spike count x is given by

var(zlf) = £(0)*(g) + F(8)2 * var(g). (2.3)

Because (g) = 1 and the variance of g is relatively small, we can approximate (g%) ~ 1.

Thus, we can approximate the spike count variance

var(z|0) ~ F(0)® + £(0)% * var(g). (2.4)

For small values of var(g), i.e., small gain fluctuations, the variance is dominated by the first
term. This results in a U-shaped Fano factor tuning for « < 1. As the gain fluctuations
increase, the second term dominates the spike count variance, resulting in flat or Gaussian-
shaped Fano factor tuning for the same value of a. This model suggests that a difference
in the amplitude of gain fluctuations is sufficient to reverse or eliminate the observed Fano
factor tuning.

The gain fluctuation parameter also explains the qualitative dependence of Fano factor
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on increasing spike count observed in the anesthetized and alert states. For small gain
fluctuations (var(g) < 1) and a < 1, the Fano factor for a given firing rate, r, is 7*~ !, which
decreases as r increases. For stronger gain fluctuations, the Fano factor scales linearly with
r, increasing with increasing rate.

To fit this model to our data, we first use as input the set of best-fit Gaussian tuning
curves measured in each behavioral state. Next, we fit v and var(g) to reproduce the observed
FFTI distribution in the each behavioral state (Fig 2.6A,B). The distribution of Fano factor
tuning indices generated by the model (Fig 2.6A) were similar to those observed in the data
(Fig 2.3D), indicating that the model can reproduce the observed data. The fitted values
of the intrinsic variability parameter were v = 0.31 in the alert condition and o = 0.74 in
the anesthetized condition. While these values are different, they both result in similarly
U-shaped Fano factor tuning curves in the absence of large gain fluctuations. The model
predicts a U-shaped Fano factor tuning for small gain fluctuations in both states, and inverted
tuning for larger gain fluctuations. The gain variance parameters were var(g) = 0.0094
in the alert condition and var(g) = 0.0732 in the anesthetized condition, nearly an order
of magnitude difference. It is this difference in gain variance that causes the qualitative
difference in the Fano factor tuning between the two conditions.

To confirm that these results were not affected by differences in « arising from the fits
to heterogeneous units in each behavioral state, we fit the same model using an optimized
value of a = 0.66 for every neuron in both behavioral states. The results were comparable to
those shown, and the difference in gain variance between states was yet larger. This indicates
that the observed FFTI distributions might be primarily modulated by changes in a single
parameter, the variance in the gain distribution.

We also fit the model for the population-averaged mean-response tuning in each state, to
test whether the differences in FFTI distributions could be wholly accounted for by changes
in var(g), and not by changes in the distributions of mean tuning. The average alert and

anesthetized tuning curves are show in Fig 2.6E, inset. The model parameters were then
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Figure 2.6: A single parameter, gain variance, can account for the observed changes in Fano
factor tuning with behavioral state. (A-D) Model fitting captures differences in Fano factor
tuning through changes in gain variance. The model is fit with the optimal o and var(g) for
each population. (A) The distribution of FFTI for alert (blue, throughout) and anesthetized
(orange, throughout) in the observed population (dashed trace) and the model values (solid
trace). Inset: Sample tuning curves for the alert and anesthetized experiments. (B,C) The
variance model predicts Fano factor direction tuning for the alert (B) and anesthetized (C)
experiments. Compare model results to observed Fano factors in Fig 2.3C-D. Parameters
are fit to match distribution of FFTI, but reasonably reproduce Fano factor tuning as well.
(D) Sample Fano factor tunings generated by the best-fit models shown in (A-C). (E) Dis-
tribution of FFTI for alternate model fitting in which the spike count used for each neuron
was replaced by the average tuning curve over all neurons recorded in each experimental
condition. The gain variance was fit separately to match the observed FFTI distribution.
The a parameter is identical for all neurons and was chosen to minimize mean-squared error
in the fit. Inset: Mean tuning curves for the alert and anesthetized experiments. (F) The
cumulative distribution of gain variance parameters from the model fit in (E), showing larger
gain variance values in the anesthetized model.
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fit, such that all neurons had the same value of a. The gain variance parameter var(g) was
fit separately for each neuron to reproduce the observed distribution of FFTIs. This model
again predicts a distribution of gain fluctuations that is much larger in the anesthetized
condition than in the alert condition, and is centered on a significantly larger mean gain
variance value (Fig 2.6F).

In both models, whether the tuning curves are heterogeneous or identical, the proportion

of neurons with high values of gain variance is much greater in the anesthetized condition.

2.2.4  Impact on information transmission

It seems reasonable to assume that higher Fano factor in the anesthetized state will result
in lower rates of information transmission and stimulus discriminability from these neural
populations. Conversely, the reduction in relative variability at the preferred direction for
most cells recorded from alert, behaving subjects seems to imply enhanced information
transmission and decoding. To test this intuition, we simulated responses of MT neuron
populations and varied the stimulus-dependence of the noise. We quantified population
encoding performance via the Fisher information (FI) metric, which determines the bound
on the performance of an unbiased estimator reading out the population code.

We first tested a homogeneous population with identically shaped tuning curves (Fig
2.7A). The first-order response properties of the simulated populations were matched to
the population-averaged statistics of MT neuron responses measured in alert macaques in
the first 150 ms following the onset of stimulus motion. We varied this averaging window
systematically to determine how it affects the resulting decoding performance of the model.
The mean tuning curve was fit to a von Mises function as in [35, 163] and rotated such that
the preferred directions evenly tiled all directions.

In order to separate the effects of the magnitude of the spike-count variability from the
stimulus-dependent part of the variability, we imposed various Fano factors tunings on the

populations while keeping the average Fano factor across all directions constant (FF=1).
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Figure 2.7: Fano factor tuning and heterogeneity both contribute to lower discriminability
thresholds in MT populations. (A) Model population with 20 homogeneous tuning curves.
(B) Cramer-Rao bound in homogeneous population models of different sizes with short-range
correlations (¢paz = 0.1, (¢) = 0.0438). Tuning curves are fit to the average cumulative re-
sponse up to 150 ms after motion onset. Black traces show performance of models with
varying stimulus-dependent variance. The solid trace is FFTI > 0, the dashed trace is
FFTI = 0, and the dotted trace is FFTI < 0. The red line indicates the stimulus discrim-
inability threshold for smooth pursuit behavior in macaques 125 ms after pursuit initiation.
(C) Same as in (B) but for populations of 200 neurons with first-order statistics matched to
average response at time ¢ after motion onset. (D) Sample population of 20 heterogeneous
tuning curves drawn from measured tuning curves in recorded neurons. (E,F) Same as in
(B,C) but for heterogeneous populations. The shaded areas show the standard deviation of
the Cramer-Rao bound.
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The Fano factor tunings were modeled as von Mises functions and imposed directly, rather
than using the spike count model described above, so that the average Fano factor could be
held constant. The positive (U-shaped) and negative (inverted-U) tuning of the stimulus-
dependence of the Fano factor are symmetric by reflections over the line FF=1.

