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Abstract

Organisms’ behaviors and perceptions are shaped by the manner in which the
brain processes incoming sensory information. Different sensory streams of the brain
manage and process disparate types of inputs from sensory receptors in order to
transform sensory information into decision and action. To adequately achieve this
goal, neurons in many areas simultaneously encode multiple features of the outside
world. Jointly encoding various features can, however, lead to ambiguity in the
decoding process: single-trial fluctuations in the spike rate of a neuron can represent
a change in any or all of the encoded stimulus features. To explore the benefits and
impacts of joint coding, we probed the macaque visuomotor pathway. In the first
study, we used information theoretic methods to quantify the benefit of joint coding
of direction and speed in single neurons in extrastriate area MT, in small simulated
populations, and in smooth pursuit eye movements. We found that there is a
consistent benefit to encoding multiple stimulus features jointly rather than
separately, which we call stimulus synergy. Additionally, we determined that the
scale of stimulus synergy can be altered by the tuning bandwidth and the number of
stimulus features encoded. The observation of stimulus synergy in pursuit eye
movements implies that the MT population is being read out jointly, as a motion
vector. In the second study, we further investigated the interaction of direction and
speed in pursuit eye movements. We found that single-trial direction and speed
errors are correlated, bolstering our claim that fluctuations in the MT population
response are jointly decoded to generate direction and speed estimates. Finally, we

confirm using simulated MT responses that such correlations can only occur when

Vii



decoding motion estimates from MT as a motion vector, not as direction and speed

separately.
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CHAPTERI1

Introduction

Overview

Viewed from the perspective of systems neuroscience, the brain’s function is
to generate behavior and perception by efficiently transforming incoming sensory
information. The localized areas of the brain form a recurrently connected hierarchy
that can quickly process many aspects of the environment. Each area of the brain may
be described to handle one category of processing, but even neurons involved in early
processing respond to many low-level sensory features from the periphery.
Therefore, understanding how single neurons encode multiple features
simultaneously, and the impact of that joint coding on behavior and perception, is
critical to fully grasping information processing.

Joint encoding of multiple features of a stimulus causes ambiguity in decoding.
Specifically, trial-to-trial fluctuations in a neuron’s spike rate can be interpreted as
representing a change in any or all of the stimulus features encoded. However, the
brain manages to overcome this ambiguity, encoding multiple features and reading
them out to drive behavior with high levels of precision. The details of how cortical
circuits manage to achieve this are still poorly known. To explain the process of
transformation of jointly tuned features requires a multi-pronged approach: probing
neural responses in sensory areas, analyzing behavioral output, and combining
results from both ends with simulations to test competing theories. By doing so, we
can glean insight into how fundamental transformations occur in sensorimotor

processing.



Joint encoding of multiple features in cortex

What is the best way to understand what a single neuron, or a population of
neurons, is communicating about a stimulus? Some of the most evocative early
studies of visual neuroscience, by Hubel and Weisel, focused on single features of a
neuron’s response to a stimulus. By sweeping a bright bar across a screen and
recording the number of spikes fired by a neuron, they could describe the spatial
range to which a neuron would fire spikes (its receptive field), the neuron’s response
to different orientations of the bar, and how the response was modulated based on
the contrast of that bar against the background [1,2]. The neuron’s modulation to each
feature can be systematically probed, and described in terms of the stimulus to which
the neuron responds most strongly, or tuning preference, and the range of that
feature to which it responds. Neurons in macaque primary visual cortex, V1, are tuned
to low-level visual features such as color, orientation, and contrast [3,4]. Similarly,
primary auditory cortical neurons in A1 are tuned to pitch and intensity, among other
features [5]. Since many neurons in early cortical areas smoothly change the
magnitude of their responses across the range of a stimulus feature, categorizing
tuning along one feature allows downstream brain areas as well as researchers to
easily translate a spike count or pattern into a stimulus.

Early sensory feature representations are decoded to drive behavior and
generate perceptual judgments, and are further transformed by combining them with
other features to generate new features. This process requires integrating responses

across many neurons, producing secondary sensory areas that can be invariant to



low-level sensory features but are tuned to higher-level features. For example, V1
simple cells that respond to the static orientation of bars provide input to V1 complex
cells in such a circuit that the complex cells are tuned to the orientation of a bar
regardless of its location in their receptive field [6,7]. One step further in the stream
of processing are cells in the middle temporal area, or MT, that are driven by motion
direction and speed of a variety of stimuli, as well as three-dimensional motion and
binocular disparity [8-10].

A widespread feature of sensory cortical areas is that neurons modulate their
responses to multiple features of their sensory modalities. Each of the sensory
representations in primary cortical areas is a transformation of the information
transmitted via subcortical pathways from the sensory periphery, whether it be
retina, cochlea, or stretch and pressure receptors in skin. Low-level features of the
sensory modality from the periphery, such as the on/off activity of rods and cones,
has been transformed into basic features of vision by the time they are represented
in cortex [11,12]. Tuning to multiple features can exist such that the neuron’s tuning
to feature A does not substantially change as a function of feature B: although the
amplitude of the tuning curve may be scaled, the tuning preference remains stable
[13-15]. Such tuning to multiple features is called “separable”: the tuning curves for
A and B are independent, and the mean spike count for the joint tuning curve can be
fully described by the product of the tuning curves for A and B [16-18]. In contrast,
inseparable tuning describes the condition in which feature B and feature A’s tuning
curves are linked in such a way that one must know the value of one feature to

properly determine the other purely from spike count. A benefit that separable tuning



affords the brain over inseparable tuning is the ability to integrate spikes over a
population to read out, or decode, feature A without being concerned about their
tuning to feature B or the value of feature B of the stimulus [19]. Separable tuning
therefore is compatible with simpler downstream readout and transformation
circuitry. Inseparable tuning, on the other hand, requires downstream readout to take
both features into account, functionally forcing the downstream area to consider the
neurons’ responses not in relation to the individual features but instead in relation to
a single feature.

One way to grasp this re-interpretation of a unit’s stimulus tuning is to
consider neurons in MT, which are tuned for features of image motion on the retina
[10,14,20]. If we consider direction and speed of motion as the axes along which MT
neurons modulate their firing rates, MT neurons exhibit separable tuning, in that the
preferred direction of a cell does not significantly change as a function of the stimulus
speed tested. They can also be described as being inseparably tuned, though, for the
spatial frequency and the temporal frequency of motion [21,22]. The latter
interpretation is most useful when integrating MT responses from V1 neurons
modeled as banks of spatiotemporal filters [23-27], a conceptualization that has been
particularly apt for considering encoding of natural scenes that can be well-described
with three-dimensional spatiotemporal receptive fields [24].

Integration of multiple stimulus features has been shown to affect task
performance, pointing to the benefit of jointly tuned neurons and to reading out
neural responses with respect to the joint stimulus. One way to show how stimulus

features become intertwined during cortical processing is to inject noise into the



presentation of one feature and observe how behavioral output is affected for each
feature. When joint tuning to both features is present, the amplification of noise to
one feature will cause fluctuations in the neural response in a jointly tuned area, and
the downstream interpretation of any co-encoded features would be thereby affected
as well [28]. When variance of either the direction or speed of dot motion was
increased, variance of both direction and speed of smooth pursuit eye movements
was altered, showing the joint neural encoding of direction and speed but also the
joint readout [28]. Similar effects were also observed in spatial grouping, using a
behavioral task of detecting curved “paths” formed by an array of oriented Gabor
patches [29]. Interaction between the orientation and change of orientation features
that constituted the “paths” allowed task performance to increase above that
expected by the combined task performance using the individual features,
highlighting the importance of using both features for optimal perceptual judgments.

In addition to integration of stimulus features within a single sensory
modality, both cortical and subcortical areas combine information between different
sensory modalities [30]. One such circuit is the multisensory integration of the visual
and vestibular systems in order to create a holistic representation in areas such as
the medial superior temporal area (MST) and the frontal eye fields (FEF) of the
organism’s movement in space [31-35]. The key component signals involved in these
particular joint multisensory representations are visual and vestibular. Visual
responses derived from the dorsal motion pathway represent the movement of the
head relative to objects in the field of view[34,36,37]. Vestibular signals originate

from the otolith organs of the ears that encode static tilt - head position relative to



gravity - and acceleration in head-centered coordinates [38]. MST responses have
been modeled as a the combined movement vector generated from the integration of
visual and vestibular information [37], suggesting that other areas encoding multiple
features or multisensory information could also be modeled as a joint representation
of their component features. Joint coding, and the potential for sequential processing
steps, can serve as a scaffold for further hierarchical processing via similar repeated
integration of lower-level sensory features [39]. The integration of multiple senses is
critical for making sense of the constant streams of sensory information entering the
cortex, and can inform our understanding of the sequential, hierarchical integration
of lower-level sensory features as well.
Information theory

As experimenters, we aim to quantify neural coding to understand the
fundamental limits of how the brain works, given the transformation of sensory
information at the periphery from forms such as photons, chemicals, pressure, and
sound waves to the electrochemical language of neurons. In the 1940s, Claude
Shannon laid mathematical frameworks that are as useful today for neuroscience as
when he formulated them for signal transmission on a noisy channel [40]. He
described the entropy S of the system in two ways: the response entropy and the
noise entropy. Response entropy is the amount of information available from
observations of each possible response r of the encoding unit:
S[P(r)] = =X, P(r)log, P(r). Noise entropy is the amount available from the
likelihood of stimulus s given an observed response value r: S[P(r|s)] =

—Xs P(s) Xr P(r|s) log, P(r|s) To determine how useful the encoding unit is about



the signal it is transmitting, we use the difference between the response entropy and
the noise entropy [41]. This quantity, the Shannon information or mutual
information, is the amount our uncertainty about the stimulus is reduced by
observing the response of the encoding unit. When the encoding unit is more precise,
the noise entropy decreases, so the mutual information of the stimulus and response
increases, which matches our intuition that a more precise unit is more informative
about the stimulus[42,43].

Mutual information has been used widely in helping to elucidate the neural
code in a range of systems. A great deal of work has been performed on the
representational capacity of the H1 motion-sensitive neuron of the blowfly, which
encodes horizontal movement across the fly visual field [44]. The fly is affixed to a
pedestal and shown patterns on a screen while the experimenter records from one of
the two H1 neurons, one for each hemifield. Early work showed that the estimates of
velocity recreated from H1 spike trains approached optimal computation given the
physical limits of the system, showing that the representational capacity could be
comparable to the maximum amount of information available to the H1 neuron [45].
Further work showed that patterns of spikes encoded more information than
individual spikes and that information increased with greater temporal resolution,
highlighting the importance of temporal coding in this system[46-48]. The H1 neuron
also exhibits adaptation, matching its response to the range of the stimulus in order
and maximizing information transmission [49,50]. The middle temporal area of the
macaque is a similar system to which we can compare these results, specifically its

capability to represent motion information about drifting dot patches and natural



scenes in anesthetized and awake animals. MT neurons have also been shown to
encode more motion information in patterns of spikes than in total count, indicating
the potential for complex temporal encoding [51]. Adaptation has also been explored
in MT: neurons manipulate the range of their response to fit the range of the stimulus
on very fast timescales (<40ms) in order to maintain their level of information
transmission [52]. Given that these two systems are far removed from each other in
an evolutionary sense, it is striking how both systems have both managed to
efficiently encode motion information, and speaks to the ubiquity of efficient
processing across neural systems. In chapter II of this thesis, I apply information
theoretic methods to quantify the benefit of joint encoding in area MT, and extend the
analysis to include small populations of simulated neurons and smooth pursuit eye
movements.

The power of mutual information has also been leveraged to understand more
about joint encoding [16,17]. The information in jointly tuned units in V1 and MT
about each stimulus separately was summed and compared to the information about
the joint stimulus. The V1 population exhibited inseparable tuning to orientation and
binocular disparity [17], while the MT population was separably tuned to direction
and binocular disparity [16]. Neurons in both populations encoded more information
about the joint stimulus than the sum of both stimulus features s1 and sz separately.
An increase of information is perhaps expected for the inseparable neurons: they
would exhibit greater noise entropy than separable units. The tuning curve of the unit
to stimulus feature s1, expressed as Y., nP(n|s,), varies more across different values

of s2 for inseparable neurons, in turn leading to a more diffuse P(sz|n) and a larger



noise entropy than for separable neurons. The result that information from spike
count about the joint stimulus exceeds that about the component stimuli for both
types of neurons points to a more fundamental property of jointly tuned neurons,
namely that joint coding provides a coding advantage that downstream decoding
could exploit.
Smooth pursuit in the macaque

Given that the conventional job of the brain is to process information for
action, careful examination of the output of cortical circuits is useful for a complete
understanding of them. To this end, we turn to the smooth pursuit system of the
macaque, in which the eyes are smoothly rotated to follow a target by minimizing
retinal image slip [53]. MT provides estimates of target motion to drive smooth
pursuit, and there is minimal noise added between the representation of visual
motion in MT and smooth pursuit eye movements [54]. After information about
retinal image motion arrives in V1, it is quickly transmitted to MT directly, and
indirectly via secondary visual cortex (V2) [55]. MT responses are read out,
transformed, and integrated with other visual and vestibular information in MST and
the frontal eye fields (FEF)[34,56-58]. Motion information for motor drive from MST
and FEF neurons travels via the pontine nuclei to the flocculus of the cerebellum [57].
At this point, the direction-speed coordinate frame of cortical motion responses has
been transformed into head-centered, Cartesian coordinate frame to correspond to
the horizontal and vertical axes along which 4 of the 6 extraocular muscles move the
eyes [59]. Motor signals then are sent to brainstem premotor nuclei, which drive the

extraocular muscles of the eye. These muscle pairs approximately rotate the eye in



the orbit along horizontal, vertical, and diagonal axes. The very few (<6) synapses
between MT and the eye muscles underscore the tight connection that exists between
MT readout and eye movements. For this reason, among others described above, we
can treat smooth pursuit eye movements as a faithful representation of the output of
MT.

Smooth pursuit eye movements and their link to MT readout have been used
to shed light on a variety of cortical mechanisms. MT neurons have been shown to
adapt to the statistics of visual motion, altering their gain in order to more efficiently
encode the stimuli with the range of their responses, and smooth pursuit reflected
the cortical adaptation [52]. Evidence for integration of direction and speed at the
level of neural populations was also found via smooth pursuit experiments [28]. In
this study, the variance of either the direction or speed of dots in a random-dot patch
was manipulated and compared to the variance of eye movements. In each condition,
the direction and speed of eye movements were both impacted, indicating that
stimulus variance about both stimulus features was represented in the neural
population and read out jointly. A different way of directly comparing neurons and
behavior was to use the correlation between neuron fluctuation and behavioral
fluctuation in simultaneously recordings [60]. By simulating MT population
responses and treating estimates from decoding models as the output of the
population that would drive eye movements, investigators could test a variety of
decoding models to predict which one matched the observed neuron-behavior

correlation.
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Noise correlations and impact on coding

Although smooth pursuit behavior and the estimate in MT have been shown
to be tightly linked [52,54,28,60], the question remains of how cortical circuitry is
organized to make this happen. One way we test competing theories of cortical
readout methods is to simulate responses from populations of MT neuron-like units
and compare the readout of our candidate decoding methods. To do so requires that
our testbed of MT-like units is similar to MT in its tuning preferences, spike
probability, tuning bandwidth, and other properties of MT. One such property is the
noise correlation between units, which can significantly impact the output of the
population[61-63]. Since the redundancy of cortex means that a number of cells will
have similar preferences, it is expected that the mean response change of two
similarly tuned cells to a change in stimulus will be correlated. In comparison to this
"signal correlation”, cells may also exhibit a correlation in the trial-by-trial
fluctuations from their mean responses to a single stimulus, deemed noise
correlations[61]. Depending on the direction of the noise correlation compared to the
direction of the signal correlation, the noise correlation can significantly reduce the
discriminability of the stimulus change, possibly hindering the brain's ability to
decode activity from a population of noise-correlated neurons[64,65]. Recent
investigation into the properties of noise correlations in the visual system has begun
to clarify their sources and mechanisms of modulation.

