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Abstract

We effortlessly move our eyes to objects with specific features and avoid objects with
other featuresThis featureguided targeselection behavior has been studied extensively
experimental psychologgnd systems neuroscien8s now, the visual and cognitive factors
that mediate target selection and the neural signatures of target sefectoiomotor substrates
are clearFor exampleneural activatioencodingtarges anddistractos graduallydivergencs
over timetherefore signalling stimulus identjtyhile visualcognitive factordike bottonmtup
salience otop-down priority modulate the precise time of this divergeri®et despite the
extensive research on oculomotor target selection, little research has examimeslhadw
activation in oculomotor substrates encoding potential eye movements vectors is reweighted to
indicate stimulus identityMeanwhile, gparallel branch of systems neurosciencethasoughy
examined théunction and anatomy of the visyaocessing pipeline distributed throughout the
neocortex of mammalsieretofore, however, there has been little if atbgrapt to characterize
the relationship between cortical visiehtureprocessing and oculomotor vector encoding
during featureguided target selection

This dissertatiopresens a series of behavioral experiments that provide several insights
into this relationshipln these experiment$ measurehe perturbation afargetdirected saccade
elicited bycompetitiveremote distractoras a function ofl) thefeaturespacedistance between
targets and distractoesd/or(2) distractor processirtime. Given the close correspondence
betweersaccad@erturbation metrics and the underlying physiology of the oculomotor system,
this methodology offera nonrinvasiveanalogto examinng the time course of oculomotor
distractoractivation during featurguided target selectioin one set of experimentspbserved

thatdistractor activation encod#se featurespace distance between targets and distraict@rs



manner consistent with attentional pruning of visual features observed in cortical feature
representations during feattibased attentional deploymehit.another set of experiments, |
observed thathe pattern of visual onset response latencies across distractor features mimics the
patternrobustly observebtetween theorticalmodules specialized for processing the respective
featues These results indicatecétoserepresentational and tempopearity between feature

encoding in oculomotor and (cortical) perceptual systétherefore propose a broad theory of
oculomotor feature encoding wheredye movement vectors atulomotor substratese
dynamicallyand continuouslyeweighted bythefeaturedependent network of cortical modules

in the perceptual systemecessary for representing the relevant featurefsbe potential eye

movement target
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Chapter 1. Vision and Eye Movements



1.1.Introduction

Vision is unique compared to our otrenses at least two regards. Firsthile other
sensory organs are affixed to our bodies, our visual sensory organs, the retinas, can be redirected
and aligned to a particulécationin the environment independently of the rest of our body.
This redirection and alignment of the retina is possible because our retinas are affixed to the back
of ourapproximately sphericayes, which are free to move within their orbit. The eyes are
connected to three pairs of antagonist extraoculsscles in which eagbair affordsrotational
movemenaroundone of thredodily cardiral axeqdi.e., superior/inferior, medial/lateral, and
anterior/posteriarSecond, vision is an endlessly cyclical process whereby neurocognitive
processing of the available visual information is used to select a target location for the
realignment of our gaze. Then, by virtual of realigning our gaze to the selected locatiah, vi
processing of that location is enhancad such visual processingelies on eye movements,
which relies on visual processiragd infinitum

The reciprocal nature of visual processing and eye movemeattsiligitable to the fact
that the density abur photoreceptos specialized cells that transduce light energy into
neurobiological signats is highest in the centermost region of the retina callefbtrea
centralisand drops off exponentially at greater eccentricities (Cwtcad, 1990). Such retinal
organization is evolutionarily adaptive as uniformly distributing photoreceptors across the retina
limits an organisnto moderate visual processing across the entire visw@lonmentwhereas
densey clustering photoreceptors in one retinal area provides excellent visual processing in
smallportionof thevisualenvironmenwithout requiring additional anatomical resourcHse
tradeoff is thathigh visual acuity igffordedto only a narrow subset of the entire visual

environmen{the fovea only subtends approximately 1 degresm@facross theisual



environment) butas alluded tothis limitationis mitigated by our ability to redirect the retinas:
moving theeyesaboutthe visual environmerallowsusto serially process the environment with
high visual acuity, but consequently regsingany eye movements.g.,primatestypically make
around 23 eye movements a second)