Up to this point we have treated neurons within the cortical population as independent.
To test whether correlations between neurons would affect model predictions, we tested
correlated population responses. We synthesized a population of correlated MT neurons
using parameters consistent with the experimental literature [12, 51]. In our simulations,
pair-wise correlation levels, ¢, peaked at 0.1 and fell off with the angular distance between
preferred directions, d, according to a von Mises function

ehi(cos (d)+1) _ ¢
e2k — 1

c(d) = emax (2.5)

with width parameter, x = 1, corresponding to a half-width at half-max = 64°. For the
results shown in Figure 2.7, the maximum pairwise correlation cpax was chosen to be 0.1,
with an average pairwise correlation of (c¢) = 0.0438.

In the homogeneous population, the population with the positive FFTI performed better
than a population with either a flat Fano factor tuning or a negative FFTI (Fig 2.7B).
Performance was quantified by the Cramer-Rao bound, given by \/Lj’ where J is the Fisher
information. Because MT coding performance is a constraint on the precision of downstream
smooth pursuit behavior, we can compare the decoding performance of the population to
the discrimination thresholds measured in behavioral experiments [47, 15, 100, 102, 101,
138, 50, 93]. To align with behavioral measurements of motion discrimination in primates,
we estimated the size of the model population needed to reach a Cramer-Rao bound of 3°
[101]. The model population with positive FFTI crossed this threshold with 361 neurons (Fig
6B). The population in which the variability was structured to give a constant Fano factor

(FFTI = 0) required 3764 neurons to reach same level of discrimination, and the FFTI < 0
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population appeared to asymptote before reaching Cramer-Rao bound of 3°.

We also looked at the time course of decoding performance by finding the average tuning
curves after cumulative intervals of time after motion onset (Fig 2.7C). We assumed a pop-
ulation size 200 neurons and ¢yqr = 0.1. We estimated the time after motion onset when
the Cramer-Rao bound for these populations would cross the 3° threshold. Pursuit has a
directional precision of 2 — 3° within 250ms of motion onset [102, 101]. We asked whether
our model populations could reach that direction precision within the behaviorally relevant
timescale. The population with FFTI > 0 crossed the threshold after 171 ms, while the
FFTI = 0 population crossed the threshold in 235 ms. This shows that a population with
stimulus-dependent variability tuning can reach the same level of stimulus discrimination in
less time. The FFTI < 0 population did not reach 3° threshold within a 250 ms analysis
window.

Real cortical populations are heterogeneous, and that heterogeneity is expected to im-
prove overall coding [131, 103]. We introduced heterogeneity into our simulations by sampling
with replacement from the measured tuning curves in each behavioral state and randomly
reassigning preferred directions uniformly (Fig 2.7D-F). The tuning curves were again fit
to von Mises functions that matched the cumulative spike counts assessed at a range of
intervals following stimulus motion onset and the preferred directions were spaced evenly to
tile the space of stimulus directions. We found that adding this heterogeneity did improve
coding performance, as assessed by the Cramer-Rao bound. Fewer neurons were required to
reach behavioral performance, and this bound could be reached more quickly after motion
onset in the heterogeneous populations (Fig 2.7E-F). Short-range correlations and stimulus-
dependent variability were imposed in the same manner as with the homogeneous population.

We found that the effect of stimulus-dependent variability was smaller in the hetero-
geneous population model as compared to the homogeneous one, but the same qualitative
trend was observed. The heterogeneous population sampled at 150ms after motion onset

and with FFTI > 0 required only 141 neurons to reach the Cramer-Rao bound of 3°, while
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the population with constant Fano Factor required 224 neurons (Fig 2.7E). The population
with FFTI < 0 required 273 neurons to reach the same level of stimulus discriminability (Fig
2.7E).

Estimating the time course of stimulus discriminability in populations of 200 heteroge-
neous neurons, the FFTI > 0 population reached the 3° discriminability threshold in 125
ms while the FFTI = 0 population reached the same threshold in 154 ms and the FFTI < 0
population reached the threshold in 164 ms (Fig 2.7F). Once again, U-shaped tuning of
the Fano factor, as observed experimentally, allows the threshold on behaviorally relevant
direction discrimination levels to be reached with fewer neurons in a shorter amount of time

after motion onset.

Accounting for information-limiting correlations

The Fisher information of neural populations may also be limited by small information-
limiting correlations that cannot easily be measured [91]. Downstream behavioral perfor-
mance can be used to set bounds potential strength of such correlations and their potential
effects can be taken into account. We can add information-limiting correlations to our co-

variance, giving us

S (0) = Bo(0) + ()T (0). (2.6)

Here, 3¢ is the initial covariance matrix, and ¢ is the covariance with information
limiting correlations. If the Fisher information associated with the covariance g is Jg, the

Fisher information associated with ¢ is

Jo

Je = .
¢ 1+ €eJy

We quantify performance by the square root of the Cramer-Rao bound, given by
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\/LJ_E = Jio + €, (2.8)
which represents the lower bound on the standard deviation of an unbiased estimator. As Jy
increases with population size, the decoder performance is bounded by /e. Note that while
information-limiting correlations may affect the absolute coding performance of a population,
they do not affect the relative performance of models that differ only in their covariance
structures g, as long as the bound is not saturated (Jy % €). While different models will
saturate to the same bound, the question of interest is how quickly each model approaches
that asymptotic bound in terms of population size and temporal integration.

For an estimator to achieve a 3° level of precision comparable to behavioral smooth
pursuit discrimination, then information-limited correlations are bounded by ¢ < 9. We
therefore introduced the strongest reasonable information-limiting correlations into our pop-
ulation, for € = 4 and € = 9 ;| corresponding to asymptotic limits of 2° and 3°. These
additional correlations decrease the decoding performance in each model, but do not change

the qualitative results, as the FFTI > 0 population still reaches the asymptote with fewer

neurons and less integration time than populations FFTI <0 (S1).

2.3 Discussion

The brain functions across a wide range of network states that encompass levels of arousal
and attention, yet little is known about how behavioral state affects sensory discrimination.
Much of our historical understanding of the nature of visual coding arises, of necessity, from
experiments under anesthesia, mimicking a stage of sleep [52, 76, 16]. Those observations
continue to inform modern neuroscience because the response characteristics of cortical neu-
rons, such as tuning curves, remain consistent across network states [147, 81, 30, 4]. But
there are clear state-dependent differences in sensitivity, background firing rates and pairwise

correlation structure with alertness and attention [147, 28, 35, 156]. Attention, for example,
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decorrelates local cortical populations [28] and increases firing rates for preferred stimuli
(147, 74], enhancing signal to noise ratio in the cortical network and improving stimulus
detection and discrimination [130, 21]. The fine spatial [87] and temporal [43, 151, 28, 69|
scales over which attention can operate suggests a localized control mechanism. Here we
show that a simple model operating at the level of individual neurons can reproduce many
features of the state-dependent variance-to-mean changes we observe in sensory cortex.