The magnitude of noise correlations is dependent on the orientation
preference similarity and the physical distance between cells. When the responses of

mouse primary visual cortex cells were averaged across all orientation preferences,
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spontaneous noise correlations and noise correlations evoked by drifting sinusoidal
gratings decreased exponentially as a function of electrode distance[66]. Evoked
noise correlations also decreased in an inversely proportional manner to the
difference between the cells’ orientation preferences, with the dependence of noise
correlations on orientation tuning similarity being especially strong at shorter
electrode distances (< 0.5mm)[66]. Since V1 orientation tuning is a result of
summation of inputs from LGN cells with adjacent receptive fields[2], cells with
similar orientation tuning would necessarily be receiving input from LGN cells whose
spike trains would be highly correlated. Taken together with the expectation that cells
in close proximity are more likely to be synaptically connected, these results indicate
that noise correlation magnitude may be a function of shared inputs between cells.
Since the activity of cells across the cortex is correlated to varying degrees
based on the cells’ tuning properties and their location, the brain’s task of separating
signal correlation from noise correlation is simplified somewhat through the
reduction of noise correlations by attention. This phenomenon was studied in the V4
extrastriate area[67,68], responsible for shape recognition[69]. Attentional
modulation in a direction discrimination task was shown to improve behavioral
performance via an increase in firing rate and decrease in mean-matched Fano factor
during the sustained period of the response, as well as a reduction in noise
correlations[67] that was inversely proportional to the change in firing rate[68]. The
change in noise correlations was correlated with the magnitude of attentional

modulation when cells’ activity was modulated in the same direction, while opposite
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attentional modulation of the cells effectively abolished noise correlations[68],
further suggesting that comodulated cells share a common input.

Noise correlations’ importance in population coding is still under debate.
Shared variability has been shown to impair perceptual performance [64,68], and
reduction of noise correlations can recover some precision [70,71], but some have
determined that noise correlations may be beneficial to decoding in certain
situations[64,72,73,62]. Specifically, models that include a diversity of tuning curve
widths and magnitudes have shown that a population with limited noise correlations
can encode more information than a population of independent units, especially at
large population sizes[62,74]. Others have shown that increased noise correlations
between excitatory and inhibitory units contribute to improved stimulus encoding by
a downstream excitatory cell via an increase in the signal-noise ratio and sharpening
of its tuning curve [72]. Considering the diverse range of findings on the impact of
noise correlations on efficient population coding [74-78], continued examination is
certainly warranted and necessary in order to gain a more complete understanding
of how the brain reads out population activity to successfully interpret sensory inputs
and generate precise behaviors. In Chapter Il of this thesis, I implement noise
correlations that decay with reduced tuning similarity between units in a simulation
of responses from a population of MT cells, and use the resulting spike counts as
inputs to population decoding models to match our observations from smooth

pursuit experiments.
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Summary

The brain is a system based on hierarchical processing of sensory input,
transformed in series and in parallel to generate action and perception. A key
component of the transformation is that neurons modulate their firing rates in
response to multiple stimulus features, creating the potential for ambiguity but also
for increased overall efficiency. One question that remains to be fully answered is how
the system benefits from and manages joint coding at all levels, from sensory cortex
to behavior. Gaining a better understanding of joint coding can be especially useful in
the future in the field of brain-computer interfaces, which are applied from the
sensory periphery (retinal implants) to motor output (manipulation of prosthetics

via motor cortex).

In this thesis, I apply information theoretic methods to help elucidate joint
processing in single neurons in extrastriate area MT, small simulated populations of
neurons, and smooth pursuit behavior as a readout of neural population estimates. I
also analyze the variance of smooth pursuit behavior to constrain population
decoding models and predict how jointly encoded cortical estimates are read out. |
find evidence that joint encoding is beneficial for sensory processing, and that
behavior is best predicted by decoders that read out stimulus features jointly, not
separately. These results can provide insight into visual motion processing

specifically, but can also improve understanding of joint coding across the brain.
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CHAPTERII

Why sensory neurons are tuned to multiple stimulus features

Abstract

Many sensory neurons encode information about more than one stimulus
parameter even though multidimensional representations seem to complicate the
brain’s decoding task by creating ambiguous stimulus-response relationships. We
find that multidimensional tuning functions may in fact offer a computational
advantage, allowing the brain to better reconstruct sensory stimuli. We analyze both
idealized sensory neurons and extracellular recordings from motion selective units
in area MT, which are tuned for the direction and speed of retinal image motion. The
brain derives estimates of object direction and speed from MT activity to perceive and

track moving targets.

We find that at the level of single neurons, populations, and eye movement
behavior, more information can be recovered about the motion vector than about
direction and speed individually. We term this coding advantage “stimulus synergy”
and show that it arises from inseparability of the response conditioned stimulus
distribution along individual stimulus dimensions, rather than from inseparable
direction-speed tuning functions. Stimulus synergy is distinct from previously
described coding synergies that arise from selectivity differences in nominally
redundant populations or spiking interactions that arise between neurons or over
time. Downstream processing also benefits from cortical stimulus synergy: the

increased information at the single neuron level is preserved in the population
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response and is reflected in the precision of pursuit eye movements, a behavior

driven by the MT population.
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Introduction

Sensory signals are multiplexed throughout the brain such that spike trains
encode information about more than one stimulus feature: sound frequency and
intensity, color and orientation, odor identity and concentration, body acceleration
and retinal motion [1-4]. Sensory multiplexing might arise naturally from
correlations in the environment, yet even nominally independent parameters, such
as motion direction and speed, are jointly represented by visual sensory neurons. The
computational advantage offered by multidimensional sensory representations is not
obvious. When two or more stimulus dimensions modulate neural responses,
stimulus-response relationships become ambiguous, seemingly complicating the
recovery of veridical estimates of each stimulus dimension. The problem is
particularly acute in low signal to noise conditions or when rapid motion estimates

are required but spike counts are low and population activity is sparse [5,6].

Why then are multidimensional sensory maps so ubiquitous in the brain? In
addition to the obvious benefits of reducing metabolic cost, we find that
multidimensional sensory representations offer a computational advantage. More
information can be recovered about a multidimensional stimulus from a
multidimensional map, improving stimulus estimation and the performance of
sensory-guided behavior. The computational advantage is greatest when encoding
2-3 dimensions, and gradually decreases with increasing dimensionality. This finding
is consistent with previous suggestions that only 3-5 dimensions of the response from

a population of V1 neurons would likely be used to decode stimuli based on
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discrimination thresholds [7]. The stimulus we consider is constant retinal image
motion, which has two independent features --- direction and speed. Our test bed
comprises extracellular recordings in motion-selective primate middle temporal
extrastriate cortical area (MT), smooth pursuit eye movements, and simulations of
Poisson model neurons. Many MT neurons respond selectively to retinal image
motion with Gaussian shaped tuning functions for direction and speed [8-10]. MT
mediates the perception of motion [11,12] and provides the visual drive to initiate
pursuit [13,14]. Pursuit is a visual tracking response to image motion on the retina.
By rotating the eye along with a moving target, pursuit stabilizes the retinal image
and thereby improves visual acuity. Perhaps because of the need to minimize motion
blur, pursuit has evolved to be both rapid and precise[15]. In monkeys, pursuit is
initiated about 100ms after target motion begins, about 45ms after MT begins to
respond [16,17]. The short integration time is offset by combining responses from
the population evidenced by the ~10 fold improvement of direction precision in
pursuit compared to MT neurons [17]. Feedback signals that provide error-
correction arrive about 125ms after pursuit begins, such that any errors in target
motion estimation persist throughout the initiation period [15,16,18,19].
Fluctuations in pursuit during the open-loop interval have the form and scale
expected of motion estimation errors, and perceptual and pursuit errors are
correlated [15,18,19]. Taken together the evidence suggests that little noise is added
between motion estimates and pursuit initiation, and that the eye movement
represents a reasonable lower bound on the information recovered from MT

population activity.

24



Studies of multidimensional coding have largely focused on the
discriminability of each dimension of a continuously valued stimulus and how that
depends on the sharpness of feature tuning [5,6,20-23], population size and response
overlap [5,22,24-26], heterogeneity [5,27-29], and correlations between neurons
[30,31]. Implicit in single-feature discriminability analysis is the supposition that the
brain estimates each stimulus dimension separately. In the motion example, a
direction decoder would only interpret responses in the context of each unit’s
direction selectivity, ignoring its speed tuning, and vice versa. Another possibility is
that sensory estimates are decoded in the same (or higher) dimensionality as the
map. In the motion example, s = Vv = ve'®. Instead of decoding scalar direction (6)
and speed (v) independently, the brain could recover a motion vector, v, directly. Is
one strategy computationally superior to the other? The answer depends in part on
whether the population encodes more information about the multidimensional

stimulus than about its features taken individually.
Imv) 21, 6)+ I(nv) (1)

The terms in Equation 1 represent the mutual information between neural responses
and stimulus [32,33]. In laboratory conditions for which stimuli take on discrete
values, information theory is well suited to quantify coding performance [5]. We will
call conditions for which the inequality in Equation 1 holds “stimulus synergy”, a
different sense to the term’s usual application to coding comparisons between multi-

cell response patterns vs. pooled responses [34-36] or patterns of spike times vs.
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counts in a time window [35,37,38]. But like the more familiar coding synergy,

stimulus synergy arises from a non-linear stimulus-response relationship.

We show that cortical neurons encode stimulus dimensions synergistically,
both individually and collectively as a population. We also find that the impact of
synergistic sensory encoding is observable in sensory-guided movements. Smooth
pursuit reflects the same information advantage observed in cortex, suggesting that
multidimensional stimulus representations may enhance motor as well as sensory

behaviors.
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Materials and Methods

We recorded single-unit MT responses and eye movements in 3 adult male rhesus
macaques (Macaca mulatta). Prior to these experiments, the monkeys had been
extensively trained in pursuit and fixation tasks. We fit each monkey with a head
restraint and sclerally-implanted eye coil under general anesthesia, using sterile
surgical technique and post-operative analgesics. All study methods were approved
in advance by University of Chicago’s Institutional Committee for the Care and Use of
Animals (IACUC), and were in full compliance with guidelines from the National

Institutes of Health.

Visual stimuli

For both the physiology and pursuit experiments, monkeys viewed bright
visual stimuli against the dark screen of a fast CRT display (SGI GDM-FW9011 or Dell
X1250) at a 100Hz frame rate and 1024x768 pixel resolution at a distance of 48.5 or
51.5 cm in a dimly lit room. Full field stimuli subtended 53° by 36° (SGI) or 36° by
33° (Dell). For physiology experiments (Fig 2-1A), stimuli consisted of bright random
dot kinetograms (1 dot = 2 pixels; 2 dots/deg?) with constant speed and direction
displayed against the dark background of the screen. Dots moved coherently in a
stationary rectangular aperture matched to the preferred size of the recorded cell.
Pursuit experiments employed the same dot motion stimuli with matching center of
mass motion such that the dot pattern translated across the screen as a cohesive

object. For some pursuit experiments we used a uniformly illuminated circular spot
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target subtending 0.4° of spatial arc (Fig 2-9A). Trial time courses are defined for the

physiology and pursuit experiments below.

Physiological recording

We recorded single units in area MT using a 3-electrode array (TREC, Germany) of
high-impedance microelectrodes. Our data acquisition system (Plexon Omniplex,
Blackrock Cerebus) sampled neural activity at 30kHz, and stored each channel’s
waveform for offline spike sorting. We identified area MT based on stereotactic
coordinates along with online testing of direction and speed tuning and classical
receptive field size. We confirmed our isolation of single units through principal
component analysis of spike waveforms in tandem with inspection of inter-spike
interval (ISI) distributions. We initially mapped each unit’s motion selectivity online
using steps of full field (50° by 50°) coherent dot motion in 8 directions (45°
increments) and 8 speeds (1-96°/s in powers of 2). Using the coarsely determined
preferred speed and direction, we mapped the receptive field (RF) location with dot
motion in 5°-square apertures that appeared at pseudo-random positions at 5°
spacing on an 8 by 6 grid, covering 20° by 15° of visual space. We interpolated the RF
center and remapped the RF in a similar way, using 2°-square apertures at 2° spacing
on an 8 by 6 grid, covering 8° by 6° of visual space. We tested a range of aperture
sizes (1-40°) and selected the size that drove the maximal firing rate to use for our
experiments. Finally, we remapped the unit’s direction tuning at 15° intervals before

proceeding with the experiment.
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We organized the physiology experiments into trials of 1-2s duration during
which monkeys maintained fixation within 2° of a spot target. After a 200ms fixation
interval, we projected random dot patterns in square apertures scaled to the
preferred size in each unit’s RF. The dots remained stationary for 200ms to allow
firing rates to return to baseline, then stepped to move in a constant direction and
speed for 200ms, then remained stationary for another 300ms (see Fig 2-2B). Inter-
trial intervals were approximately 2-3s. For the physiology task, trials were initiated
with a 200ms fixation interval. We aligned the stimuli set with each unit’s preferred
direction (see above) and recorded responses to motion at 45° increments with
around the circle at speeds of 1, 2, 4, 8, 16, 32, 64, or 96°/s, comprising 64 motion
stimuli. Directions of +75°, +60° were added for 4 cells to verify that the distribution
of chosen directions did not affect analysis (96 stimuli). For 16 cells, trials were
concatenated to include 3 motion steps in different directions at a single speed, each
step interleaved with a 200ms stationary period. Other neurons in the data sample
were recorded with a single stimulus motion per trial as described above. Trial types
were pseudo-randomly interleaved in blocks. Monkeys were rewarded following
each trial for maintaining fixation within 2° of the target. We presented each stimulus
an average of 36 times (range 15-87 repetitions). Single unit isolation was confirmed
with Plexon’s off-line spike sorter using principal component analyses of the
recorded waveforms. We only report data from clearly isolated waveforms. 30 out of

40 recordings met our subjective criteria for isolation.
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Pursuit experiments

We trained 3 adult male macaques (M1-3) to fixate and pursue moving targets
for a juice reward prior to data collection. We sampled the horizontal and vertical
position of one eye at 1ms intervals and then filtered, differentiated, and digitized the
signals [18]. During pursuit experiments, animals were required to maintain fixation
within 2° for 500-1000ms to begin a trial and during the final 200ms of the pursuit
interval and for 400ms at the end of the trial. Accuracy windows were relaxed during
pursuit initiation. Pursuit trials were ~2 seconds in duration. The fixation point
appeared at the center of the screen for a randomly selected interval from 500-
1000ms. The fixation point then disappeared, and a target appeared ~3° eccentric to
screen center and immediately moved at a constant direction and speed toward the
point of fixation. For each monkey, we selected the eccentricity of target appearance
to minimize the occurrence of saccades during pursuit initiation. Targets moved for
600ms then jumped 1° in the direction of motion, remaining stationary a final fixation
period of 300ms (Fig 2-8B). Spot targets moved in 8 directions (0°, 45°, 135°, 180°,
225°, and 315° relative to rightward motion) and 8 speeds (14, 16, 18, 20, 22, 24, 26,
or 28°/s) for 64 different target motions (Fig 2-8). We did not analyze trials with
saccades or eye blinks during a 500ms interval from target motion onset. We
collected 20-176 repetitions (average 49) of each target motion for each pursuit data

set across multiple sessions.

To measure the period over which pursuit is under open-loop control, we

compared eye velocities for trials with and without retinal stabilization for each

30



monkey [15,16,19]. We stabilized a spot target on the retina by adding the eye
velocity to the target velocity at each time step, effectively holding the control loop
open. Before pursuit begins, the target translates at 20°/s for both stabilized and non-
stabilized trials. But as the eye begins to pursue on stabilized trials, target speed
increases to maintain a 20°/s image velocity on the retina. The arrival of feedback is
seen with the divergence of the eye speed in the normal vs. stabilized trials. We
defined the duration of the open loop interval as the time point with respect to pursuit
onset that mean eye speeds diverged by 1 SD. The open-loop interval was 146ms

(M1), 135ms (M2), and 138ms (M3), consistent with past studies [15,19].