Since time and metabolic resources are expended for each eye movamafut,
planning of eye movemesiis required. Evolutionary pressures have undoubtedly ensured that
animalsmust prioritizetheir eye movements so to direct them to only the most biologically and
behaviorally relevant objects or locations in the environment (e.g., a predator or food, in that
order).Unsurprisingly, then, great amount of visual and cognitive processing is dedicated to
selecting targets for eye movements, a process aptly tattpet selectionWhile immense
research haslentifiedthevisual andcognitive factorgshat mediatéarget selectioress research
hasexaminedvhenvisual and cognitive informatiois incorporated intampendingeye
movemens andfrom wherethese visual and cognitive inpuigginate The current dissertation
will address this limitation bipcusng on thecontextdependentime course otorticalinputs
into the oculomotor system thaediaestarget selectionin the following sectionsf this
chapter | will briefly review fundamental concepts related/igual and oculomotor processing
andthen outlinenow these processes reciprocaibntribute taoculomotortarget selection.
1.2 Visual Processing

In this section, | will provide an overview of critical concepts related to how primate
visual systems process thisualenvironment and then give an anatomical and functional

summary of the primate visual system.

In vision science, a degree of arc is more commaefgrred toas adegree of visual angl@his
concept is herein more simply referrecagidegree.



1.2.1 Receptive Fields

When the eyes are steadily fixated, a certain portion of the environment is visible, which
is referred to as the visual field. The human visual field encompassesl8balggrees
verticallyand160 degrees horizontallyith overlap between both eyes in the central 60 degrees
horizontally(Spector, 1990). Each visible point of space in the environment corresponds to a
unique location on the retiraand is thereforencoded by a specific populationpgfotoceptors
We can mvett this relationship to say thatichphotoreceptois responsive to incoming light
information from a particular region of spatias region of spacdefinesthereceptive fieldf
thecell.

Visual receptive fields are pooled together to form larger receptive figldseural
summation: theeural activitylevelsin a collection ofvisualy receptiveneuronsadditively
modulatethe activityof an upstream neuroAs such, the upstream neuron intsethe visual
receptive fields of the downstream neurdftsis pooling starts in the retina as photoreceptoe
pooled into retinal ganglion cells (RGCRGCsprojectvisual representations out of the retina
to visual neuron# the central nervous systemherepooling continues and creates increasingly
large visual receptive fieldsp&tially specific visual encoding presenthroughoutthe widely
distributed visual processing areas of the primate central nervous g@&teson et al., 2018).
1.2.2 Feature Specificity

In addition to spatial selectivity, visuaéuronsarealsocharacterized byisualfeature
selectivity. Visual features are the visual constitutes of the visual environarehvary
continuously along some psychophysical dimension, called a visual attfloutexample, color
is arealvaluedphysicab and psychologicél continuum.Color is therefore an example of a

visualattribute,andany oneparticular color is therefore a visual featiéhen avisual neuron



becomesctive for some visual features and inaetfor other visual featureslong the same
attribute, this neuron is feature selectiFer example, a visual neuron may be very active for
red, but inactive for green. As such, the neuron is selective for the feature red and encodes the
attribute colorConverselya visual neuromay beequallyactive for all colorsand therefords
not color selective

In addition tocolor, pimate visual systems encode myrghple(i.e.,onedimensional)
visual attributesvith obvious underlyinggsychghysical continuumssuch as lin@rientation,
sinusoidal spatial frequency, motion direction, velgatg Visualattributes are successively
pooled together forminmcreasinglycomplex (i.e., multidimensional) visual attributes
allowing for encothg of complex visual stimuli likdaceswords andevencomplexnovel
objects Kehoe et al., 2018aDecades of visual neuroscience research has revealed that the
primate visual system consists of dozens of anatomically and functionally distinct visual areas
specialized for processing a specific seatbfibutesof varying complexity.
1.2.3 Visual Processing Hierarchy