We have used a combination of physiological data analysis from cortical area MT along-
side modeling to characterize the statistics of cortical responses under two candidate be-
havioral states: attentional alertness required for maintaining fixation during a visual ex-
periment, and a quiescent state induced by the opioid anesthestic agent, sufentanil. A
characteristic effect of opioid anesthesia is to increase cortical wave activity, low frequency
spatiotemporally structured activity modulations (e.g. [16, 145]). While the scale of wave
activity is increased, it is not observed to be unnaturally structured. Similarities in the
correlations between functionally connected brain areas in the quiet awake and lightly anes-
thestized states suggests that general activity patterns under anesthesia can mimic network
states during active behavior [88, 49, 152].

At the single unit level, we find that sufentanil increases the timescale over which fluc-
tuations in spiking are correlated, increasing spike count variance on time scales relevant for
visual motion estimates. Overall, these correlations lower the precision of MT responses and
degrade stimulus discriminability compared to the alert state. Models of MT activity that
can describe the shift in variance and mean firing rates between the alert and anesthetized
states have an additional constraint. We find, as did [156, 107], that response variance is
stimulus-dependent and has its own tuning function that is similar, but not identical, to that
of the mean count. A measure of response precision, the Fano factor, acquires stimulus tun-
ing in the alert state and becomes stimulus-independent under anesthesia. Significant tuning
of the Fano factor during alert behavior may enhance stimulus readout. Lower variance at

and around the preferred direction of each neuron in a population leads, unsurprisingly, to
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a finer discrimination threshold, as estimated via the Fisher information. Fewer cells are
needed to achieve the same level of direction discriminability, and stimulus information is
available earlier in populations that have this kind of Fano factor tuning.

The fact that the response variance is not tied to the mean firing rate violates the usual
assumption that cortical spiking has Poisson statistics. A Poisson process yokes mean and
variance together to maintain a Fano factor of 1, or values slightly less than 1 when re-
fractoriness is revealed at high firing rates [86]. Neural deviations from idealized Poisson
behavior are well documented [12, 19, 140, 54, 73] and these non-Poisson effects are known
to be important for accurate modeling of neural response [56, 105]. Deviations from Poisson
behavior are particularly acute in our data and represent a strong constraint on a feasible
model of cortical activity that can generalize to different behavioral states.

We show that a model that incorporates a state-dependent shift in gain variance alone
can reproduce the changes in the variance level and variance tuning observed in MT. Other
recordings and models of attentional effects on neuronal firing, particuarly in area MT, focus
on tuning-dependent shifts in the gain of mean responses [115, 99, 98|. Here, we focus on the
effects of variance in the gain on the stimulus tuning of the Fano factor. Using the cortical
gain model proposed by [46], we are able to show that a change in the gain variance model
can not only explain overall shifts in the Fano factor, but also reproduces tuning of the Fano
factor in the alert state, when gain variance is low. This suggests that a higher gain variance
state underlies the observed flat tuning of the FF under anesthesia. This aligns with results
that suggest that anesthesia corresponds to a more synchronous mode of brain coupling
[16, 24, 25]. These results point to a simple physiological mechanism that achieves the shift
in response statistics with alertness. A recent study in rat V1 shows effects of anesthetic
state on Fano factors and FF tuning to the stimulus period [156], adding general support to
our observation that noise is suppressed in the alert state.

The active suppression of gain fluctuations during wakefulness may be directed specifi-

cally at those neurons encoding stimulus variables in an active task (here, fixation). This
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suggests a simple knob that attentional modulation can turn to drive more reliable decoding
of the stimulus. Reducing gain fluctuations may require processes, such as activation of
inhibitory networks, that are metabolically costly and, thus, are only engaged when needed

to maximize sensory discrimination during active behavior.

2.4 Materials and Methods

2.4.1 FEthics statement

All animal care, behavioral, and surgical procedures were performed in compliance with
National Institute of Health guidelines and were approved in advance by the Institutional
Animal Care and Use Committee of the University of California, San Francisco and The
University of Chicago. All procedures complied with guidelines for animal welfare in accor-
dance with the recommendations of the Weatherall report, “The use of non-human primates

in research.”

2.4.2  Fxperimental methods

We made extracellular single-unit microelectrode recordings of MT neurons in both alert,
behaving and anesthetized monkeys. All procedures were performed in compliance with
Institutional Animal Care and Use Committee guidelines. The “anesthetized motion-step
experiments” consisted of recordings from four adult male macaques (Macaca fasicularis).
Animals were implanted with a head-restraint and a craniotomy was performed under isoflu-
rane anesthesia using sterile technique. During the anesthetized experiments, anesthesia was
maintained with continuous infusion of the opioid sufentanil, and paralysis was induced with
vecuronium bromide to minimize eye movements, and midazolam was administered period-
ically. Pain responses were monitored at 15 minute intervals and additional analgesics were
used if necessary. Unit recordings were made using tungsten-in-glass microelectrodes. Vi-
sual stimuli comprised randomly drawn patterns of white dots that moved coherently within
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a stationary aperture against the dark screen of analog oscilloscopes (models 1304A and
1321B, P4 Phosphor; Hewlett-Packard, Palo Alto, CA). The size and position of the stimu-
lus aperture was chosen to maximally excite each isolated unit, as was motion speed. The
direction of stimulus motion was pseudo-randomly chosen from a set of at least 13 directions
that spanned +90° around the preferred direction including 15° increments. A stationary
random dot “null” stimulus was interleaved with the motion stimuli in 36 of 46 recorded neu-
rons. For these 36 neurons, stimuli were repeated 51-223 times. The remaining 10 neurons
had 20-30 stimulus repetitions. In all experiments, dot textures appeared and remained sta-
tionary for 256 ms, translated for 256 ms with constant direction and speed, and were again
stationary for 256 ms. When the motion of a dot carried it outside of the aperture, it was
randomly positioned along the leading aperture edge to maintain dot number. Trials were
separated by a brief pause of 1-2s. Spike waveforms were sampled at 10kHz and isolation
was aided by a window discriminator. Spike times were determined by threshold crossings.
Data from three of the four monkeys have been previously published [100, 103].