Analytical methods

We quantified the relationship between motion stimuli and MT response with the
mutual information [32,17], which captures in bits the average reduction in
uncertainty about stimulus identity from the observation of a neuron’s response. We
define the neural response as the total number of spikes fired in a time window
beginning at motion onset up to some time, T - i.e. the cumulative spike count. The
rate at which the count increases changes over time based on dynamics in the firing
rate and is highly dependent on the direction and speed of the motion stimulus. We
sampled the cumulative count at 1ms resolution to form response distributions and
entropies. We computed information values (see Equation 2 below) with 50 random
draws of different fractions of our data sample, computing the means and standard
deviations (SD) of all quantities. We corrected for finite sample effects by inspecting

and fitting a linear function to each fraction’s information value as a function of 1/(no.
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of trials) and extrapolating to an infinite sample size [39,17]. All reported values had

finite size corrections of less than 10%.
Stimulus synergy

Synergy is typically defined as the excess of information available from a
pattern of responses (across cells or over time) compared to the sum of the
information contributed by each [34,37,38]. Here we consider the relationship
between coding of different stimulus parameters, and so we define stimulus synergy
as an excess of mutual information about a motion vector - direction and speed jointly
- compared to the sum of the individual direction and speed information values
[40,41]. The mutual information in bits between a set of stimuli s and responses r is

defined as

P(s,T)

I(s,7) = Xs2r P(s,7) logzp(Tp(r) (2)

where P(s,r) is the joint probability distribution between the stimuli and responses
and the sums are taken across all stimulus and response values. Equation 2 is
equivalent to the Kullback-Leibler divergence between the joint stimulus-response
distribution and the product of the marginals, Dk, [P(s,7)||P(s)P(r)]. Here we define
the response, r, to be the number of spikes fired as a function of time since stimulus
onset, n(T), i.e. the cumulative spike count [42]. Thus, the joint distribution of
stimulus and response values and the information will generally change over time.
We define the stimulus as either a motion vector comprising a speed and direction,

v = ve~ %, or the speed v and direction B@individually. We define stimulus synergy
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in bits to be the (positive) difference between the joint and summed individual

information values, i.e.

Iiynergy = I(V,n) — (1(6,n) + 1(v,n)). 3)

If coding for direction and speed is independent, Equation 2 will have a value of 0. To
illustrate the link between our definition of synergy with the more usual definition
[34,37], we rewrite Equation 1 in terms of the stimulus vector v and count n,
indicating the cumulative spike count at a particular time with respect to stimulus

onset,

P(v,n)

[V,n) = XnXop PV, 1) log, =2

P(V|n)

= ane,vp(v; n') logz P)

_ P(v|n)
= (10g2 P\gj)l )nBv (4’)

where the angle brackets <...> represent the average over all motion directions,
speeds, and counts and P (v|n) is the stimulus distribution given a particular value of

the spike count. The expression for synergy in Equation 3 can be rewritten as

(I P(vn) P(6|n) P(v|n)

I 082 P®) >n6v <10g2 P(6) >n9 <1082 W)n,v (5)

synergy —

If P(v|n) = P(0|n)P(v|n), then the terms in Equation 5 cancel and there is no
stimulus synergy. However, if the conditional stimulus vector distribution is not the
outer product of its marginals, stimulus synergy is possible. Like more traditional

forms of synergy, stimulus synergy arises from a divergence between a vector
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distribution and its scalar components, but that vector is the stimulus rather than the

response [34,36-38,43-45].
Poisson model simulations

We used several types of Poisson model neurons to determine the statistical
origin of stimuli synergy in our data. To investigate the role of separability in
direction and speed tuning functions to stimulus synergy we created data-driven
model MT neurons with homogeneous Poisson spike statistics. We fit 1D Gaussian
functions to the peak firing rate, tuning width and baseline rate to each neuron’s spike
count in a 200ms window with respect to stimulus motion onset. We used responses
to preferred speed to fit the direction tuning curve and vice versa. We measure speed
tuning in logz units of stimulus speed. The outer product of each model neuron’s
direction and speed tuning curves provided the mean spike rate A for a Poisson count

distribution for each stimulus condition s = v:

AT MOT

P(nls) = A(s)T)!

(6)

To analyze the role that tuning curve separability plays in generating stimulus
synergy, we interpolated the 2D tuning curve to 5° spacing around the circle and 0.2-
unit spacing in log2 speed (i.e., 5, 5.2, 5.4 in log2 spacing =32, 36.8,42.2 in degrees/s).
We manipulated the direction-speed separability by rotating the ellipsoidal 2D tuning
curve about its preferred stimulus in 1° steps. At a rotation angle of 0°, the tuning
curve is perfectly separable, with an SI of 1. At a rotation angle of 45°, the tuning curve
has an SI of 0.88, and the direction and speed tuning functions are not independent,

i.e. inseparable [46,40,41]. We use the definition that a separable distribution is one
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where the second SVD mode does not reach statistical significance (p < 0.01) using a
permutation test. We randomly permuted the elements of each tested matrix 1000
times and used the distribution of the separability values to determine whether the
second SVD mode was above chance [41]. Rotating a separable 2D Gaussian tuning
function by >20° increases the second SVD mode above chance levels. The SI ata 20°

rotation is 0.95, so any SI below 0.95 is inseparable.
Separability analysis

We used SVD analysis to characterize the degree of separability of the 2D direction-
speed tuning functions of our MT sample [41]. The relative squared weight or
fractional power of the first singular value @7 with respect to the other i modes, i.e.
512/ Y s;% quantifies the degree to which the 2D tuning function, f{6,v) is captured by
the outer product of a direction-only and speed-only curves, f{60) g(v)". This value
defines a separability index (SI) for each neuron [41,47]. An SI of 1 indicates that
variance in the filter form is perfectly captured by a single mode and hence, its space-

time separability is exact.
Population information from pooled counts

To study information encoded by pooled spike counts, we treated our MT neurons as
if they had identical preferred directions, but did not adjust their speed tuning. This
created a pool of responses with overlapped direction selectivity but only partially
overlapping speed selectivity. For each unit in a coding pool, we randomly selected a
trial to include in a pseudo-population response to a stimulus presentation. We

created 100 different cell groups for each population size (2-28) and 100 synthetic
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population responses for each of 64 stimulus conditions. We measured the
cumulative spike count at 1 millisecond intervals from motion onset for all units in a
group. Thereafter, we computed information quantities and bias-corrected for

sample size as described for single units.

The pooled count analysis of the MT data necessarily ignored stimulus
conditioned correlations between neurons because the units were not recorded
simultaneously. To analyze how correlations between neurons affect information
representation in cortical populations, we made Poisson models based on the tuning
parameters of our MT neurons and generated population responses using different
correlation models. For each model unit, we generated spike counts with

homogeneous Poisson statistics from a separable tuning function:

loga (v—vp) 2 0-6p 2
—0.5(—=2""P)  _o5(—2
r(0,v) = hpaxe ( oy ) e ( 99 ) , (7)

where rmax, vp, ov, and op were drawn randomly from normal distributions with mean
and SD roughly comparable to our sample of neurons (rmax =42 + 36 Hz, vp=4 + 1
log2(°/s), ov=2.9 £ 0.7 logz2(°/s), and ov = 60° + 50°) and 8, was 0° for all units. Spiking
was defined, for a population of size N, by an N x N covariance matrix, C, of pair-wise
stimulus-conditioned correlations. We constructed either uniform correlation
between neurons, i.e. all non-diagonal elements were set to the same value in the
range 0 - 0.6, or structured correlation that decayed as a function of the separation

between units’ preferred stimuli:

_(logz(vi—vj))z _<9i—9j)
Cij = Pmaxe v e

(8)
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where viand 6; are the preferred speed and direction of neuron i, pmax is the maximum
pairwise correlation, and z and 7 scale the widths of the correlation tuning function
with respect to similarity in preferred speed and direction. The values of 7 = 1.35 and
0 = 45 were selected based on data from [48], however in our case the preferred
directions were identical so only the speed preferences modulated correlations.
Using the Matlab function mvnrnd, we generated a matrix of Gaussian distributed
values with a zero mean and pairwise correlations across trials defined by Equation
8. For each unit, we computed the cumulative probability of those random events and
used the Matlab function icdf to evaluate a Poisson distribution to fit those values
when scaled to the appropriate firing rate defined in Equation 7. We summed counts
over populations of 2 - 32 model neurons on each of 2000 trials and 64 stimulus

conditions and then calculated information values using Equation 2.

Combinatorial population information

When neurons are not identical copies of each other, patterns of spikes and silences
across a population can encode substantially more information about a stimulus than
the summed spike count [34,36,38]. To test whether the fractional stimulus synergy
encoded in response patterns is comparable to that in the pooled count, we analyzed
model MT neurons described above, but used different coding symbols. Our coding
symbols were patterns of spike counts across neurons, {n,,n,, ..., ny} where n could
take on a range of integer values from 0 to a maximum count, rather than the more
familiar binary words of 1s and Os [34]. The number of observable words, (nmax+1)V,

scales rapidly with the population size (N) and the maximum count (nmax), precluding
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direct sampling of the recorded data. Rather, we used Poisson model MT neurons, as
previously described, which allowed us to construct the probability of occurrence of
each response pattern directly. We analyzed conditionally independent populations
of 2-9 cells. Preferred directions were aligned to 0°; preferred speeds spanned 8-
64°/s (e.g. 23, 245, and 26°/s, for a 3-cell population) such that spacing depended on
population size. Tuning parameters were identical among neurons in the pattern and
were comparable to the average values in the recorded data with the exception of
firing rate. To keep the simulations tractable, we selected the peak firing rate such
that the probability of observing a response >5 spikes per neuron in 250ms was
below 4%. The cut-off in maximum count had a negligible effect on entropy estimates.
A 5-spike cut-off underestimates the word entropy by 2% and the information by

0.8% in a 4-cell population. We constructed the probability of each word as:

p({n1;n2; '"inN}I §) = Iiv=1 p(n =n; |§) (9)

where N is the number of cells, and n; is the count for neuron i. Each conditional
count distribution, p(n = n;|s) is given by Equation 6 recognizing that the mean spike
count for each stimulus condition 71(s) = A(s)T. Motion stimuli were identical to the
pooled count analysis described previously. We calculated the mutual information
between stimulus and population word from the joint probability distribution

P(s, {n4,n,, ..., ny}) between the motion vector s and the count pattern:

P(gv{nlan! '-'rnN})
P()P({ny,nz,...nN}) (10)

1(S,{ny,ny, ... ny}) = 229w P(S,{ny, ny, ..., ny}) log,
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which is analogous to Equation 2. Because we can express the probability of
occurrence for each symbol given the motion stimulus, there was no need to correct

for sampling bias.

Multidimensional encoding

Cortical neurons are generally tuned for more than 2 stimulus features, so we extend
the two-dimensional Poisson unit to up to 8 dimensions. We used a normalized
stimulus range (in arbitrary units) of -0.5 to 0.5 for all dimensions, and simulated
rates for up to 8 dimensions by taking the outer products of all 1-dimensional

Gaussian tuning curves:

oot oo s
(X1, X0, o Xp) = Tmax€ * °%1 7 e\ 9%/ e T\ oxn (11)

This does assume separable tuning, since we examine the outcomes of non-separable
tuning in the 2D case only. To test the effect of sensitivity on the multidimensional
information, we varied the tuning bandwidth c of dimensions from 4% to 50% of the

arbitrary stimulus range.
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Results

The essence of the sensory coding dilemma posed by multidimensional stimulus
representations is a credit assignment problem. Firing rate modulations of a neuron
tuned to more than one stimulus dimension cannot be uniquely associated with a
stimulus value. Given that multidimensional representations are ubiquitous in the
brain, how do they impact sensory function? We can illustrate the problem, and a
potential solution, with an idealized example. Consider a Poisson sensory neuron
with a constant firing rate that is scaled by identical, independent Gaussian tuning
functions for n = 1-8 independent stimulus dimensions (Fig 2-1A). Downstream
circuits could interpret this neuron’s spikes as signaling the superposition of features
from all n tuning dimensions jointly (Fig 2-1B, right) or one can imagine n
independent downstream circuits each interpreting spikes as arising from a single
stimulus dimension (Fig 2-1B, left). The comparative efficiency of the joint, n-
dimensional decoder vs. n 1-dimensional (1-D) decoders will be limited by whether
the multidimensional sensory neuron encodes more information about all n stimulus
dimensions jointly compared to the sum of the information encoded about each

dimension individually.

For each number of dimensions, we quantify encoding capacity by the mutual
information between spike count and stimulus value (see Methods). We find that the
amount of information the model unit can encode about the n-dimensional stimulus
(black markers, Fig 2-1C) exceeds the sum of encoded information about each of the

n dimensions separately (magenta markers, Fig 2-1C). We define a positive difference
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Figure 2-1. Encoding ability of Gaussian-tuned neurons peaks at 2-4 stimulus
dimensions.

(A) Cartoon of dimensionality and encoding. Gradients indicate dimensions along
which a tuned model unit modulates its response.

(B) The responses of a neuron tuned to n stimulus dimensions can be read out with
respect to each dimension individually (left) or all dimensions together (right).

(C) The fraction of information that can be encoded about each dimension separately,
relative to the total information encoded by the unit about one stimulus
dimension, decreases with more simultaneously encoded dimensions.

(D) Fractional synergy [I (v,n) — (I @,n) + I(v, n))] /1(v,n), shown as the difference
between black and magenta symbols, peaks at 2-3 dimensions for SD = 0.16, the
average bandwidth of our MT sample as a percentage of stimulus range,
consistent with reports that MT neurons are tuned for direction, speed, and
binocular disparity (see text). All quantities are normalized to the sum of
information encoded about all dimensions (magenta symbols).
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between the information encoded jointly about all stimulus dimensions with the sum
of that encoded about each 1D component as “stimulus synergy”. The total amount
of information that the model neuron encodes decreases with the number of
dimensions (for D>2; green markers, Fig 2-1D), as others have reported [49,50].
What we care about is the fractional advantage of encoding all dimensions together
vs. individually, i.e. {Inp -2(I1p)}/ Z(I1p). Fractional synergy is maximized at 2-3
dimensions (difference between black and magenta markers, Fig 2-1D) when we
select a tuning bandwidth corresponding to the mean bandwidth observed in our, and

others, cortical sample.

The term synergy implies that the whole -- the total encoded information
about the multidimensional stimulus -- is more than the sum of its component parts.
The fact that a Poisson model neuron displays synergy indicates that the coding
advantage does not arise from correlations between spike times that allow a pattern
of spikes to encode more stimulus information that the total count [34,35,37,38] or
individual differences that allow a pattern of activation across neurons encode more
than their summed count [34,35]. Nor does the model’s synergy arise from
interactions between dimensions (inseparability) or differences in tuning functions
along multiple dimensions. Both were absent by design. Rather, stimulus synergy
appears to be inherent to multidimensional representation. If so, cortical sensory
representations should also display stimulus synergy, with implications for how
downstream targets should decode those spikes most efficiently. We tested this

hypothesis by recording from cortical neurons that respond to multiple independent
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features of visual motion and measuring the information encoded about the

multidimensional stimulus vector compared to its components.