Thevariousvisual processing areas of the primate nervous syatehtheirrich
interconnedbnsform a tangledveb. This networkhas been meticulously cataloguést
neuroanatomistmto approximately 300 connections between approximately 30 riDg&®e
& Van Essen, 198&elleman &Van Essen1991 Van Essen et al., 199%an Essen &
Maunsell, 198B(see Figurd..1 to betterappreciate thimpressivecombinatoriakcomplexityof
the primate visual processing netwpikterestingly theprimate visual processing netwdiks
obviouslinearproperties, as visual processing areas hrerarchicdly distributedon a functional

and anatomical basikh each successive layer of the visual processing hierardgonstituent



visual neurons have an increaggyireceptive field sizg(2) representational complexit{3)
visualonsetlateng, and (4)posteriofto-anterioranatomical positioisee Figure.2):

1. Cells in the highest levels of the visual processing hierarchy have massive receptive
fields that span most of the visual field, while cells in the lowest levels of the hierarchy
have small receptive fields that span a small fraction of the visual figkl pidperty
emergedecauseapatially contiguouseceptive field§rom downstreanmeuronsare
pooledtogethelinto an upstream neurofsiven this principle, visual receptive field size
increases somewhat linearly as a function of position initual processing hierarchy.

2. Visual feature representations frolmwnstream neuroreepooledand transformed so
that increasingly complex visual features of the environment are encoded in each
successive layer of the hierarchy. For exampla,stimulus consistof two intersecting
lines and the orientation of each individual line is encoded by ohsa¥isualneurons
then hese representations can be pooled togethermnbpstreanvisual neurono
encode the angle of the lines.

3. Neurons in lower levels of the hierarchy will encode a stimulus faster than will neurons
in higher levelsThis property emerges becaussual representations are propagated
betweercortical visual modulewith a transmission time of approximately 10, it so
called10 ms ruleof-thumb(Nowak & Bullier, 1997). As such, the latency of neuronal
responses to visual stimuli increagy approximately 10 ms for each downstream
modulethat relayed the signal.

4. Thecorticalvisualprocessing hierarchy is anatomically distributed so that lower levels
occupy locations in posterior sites of the cerebrum, while highelsoccupysitesthat

are further anterior.
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Figure 1.1. Macaquecorticalvisual processing network. Visual processing areas (nodes) are indicated by text

labelled squares. Connections between nodes are indicated by horizontal and vertical lines. The hierarchical position
of nodes is indicated by their height in the figudete Severalkubcortical visual substrates are not included in this
diagram.Reprinted fronFelleman, D. J., & Van Essen, D. C. (1991). Distributed hierarchical processing in the

primate cerebral corteiCerebral Cortex1(1), 1-47. https:/Hoi.orgf0.1093/cercor/1.1.1.
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Figure 1.2. Visual processingierarchyof the macaque ventral streaxfisual processing areas anelicated by
color. Diagram of brain (top) indicates the postettoranterior hierarchical distribution of some connected visual
processing areasd the ventral streanBottom diagram indicates (from left to right) the increase in receptive field
size, visual onset latency, and visual representational complexity from-iossegherlevels of the visual

processing hierarchyreprinted fronKravitz, D. J., Saleem, K. S., Baker, C. I., Ungerleider, L. G., & Mishkin, M.