Similar “alert motion-step” experiments were performed with two adult male monkeys
(Macaca mulatta) that maintained fixation during visual stimulus presentation. These meth-
ods have been described in more detail elsewhere [66, 94]. Animals were pair-housed when
possible and had daily access to enrichment activities and play areas. Pre-study instrumen-
tation with a head stabilization post, an eye coil, and a recording chamber was performed
under isoflurane anesthesia using sterile surgical technique and post-operative analgesia with
buprenorphine. Animals were trained over a period of time to acclimate them to the labo-
ratory environment. Daily experiments involved seating the monkey in a plastic “chair” in
front of a visual display in a dimly lit room. The task required fixation within 2° throughout
the 2-3 second trial to obtain a juice reward. Eye position was monitored via a surgically im-
planted scleral coil. We employed similar visual stimuli to the anesthestized experiments. We
presented bright random dot stimuli against the dark screen of a CRT display set to 1024x768

resolution and a 100 Hz frame rate (Sony GWFM-FWO9011). Recordings were made with an
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various 3 quartz-platinum/tungsten single microelectrodes (TREC, Germany). We sampled
the voltage waveforms from the array at 30 kHz (Plexon Omniplex) and stored them for
offline analysis. As in the anesthetized experiments, we performed online analyses to map
the direction and speed tuning, and the size and location of each unit’s excitatory receptive
field. We confirmed unit isolation through principal component analysis of spike waveforms
along with inspection of interspike interval distributions. Motion stimuli were comprised of
24 directions, evenly spread between the preferred direction of the isolated single unit and

+180°. A stationary random dot “null” stimulus was interleaved with the motion stimuli.

2.4.3 Analytical methods

We computed the spike count in the 250 ms following motion onset, while the dot textures
were translating. We computed the Fano factor of the spike count (variance divided by
mean) as a function of stimulus direction using a repeated-measures ANOVA on the null
hypothesis of a constant Fano factor across directions. Stimulus direction relative to the
preferred direction of the isolated single unit was found to have an effect on Fano factor in
the alert experiments (p = 7.4 x 1077) but not in the anesthetized experiments (p = 0.42).
Because there was a narrower range of stimulus directions in the anesthetized experiments,
we limited both data sets to stimulus directions within +90° of the preferred direction.
Tuning widths were obtained by fitting a Gaussian curve to the spike counts as a function
of direction for each neuron. The tuning width was taken to be the standard deviation of

the Gaussian of best-fit. Direction selectivity was computed as a direction index (DI), where

DI — Tpref — Torth (2.9)
T'pref + Torth

Here, 7pef is the mean response to the preferred stimulus direction and rg.y, is the mean
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response to the orthogonal directions. Similarly, a variance tuning index was calculated as

2 2
Ipref ~ %orth

VTI = (2.10)

2 2 -
Upref + %orth
FFTI was defined analogously.

FForth - FFpref

FFTI = .
FForth + FFpref

(2.11)

The procedure for mean-matched Fano factor is adapted from [26]. The distribution
of mean spike counts was computed for each condition. The distribution of spike counts
for each stimulus direction was approximated by binning values in 15 evenly spaced bins
that spanned the range of responses. For each bin in which one condition had more data
points than the other, data points were randomly discarded from that condition until both
distributions matched. The Fano factor was calculated for each neuron in that stimulus
condition. The mean Fano factor for each stimulus condition was used to calculate FFTI
for each subject condition. This resampling procedure was repeated one million times to
generate a distribution of Fano factor tunings. The resampled Fano factor values were fit to
cosine curves by a least squares fitting procedure.

The Fisher information was calculated for simulated neuronal populations using
J(0) = Jmean(0) = f(0)"=7(0) 1 (6), (2.12)

where the derivative is taken with respect to motion direction #, and f is a vector containing
the tuning curves for each neuron in the population, and we ignore the contributions to the
Fisher information from derivatives of the covariance matrix [36, 163]. The covariance matrix
between neurons is given by 3(#). The diagonal elements contain each neuron’s variance,
as imposed by the Fano factor tuning curves we model in the three qualitative regimes (U-

shaped tuning of the variance relative to the mean, flat, and inverted-U). The off-diagonal
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elements of 3(#) are imposed by our correlation model, which is a von Mises distribution, as
given by Eq 2.5. For the homogeneous population, each neuron has the same tuning curve,

given by a von Mises distribution

en(cos(efﬁpref)+1) _1

ek — 1

FO) =b+ A (2.13)

fit to the population averaged tuning in each behavioral state, where b and A are background
firing rates and peak firing rates, respectively; 0, is the preferred direction of the neuron;
6 is the stimulus direction; and « is the width of the tuning curve. Preferred directions in the
model population are distributed evenly across all recorded directions. For the heterogeneous
population model, tuning curves are again modeled with von Mises distributions fit to the
diversity of tunings measured in each behavioral state. Populations models are built up by
sampling with replacement from the recorded, fit tuning curves.

Mutual information was calculated for each neuron from cumulative spike counts across
13 stimulus directions, in 15 degree increments +90° around the preferred direction. The

mutual information, I, between spike count k& and stimulus direction 6 is given by

(2.14)

I(k;0) = p(0) Zp(klmlogzp(k'e)
; ; p(

k)

Sampling bias in information estimates were corrected via bootstrap resampling at fractions
of the data between 95—50%; finite size effects were estimated using the method of quadratic

extrapolation [104].

2.5 Supplemental Materials
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Figure 2.8: Mean Fano factor by stimulus direction exhibits the same state-dependence of
stimulus-induced variability as median. Same as Fig 2.3C-D but with the mean Fano factor
for each stimulus direction shown in blue rather than the median.
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Figure 2.9: Aligning spike count windows by response onset does not affect stimulus-
dependent Fano factor tuning. Figure is as in Fig 2.3C-D but spike count windows are
aligned to response onset rather than stimulus motion onset. Neurons in the alert state
tend to have shorter latencies than those in the anesthetized state, which may bias the spike
counts and spike count variance and give rise to different Fano-factor tunings. Instead we
find the effect is the same when aligned by response latency.
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Figure 2.10: Neuronal response is not locked to refresh rate of stimulus presentation. It is
conceivable that the refresh rate of the CRT (100 Hz) produces regular spiking that affects the
spike count variability. Because the two experiments in different states use different stimulus
presentation mechanisms, the power spectrum was analyzed to determine if the CRT had
a significant impact on spike timing. (A) The autocorrelation for a representative neuron
in alert state does not reveal obvious phase locking. (B) The power spectrum of the same
neuron shows a peak around 600 Hz. The red star indicates the frequency corresponding to
the mode of the distribution of inter-spike intervals (ISI). (C) A histogram of the distribution
of short ISI for the same neuron in 0.5 ms bins peaks in the 1.5-2.0 ms range. These short
ISI corresponds to doublet spikes firing in rapid succession. An ISI of 1.75 ms corresponds
to 571 Hz, shown as red star in (B). For all neurons that exhibited a peak in the power
spectrum, it was in the 300-600 ms range and corresponded to the ISI of doublet spikes for
that neuron.
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Figure 2.11: Aligning spike count windows by response onset preserves distributions of Fano
factor tunings. Figure is as in Fig 2.3E but spike count windows are aligned to response
onset rather than stimulus motion onset. Yellow and purple traces are Gaussian best fits to
FFTI distributions in alert and anesthetized states, respectively.
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Figure 2.12: Information-limiting correlations do not affect relative decoding performance
between different variance models. Same as Fig 2.7 but with the addition of information-
limiting correlations where € = 4. Inputs to MT contain only finite information, and as such
a reasonable decoding model must have limited information. This is accomplished by adding
differential correlations, i.e., noise correlations along the direction of the signal correlations.
The differential correlations decrease decoding performance, but in a population where the

information bound is not fully saturated, there is still an advantage to stimulus-dependent
variability tuning.
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CHAPTER 3
EFFECTS OF TEMPORAL HETEROGENEITY IN CORTICAL
POPULATION CODES