Neurons in the middle temporal cortical area (MT) respond selectively to
retinal image motion, and are tuned to varying degrees for multiple motion features
such as direction, speed, binocular disparity, and spatial frequency [1,8,51,52]. We
isolated two motion features, direction and speed, to study how stimulus information
is multiplexed in area MT. While the monkeys fixated, we recorded extracellular
activity from isolated units responding to 200ms-steps of coherent random dot
patterns moving at a fixed direction and speed (Fig 2-2A,B; see Methods). Ninety-six
motion stimuli (12 directions, 8 speeds) were repeated an average of 33 times, which
allowed us to compute entropies directly from the recorded spike counts. We
measured the cumulative spike count, n(T), as a function of time since motion onset
at 1ms intervals (Fig 2-2A). Spike counts increased quickly for preferred stimuli (red
trace), more slowly for non-preferred stimuli (gold trace), and spiking was
suppressed for directions in the anti-preferred direction (blue trace) (Fig 2-2C). As
expected, the firing rates of all neurons in our sample were strongly modulated by
both the direction and speed of motion, which is apparent in the 6 example direction-
speed tuning functions in Figure 2-2D. We plot direction-speed tuning functions, i.e.
the conditional mean spike count (n(s)) measured 200ms after motion onset in Fig
2-2D for six example neurons. The direction-speed tuning functions are ovoid in
shape, oriented such that direction tuning does not change as a function of stimulus
speed, or vice versa. The shape suggests that the stimulus conditioned spike count
distribution can be described as the outer product of two independent 1D tuning
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Figure 2-2. Separable direction-speed tuning functions for direction and speed
in MT.

(A) Cartoon of an MT experiment. Monkeys fixated while random dot kinematograms
moved coherently in the receptive field. Dots appeared and remained stationary
for 200ms, then moved in one of 12 or 16 directions and 8 speeds for 200ms, then
were stationary for another 300ms.

(B) Example peri-stimulus-time-histogram (PSTH) for one motion condition sampled
at 1000 Hz and summed over sliding 10ms bins.
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(Fig 2-2 continued)

(C) We used cumulative spike count to quantify MT responses over time, shown for
3 directions for an example unit (see tuning curve, upper inset). Cumulative spike
counts were computed from motion onset from the spike times (lower panel).

(D) Sample of direction (top) and speed (bottom) tuning curves from recorded MT
units.

(E) 2D tuning functions for 6 MT units. Panels show the conditional mean spike count
(n(s)) measured 200ms after motion onset. Separability indices (SI, see text)
listed in upper right corner.

(F) Histogram of separability indices across MT sample. A perfectly separable tuning
function (lower right inset) has an SI index of 1. Rotating the tuning function by
45° (lower left inset) creates an inseparable 2D tuning function, corresponding to
SI = 0.88. Index values that deviate from unity by small amounts can indicate
inseparability.

functions, p(n|s) = f(n(8))g(n(v))T [53]. A singular value decomposition (SVD) of
the 2D tuning functions confirms that MT direction and speed tuning functions are
separable [54]. We computed a separability index (SI), defined as s,2/Y}; s;2, which
represents the fraction of variance captured by a single SVD mode (see
Methods;[40,41]). The SI values for the 6 example neurons are indicated in the upper
right corner of each panel in Figure 2-2E, and the distribution across our sample in
Figure 2-2F. All are clustered near complete separability, with second SVD mode
values below statistical significance. On average, a single mode describes 98+1% (SD,
n=30 neurons) of the variance in the conditional response distributions. A perfectly
separable two-dimensional tuning curve (SI=1) is shown on the lower right of Figure
2-2F. Rotating that function by 45° creates a direction tuning curve that depends on
motion speed, and vice versa - i.e., an inseparable tuning function (lower left panel,
Fig 2-2F). The SI of the rotated, inseparable tuning function is 0.88, therefore small

deviations from unity can indicate substantial interactions between stimulus
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dimensions. SI values for direction-speed tuning are higher than reported for other

tuning dimensions in MT, such as speed-spatial frequency [55] or direction-disparity

[40].
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Figure 2-3. MT neurons encode stimulus components synergistically even
when temporal spike patterns are disrupted.

(A) Time course of information about stimulus components from cumulative spike
count in an example MT unit. Mean and errorbars (SD) have been corrected for
sample size (see Methods). Information about the 2D motion vector (black) is
greater than the sum (magenta) of the 1D information about direction (red) and
speed (blue). Gray trace indicates the same calculation applied to stimulus label
shuffled-data as a control.

(B) Population data from 30 units (dots) sampled at 4 times relative to motion onset.
Most neurons encode stimulus dimensions synergistically. A linear fit (red) to the
data has a slope greater than unity (dashed) (Ivec = 1.18*Isum).

(C) Fractional stimulus synergy for all units (gray dotted lines), population mean, SD
(black) is approximately stable over time after response onset of neurons (~65ms
from motion onset).

(D), (E), (F). Same analyses applied to Poisson models of each unit, created by
randomizing trials at each time step to break within-trial temporal correlations
without altering the PSTH (see text). The randomization creates heterogeneous
Poisson spiking statistics but preserves the features of stimulus synergy in the MT
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MT neurons encode motion direction and speed synergistically

The independence of direction and speed tuning functions does not indicate
that MT neurons encode direction and speed information independently. For each
unit, we compared information about the 2D motion vector, Vv = ve'? to the
information represented about direction (6) and speed (v) individually. Starting from
motion onset, we measured the cumulative spike count distribution at 1ms intervals
and computed the mutual information between the cumulative spike count and
motion direction Iy = I(n(T),0)), speed (Igpq = I(n(T),v)), or the 2D motion
vector (I,ec = I(n(T),v)) (see Methods, Equation 3). Figure 2-3A shows the
information time courses for each term in Equation 3 for an example MT unit. Traces
represent the extrapolated information values at infinite sample size, and the
errorbars are extrapolated standard deviations [39,17,56]. Information about
motion speed (blue trace) and direction (red trace) both increase quickly upon
response onset and thereafter more slowly. Information levels off over time not
because all stimulus information has already been encoded -- the stimulus entropy is
log2(96) = 6.6 bits, more information than we observe here from single neurons -- but
rather because temporal correlations in spike count fluctuations increase the noise
entropy over time [17,57]. After 200ms of stimulus motion, the information encoded
about the 2D motion vector (black trace) is greater than the sum of the direction and

speed information (magenta trace) by 0.12 bits or 14% of the summed 1D
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information levels, which was near the sample mean of 14.3+13.6% (SD, n=30
neurons; p <0.0001, 1-tailed t-test) (Figs 2-3A, B). One of thirty neurons did not
display statistically significant stimulus synergy (Figs 2-3B, C). For the rest of the
sample, stimulus synergy reached statistical significance 67+16ms (SD, n=29; p<0.05;
one-tailed t test) after motion onset, or ~11ms after each neuron’s response onset,
and increased to a steady value after ~150ms of motion (~95ms of response) (Fig 2-

30).

We disrupted the temporal correlations within MT responses to determine
the impact on the time course of stimulus information and synergy. We binned spike
times at 1ms resolution and then created synthetic trials by randomly shuffling bins
between trials while maintain the temporal position of the bin in the response ([17];
see Methods). The shuffling operation created an inhomogeneous Poisson-like model
of each neuron that preserved the PSTH, latency, and tuning, but eliminated any
temporal patterning of spikes within trials that might give rise to synergistic coding.
The model neurons produced nearly identical information results to the recorded
data (Figs 2-3D, 2-3A), although the cumulative count distributions were not
identical. The model neurons also displayed nearly the same level of stimulus
synergy as MT neurons (Figs 2-3E, 2-3B) and the same dynamics (Figs 2-3C, 2-3F).
After 200ms, the model-averaged stimulus synergy was 14.8 + 9.4% (SD, n=30
models; p<0.0001, 1-tailed t-test), which was not statistically different from the
neural data (p<0.0001; two tailed t-test). These results confirm that while temporal
relationships between spikes contribute to coding synergy [38,58], they are not
necessary for stimulus synergy.
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Figure 2-4. Optimal encoding dimensionality and level of stimulus synergy
depend on stimulus tuning bandwidth.

(A) Mutual information between spike count and an arbitrary stimulus feature from
a homogeneous Poisson model unit with identical response parameters for each
stimulus dimension (see Methods for details). Model unit tuning bandwidth
expressed as percentage of the tested range. Dotted bars in each panel indicate
the mean of observed range-normalized bandwidths of the MT sample, as a
fraction of 360° (direction tuning) or 10 (speed range from 0.25-256°/s, in log2
units).

(B) Fractional stimulus synergy peaks at lower dimensionality at narrow tuning
bandwidths (blue) than at wider bandwidths (orange).

(C) Mean spike count across stimuli increases with wider bandwidth at all
dimensionalities (top panel). Variance of spike count across stimuli is greater at
narrow bandwidths than wide bandwidths at low dimensionality, but this trend
reverses at high dimensionality (bottom panel).

MT tuning bandwidths maximize stimulus synergy

A sensory neuron’s tuning curve determines how well it discriminates
between different stimulus values, i.e. the amount of information it encodes. The
tuning function that maximizes information at the population level is not a fixed value,
but rather depends on the number of encoded stimulus dimensions [49], whether the
stimulus is periodic (direction, orientation) or not (speed) [6], the size of the activated
coding pool [22], pairwise correlations [5,20,49,59]. Poisson models simplify the

analysis of the interdependence between discriminability, dimensionality, and tuning
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bandwidth, and so we returned to the idealized model described in Figure 2-1 to
determine how MT tuning bandwidths impact both encoded stimulus information
and the degree of stimulus synergy. We parametrically changed the tuning
bandwidth and number of encoding dimensions in the idealized model simulations,
and computed the mutual information between count and stimulus as well as the
fractional stimulus synergy for each combination. As expected from previous studies,
we found that higher levels of information are encoded with narrow tuning functions,
<30% of the stimulus range, but only for a single dimension (Fig 2-4A). Increasing
the dimensionality of a neuron’s selectivity requires broader tuning functions to
avoid a steep information roll-off [6,22,49,50,60]. Models with tuning functions
similar to our MT sample (gray and black traces, Fig 2-4) are well-suited to encoding
2-3 dimensions which is consistent with MT’s role in encoding motion in depth
[40,61]. MT-matched models also display high levels of stimulus synergy in 3
dimensions (Fig 2-4B). As with information, broader tuning is necessary to maintain
stimulus synergy for more 4 or more dimensions, even when synergy is expressed as
a fraction the total information for each condition (Fig 2-4B). The simulation results
in Figure 2-4B predict that MT neuron responses should encode 20-25% more
information about motion vectors than about direction and speed separately, which

is what we observe.

Less intuitive is why increasing the number of encoded dimensions impacts
information and fractional stimulus synergy so differently based on tuning
bandwidth. Adding coding dimensions decreases information and stimulus synergy
in narrowly tuned model responses (blue curves, Fig 2-4A, B) but increases
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information and stimulus synergy for broadly tuned neurons (orange-red curves, Fig
2-4A, B). The reversal in the relationship between tuning sharpness and information
or stimulus synergy can be explained by changes in the spike count distribution with
the number of stimulus dimensions. The number of stimulus values increases
exponentially with the number of coding dimensions, but because the peak firing rate
remains fixed, the maximum number of coding symbols remains the same (0 to the
maximum count). Generally speaking, spreading the same number of coding symbols
across a larger stimulus space lowers the average count (Fig 2-4C, top), and decreases
count entropy and coding capacity. Particularly with narrow tuning functions, the
effect of increasing stimulus dimensionality is a steep decline in variance (blue
curves, Fig 2-4C, bottom). However, the drop off in variance is more gradual for
broadly tuned models, and even increases slightly from 1 dimension to 3 dimensions
(red curves, Fig 2-4C, bottom). Broad tuning restricts the range of response values
because all stimulus conditions elicit non-zero firing rates. However, with each added
stimulus dimension, the minimum rate falls, increasing the response range (variance)
and mitigating the tendency for the drop off in mean rate to lower the entropy. The
amount of information encoded, and the degree of stimulus synergy reported in
Figures 2-4A, B reflect the balance of the trends in Figure 2-4C. The MT tuning
bandwidths in our sample correspond to models that maximize information and

stimulus synergy for 2-3 dimensions.
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Statistical origin of stimulus synergy

More information can be encoded about a multidimensional stimulus if the
entropy of p(s,n) is lower than the entropy of p(8,n) p(v,n). Indeed the entropy
difference determines the degree of stimulus synergy we observe in each MT neuron
(Fig 2-5A). In MT, the interaction between stimulus dimensions in p(s, n) that creates
the potential for stimulus synergy is not apparent in the structure of p(n|s), so we
consider the form of the posterior distribution, p(s|n), from which the brain must

estimate the stimulus most likely to have generated the observed neural activity [33].

For neurons with Gaussian or cosine-like tuning functions, the stimulus
giving rise to the maximal firing rate is well specified, but many stimuli lying on a
torus in direction-speed space are equally likely to produce an intermediate response.
We plot p(s|n = n;) in Figure 2-5B for the 6 example MT neurons in Figure 2-2B,
where ni is a mid-range count value for each unit. The donut-like shape of the
posterior specifies motion vectors - combinations of directions and speeds - that are
likely to give rise to the observed spike count. Ignoring the dimensionality of the
stimulus space by decoding the direction and speed independently from the
distributions in Figure 2-5B would give an erroneous result. The expected values of
the direction, E(f|n =n;) =),;0; p(6|n = n;), and speed specify a motion vector
with a low probability of eliciting that count. The donut shape makes it apparent that
the marginal distributions of directions p(8|n) and speeds p(v|n) that give rise to a
count n cannot be multiplied to yield p(s|n), i.e. p(s|n) # p(8|n) p(v|n). We quantify

the deviation from separability by computing a separability index for p(s|n = n;)
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Figure 2-5. Response conditioned stimulus (posterior) distributions are not
separable.

(A) The difference between the entropy of p(n,s) and the entropy of p(n, 8)p(n, v)
predicts levels of stimulus synergy in MT neurons.

(B) The response conditioned stimulus distributions, p(s|n), for the same 6 MT
neurons shown in Figure 2-2B, conditioned on the trial-averaged count observed
for a stimulus of 60° and 16°/s (red dot). Directions are plotted with respect to
each neuron’s preferred direction. For intermediate response levels, a nonlinear
combination of directions and speeds can give rise to the same neural response.

(C) The structure of p(s|n)is higher dimensional than p(n|s), reflected in a broader
distribution of separability index (SIsjn) values for in the MT sample (blue)
compared to the Slnjs re-plotted from Figure 2-2F (red). The number of samples
in the distribution of Slsjn (blue) represents neurons and particular count values,
i.e. SI[p(s|n = n;)]for each value of i.

(Slg}) for each neuron and cumulative count value ni measured 200ms after motion
onset. The distribution of Slsj» values (blue bars, Fig 2-5C), is much broader than the
distribution of the SI values for p(n|s) (red bars, Fig 2-5B, data replotted from Fig 2-
2F). The sample mean index value is 0.87+0.09 (SD, n=30), significantly different

from both unity (p<0.0001, one-tailed t-test) and from the distribution of Slnjs (p <10-
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5, Kruskal-Wallis test). The inseparable form of the posterior distribution (blue bars,
Fig 2-5C) provides a substrate for stimulus synergy that is not apparent in the tuning

function.

Not all sensory neurons will have separable tuning functions, in which case
stimulus synergy might arise from the forms of both p(n|s) and p(s|n). To consider
more generally how p(n|s) and p(s|n) contribute to stimulus synergy, we used
simulations to parametrically change the conditional distributions. We started with
a Poisson model with separable Gaussian direction and speed tuning functions using
parameters that approximated the average of our MT sample. The conditional
response for each stimulus value, (n(6,v)) is given by >,;n; p(n = n;|6,v) (upper
panel) and one of the conditional stimulus distributions, p(s|n = 40) (lower panel)
are shown in Figure 2-6A. Rotating p(n|s) in the direction-speed coordinate frame
modulates the degree of separability between direction and speed tuning (blue trace,
Fig 2-6B), and likewise the separability of the posterior p(s|n) (red trace, Fig 2-6B)
which rotates along with p(n|s). Separability is lowest at oblique orientations in
direction-speed space (Slns = 0.88; Slsin = 0.23) and highest values at cardinal
orientations (SIns=1; Slsjn = 0.75) (red and blue traces, Fig 2-6C), as expected, but the
separability of p(n|s) is always greater than that of posterior p(s|n). Information
about direction (red trace, Fig 2-6D) and speed (blue trace, Fig 2-6D) also rise and fall
with rotation angle because direction and speed tuning bandwidths vary.
Information about the 2D motion vector (black trace, Fig 2-6D) remains constant for
all rotation angles, but the sum of the information about each 1D stimulus component
does not (magenta trace, Fig 2-6D). The difference creates maximal stimulus synergy
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Figure 2-6. Contributions of conditional response and stimulus distributions to
stimulus synergy

(A) Anidealized 2D direction-speed tuning function, (n(6, v)). When the long axis of
the function is oriented along cardinal directions, direction and speed tuning
functions are separable. At intermediate angles, the response to each motion
component is not independent of the other.