(2013). The ventral visual pathway: an expanded neural framework for the processing of objectlgeattyin

Cognitive Scienced7(1), 2649. https://doi.org/10.1016/j.tics.2012.10.011

The visual processing hierarcbhgn be further segmentedo threefunctionally and
anatomically distinct, yet interconnectgdyallelhierarchiesthe retinotectal pathwainot
illustratedin Figure 11), the dorsal streaifnot colors in Figure 1.1pand the ventral streaoool
colors in Figure 1.1)Segmentation into three parallel visual processing hierarchies hedies
reting wherethree functionally and anatomically distinct tyg®SCs project visual information
into the central nervous systekoniocellular cellfeed the retinotectal pathwgyarasol cells
feed the dorsal stregrandmidget celldeed the ventral stream

1.2.3.1 Retinotectal pathway.The retinotectal pathwagyrimarily subservesapid
orienting responsdsy cartying visual input from the RGCs tihie extraocular musclesith
fewer synapseshan in any other visual pathwakhis affords primates gross orienting responses
with latenciesat least as short &) ms This pathway bypasses cortex and therefore forgoes
highervisual andcognitive processingnd is entirely reflexive. However, the reflexive
sensitivityof this systentan up or downregulated by executive control signalgely mediated
through the basal ganglian netw@Hkikosaka et al., 2000)

1.2.3.2 Dorsal stream. Thedorsal processing stream is classically referred to as the
Awher ed pat h veabgervesamatiai visighingeneiglea& Mishkin, 1982)
Generally visual cells in this pathway have large receptive fields, ppatialcontrast
sensitivity, high temporal contrast sensitivityearly absent color sensitivity, and feshduction
velocities These traitallow the substratesf the dorsal streano optimally subservquickly

directingfocused attention and purposefubtorbehavior towardsbjectsand regionsn space.



Lesions of the dorsal stream are typically associatedhentilateral visual neglecimpaired
visually-guided motor behavior, and perceptual deficits in spatial localization.

1.2.3.3 Ventral stream. The ventral processing streasrclassically referred to as the
Awhat 0 pat hwsugserveafsaturalsionbna obgee tegognitiofngerleider&
Mishkin, 1982) Visual cells in the ventral stream generally have smaller receptive fields than
corresponding stages in the dorsal stream, high spatial contrast sensitivity, low temporal contrast
sensitivity, slow conduction velocities, and a subset of cells encode Thise traits allow the
substrates of the ventral stream to encode the precise visual details of the environment
subservinghe representation and recognition of objelcesions of the ventral stream are
associated with a wide range of agnosies for fipadsual attributes or types of objecEor
example, achromatopithe inability to perceiveolor,; or prosopagnosiahe inability to perceive
faces.
1.3 Oculomotor Processing

In this section, | will providdéunctional distinctions betwedgpes ofeye movemeist an
overview ofsomecritical concepts related to how primateulomotorsystemsncodethe visual
environment antétow this processing subsentasget selectiorhow oculomotor processing
manifests into overt behavior, atiten give an anatomical and functional summary of the
primateoculomotorsystem.
1.3.1 Types of Eye Movements

Eye movemerstare typically categorized according to their functional role in oculomotor
behaviour (Sparks, 2002Jergenceeye movementge reflexive, disconjugate horizontal eye
movements that ensure that a particular location in the visual figichidtaneouslyoveated

(i.e., at the center of gaze) in both eyésstibular optokinetic respons@sOR) andoptokinetic

10



nystagmus respons@®KN/R) are reflexive, conjugate eye movements that maintain fixational
stability while the observer or image (respectively) are in moSmoothpursuit eye movements
(SEM) andsaccadesre voluntary, conjugate eye movements that redirect gaze to a new location
in the visual field. As a functional distinction, SEMs allow us to stably track a moving visual
stimulus, while saccades allow us to redirect the location of our gaze to aastestomulus
SEMs and saccades can also be differentiated accadadihgir velocities, with SEM ranging
from 0-30 degrees/second and saccades ranging freh®@80 degrees/second, and their reaction
time latencies contingent on stimulus onset, with an average SEM latency of 125 milliseconds
(ms) and an average saccadenay of 200 ms (Sparks, 2002). Despite these functional and
kinematic differences, SEMs and saccades are both encoded according to retinotopic spatial
mapping as with visual information. The current dissertationpsiitharily focus onoculomotor
procesgig of saccads.
1.3.2 Motor Fields