Stimulus selectivity in cortical neurons is often described by a simple tuning curve that
varies firing rate with stimulus features. Such a description necessarily ignores the temporal
dynamics of cortical responses, with neurons varying their firing rates over time. Cortical area
MT is seen to exhibit complex temporal dynamics in response to constant motion stimuli,
and such temporal dynamics can improve coding performance over stationary responses. We
develop a low dimensional description of temporal heterogeneity in MT and explore how
the space of response dynamics impacts coding performance. A generative model of MT
response dynamics allows us to probe which features of heterogeneity that are important
for population coding and how heterogeneity shapes the way neural populations process

information.

3.1 Introduction

Neurons in MT respond selectively to visual motion, with a tuning function that is typically
described by a described by a Gaussian tuning profile that varies with stimulus direction,
centered on the preferred stimulus direction of the neuron [76, 3]. On short time scales,
however, the responses of MT neurons exhibit diverse temporal dynamics [31, 101]. While
these temporal dynamics have some stereotyped features, such as a broadly tuned transient
response to motion onset followed by a sustained response, there is considerable diversity in
the specifics of these dynamics [65, 146, 101]. The heterogeneity of responses across neurons
over time may improve coding performance in cortical populations [103, 131, 31, 82]. This
work aims to better understand how temporal dynamics and heterogeneity fits into the
tradeoff between population size, integration time, and decodability.

Many earlier attempts at understanding coding in MT treated the response as a Gaussian

o1



tuning with a static firing rate and integration of spikes over relatively long intervals, on the
order of hundreds of milliseconds (see review [108]). The timescales relevant to behavior,
however, are short, and firing rates are not constant on these time scales [101]. It is not
obvious how such temporal dynamics would affect coding performance. Previous work has
used a principal components analysis to decompose temporal responses in V1 to suggest that
temporally dynamic responses can improve information transmission over a simple rate code
[82]. This work uses similar dimensionality reduction techniques to characterize the the space
of temporal dynamics in MT and model the heterogeneity of the population. With a model
of temporal dynamics, we provide a method to probe how the degree of diversity within the

population affects coding performance in regards to population size and integration window.

3.2 Methods

3.2.1 FExperimental Methods

Experimental methods and data are the same as described in chapter 2. Single-unit record-
ings were made with tungsten electrodes in adult macaques. Half the data (n = 46) was
collected in sufentanil-anesthetized and paralyzed macaques and half (n = 34) were recorded
in awake, head-fixed and fixating macaques. Random dot stimuli were presented to the re-
ceptive fields of the recorded neurons. Dot patterns translated coherently behind an aperture
with size and speed of stimulus optimized for the neuron. The stimulus motion epoch lasted
for 250-256 ms, with 250-256 ms periods of stationary stimulus on either side. Stimulus
motion direction was randomly drawn from a range of £180° or +90° around the preferred

direction of the neuron, in 15° increments.

3.2.2  Dimensionality Reduction

The peri-stimulus time histograms (PSTH) are calculated for each stimulus direction in each
neuron by averaging spike counts in 2 ms time bins across trials, beginning at stimulus onset.
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Figure 3.1: MT populations exhibit diverse temporal dynamics across neurons and stimuli.
Heat maps represent the PSTH of 9 sample neurons across 13 evenly spaced stimulus direc-
tions from -90 to 90 degrees around the preferred direction of the neuron. Color maps to the
probability of spiking in a 2 ms bin. Time window shown is 500 ms starting from stimulus
motion onset.
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Response latencies for the preferred stimulus direction are determined by the time bin at
which the cumulative spike count distribution diverges from the response to the stationary
stimulus. For most neurons this was done by a Kolmogorov-Smirnoff test (p < 0.05), but a
minority of neurons required a manual correction. The PSTH for 9 sample neurons are shown
in Fig 3.1, demonstrating the heterogeneity of temporal dynamics across the population and
across stimuli within a single neuron.

Before taking the principal components, the PSTH were normalized by firing rate. To
do this, the PSTH for each neuron across all stimulus directions was divided by a rate
normalization factor defined by the average PSTH of the preferred direction for that neuron.
Latencies were normalized by shifting the entire PSTH for each neuron so that each neuron
began its response to the preferred latency on the same time bin as the neuron with the
shortest latency, which was 48 ms. The missing bins at the end of the shifted responses were
backfilled to match the PSTH length with the average response to the stationary stimulus
for that neuron. The rate normalization factors and latency shifts are saved to be used in
the generative model to match the distribution of rates and latencies. The distribution of
rate normalization factors was fit to an exponential distribution with a rate parameter of
A = 0.08615. The fit passed a x2 goodness-of-fit test (p = 0.37). The distribution of latency
shifts was fit to a negative binomial, with a mean of 34.7 ms and parameters » = 1.95 and
p =0.101 ( x? goodness-of-fit test p = 0.37).

Principal components analysis (PCA) was then performed on the normalized neurons.
This is simply the eigen-decomposition of the covariance of the mean-subtracted PSTH.
The variance explained by each principal component (PC) was calculated by arranging the
eigenvalues of the principal components in descending order and normalizing by the sum of
the eigenvalues. The first 12 PCs accounted for 90% of variance explained, and the first 15

PCs were used for most models in this document, unless otherwise stated.
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Figure 3.2: PSTH can be decomposed into principal components. Each of 12 plots shows
the vector representing the corresponding principal component. The number of the principal
component is shown in the top right of each plot. Principal components are scaled by the
square root of the corresponding eigenvalue, in order to show the relative impact of each
component.
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Figure 3.3: Twelve principal components explain 90% of variance in the temporal dynamics
of PSTH. The cumulative variance explained is shown for the first 30 principal components,
ordered by descending eigenvalues. The dashed trace indicates the 90% variance explained
threshold.
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Figure 3.4: Decomposition of sample neuron PSTH into principal components. (A) The
decomposition of the PSTH of the preferred stimulus direction for a sample neuron. The
thicker black trace shows the mean normalized PSTH across all neurons and stimuli, which
is not included in the principal components. The thick red trace is the PSTH reconstructed
from the first 15 PCs. The thin gray trace is the true, normalized PSTH. The first 6 weighted
PCs are also shown. (B) Same as (A) but for the stimulus 60° away from the preferred
stimulus direction. The temporal dynamics can vary greatly across stimulus directions.
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3.2.83 Generative Model

To generate synthetic PSTH, we first start with the response to the preferred stimulus. The
distribution of PC weights for each neuron was modeled as a multivariate Gaussian with the
observed mean and covariance. We then make n draws from the distribution to generate
weights for n preferred-direction responses.