(B) As the tuning function is rotated, the conditional stimulus distributions, p(s|n =
n;) rotate with it, changing their separability.

(C) The separability index (SI, see text) is modulated as a function of rotation angle.
The SI of p(n|s) (red) is consistently higher than the SI of p(s|n) (blue).

(D) Mutual information between Poisson spike counts, generated with the tuning
function in A, and stimuli. Information about direction (red) and speed (blue) are
modulated by tuning bandwidth, which changes as a function of rotation angle.
The information about the 2D motion vector (black) is constant under rotation,
and is always larger than the sum of the information about each stimulus
component (magenta). Radial axis has been normalized such that the vector
information is unity.

(E) Fractional synergy as a function of rotation angle. Stimulus synergy is maximal
when the separability of both p(n|s)and p(s|n) are at their minima, but stimulus
synergy is non-zero around the circle.

(F) SI of p(n|s)is not predictive of fractional synergy.

(G) <SI>, defined as Y. SI[p(s|n)]p(n), is correlated with fractional synergy in model
units generated from recorded MT neurons.
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values at oblique orientations (cyan trace, Fig 2-6E) when the conditional
distributions are least separable. Slnjsand Slsjn are both anti-correlated with the level
of stimulus synergy, but <SIsn> over all Poisson model count values accounts for a
greater share of the variance (R = -0.16, not significant, red symbols Fig 2-6F, vs. R =
-0.4, p = 0.03, blue symbols Fig 2-6G). The greater predictive power of the mean
separability of the posterior stimulus distributions is consistent with the fact that
stimulus synergy is non-zero even when p(n|s) is oriented along cardinal axes and
fully separable (cyan trace, Fig 2-6E; Fig 2-6A). We find that some degree of

inseparability in p(§|n) is a necessary condition for stimulus synergy.
Stimulus synergy is amplified in MT population responses

For stimulus synergy to be a behaviorally relevant feature of the sensory code, it must
also be measurable in population responses. We used both recorded data and data
based simulations to test the degree of stimulus synergy at the population level. We
assumed that the MT population could represent motion information in one of two

ways, either as the total number of spikes fired, or the pattern of counts within a cell
group.

Pooling spikes in a population can be an effective way of reducing noise if the
neurons in the pool are selective for similar stimulus features. The preferred stimuli
of the recorded units spanned a wide range of directions and speeds, so we created a
more similar coding pool by aligning the preferred directions of our units prior to
counting spikes. Direction alignment created a pool of responses with overlapped

direction selectivity but retained all other aspects of neural individuality, such as
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speed tuning, PSTH dynamics, peak rate, and direction tuning bandwidth (Fig 2-7A).
We elected not to shift speed tuning curves because that would involve discarding a
substantial portion of data from neurons whose preferred speeds were not centered
within the stimulus range. Otherwise, our population count analysis paralleled that
of individual neurons. We counted spikes over the first 200ms of stimulus motion for
each stimulus condition. We created population responses from our recorded data

by randomly selecting trials recorded for that stimulus, and then computed the total

1 V'K
i1

spike count conditioned on the stimulus value, i.e. (N(s)) = £X;_; N;(8) where j is

one of K random draws from the MT trialset.

Figure 2-7A plots the conditional mean pooled count in a 16-cell group, for
each motion stimulus, the population analog of the single unit examples in Figure 2-
2E. Because we aligned the units by preferred direction, the pooling operation
sharpens population-level direction tuning compared to single units; speed tuning is
little effected. Pooling did not affect direction and speed tuning separability. Like
single units, the population level separability indices were near unity, Slns. =
0.99+0.007 (SD, 1000 random draws). Figure 2-7B plots a conditional stimulus
distribution, p(§|N = n;), for the same cell-group as Figure 2-7A for a mid-range
value of the pooled count. As with the single units (see Fig 2-5B), the conditional
stimulus distribution of the population response is not separable, averaging Slsyn. =
0.46+0.01 (SD, 1000 cell groups, difference from 1: p < 10-19; one-tailed t-test) which
was statistically significantly lower than the separability indices of single units (p<

10-19, independent-samples t-test).

57



A (N=%n|5) B p(3| N=X%n))

250 0.015
128 200 128
@ @ 0.01
= 150 e
B 21 g 16
a 100 2 0.005
7] wn
50
4 I
-180 0 180 ™ -180 180 ™0
direction (°) dlrect|on )
C D

— Vec 0.6 o0 ) o0y o MT, pooled
’c’n‘“1'5_ - g_um 3 0_3% t o model, pooled
g 1 :slrd E 0 : . ~ © model, words
5 shut & 2 8 32
T 0.5 £ population size
% o B 06 ¢ $ structured
£ 0. E 0.3:| ¢ $ O uniform

! T 1 0 T T T 1

0 100 200 0 02 04 06

time (ms) (P)

Figure 2-7. Stimulus synergy is enhanced in MT and model populations
compared to individual units.

(A) We created population data from the recorded MT units by treating cells as if their
preferred directions were aligned. For each motion stimulus, we randomly drew
trials with replacement and summed spike counts. Conditional population
response distributions for 4 16-cell groups. Colors represent the cumulative spike
count 200ms after motion onset.

(B) Conditional stimulus distributions for the same example MT populations in A for
a spike count of 53, compared to a maximum spike count of 107. This conditional
distribution has a separability value of 0.54.

(C) Time course of motion information from the cumulative pooled spike count.
Values represent the mean, SD over 100 random 16-cell groups, corrected for
finite sample size (see text).

(D) Top panel: Fractional stimulus synergy from pooled spike counts increases with
population size up to ~30 in data and model responses. Average fractional
stimulus synergy measured 200ms after motion onset over 100 randomly
generated population groups of different sizes. Symbols indicate the mean, SD of
all n-cell groups drawn from (black) recorded MT cells, (green) Poisson model
responses. Stimulus synergy is also present in a combinatorial population code
based on Poisson simulations (red). Bottom panel: Fractional stimulus synergy
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(Fig 2-7 continued) from pooled count in 16-cell populations of Poisson neurons as a
function of mean pairwise correlation. Correlations were imposed uniformly
(blue), or were structured to decay with increasing separation in preferred
stimulus values (orange). Pairwise correlations in the observed physiological
range (<0.2) do not affect levels of stimulus synergy.

Lower separability suggests that population responses have an enhanced
capacity for stimulus synergy compared to single neurons, and that is what we found.
Figure 2-7C plots the time course of information about the motion vector and its
components averaged over 16-cell groups using the same convention as the single
unit in Figure 2-3A. Information about the motion vector (black trace, Fig 2-7C) is
greater than the summed information about the motion components (black trace, Fig
2-7C) indicating substantial stimulus synergy in population responses. On average,
16-cell groups encode half again as much information about the motion vector as they
encode about the components (fractional synergy = 0.55+0.11, mean * SD, n=10 16-
cell groups, difference from 0: p < 10-7; two-tailed t-test), higher than the stimulus
synergy observed in single units (n=30, difference from single units p < 10-7; two-
tailed t-test). Fractional synergy levels increase with population size up to group
sizes of 16 (black symbols, Fig 2-7D), rising 2.1-fold with an 8-fold increase in pool
size (2 vs. 16 cells). To ensure that our limited data sample did not bias estimates of
population stimulus synergy, we repeated the analysis using Poisson-model neurons
for which we could generate arbitrarily large sample sizes. We found that simulation
results were within error bars of the MT data (green symbols, Fig 2-7D, top panel) for

all pool sizes.
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Cortical neuron responses are not independent but display a range of
pairwise correlation levels, which might impact the level of stimulus synergy
available in cortical populations. Using published MT data as a guide, we added pair-
wise correlations to our Poisson model simulations and computed the effect on
stimulus synergy [48,30,31]. We generated spikes with uniform levels of count
correlation from 0-0.6 [30] and structured correlations that decayed as a function of
the squared difference in preferred speeds [48,30] (see Methods). We plot the
average level of fractional stimulus synergy as a function of pairwise correlation level
in 7D (bottom panel) for 16-cell groups. Stimulus synergy levels are within errorbars
for independent (o = 0, bottom panel, Fig 2-7D), uniform (blue symbols), and
structured (orange symbols) correlations for <p > < 0.2 (see Methods), which is the
likely physiological range [30,62,63]. This result suggests that ignoring pairwise
interactions in constructing cell groups from our MT data did not strongly bias our
estimates of fractional stimulus synergy. @ However, higher levels of pairwise
correlations (<p> = 0.4) have been observed between cells with similar tuning
preferences [27,30]. We simulated tuned correlations with a peak value up to 0.6
(mean value of 0.1) without any impact the calculated levels of stimulus synergy

(orange symbols).

If multidimensional feature tuning exists in nature to increase sensory
information recovery via stimulus synergy, then the brain might also exploit other
mechanisms of information savings such as combinatorial coding. Patterns of
responses across neurons encode substantially more information than the pooled

count [34], but does a combinatorial code also exhibit stimulus synergy? Poisson
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models allowed us to construct the probability of observing spike patterns exactly,
allowing us to measure stimulus synergy in a combinatorial code without the data
limitations imposed by experiments. We used aligned direction preferences and a
range of speed preferences to create homogeneous, independent Poisson model
neurons (see Methods). We used the tuning functions to construct analytically the
probability of observing each pattern of count values for a given stimulus. In the
absence of pairwise noise correlations between neurons, the probability of observing
a pattern of counts, or spike “word” {n,,n,,..,ny}is the product of count
probabilities in each unit (see Methods, Fig 2-8B). There are (nm2x+1)¥ observable
words in an N-cell population, from {000 ... 0} to {nimaxpymaxpgmax _ pymax} where nmax
is the maximum observed spike count in each neuron. We constrained the time
window and maximum spike rate such that counts greater than 15 were rare, so for
a 6-cell group there were 16° possible words. Figure 2-8C plots the probability of
observing words in rank order for groups from 2-9 units. For each group size, the
most likely word has no spikes, which is also observed in cortical data [34]. The joint
distribution of words and stimuli had an entropy of 8.3 bits (2 cell groups) to 16.2 bits
(9 cell groups) which ranges from 73% (2 cells) to 55% (9 cells) of the maximum
entropy condition of equally frequent words. Like the pooled count, population
words encode stimulus features synergistically, encoding more information about the
vector stimulus than about its 1D components (Fig 2-8D). The level of encoded
information and of stimulus synergy was lower in our word simulations compared to
the pooled count analysis because we restricted the firing rate to limit the total

number of patterns. As we observed in the pooled count analysis, fractional synergy
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Figure 2-8: A combinatorial population code displays stimulus synergy

(A) We use patterns of spike counts in a 125ms window across Poisson model
neurons (see Figure 2-7) as a coding symbol. With homogeneous Poisson spiking,
sliding the window through time is equivalent to repeating trials.

(B) We considered spike patterns across up to 6-cell groups. To restrict the
combinatorial scale, we set a cut-off of 15 spikes per cell such that there were 16N
possible words, where N is the population size.

(C) We constructed the probability of occurrence of each spike word for each
population size. X axis is normalized to the number of observable words: 36
points are plotted for a 2-cell population, while ~10¢ words are plotted for a 9-
cell population.

(D) Mutual information between words and stimulus increases with population size.

(E) Stimulus synergy, expressed as a fraction of the summed 1D information values,
increases with the number of dimensions.

increases with population size (Fig 2-8E). Overall we find that stimulus synergy levels
are preserved at the population level under several different assumptions about the

nature of the cortical sensory code.

62



Pursuit eye movements reflect the stimulus synergy observed in MT

The preservation of synergistic coding at the population level suggests that stimulus
synergy may be relevant to behaviors guided by tuned sensory populations. We
tested this hypothesis by analyzing the information about stimulus motion encoded
in the monkeys’ smooth pursuit eye movements. In order to stabilize the retinal
image of a moving target, the pursuit system translates motion estimates from MT
activity into commands to the extra-ocular muscles to smoothly accelerate and rotate
the eye. Because the behavior is precise, pursuit provides a window into ongoing
internal estimates of target motion, at least until extraretinal signals become available
>125ms after pursuit onset to complicate interpretation. Figure 2-9B shows
horizontal and vertical components of eye velocity over time for a single dataset.
Monkeys tracked targets that translated across the screen with pseudorandomly
selected directions and speeds (0°, 45°, 135°, 180°, 225°, 315° at speeds of 14, 16, 18,
20,22, 24,26, and 28°/s) (Fig 2-9C). Because purely vertical pursuit tends to be poor,
we did not include tracking for 90° and 270° target motions in the analysis. The

entropy of analyzed stimuli was log2(24) or 4.6 bits for all 3 monkeys.

We computed the mutual information between eye and target velocity
components to determine if stimulus synergy affects the quality of motion-driven
movement. We averaged horizontal (H) and vertical (V) eye velocity components in
10ms windows, stepping the window at 1ms intervals through the trial. We
discretized the component eye velocities into 24 bins and then computed the mutual

information quantities in Equation 1, correcting for finite sample size as with the
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neural recordings (see Methods). As with MT responses, the information about
direction rises quickly after pursuit onset, ~90ms after the target begins to move (red
trace, Fig 2-9A). Information about target speed accumulates more slowly in the
pursuit response because the eye accelerates from rest for all target speeds (blue
trace, Fig 2-9E). Also consistent with MT, more information is encoded about the
target motion vector (black trace, Fig 2-9A), than the sum of the information about
direction and speed (magenta trace, Fig 2-9A). We observed stimulus synergy in all
3 monkeys. Measured 200ms after stimulus onset, percentage synergy values were
25%£0.3% (M1), 21+£0.8% (M2) and 14+0.04% (M3) (SD, n=50 draws of 70% of total
data sample). These levels are lower than both individual MT units and population
estimates of stimulus synergy. Stimulus synergy appears ~40ms after pursuit onset
and increases thereafter for all monkeys (Fig 2-9B). In comparison, synergy appears

in MT responses within 15ms of response onset.
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Figure 2-9. Stimulus synergy is apparent in pursuit behavior.

(A) Cartoon of a pursuit experiment. Monkeys pursued spot targets that appeared
eccentrically as the fixation point was extinguished then immediately began to
translate toward the fixation position. Target directions matched the MT
recording experiments and speeds ranged from 1 to 96°/s.
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(Fig 2-9 continued)

(B) Horizontal (H) and vertical (V) eye positions and velocities over time for a single
pursuit trial for a 14°/s target moving at 45° relative to rightward.

(C) Target direction (left panel) and speed (right panel) for each trial in A. Target
directions ranged in 45° increments around the circle. Target speeds were 14-
28°/s.

(D) Each row of the color density plot represents the horizontal (H, left panel) and
vertical (V, right panel) eye velocity on a single trial during the first 125ms of
pursuit from a day’s experiment with M1.

(E) Mutual information between H,V eye velocity and target motion over time for M1.
Information about the 2D motion vector (black) is greater than the sum of the
information about direction (red) and speed (blue) individually. Speed
information increases slowly as the eye accelerates smoothly from rest. Times are
relative to target motion onset.

(F) Fractional stimulus synergy increases over time during pursuit initiation. Data
from 3 monkeys.