From here, we use a chain of conditional distributions to generate realistic PSTH. We
make the assumption that the weights for PCs across two adjacent stimulus directions (£15°)
are multivariate Normally distributed. We find the covariance of the weights for the preferred
stimulus direction and the adjacent stimulus directions, £15° (Fig 3.6A). The covariance
matrix X can be decomposed as

- Yoo X | (3.1)
X2 X

where X171 is the covariance of weights at the preferred stimulus direction and 399 is the
covariance of weights for the stimulus direction +15° away from preferred. The other parts,
Y19 = Egl are the terms of the covariance matrix between the two stimulus directions.
Similarly the mean weights for each stimulus are given by pq for the preferred stimulus and

o for the adjacent directions.
Given a set of weights w for the preferred stimulus direction, the weights for the adjacent

directions will be wo ~ N(fi, 3), where

fi = p2 + S 377 (Wi — p1) (3.2)

and

3= Y99 — 22121_11212. (3.3)

With the conditional distribution, we draw weights w9 and repeat this process for the
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next stimulus direction, in this case +30°. The weights wg, means pu9, and covariance
399, become the new wi, u1, and X11. The corresponding means and covariance for +30°
becomes the new 9 and Xoo, fi and X are calculated, and the next set of weights wo are
drawn. This continues in 15° increments all the way to +180°.

Once weights are drawn, normalized PSTH are generated by multiplying the weights by
the corresponding PCs and adding the together along with the mean normalized PSTH. Each
synthetic PSTH is scaled by the mean rate for the preferred direction, as before, so that they
can be scaled to match the true population distribution. Random rate normalization factors
are drawn from the exponential distribution fit to the population rates and multiplied to
scale each PSTH.

Shifting latencies requires replacing missing values with a background rate, which is de-
termined by the mean PSTH value in all time bins up to the minimum response latency
across all stimulus directions. Latencies are shifted by drawing random shifts from the nega-
tive binomial distribution fit to the observed latencies, and each PSTH is shifted accordingly.

All time bins up to new response latency are replaced by the background rate.

3.2.4  Limiting Model Heterogeneity

There are several methods for limiting the diversity of temporal dynamics in the model

population for testing the effects of such diversity on coding performance.

Clustering Weights

The above model is extended to generate a population of PSTH that does not make use
of the full heterogeneity of temporal dynamics and instead is clustered around a narrower
trajectory through PC space. To accomplish this, a multivariate Gaussian distribution is
fit to the weights of PCs as before, but only a single set of weights is W is drawn, which
becomes the center around which subsequent weights are drawn. Weights are then generated

from the distribution wi ~ N (W, eX11), where 0 < e < 1 is a scale factor that reduces the
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Figure 3.5: Peri-stimulus time histograms of MT neurons do not cluster in PC space. (A)
Projections of PSTH onto pairs of principal components. Data points are separated by ex-
periments recorded in an alert state (blue) or anesthetized state (orange). (B) Trajectories of
10 sample neurons through PC space, colored by stimulus direction. Trajectories correspond
to the PSTH in PC space as the stimulus motion direction is rotated through 360 degrees
(colorbar). The response of each neuron is considered to be the response distribution across
all stimulus directions, and is therefore a manifold through PC space rather than a single
point.
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Figure 3.6: Generative model produces PSTH that span the space of temporal heterogeneity
in observed populations (A) The weights of the first 3 PCs for the preferred stimulus direc-
tion for the real PSTH (red) and 200 model-generated weights (black). Generated weights
are drawn from a multivariate Gaussian distribution with the same mean and variance as
observed weights. (B) Same as (A) but including weights for all stimulus directions, se-
quentially generated. (C) Heat maps represent 9 sample model-generated PSTH across 13
evenly spaced stimulus directions from -90 to 90 degrees around the preferred direction of
the neuron. Color maps to the probability of spiking in a 2 ms bin. Time window shown
is 500 ms starting from stimulus motion onset. The generative model replicates temporal
diversity of real neurons.
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covariance of the distribution. From the weights wq, the conditional distribution is drawn
as before, but the next set of weights are drawn from the distribution wo ~ N (fi, €X), again

scaling the covariance to limit the space of weights.

20 20 pci

20 20 pci

Figure 3.7: Generating model responses with clustered temporal dynamics. (A-C) The
weights of the first 3 PCs for the preferred stimulus direction for the real PSTH (red) and
200 model-generated weights (black) for varying amounts of temporal heterogeneity in the
population: (A) € = 0.5, (B) ¢ = 0.1, (C) ¢ = 0. In each case, the same seed was for
drawing the initial weights w around which the samples are drawn. This allows a more
direct comparison of the effects of heterogeneity, as the temporal dynamics are clustered
around the same point in PC space in each case.

Uniform Latency

Varying response latencies provide a source of time information that can be used to for
decoding stimulus direction more accurately. This source of temporal diversity can be limited
by drawing the same latency shift for each neuron, aligning the response latency of each

neuron with the mean response latency of the population.

Uniform Dynamics

The generative model produces realistic PSTH for which the the temporal dynamics vary
by stimulus direction. This diversity of temporal dynamics can be limited by only drawing
weights for the preferred-stimulus direction, and using a scaled version of that PSTH for
every other stimulus direction. The scaling of the PSTH was determined by randomly
drawing tuning curves from the observed population of MT neurons, so that the synthetically
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generated tuning curves have tuning curves that match the experimental data.

Static Rate

The temporal dynamics can be removed by replacing the PSTH, beginning with response
onset, by the average firing rate. This preserves the tuning curve over the window without

any additional temporal information.

3.2.5 Simulating MT Populations

A simulated population of n MT neurons is created by drawing n random PSTH from
the model. The preferred stimulus direction of each neuron is drawn uniformly on +180°.
The response to a given stimulus direction is found by 2-dimensional spline interpolation
of the model PSTH. The PSTH is smoothed by a sliding 10 ms averaging window prior to
interpolation for more consistent results. The interpolation increases time resolution to 1
ms bins. Spike trains are simulated as a Bernoulli process, with the probability of a spike
occurring in a given time bin proportional to the amplitude of the PSTH. Responses are

uncorrelated across neurons.

3.2.6 SVM Decoder

For a simulated population of size n neurons, 200 spike trains were generated for each
neuron for each of two stimulus directions, 6y and #;. For each spike train, spike counts
were calculated at test time bins ¢. Spike counts were either calculated as a cumulative spike
count beginning at stimulus motion onset, or as a sliding window of 30 ms terminating on
time t. A support vector machine (SVM) classifier with a linear kernel was trained on the
spike counts to distinguish stimuli g and 1. A k-fold cross-validation was used with k& = 10.
The SVM trained at time ¢ was used to predict the stimulus direction at other time points

in 10 ms increments.
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Decoding performance for each model was tested with a range of population sizes (n €
{20, 50, 100, 200,500} ). Time points ¢ were chosen to be 10 ms increments from 10 ms to 200
ms after stimulus onset. The difference in the two tested stimulus directions, 660 = 61 —0, was
chosen so that §6 € {2°,4° 8% 12°,15°,30°}. For each test condition, at least 10 different

populations were tested by generating a new set of PSTH.

3.3 Results

3.3.1 Dimensionality Reduction

Recorded MT neurons exhibit a diversity of temporal dynamics across neurons and stimuli
(Fig 3.1). Parsing the impact of this temporal heterogeneity on coding is difficult because it
requires a principled model for comparison. We use dimensionality reduction to develop a
model that can help answer the questions of how diverse is the space of temporal dynamics
in MT responses, and how diverse do the dynamics need to be to achieve the same level of
coding performance.

One source of heterogeneity, response latency, was accounted for by fitting a negative
binomial distribution to observed latencies. Mean response latency in MT was found to be
about 83 ms (see Methods).

Another source of heterogeneity, while not temporal in nature, is the average firing rate
of the neurons. However, normalizing preferred-stimulus firing rates isolates the temporal
dynamics so they are comparable across the population. Without normalization, most of
the variance across the population is due to differences in firing rate rather than temporal
dynamics.

After normalization of PSTH, PCA is used to find the dimensions of greatest variability
in the space of temporal heterogeneity (Fig 3.2). While principal components are not nec-
essarily interpretable, the results of PCA in this case do appear to have to have qualitative

significance. The first PC is similar to the average PSTH across all neurons and stimuli, most
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likely accounting for shifts in firing rate across stimuli and for varying transient/sustained
ratios in the PSTH. The second PC increases the transient/sustained ratio by increasing the
firing rate at response onset and suppressing the response during the sustained period. The
next several PCs shift or sharpen the transient response.

The first 12 PCs explain 90% of the variance in the temporal dynamics of the popula-
tion, which allows for a considerable dimensionality reduction while preserving most of the
temporal dynamics (Fig 3.3). Adding more PCs will explain more of the variance, but 90%
was chosen to be sufficient as some of that variance is due to high frequency noise in the
original data due to under-sampling of the PSTH in a finite number of trials.

The weights of the PCs in the population did reveal any clustering of temporal dynamics
into different classes of neurons, and instead evenly filled the space of responses (Fig 3.5A).
While some responses could be categorized by eye as having features such as “transient-only”
or “broad transient and narrow sustained,” the responses seemed to continuously tile the
space. The weights of PCs from the two separate data sets, anesthetized experiments and
awake experiments, were not separable in PC space and clustering algorithms such as t-SNE
and k-means clustering were not able to discriminate the two data sets.

The response of each neuron is heterogeneous across stimulus directions, and is therefore
described by the set of responses as stimulus direction is varied. The response is then a
manifold through PC space rather than a single point, creating a path through PC space
as the stimulus parameter is varied (Fig 3.5B). The responses of an MT neuron to different
stimulus directions are correlated but heterogeneous, and the characterization of these man-
ifolds is necessary for a full description of the temporal dynamics of MT populations. Again,

these manifolds or trajectories through PC space did not reveal clusters.

3.3.2 Generative Model

Given the PCs and weights, it is possible to generate PSTH from the distribution of responses

observed in real neurons. This requires an estimate of the probability density function of
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PSTH, which is a manifold in a high-dimensional space (Fig 3.5B). A generative model
requires and estimate of the distribution of manifolds through this high dimensional space.
For a 500 ms PSTH in 2 ms bins, with 24 stimulus directions, the dimensionality of the
PSTH is 6000, which is too many dimensions to allow an estimate of the probability density
function. Using PCA and only considering the first 15 principal components (92% of variance
explained), the dimensionality is reduced to 360. This is still too high-dimensional, as there
are more dimensions than the number of recorded neurons in the data set and the probability
density cannot be estimated.

To overcome the dimensionality and estimate the distribution of PC weights across stimuli
for MT neurons, we treated the weights for each stimulus direction as conditioned only on
the weights for the adjacent stimulus direction rather than on all stimulus directions (see
Methods). The weights for the preferred-stimulus direction was model as a multivariate
gaussian (Fig 3.6), which is only 15-dimensional, a manageable size for our data set. Then
the weights for both the 0° stimulus and the +15° stimuli are considered jointly as a 30-
dimensional multivariate Gaussian. Given weights for the 0° stimulus, the distribution of
weights for +15° can be considered as a conditional multivariate Gaussian (see Methods).
This method of chained conditional distributions provides a reasonably good estimate of the
distribution of weights while keeping dimensionality sufficiently low. The generative model
produces PSTH that capture the temporal dynamics of real MT neurons (Fig 3.6).

For testing the impact of heterogeneity on coding, it is useful to be able to compare this
model to a model with less heterogeneity or different temporal dynamics. To do this, the
covariance of chained conditional distributions was scaled by a factor € so weights would be
limited to a narrower region of response space (Fig 3.7, see Methods). By varying the scale
factor €, the model still generates realistic PSTH but can limit its sampling to a smaller

subspace of responses, limiting the heterogeneity.
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3.3.83 Population Decoder

Model performance was tested with a support vector machine (SVM) with a linear kernel.
The performance of the model can be compared to behavioral smooth pursuit data, which
provides a way to place bounds on decoder performance for the MT population. Since
the MT population is thought to be driving smooth pursuit, the direction discriminability
threshold inferred from smooth pursuit should be comparable to the discriminability thresh-
old of a population decoder such as the SVM. An estimate of signal-to-noise ratio in smooth
pursuit provides an estimate a 3° discriminability threshold 125 ms after pursuit onset, or
roughly just over 200 ms after stimulus onset given pursuit latencies in macaques [101]. The
inferred discriminability is comparable to a 69% performance on a two-alternative forced
choice discrimination task, so we use 69% as a threshold for discriminability in the SVM
decoder. The discriminability threshold inferred from the performance of the decoder for a
given population size and integration time window is compared to the behavioral data to
infer properties of the population.