66



Discussion

From a coding perspective, the prevalence of multidimensional sensory maps
in the brain is perplexing because they create a credit assignment problem - along
which dimension did a stimulus change to create the observed modulation in sensory
activity? Yet at many levels of the visual system, and throughout the brain,
multidimensional maps are the rule rather than the exception [8,64-66,7,52,67-71].
We show that multi-dimensional tuning functions have a computational advantage.
More information can be encoded about a multidimensional stimulus than its
individual components, even when those stimulus features are independent.
Stimulus synergy has implications for how cortical responses should be decoded to
provide sensory estimates for behavior: sensory stimuli should be decoded in the
dimensionality of their representation to maximize the recovered information. The
fact that stimulus synergy is apparent in the initiation of smooth pursuit suggests that
MT activity is read out as a motion vector, rather than as independent estimates of
target direction and speed. These results add to a growing body of work
demonstrating efficient information transmission from visual motion estimates to

pursuit eye movements [72,15,18,19,73,74].

Unlike more familiar forms of coding synergy, stimulus synergy does not
depend on subtle features of feature selectivity or spike timing, but rather emerges
from multidimensional tuning itself. Therefore we expect that stimulus synergy will
impact information representation in any area of the brain with tuned responses.

Like MT, neurons in primary visual cortex (V1) are tuned for a small number of visual
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features. Grunewald and Skoumbourdis reported that V1 neurons tuned for
binocular disparity and orientation encoded more information about the features
jointly than singly [41], although their focus was the impact of tuning diversity within
V1 on coding. Recent studies of prefrontal cortical neurons credit their high-
dimensional representations with enhanced cognitive performance on decision-
related tasks [75-78]. Our work provides a theoretical framework for understanding
how multidimensional representations, whether in sensory or higher association
areas, could benefit the many behaviors that depend on multidimensional estimates

from cortical populations [46,67,79,80].

Origins of stimulus synergy

A nonlinearity forms the basis of any form of synergy. Coding synergies can
arise from neural diversity within nominally redundant coding pools
[34,36,37,43,45], or from temporal patterning in spike trains [35,38] such that the
pattern encodes more information than the summed response. MT neurons do
demonstrate coding synergy, largely arising from diversity in rate dynamics among
neurons with the same preferred direction [34]. We have described a distinct form
of synergy that arises from the multidimensional tuning functions that exist
throughout the brain, and we show that shown that it enhances information
representation at the level of individual neurons, populations, and in sensory-driven
behavior. Multidimensional tuning creates a divergence between the conditional

response distribution for an n-dimensional stimulus and its component parts, and it
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is this nonlinearity, rather than response diversity or high-dimensional feature
selectivity, that creates stimulus synergy. MT neurons have highly separable tuning
functions for motion direction and speed, surpassing separability levels for ocular
disparity and motion direction in MT [40] and values reported elsewhere in cortex
[46,41]. The fact that MT displays substantial direction-speed synergy despite
separable tuning functions indicates that a coding advantage to multidimensional

sensory representation should be accessible to most, if not all, brain areas.

Implications for decoding multidimensional stimuli

A potential downside to multiplexing sensory signals is that decoding
multidimensional maps can lead to systematic estimation errors. In one dimension,
a vector average operation can recover unbiased estimates of a stimulus feature by
weighting neural responses by their preferred stimulus, which under some
conditions is an ideal estimator [48,59,81-86]. Applying the same decoder to a
multidimensional stimulus representation introduces large, systematic errors
[23,83]. For example, a vector average decoder underestimates motion speed when
neurons are direction and speed tuned and stimuli have multiple directions [81,83].
Our results suggest that a decoder that operated in the same dimensions as the
stimulus representation could recover more information than independent decoders
for each stimulus component (e.g. a motion vector decoder could recover more
information than independent direction and speed decoders combined). The fact that

pursuit eye movements show evidence of stimulus synergy is suggestive that the
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visual drive for pursuit is a 2D motion vector. One study of correlations between MT
activity and eye movement fluctuations supports 2D motion decoding [87], but
another does not [48], although we note that neither of the previous studies
employed motion stimuli of multiple directions and speeds, which complicates

interpretation in this context.

Several theoretical studies have considered how tuning along multiple
dimensions competitively affects feature discriminability. Sharpened tuning
generally decreases per-spike errors for stimulus estimation along that dimension,
with the caveat that if tuning functions become so narrow as to lower the size of the
coding pool, noise increases to offset the signal increase [5,49]. Broadened tuning
along an independent stimulus dimension can reduce estimation errors by increasing
the pool size activated by a stimulus along another dimension, but at the expense of
reducing the discriminability of that stimulus dimension [22,23,50]. Errors in
discriminating a stimulus feature from a homogeneous population are therefore
proportional to the tuning bandwidth of the stimulus feature itself but inversely
proportional to the tuning bandwidths of other mapped dimensions [5,22].
Correlations between neurons can modulate how estimation errors depend on
dimensionality, but we and others show that the dependence persists in the
independent case [5,22,88]. Itis an interesting idea, if questionable from an efficiency
standpoint, that sensory neurons might encode less important stimulus features to
improve discrimination of important ones. For pursuit behavior, which tries to

minimize the difference between eye and target motion to eliminate retinal slip,
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motion direction and speed are equally important and discriminability along one

motion dimension cannot be sacrificed to optimize the other.

Are sensory responses tuned to maximize multidimensional stimulus information and

stimulus synergy?

If information enhancement is the primary objective in sensory map design,
are cortical sensory neurons encoding the ideal number of stimulus features? That is
a difficult question to answer because it is unclear whether we have fully described
feature selectivity in any cortical area, and the predicted level of stimulus synergy will
depend critically on that tuning. Most MT neurons display strong, separable tuning
for 2-3 motion dimensions: direction, speed and binocular disparity, a cue for motion
in depth [1,40,61,89-91]. While MT responses can be modulated by other features
such as spatial frequency [9,55], and acceleration [92], firing rates are consistently
tuned for the first three. For the average tuning bandwidth we measured in our MT
sample (0.16, as a fraction of the tested stimulus range), 2-3 dimensions correspond
to a peak in total stimulus information and to stimulus synergy. While this result is
suggestive, a larger comparative study of stimulus synergy in neurons with a large
variety of feature selectivity and dimensionality will be needed to draw any
conclusion about its generality. Because the highest levels of stimulus information
are encoded by neurons with sharp tuning to a single stimulus dimension, if
maximizing stimulus information were the brain’s sole objective, we should observe

a preponderance of single feature maps of very selective neurons in the brain. To the
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contrary, many if not most sensory maps represent more than one stimulus
dimension. The reason is likely that neurons and the spikes they generate are
metabolically expensive [93], and cranial space is at a premium [69,94], such that
energy and wiring savings may outweigh the modest information loss. It is also
possible that multidimensional tuning could have computational benefits such as
simplifying hierarchical processing [95,96]. Certainly at the population level, the
tuning bandwidths that optimize encoding depend on other factors such as response
overlap, heterogeneity, pairwise correlations, and the coding symbol of interest

[5,22,25,49,50].

Our work makes a strong prediction that stimulus multiplexing in sensory
areas can confer a computational advantage, and it shows that behavior can benefit.
Stimulus synergy should influence how we think about sensory representations and
their readout, and it highlights what fundamental coding features neuroscientists can

miss when isolating single stimulus features in experimental design.
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CHAPTER III

Correlations in smooth pursuit errors

are predicted by vector decoding

Abstract

Behavior is a useful tool to discover how brain circuits are organized, and how they
manipulate sensory information to generate motor outputs. Here, we take advantage
of the tight link between extrastriate area MT and smooth pursuit eye movements,
finding that correlated errors in the eyes’ direction and speed can be predicted by
vector decoding estimates from a simulated MT population. We recorded smooth
pursuit eye movements to repeated presentations of multiple directions and speeds
of target motion, allowing us to describe single trials’ eye movements in terms of their
errors in direction, speed, and onset time from the mean. Because the scale of these
errors is comparable to perceptual thresholds, smooth pursuit can be interpreted as
a faithful representation of the estimate of the MT population, and makes a strong
prediction that MT neurons’ responses are read out not as direction and speed
separately, but as a unified movement vector. To test this, we simulated MT responses
and estimated direction and speed jointly using a vector decoder or using separate
decoders for each feature. We find that only the vector decoder results in correlated
output estimates, suggesting that MT responses are transformed to drive eye

movements by being treated as a single movement vector.
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Introduction

Despite decades of research performed on the middle temporal area of the
macaque (MT) and visual motion processing [1-16], the literature remains
inconclusive as to exactly how MT responses are read out to drive behavior and
perceptual judgments. MT neurons are tuned for a variety of stimulus parameters,
including object direction, speed, depth in the visual field, and binocular disparity
[1,17-22]. Typically, MT neurons’ responses are modeled as being decoded
separately according to each stimulus parameter to drive both perception and
behavior [15,23-25]. Single-trial fluctuations in single neurons’ spike rates would
therefore weight a neuron’s preference more strongly, no matter which parameter
was being decoded. If multiple parameters were decoded simultaneously, spike count

fluctuations could cause correlated deviations in the behavioral output.

The decoding methods that have been the most successful at replicating
behavior based on simulated MT responses are vector-averaging methods, which
weight the responses of neurons by their preferred stimulus parameters to generate

an estimate of the stimulus speed and direction (§, 8)[26-29]:

'5:0; Im(R;e'?:
§=lel;t9=tan_1 (—l._), (1)
XiRi Re(R;e%:)

where R;, si, and 6; are the response, preferred speed, and preferred direction of

neuron i. Basic labeled-line vector averaging methods like Equation 1 have recently
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been enhanced by variations on the manner of normalization used to mimic lateral
inhibition within cortex, producing more accurate and biologically plausible
predictions[15,29-31]. Opponent vector averaging computes the difference of the
responses from a neuron pair with identical preferred speeds but opposite
preferred directions. It also adds log-tuning for the speed calculation, as speed-

tuning functions in MT are well-described by a log-normal distribution[11]:

_ 14 —
6 =tan ! <:>; § = QVHZHVZ, (2)
H
7= 2il0g,(s;) cos(6)R; P = 2ilogy (s;) sin(6;)R;
e+VRZ+RZ € +/R? + R2
where
Ry = ) cos(@)Ri; Ry, = ) sin(@) R, (3)

l L

and € is a parameter that serves to stabilize the estimate when model neuron
responses are near zero. A further improvement, opponent vector averaging with
uncorrelated normalization[15], decorrelates the numerator and denominator by
using responses from two separate populations (i and j) for the numerator and
denominator. Responses within each population are correlated in a physiologically

plausible manner, but there is no explicit correlation between the populations:
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6 =tan™! <=); § = QVATZ, (4)
A

2ilogy(s;) cos(6)R; P = 2ilogy (s;) sin(6)R;

H= :
kYR kXjR;

Other decoding methods have been used to probe a wide array of sensory
computations, including the optimal linear estimator[32], the maximum likelihood
estimate [33], and multiple correlation codes that maximize information coding[34].
We aim to test these different classes of decoding methods to determine which are
best able to match behavioral accuracy and precision, along with any constraints we
are able to place on them through analysis of pursuit behavior error. Although the
means by which these decoding methods generate estimates are not necessarily
biologically plausible mechanisms, these methods are widely used to match the
mean stimulus direction and speed. We compare the statistics of pursuit behavior as
areadout of cortical activity to estimates from competing decoding models. By

doing so, we rule out specific decoding models.

We calculate errors in the direction and speed estimates of smooth pursuit eye
movements on single trials, and observe that single-trial errors in the direction and
speed are correlated. We also create testbeds of simulated MT population responses,
and apply vector-average decoding to generate estimates from the population. We
find that the errors of these estimates are correlated, suggesting that spike count
fluctuations in a population jointly tuned to multiple stimulus parameters can cause

correlated errors in the behavioral readout of the population response.
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Materials and Methods

Behavioral recording

We trained animals to fixate and perform basic pursuit tasks for a juice or
water reward before collecting all data. The horizontal and vertical position of one
eye was sampled at 1 kHz, then filtered, differentiated, and digitized [35]. During the
pursuit task, animals were required to maintain fixation within 2° of the target to
begin a trial and during the final 200ms of the pursuit interval and for 400ms at the
end of the trial. Accuracy windows were relaxed during pursuit initiation.
Experiments were organized into trials 1-2 seconds long. The fixation point
appeared at the center of the screen for 500-1000ms to cue fixation. The fixation point
then disappeared, and a target appeared ~3° eccentric to screen center. The
eccentricity of target appearance was selected to minimize the occurrence of saccades
during pursuit initiation. The target then moved towards the center of the screen with
a constant direction and speed for 500ms, followed by a jump of 1° in the direction of
motion and stopped for a final fixation period of 300ms (Fig 3-1B). For one
experiment, target directions were 0°, 45°, 135°, 180°, 225°, and 315° relative to
rightward motion, and target speeds were 14, 16, 18, 20, 22, 24, 26, or 28°/s (Fig 3-
1D, bottom). We also collected data at 72 directions around the circle in increments
of 5° for M1 and M2 at 20°/s. Prior to analysis, we inspected each pursuit trial record
for saccades or eye blinks during the fixation period and the first 500ms after the
onset of target movement. We did not analyze trials containing saccades or blinks

during these time periods.
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We measured the onset of closed-loop pursuit, the time that extra-retinal
contributions become measurable, by comparing eye speed during normal pursuit vs.
the response to a retinally stabilized target [36-38]. We defined the open loop
duration as the time point with respect to pursuit onset when eye speeds diverged by
1 SD. The open-loop interval was 146ms (M1), 135ms (M2), and 138ms (M3),

consistent with past studies [37,38].

Direction and speed errors from eye movements

We sampled the horizontal (H) and vertical (V) components of eye velocity at
1ms intervals, so the eye movements are vectors in time and space of dimension 2T,
where T is the duration of the time window in milliseconds (Fig 3-1C). We analyzed
the first 150ms of pursuit during which the eye movement expresses visual estimates
of target motion direction and speed [37,38,35]. We analyzed equal numbers of
leftward /rightward, upward/downward trials to minimize any H, V bias in the data

sample, 20-176 repetitions (average 49) for each of the target motions.

Errors in visual estimates of target direction or speed should be small, ~2-3°
and 8-10% based on psychophysical thresholds for motion discrimination on
comparable time scales [37,38,35,39-41]. In the absence of other sources of
variation, these errors should introduce small deviations from the mean eye
trajectory until visual feedback allows for a course correction. We express the impact

of errors in motion estimation as a first order expansion around the mean eye
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trajectory for a given target motion. The eye trajectory on trial i to a target with

direction 0 and speed v is:
v;(t) = (w(t + 6t) + 517i)ei(9+59i) = (5)

Wmean(®) | o WVmean®) |

avmean(t)
a9 Tovi—5,

Vmean(t) + 601’ ’ ot )

St;

where 66;, 8vi, and &t represent scalar errors in estimating the direction, speed and
time of motion onset with respect to the trial-averaged mean trajectory, Vyean (t), for
a target moving in direction 6 at speed v. The partial differentials represent vector
operators that describe how the eye’s trajectory transforms based on small
perturbations in the direction, speed and onset timing of target motion, or of the
brain’s estimates of target motion. Equation 5 will not predict fluctuations in eye
movements arising from other sources such as jitter arising from background motor
noise. Equation 5 predicts that the covariance of velocity fluctuations around the
mean should have 3 dominant dimensions. We confirmed this to be the case by
forming the covariance matrix of eye velocity fluctuations about the mean, whose

elements are
Cij(t,t") = (v ()8v;(t") + (SvP2 K () 2K (t") (6)

where i and j can each represent horizontal or vertical components, t and t’ represent

a pair of time points in the 250D eye vectors, and SvP3K

ij  represents the small

background jitter. The angle brackets (...) denote the average over multiple trials.

We subtracted that term from Equation 6 to form a difference matrix, AC;; =
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(6v;(t)6vj(t')). Equation 5 predicts that the covariance of velocity fluctuations

during pursuit initiation should be given by:

v " [2u()]
| 99 | [(5686) (566v) (565t)) | 9 |
AC;; = a‘git) .[(51760) (6vdv) (6v6t)]-|av’é—(t)| (7)
oo (808)  (stov) (sl |,y |
at Tt

where (§666),(505v), ... are the covariances of the sensory errors across trials. The
fact that AC can be written as the outer product of 3 vectors predicts that the 250x250
covariance matrix should only have 3 non-zero eigenvalues. We confirmed that to be
the case by measuring the covariance of H and V eye velocity fluctuations for the first
125ms of pursuit (first term in Equation 6) and a 125ms period when the monkeys

were fixating.