We first used a simple population model with the full temporal dynamics of real data
with an arbitrary number of randomly generated neurons to understand the tradeoff between
integration time and population size (Fig 3.8). This model indicates that after 80 ms, about
the time of pursuit initiation, a population of 200 neurons can discriminate stimuli about
12° apart, and a population of 500 neurons can already distinguish stimuli separated by
about 7° (Fig 3.8A). As time progress, decoder performance increases. A population of only
20 neurons achieves the level of discriminability at 160 ms of a 500 neuron population at
80 ms, twice as long 3.8C). After 200 ms, when behavioral data suggests that the neural
populations driving pursuit must have a discriminability of about 3°, we find a population
of between 200 to 500 neurons is required to achieve this level of performance. Introducing
correlated firing across the population may change these values, but this provides a starting
ground for estimating the size of a neural population required to estimate stimulus motion
direction.
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Figure 3.8: Decoder performance demonstrates tradeoff between population size and integra-
tion time. (A-D) SVM decoder performance as a function of the angular difference in stimuli
being distinguished. Each trace is for a different simulated population size as shown in the
legend of (A). Shaded area represents standard deviation of decoder performance. Decoder
performance is shown for time points (A) 80 ms, (B) 120 ms, (C) 160 ms, and (D) 200 ms
after stimulus motion onset. The dashed traces indicate a decoder performance of 69% and
represents the threshold of discriminability as estimated from behavioral data [101]. (E-H)
SVM decoder performance as a function of time since stimulus motion onset. Colors are

population sizes as in (A-D). Performance is shown for distinguish stimuli separated by (A)
2°,(B) 4°, (C) 8°, and (D) 15°.

Dynamic response improves decoding compared to static rate

We compare the model with the full temporal heterogeneity of the population to a model
in which the firing rate has been averaged out over time, producing a static response (Fig
3.9A-B). The decoder for the temporally heterogeneous model performs consistently better
than the static model (Fig 3.9C). This model was only trained on one time point (160 ms)
that was used to predict stimulus direction at all time points. The optimal decoder for the
static tuning curve is the same at all time points, because the firing rate is the same at all
points in time. Therefore, decoder performance steadily increases in time as information is
accumulated until discriminability is saturated, regardless of at which time point the decoder
is trained.

In contrast, for the temporally dynamic and heterogeneous response, the time at which

the decoder is trained has an impact on decoder performance. Close to 160 ms, where the
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decoder was optimized, the dynamic model performs better than the static model for all
stimulus pairs. However, at time points further away from the training time point for the

decoder, the response approaches that of the static rate.

Limiting Heterogeneity

The generative model allows for producing PSTH that do not span the full space of temporal
heterogeneity, but instead cluster around a subspace. Testing the impact of this limited
heterogeneity can demonstrate the impact of of heterogeneity on decoding performance.
Figure 3.10 shows the impact of temporal heterogeneity on SVM decoding performance. The
limited heterogeneity model uses € = 0.1 to restrict the response dynamics to a subspace of
the full distribution. Since decoding performance may be affected by the specific subspace
of dynamics chosen, multiple samplings of the distribution were made to average out the
effects.

Decoding performance shows an increase in decoding performance for a more diverse
population. This suggests that there is a benefit to having a more temporally heterogeneous
population. For € = 0.5 the decoding performance was not significantly different from the

model that spanned the full space of responses (not shown).

3.4 Discussion

These results demonstrate that the heterogeneous temporal dynamics of responses in MT
increases decoding performance, and an accurate representation of temporal dynamics may
be necessary for understanding population codes in cortex. We provide methods for charac-
terizing the temporal heterogeneity of a population and for a generative model of population
responses. These methods may be used in other areas of cortex for comparison, examining
the dimensionality of responses and clustering of the response space. While we found 12 PCs

account for most of the variance in the population, with responses continuously spanning
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this space, that may not be the case at different levels of processing in cortex.

This model of heterogeneity, combined with behavioral outputs, can improve our un-
derstanding of coding populations. Pending analyses impose correlated spike trains while
maintaining the temporal dynamics of the response as in [103]. Previously results suggest
that the diversity of responses, across the population and across time, have a bigger impact
on coding performance in the presence of correlations [103, 131, 157].

Other pending analyses will examine the window of integration for a cortical population.
Analyses shown here use an expanding integration window. It is notable that in neurons that
respond statically to a stimulus, decodability does not change in time unless the integration
window expands. Additionally, after response onset of a statically firing neuron, it provides
no additional information about the timing of motion onset. We can use our model to
examine the impact of integration time on a temporally diverse population, and how a

decoding population might optimize its decoding window.
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simply averaged over time beginning at response onset. (C) Model decoder performance
distinguishing motion stimuli separated by 2° (blue), 4° (red), 8° (yellow), or 12° (purple).
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CHAPTER 4
DISCUSSION

One of the largest looming problems in neuroscience is the question of how information is
coded and transmitted in the brain. What is the neural code?

The roles of different brain regions can be teased apart at a systems level through various
techniques. Physical connections between brain areas can be traced. Lesions can reveal
where brain regions are connected along a behavioral pathway. The feature selectivity of
a brain region can be determined by reverse correlation of stimuli or behavior to neural
responses. These systems level descriptions of inputs and outputs can go a long way toward
answering the what questions. What information is encoded in a brain region? What is that
information used for downstream? What stimulus drove this response? These questions can
be answered while the particulars of the neural code remain something of a black box.

Cortical area MT is well described at the systems level. The areas that input to MT
and the areas that receive its projections are known. The role of area MT in driving eye
movements and perceiving visual motion is well known and characterized. The correlation of
MT neuron responses with the presentation of simple stimuli reveal the selectivity for visual
motion direction and speed. What is not known is precisely how information is manipulated
and transmitted through this system.

In order to understand how a brain area performs its computations, the distribution of its
responses must be known. However, the complexity of the problem is so great that we need
to make certain simplifying assumptions in our models. One cannot know a priori which
simplifying assumptions are justified, which details of the population response are critical
for an efficient neural code. Features such as spike-count variability, temporal dynamics,
inter-neuronal correlations, and state-dependent changes can all affect the population code.

We find, along with others [156, 107], that neurons in area MT exhibit spike count vari-
ability that is is tuned to the stimulus identity and is not described by a simple Poisson

process. However, we find that this changes with behavioral state, and a Poisson or gamma-
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Poisson assumption holds for MT populations in animals under Sufentanil anesthesia. Spike-
count variability is therefore both stimulus-dependent and state-dependent, changing with
the attentional state of the subject. We demonstrate how these state-dependent changes in
the population code can impact the efficiency and accuracy of the code. A deeper under-
standing of the neural code must account for how changes in the stimulus and the attentional
state affect the responses of the neural population as well their downstream effects.

We also examined the temporal dynamics of the responses in MT. While models of
responses are often simplified to tuning functions that are static in time, the responses of
cortical neurons are heterogeneous through time. Responses are often simplified to static
tuning curves because it is difficult to concisely describe the complex and diverse temporal
dynamics of cortical neurons. However, this simplification throws away a possibly large
source of information. We used dimensionality reduction techniques to developed a method
for characterizing the temporal dynamics of MT neurons in a simple, low-dimensional way.
Being able to accurately model the temporal dynamics of a neural population opens up the
possibility of testing different features of temporal dynamics and population heterogeneity in
information coding. We find that a rich, diverse, and dynamic neural response consistently

improves coding over simpler alternatives.
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