We determined the form of the partial differentials in Equation 5 from the
pursuit data itself, by determining how pursuit trajectories differ on average for
targets moving at different speeds and different directions. We analyzed data sets
with multiple directions (0°, 45°, 135°, 180°, 225°, and 315° relative to rightward
motion) and speeds (14, 16, 18, 20, 22, 24, 26, or 28 °/s) of target motion, described
above under Behavioral recording. We used singular value decomposition (SVD) to
represent the mean eye trajectories, averaged over many repetitions, as the weighted

sum of orthonormal modes, i.e.

Vmean(0,v,t) = €(=1 A;(6,v) vi(t) (8)
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where K represents the number of unique target trajectories in a dataset (48),
Vmean(6,v,t) represents the trial-averaged mean eye movement for the
corresponding target trajectory, A;(0,v) is a scalar weight that minimizes errors in
capturing the ith trajectory, and v;(t) represent orthonormal modes. We found that
the array of K= 48 250-dimensional vectors were well represented by two modes, vi1

and vz such that

Vien(®) = 4:(8,0) vV () + A;(8,v) vi () (9)
vl () = A,(6,v) vV (£) + 4,(0,v) vV () (10)

where our notation decomposes the vectors into their horizontal (H) and vertical (V)
components (Fig 3-2A, top row). The 2 modes, vi(t) and vz(t), captured ~90% of the
variance in the shapes of the mean eye trajectories across target conditions: 93% for
M1, 89% for M2, and 91% for M3. In practice the first mode (v1) was dominated by
horizontal and the second (v2) by vertical motion. With appropriate normalization of
the SVD modes, the coefficients A;,(6,v) correspond to the sines and cosines of
target direction. For a single target speed, Equation 6 corresponds exactly to a
rotation operation. For multiple target speeds, the coefficients combine a scaling
operation and rotation operation. The scalingis v/ v,, where v, is the average target
speed in the set of trajectories and v is the target speed of the particular eye
movement being reconstructed. In the middle row of Fig 3-2A, we have scaled the
SVD modes with scalar parameters Si and Sz to reconstruct the average eye

movement for a target moving with speed v in direction 6. Thus:
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v
—cos(6 — 6y) = S;4A,
Vo

viP() = 5, vi L ()

mean

v = 5, v (©

mean

v
—Sin(9 - 00) == SZAZ
Vo

v = 5, vi2 . ()

mean

v = =5, v (© (11)

mean

where the H and V superscripts refer to the horizontal and vertical vector
components and the numeric subscripts (1,2) indicate the first or second SVD mode.
We used Equation 11 to construct the vector operators shown in Equation 5: a vector
rotation operation to represent the effect of small errors in direction estimates on
pursuit, a vector scaling operation to represent small speed errors, and a time shift
operation that could represent either motion onset time detection errors or trial-to-

trial differences in movement latency:

"’V%;n“): cos(6 — 6y) Syv,(t) — sin(8 — 6,) Syv4(t) (12)
0Vmean (1) 1 .

—e— = -cos(8 — 80) S1vi(t) + sin(8 — 6o) Spv2(t)] (13)
9Vmean (t) vit) ava(®)

VT = —cos(0 — 6y) 51‘16%_ sin(6 — 6,) 52% (14)

Equations 12-14 describe how small errors in motion estimation should affect the eye

trajectory for a target moving in direction 6o at speed v,. Because direction errors
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are less than a few degrees, |sin(6 — 6,)| < 1 and [cos(8 — 6;)| ~ 1 and thus

Equations 12-14 simplify to:

ov(t)

RERAAG (15)
ov(t) 1

= oSvi(®) (16)
av() o ovi(®)

o = ST (17)

Equations 15-17 are vectors that form a basis onto which we can project individual
eye movements to recover the direction, speed and timing error (66, §v, 6t) for each
trial. The error distributions are well fit by Gaussian functions (see Fig 3-2D) with

Zero mean.

For each target motion, we computed the angular-linear correlation coefficient
between the direction error, 66, and speed error, v, across repeated movements

with the MATLAB function circ_corrcl in the Circular Statistics Toolbox [42]:

p(66,8v) =

) (18)

[(p(6v,sin(60))%+ p(6v,cos(66))2—2p(6v,sin(66)p(6v,cos(668))p(sin(660),cos(66)))
(1-p(sin(86),c0s(66))2)

where p(X,Y) = cov(X,Y)/oyoy. We randomly resampled draws of 50% of the total
repeats for each condition and computed the mean and standard deviation of the

correlation coefficient across samples.

Population models
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We constructed populations of direction and speed-tuned neurons with
homogeneous Poisson spiking statistics and stimulus-conditioned (noise)
correlations that were tuned based on the similarity of feature selectivity of the
neurons. The firing rates had a Gaussian tuning profile in direction and logz speed.
The preferred directions and speeds were spaced uniformly around the circle and
from the measured data by centering Gaussian direction tuning functions at equally
spaced increments around the circle (10-25 directions) and the speed tuning
functions with base-2 logarithmic spacing from 0.5 to 256°/s (10-25 preferred
speeds). Each of the combinations of preferred direction and speed was represented
once in the model population. A model unit with a preferred speed of v, and preferred

direction 8, has a firing rate of:

—vp)\2 6-67\2
logz (v vp)) e_(_p)

r(6,v) =1y + rmaxe_( 20y 209 (19)

where ro is the baseline firing rate of the unit (1 spikes/s), rax is the maximum firing
rate (100 spikes/s), and o, and oy scale the tuning bandwidth. We used Equation 19
to generate spike counts with Poisson statistics in a 200ms window for each stimulus

condition.

We simulated conditionally independent populations, constant pairwise
correlation values from 0.05-0.6, and stimulus-dependent correlation structures.
Tuned correlations peaked for neurons with the same preferred direction and speed
and decreased with distance between preferred stimuli. To add between-neuron
correlations to the mean spike counts, trial spike counts with the desired correlations

were generated by drawing single-trial spike counts from the multivariate normal
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distribution defined by a covariance matrix, @, of pair-wise stimulus-conditioned (i.e.

noise) correlations in spike counts:

loga(vi—v;) 2 6;-6;
Pij = pmaxe_< ng" J> e_(TJ) ) (20)

where v; and 6;are the preferred speed and direction of neuron i, py.x is the
maximum pairwise correlation, and 7, = 1.35 and 74 = 60° scale the widths of the
correlation tuning function [15,43]. We tested a range of parameters: from 100 to
3125 units, from 10 to 25 preferred speeds (separated evenly in logz space from 0.5
to 256 °/s, from 10 to 25 preferred directions, from 1 to 3 units with identical
preferences, from rmax= 0.05 to 0.6. For each model architecture we simulated 30,000

responses.
Decoding models

We compared the estimates from two decoding models: a scalar, or “separate”
decoder, and a vector, or “joint” decoder (Fig 3-4B). The separate decoding model is
a basic vector-averaging model [15,23,27,44] that estimates the stimulus direction
and speed (@,?) independently by weighting each cell’s preferred direction and
speed (8;, v; for cell i) by its spike count in a 200ms window (R:), then summing over
the population. The population estimates are recovered from normalizing by the

summed population response:

g =2l 5 pmim 21)

%94



In practice we estimated the horizontal and vertical components of the population
response separately using the sine and cosine of each cell’s preferred direction and
then computed the arctangent to recover a direction estimate. We also created a
vector decoder that estimates the stimulus motion vector directly. The vector
decoder weights each neuron’s preferred stimulus vector v, = vpeiep by its response

R defined as above:

~ _ iRy
v= YiR; (22)

The estimated stimulus direction and speed are recovered after the averaging

operation from the modulus and angle of .

We compared decoder performance across many repeated simulated
responses from the population architectures described above, using motion stimuli
spaced at 36° intervals in direction and 5 log2 units of speed from 16 to 64°/s. We
computed the linear correlation between the direction and speed estimates with the
MATLAB function circ_corrcl in the Circular Statistics Toolbox [42]. We randomly
resampled fractions of the simulated population responses to generate estimates of

the average direction-speed correlation and the estimation errors.
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Results

To study motion decoding, we performed a series of behavioral experiments
in which monkeys tracked moving targets that had closely spaced directions and
speeds. We sampled the horizontal and vertical components of eye position every
millisecond as targets underwent a position step and subsequent velocity ramp back
toward the gaze position (see Fig 3-1; Methods). We presented target motions in a
pseudo-random order and presented balanced target motions (leftward/rightward,
upward/downward) to minimize anticipatory eye movements. Our analysis focused
on the first 125ms of pursuit, the “open-loop” interval, a period when extra-retinal
inputs are not available and the eye movement is driven by feed-forward visual
estimates of target motion formed during the ~100ms latency period before the eye
begins to track the target [37,38,36]. In previous work, we found that on average,
the form of the eye’s trajectory over time could be predicted by a rotation of a basic
movement trajectory to the new target direction. We also found that trial-to-trial
fluctuations in pursuit have the same low-dimensional form, at least for near
horizontal target motions at a single speed [37,45]. Here we extend our analysis
across a broad range of directions and different motion speeds to determine whether
trial-to-trial fluctuations in eye direction and speed are correlated in pursuit as a

proxy for the internal sensory estimates decoded from visual cortex.

Correlated fluctuations in eye speed and direction

We used dimensionality reduction to assign a direction error and speed error

for each pursuit movement. We represented the eye velocity as a 250-element vector
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Figure 3-1. Experimental procedure.

(A) The monkey fixated a central spot briefly, then a motion step initiated smooth

(B)

@

pursuit eye movements.

Time course of single pursuit trial, with the dot moving 45° relative to horizontal
rightward motion, at 14°/s. Dashed lines indicate horizontal (black) and vertical
(gray) dot motion, while solid lines indicate eye movements. Top panel:
Horizontal (black) and vertical (gray) position of dot target and eyes relative to
fixation. Target steps backward approximately 3 degrees and translates toward
the fixation location to initiate pursuit (see Methods). Middle panel: Horizontal
and vertical velocity of eyes during one trial of smooth pursuit. Analysis window
(125ms) shaded in red, time window shown in panel C shaded in gray. Bottom
panel: Dot translates across the screen at 20 °/s for 500ms.

Horizontal (left) and vertical (right) velocity of eye for all trials at all directions
for M1.

(D) Top panel: Position of eye over time during the analysis period for all tested

directions and one speed. Solid black lines indicate the average of all trials for each
direction. Blue lines indicate eye position on one trial for each direction. Dotted
black lines indicate reconstructed eye position on the same trials using noise
analysis (see Fig 2, Methods). Bottom panel: Mean eye speed over time to
rightward and leftward motion steps at 16°/s, 18°/s, 20°/s, 22°/s, and 24°/s.
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comprising the first 125ms of the horizontal and vertical eye velocities at movement
initiation. We measured the open-loop interval to be 146ms (M1), 135ms (M2), and
138ms (M3) for these monkeys (see Methods), thus pursuit is dominated by feed-
forward visual inputs rather than non-retinal inputs during the analysis window.
Figure 3-2A shows the set of horizontal and vertical components of the eye velocity
from an example dataset that had 6 directions (0, 45, 135, 180, 225, and 315°) and 8
speeds (14, 16, 18, 20, 22, 24, 26, and 28°/s). To create a model of how sensory errors
in estimating target direction or speed alter the eye movement, we determined how
changes in target motion direction and speed affected the movement vectors on
average. For each target motion, we formed a 250-element trial-averaged velocity
vector and then performed singular value decomposition on the 48 vectors. We found
that 2 modes, one almost purely horizontal and the other vertical, could reproduce
~90% of variation in the trial-averaged eye movements across 48 target conditions
in two monkeys, and the weights of those modes needed to reconstruct the average
pursuit response for each target motion were proportional to the cosine and sine of
the target direction (Fig 3-2A, top row). The weights represent a static rotation and
scaling operation, moving every element in the pursuit vector to the new direction
and re-scaling each element to a new speed. Using the SVD weights to scale the modes
predicts the trial averaged eye velocity within errorbars (Fig 3-2A, middle row). The
small residuals have a Gaussian distribution (Fig 3-2A, bottom right). Analysis of the
average eye movements suggests that pursuit can be described as a basic movement
vector - a time course of smooth eye acceleration from rest, that the motor system

rotates for different target directions and
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ure 3-2. Analysis of noise in smooth pursuit eye movements.

Top row: Velocity over time of eigenmodes corresponding to horizontal (mode 1)
and vertical (mode 2) aspects of eye movements. Left panel calculated from
horizontal eye velocity, right panel from vertical eye velocity. Middle row: Trial-
averaged eye velocity for target directions of 45° and 225° relative to rightward
motion (black errorbars) and reconstructions from eigenmodes (red), calculated
from horizontal (left) and vertical (right) eye velocity. Bottom row, left panel:
Weights of SVD coefficients corresponding to the sine (green circles) and cosine
(blue squares) of target directions. Bottom row, right panel: Distribution of errors
between reconstructed and recorded trials.

Horizontal and vertical velocity of eyes to a rightward-moving stimulus. Dotted
lines indicate mean eye velocity over all trials at this motion direction. Solid traces
indicate eye velocity on a single trial. Dashed lines indicate reconstructed eye
movement using single-trial errors in direction, speed and timing. Reconstructed
traces match closely to the actual eye movement, aside from typical levels of eye
jitter.

Eigenmodes corresponding to direction (top), speed percentage (middle) and
timing (bottom) errors. Single-trial errors are used to weight these eigenmodes to
reconstruct eye movements.
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(Fig 3-2 continued)

(D) Distribution of direction (top), speed (middle), and timing (bottom) errors on
single trials to the same target direction and speed. Arrowheads note the trial in
panel B.

(E) Distribution of single-trial errors, when normalized by their standard deviation,
are Gaussian-distributed.

scales for different target speeds, at least in the tested range. Our model assumes
that small errors in visual estimates of target motion will affect the basic response in

the same manner.

To analyze trial-to-trial fluctuations in pursuit, we used the basis functions
obtained from the trial-averaged responses to construct a rotation, scaling, and time-
shift operator (see Methods; [37]). If trial-to-trial fluctuations in pursuit are well
described by small sensory errors in estimating the target direction and speed, then
each eye movement should look like the pursuit response to a slightly different
direction and speed than expected, plus some movement to movement jitter in
response latency. Because sensory estimation errors are small, we keep only first-
order corrections and model the pursuit response on trial i to a target with direction

0 and speed v as:
vi(t) = (w(t + 8t;) + 6v,)e' @900 = o0 (6) + (23)

O0Vmean (t) OVmean (t) OVmean (t)
60 - #+ ov: # + (Sto ' # + 6vback(t)

where 60;, 6vi, and 6ti represent scalar errors in estimating the direction, speed and
time of motion onset for this trial and vmean(t) is the trial-averaged eye movement for

the target. The partial differentials represent vector operators that rotate, scale, and
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shift the trial-averaged eye movement vector. The last term, vy, (t), represents
jitter arising from background motor noise that is not specific to pursuit but also
present during fixation [37]. We modeled single movements without the jitter term,
and then confirmed that the model’s prediction errors were well captured by the
velocity jitter during fixation (see below). Equation 23 makes a strong prediction
about the structure of fluctuations of pursuit movements about their means - that
they have three dimensions exclusive of background jitter. To test the model, we
subtracted the trial-averaged eye movement from each trial, and projected the
resulting vector onto the 3 modes derived above (see Methods; Fig 3-2B). Each
projection generates the value of the corresponding sensory error (86, dv, 6t). Over
all trials, the errors have a Gaussian distribution, with means near zero and standard
deviations of 6.0° (M1) (5.1°, M2; 6.5°, M3) in direction, 8.0% (M1) (8.4%, M2; 17.5%,
M3) in speed; and 5.5ms (M1) (6.7ms, M2; 6.5ms, M3) in time (Fig 3-2D). The scale
of trial-to-trial variation in pursuit eye movements is consistent with visual motion
discrimination thresholds over similar viewing durations [3,46] and previous studies
of pursuit with more restricted stimulus sets [37,38,35,45]. Reconstructions of eye
movements on single trials can be recovered by weighting each mode in Equation 5
by its error and adding to the mean (red, blue traces Fig 3-2D). The residuals of the
single trial reconstructions have a Gaussian distribution whose variances matches
that of the velocity fluctuations during fixation - an estimate of background motor

noise (Fig 3-2E).

We find that direction and speed errors are correlated from trial to trial. Each
black dot in the scatter plot (Fig 3-3A) represents a single trial’s direction and speed
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Figure 3-3. Single-trial errors in direction and speed of smooth pursuit are
correlated.

(A) Scatter plot of single-trial direction and speed errors for one target trajectory.

(B) Significant correlations observed across all monkeys and all target conditions,
with a mean of 0.31 # 0.19.

(C) Absolute value of correlations plotted as function of target direction.

for a target moving at 20°/s, 45° counter-clockwise from rightward for the example
experiment in Figure 3-2. The Pearson correlation coefficient for the example data in
Figure 3-3Ais 0.18, significantly different from 0 (p<0.05; 1-tailed t-test). We plot the
absolute value of correlation coefficient for all target trajectories and all monkeys in
Figure 3-3B, finding that the overwhelming majority of conditions exhibit
correlations. These correlations are only apparent if we consider each target vector
singly; when combined across target directions the direction-speed correlations
average to zero [37]. The pattern of correlations we observe is unlikely to arise from
motor noise. Extra-ocular recti muscles pull along Cartesian axes, driven by separate
oculomotor nuclei [47-50]. We simulated the result of up to 20% horizontal and
vertical channel motor noise on the target velocity, finding that single-trial errors in
direction and speed were not significantly correlated, suggesting that purely motor

noise is not sufficient to generate our results.
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Figure 3-4. Direction and speed estimates from a vector decoder, but not a
separate decoder, exhibit error correlations.

(A) Mean rate across a 3125-unit simulated population to a stimulus of 18°/s at an
angle of 100°. Unit direction preferences range evenly around the circle, and
speed preferences range evenly in log2 °/s.

(B) Decoders generate estimates of direction (red) and speed (blue) separately (left)
or as a motion vector (right) from a simulated MT population with varying
interneuronal correlations p. Noise correlations between units are applied that
decay as a function of the difference between unit preferences, then spike counts
are drawn based on the covariance matrix between units (see Methods). Direction
and speed errors are calculated relative to the mean estimate.

(C) Vector (black) and separate (gray) decoders, with a mean p = 0.2, accurately
estimate stimulus (green) at a range of directions and speeds. 30,000 estimates
per stimulus from a 3125-unit population shown.

(D) Correlations between direction and speed errors increase as a function of the
mean noise correlation in the population for a vector decoder (black), but not a
separate decoder (gray). * = p < 0.05, ** = p < 0.01. Mean noise correlations
observed in MT by others range from 0.09 to 0.15 (bottom). Correlations from
smooth pursuit shaded in gray, with a mean of 0.31 * 0.19.
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Vector decoder predicts observed eye direction-speed error correlations

The correlations between eye direction and speed errors during pursuit
suggest that internal visual estimates of direction and speed may themselves be
correlated, and the rest of our study was designed to explore the implications of this
result for cortical decoding. Presuming that internal motion estimates are decoded
from a cortical population of motion-sensitive neurons, we relied on data from
recordings of neural responses in cortical area MT to simulate counts from a
population of MT neurons [11,15,51], and then analyzed the performance of decoding
models applied to this synthetic data to determine which decoders reproduce the

direction-speed correlations we observed in pursuit.

Previous work has indicated that the spike counts of MT neurons exhibit
correlated variability, or “noise correlations” [52,53] that can significantly impact the
outcome of population decoding measures on perception and behavior[54-58]. Noise
correlations display a characteristic structure: their magnitude peaks when neurons
have the same tuning preferences, and decay with reduced tuning similarity
[24,53,59]. By imposing a covariance matrix of noise correlations, we generated
simulated counts from a population of MT neurons based on their tuning preferences
(Fig 3-4A) while accounting for the impact of correlated variability in cortex. Since
the overall level of noise correlations varies across the population, we quantify it with

the mean correlation across all pairs of neurons.

We test two types of decoders, finding that the single-trial errors from a vector

decoder are correlated, but those from separate direction and speed decoders are not.

104



The “vector” decoder estimates the vector of a target stimulus by taking into account
both the direction and speed of individual units, then decomposes the vector into its
component direction and speed (Fig 3-4B, right). In contrast, the “separate” decoder
estimates direction and speed individually using only the direction or speed of units
(see Methods, Fig 3-4B, left). We generated 30,000 responses for each of 10 directions
separated by 36° around the circle and 5 speeds ranging from 16 to 64°/s, and used
the same responses for both decoders. Both kinds of decoders can accurately estimate
the target vector on average, and exhibit comparable levels of variance (Fig 3-4C).
The vector decoder had an RMS direction error of 2.1° and an RMS speed error of 4%,
compared to 2.2° and 2.3% for the separate decoder. Their similar performance rules
out the possibility that differences between the accuracy or variance of the decoders
are a factor in the disparity in the observation of direction-speed error correlations.
When we modulate the level of noise correlations in the population, we find that the
estimates from the vector decoder become correlated as the decoder approaches the
level of noise correlations observed in MT (Fig 3-4D, black symbols). The level of
direction-speed error correlations in estimates from the separate decoder fails to
become significant at any level of noise correlation. We note that the level of
correlations resulting from the vector decoder does not match the level observed in
smooth pursuit from our data, and consider that subsequent processing in the
visuomotor pathway, including motor noise, adds some variability that could

exacerbate error and amplify correlations.
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Discussion

Joint encoding in the brain is widespread: spike trains in sensory areas encode
information about more than one stimulus feature [19,22,60-65]. Subsequent
processing results in joint encoding of multiple sensory streams [66-68].
Fluctuations in the count of a single neuron or a population of jointly-tuned neurons
can be interpreted to mean a change in any or all of the stimulus parameters encoded.
If this is the case, how do cortical circuits resolve ambiguity about the meaning of
trial-to-trial spike count changes, and what effect does the ambiguity have on
behavioral variability? We use smooth pursuit eye movements in the macaque as a
readout of the cortical estimate of visual motion, finding that trial-to-trial fluctuations
in the direction and speed of eye movements are significantly correlated. One
interpretation of the correlation between these two stimulus parameters is that they
are not only jointly encoded, but jointly decoded to drive oculomotor activity. We also
simulate a population of neurons jointly tuned to the direction and speed of motion
as a facsimile of the middle temporal area (MT), which we use as a testbed for
population decoding methods. We determine that direction-speed error correlations
are predicted by decoding visual motion as a vector, instead of in its components of
direction and speed. Therefore, vector decoding is a better predictor of motion-driven
eye movements from MT population activity than decoding visual motion parameters
separately. These results have the potential to improve readout mechanisms of jointly
tuned populations, specifically for brain-computer interfaces and neural

implants[34,69-73].

106



Our experiment exploits that MT responses play a large part in driving smooth
pursuit [15,24,74] and that MT is known to be tightly coupled to eye movements and
perceptual judgments of visual motion [14,75]. It follows that we can use eye
movements to elucidate cortical circuitry: previous work has determined that
microstimulation of MT [4,26] and adaptation in MT [76,77] can alter smooth pursuit.
Perceptual tasks can also shine a light on cortical interactions and mechanisms. The
“oblique effect” in perception and behavior may be due to anisotropy in the preferred
directions of neurons in MT and V1 [25,78], and attentional modulation that benefits
task performance can be traced to modulation of inhibition [54,79]. Further work can
expand upon our results by determining if similar correlations between features exist

in other systems or in other MT-driven tasks.

A variety of decoding methods have been used to match the responses of MT
neurons and predict behavioral and perceptual output. Many of these fall into the
category of vector averaging, in which the observed spike count of a single unit is
weighted by its tuning preference, and these weighted preferences are summed or
integrated to generate an estimate of the stimulus[23,27,80]. These decoding
methods tend to report an estimate of only one parameter from a population of
neurons that are likely modulating their responses to multiple stimulus parameters,
though some have put forth methods such as divisive normalization to stabilize and
focus vector averaging estimates in the case of multiparameter tuning[15,44]. Our
results, combined with other evidence using information theory [19], suggest that
joint decoding of multiple stimulus parameters is a better description of how cortical
circuitry transforms sensory information into perception and action.
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Although we focus on the vector average method to recapitulate our behavioral
results, a number of other methods have gained traction in modeling decoding,
especially decoders that use knowledge of the probability distribution of spikes and
stimuli [31,32,81-84]. Such decoders are termed Bayesian decoders or maximum
likelihood decoders, as they use Bayes’ rule to estimate the most likely stimulus § that
occurred given a spike count n. One advantage that these decoders have is that they
are not limited to the structure of one stimulus parameter, as in the circular space of
direction or the logz space of speed in this study. Another advantage is the growing
amount of evidence that the cortex transforms sensory information into perception
and action with high efficiency [30,85,86], and probability-based decoding
necessarily is optimized to maximally use the information contained in the spike
counts at every processing level. These, and other decoding methods, would further

benefit from estimating multiple stimulus parameters jointly.
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CHAPTERIV

General Discussion

The work in this thesis reveals that the brain encodes multiple stimulus
features at every processing level despite potential ambiguity of the response
because it is more efficient and benefits behavioral output. The first study shows that
there is a benefit of multidimensional stimulus encoding - stimulus synergy - the
magnitude of which depends on the dimensionality of the representation and the
tuning bandwidth of the cells. We observe that the benefit accrues also to small
populations whether their responses are assessed via pooled rate codes or via spike
“words”, indicating that there are myriad ways for the brain to take advantage of
stimulus synergy. Smooth pursuit behavior also reaps the rewards of stimulus
synergy, which suggests that estimates of direction and speed from MT are read out
as a motion vector. The second study adds more evidence to that claim by showing
that when the cortical readout to drive behavior in the visuomotor pathway estimates
a motion vector, it more closely predicts errors in the sensory estimate of motion.
Taken together, these two studies form a cohesive story that the visuomotor pathway
manipulates retinal image motion as a motion vector instead of in its component

features.

In addition, the results at the cellular and small population level can be
extrapolated to other areas of the brain that also exhibit joint encoding. Analysis of
two-dimensional tuning suggests that the case of separable tuning should exhibit the

least stimulus synergy of any two-dimensional tuning curve. Therefore, the benefit of
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joint decoding to circuits with non-separable tuning would be even greater than that
with separable tuning. The apparent ubiquity of the benefit of stimulus synergy also
suggests that it may facilitate the hierarchical nature of processing [1-3]. Stimulus
features at the level of the sensory periphery are sequentially combined and
transformed as they are processed through recurrent and intracortical connections.
Since there is an informational benefit to each step of encoding and decoding jointly,
and there are bandwidths that favor single-feature or higher-dimensional encoding,
it leads us to believe that cortical circuits could tune those properties to flexibly

manipulate sensory information through the cortical hierarchy.

Why sensory neurons are tuned to multiple stimulus features

In Chapter II, I applied information theoretic approaches to determine how
information propagates through multiple levels of cortical circuitry in the condition
of joint coding. I focused on direction and speed coding in the visual motion system,
from encoding in extrastriate area MT to smooth pursuit eye movements. I also
examined in depth what properties of MT neuron responses might affect joint
encoding. | found that at each level of processing, the mutual information about the
joint direction-speed vector exceeded that of the sum of the direction and speed
separately, a condition we call stimulus synergy. This result indicates that there was
a processing benefit to the system to treating the stimulus as a vector instead of as

the two individual components.

An interesting finding that advanced what we know about joint coding was

that the level of stimulus synergy can be manipulated by changing the variance of the
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stimulus-conditioned count distribution. One way to manipulate the level of stimulus
synergy, and thereby the coding advantage, is to change the bandwidth of the
neurons. For model neurons encoding only 1-2 features, a narrow bandwidth was
ideal. However, as the number of features increased, a wider bandwidth became more
beneficial primarily because it increased the response entropy by increasing the
variance of the spike count. Therefore, I was able to find the optimal number of
features for MT neurons given the observed bandwidths of MT neurons for the two
stimulus features we tested, determining that MT gains the most benefit from joint
coding when it encodes 2-4 stimulus features [4,5]. [ also increased stimulus synergy

by making the two-dimensional tuning curve inseparable.

Stimulus synergy also persisted at the level of small populations of MT
neurons, simulated units, spike words, and even in smooth pursuit eye movements,
suggesting that it provides a reliable benefit to joint coding that is consistent across
decoding methods, and that the benefit is evident in the precision of behavior. These
results are encouraging, and combined with previous results from other areas and
different stimulus features [6,7], they provide a theoretical justification for joint
coding that should be applicable to any system with neurons tuned for more than one

stimulus feature.

Correlations in smooth pursuit errors are predicted by vector decoding

Chapter III asks the question: since MT neurons encode multiple stimulus
features jointly, what is the impact on behavior, and how is the cortical estimate of

motion in MT read out? To answer this, I recorded smooth pursuit behavior in
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macaques at a range of directions and speeds, and then calculated trial-to-trial errors
in the direction, speed, and onset timing of the eye movements [8]. I then simulated
responses from a biologically plausible MT population to those directions and speeds,
and tested decoders that read out direction and speed either separately or together,
as a motion vector. I found that errors in direction and speed are correlated for each

target motion, and that only the vector decoder predicts these error correlations.

Correlations between direction and speed errors in smooth pursuit was a
novel finding, and one that is puzzling. Although there can be ambiguity in how single
neurons’ jointly encoded responses would be read out, it is not necessarily intuitive
that ambiguity should persist and affect population responses, despite evidence that
adding sensory noise to either direction or speed is reflected in the variance of both
direction and speed of eye movements [9]. Nevertheless, the population simulations
show a significant difference between the vector and separate decoders, illustrating
that decoding a joint representation is the only way to recapitulate what is observed

from behavior.

These results make a strong prediction that adds to the existing decoding
literature, which primarily focuses on one-feature decoding from neural populations
that are known to encode multiple features. Most decoders were only tested to match
features of the stimulus for which they were created and tuned, so there is a wealth
of further analysis to be done to determine which types of decoders maintain their
performance and behavioral predictions when faced with decoding multiple features

simultaneously. It would also be interesting to find out more about what cortical
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circuits may select to decode single stimuli from a multidimensional representation,

and what constraints that places on the decoding mechanism and readout.

Concluding remarks

This work focused on the responses of extrastriate area MT and the motion
processing pathway to describe processing patterns that can be generalized to other
cortical areas. In Chapter II, I found that single MT neurons encode more information
about a joint direction-speed vector than about direction and speed separately, and
that this stimulus synergy can be manipulated by tuning bandwidth and separability.
MT neurons appear to be tuned such that they maximize their stimulus synergy by
reliably encoding 2-4 features, which seems to be approximately the number of
features MT neurons actually encode reliably. Finally, I find that stimulus synergy is
apparent in the readout of the MT population, as assessed by pooled rate code, by
spike “words”, and by smooth pursuit eye movements. These results strongly suggest

that MT responses are both encoded and decoded as a motion vector.

In Chapter III, these claims are further supported by observations of
correlated variability between direction and speed of smooth pursuit eye movements,
which are known to be a faithful representation of the readout of MT. These direction-
speed error correlations would occur if MT responses were decoded as a vector, and
indeed a vector decoder mirrors these results. I propose that stimulus synergy
underlies cortical coding on a widespread scale, as the informational benefit would
be available to most, if not all, types of joint coding. A useful future direction would

therefore involve wider testing of cortical areas in different modalities and various
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levels of the cortical hierarchy to verify our results, as there is extensive

heterogeneity in cortex and cortical responses.
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