Since eye movements redirect theation of gazethey have a start poinntial fixation
location) and an endpoir{postmovement fixation locatiorgnd can be conveniently

conceptualized as polar vecttxavingboth a direction and an amplitude. In much the same way

that visual neurons have retinotopic visual receptive fields, oculomotor cells encode potential eye

movement vectors astinotopicmotor fieldsAKA movement fieldsSpecifically, when
activationlevels in a specific populatiasf oculomotor cellsurpasses some threshadeye
movement with a specific direction and amplitusielicited This direction and amplitud#efine
themotorfield of that population of oculomotor cellsiterestingly thisspatial encoding scheme
is utilized byother movement systems suchtasse involved irmanual reaching (Georgopolous

et al., 1982, 198K ettner et al., 19885chwartz et al., 1988Populations of €lls encothg
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contiguous saccade vectors in retinotopic spaedocated on contiguous portions of neural
tissue thus forming orderly motor maganderson et al., 199&obinson, 1972Robinson &

Fuchs, 1969 This cculomotor mapping isawhere more apparent than in the intermediate
layers of the superior colliculus (SGipdthe frontal eye fields (FEF) where saccades and SEMs
are encoded on orderly spatial maps of potential movement vectors, as demonstrated by
meticulous microstimulation experiments (Gottlieb et al., 1993; Robinson & Fuchs, 1969;
Robinson, 1972fsee Figurd..3 for an example of the motor map encoded in)SCmne
distinguishing characteristaf the constituentellsin neural substrates encodiagulomotor

mapsis that they possessvariety ofmotorand/or visuakensitivities (i.e., theynayhavea

visualreceptiveand/or motofield).

rostral

down

caudal

Figure 1.3. Macaque oulomotor map in thentermediate layers of the superior collicu(&Ci). A: 2-dimensional
slice ofneural tissue in SGvherehorizontalgrid lines indicate motor fieldmplitudes and vertical grid lines

indicate motor field directionsScale indicates millimeterB. Corresponding saccade vectors in retinotopic space to
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those neurally represented in Reprinted fromRobinson, D. A. (1972). Eye movements evoked by collicular

stimulation in the alert monkeYision Researchl2(11), 17951808.https://doi.org/10.1016/004@989(72)9007€3

1.3.2.1 Vector averaging.Oculomotor vectors are spatially and temporally averaged.
two oculomotor vectors are simultaneoustyivatel, the elicited movement is the average of the
two vectors weighted by the strength of microstimulatlelivered toeach vectofRobinson
1972; Robinson & Fuchs, 196T his also observed whenkeehaving primate executes a saccade
to one stimulus and only the secondary oculomotor vector is invasively stimulated (Glimcher &
Sparks 1993. If supethreshold stimulation of two oculomotor vectors are ofifisé¢ime by O30
ms then the first saccade vector is elicited, but some portion of it is mechanitaifeied with
and replaced by the second saccade veRimbiGison, 1972; Robinson & Fuchs, 1969
Suprathreshold stimulation of two oculomotor vectors offset in time by >3@eraly elicits
two sequential saccaddsa behavingrimateexecuesa saccadeut subthreshold
microstimulation is delivered to a secondary saccade v@&0ms prior to saccade execution,
then the saccads initially directedtowards the stimulated vector, but then deviates back
towards the target and thus has a distinctly curved trajedituiydek, 2006McPeeket al,
2003 Port & Wurtz, 2003 Given these observations, the interval between saccade execution
and 30 ms prior to saccade execution has been deemattitta period (McPeeket al., 2003
asthe susceptibilityf animpendingsaccade trajectpito bemodulatedoy competing
oculomotor activityis confined tahis interval Thesespatiotemporabector averaging properties
are robust enough tmeaccuratelynodelled mathematicallyOgtes et al., 198@ort & Wurtz,
2003;Van Gisberge& Van Opstal, 1987Van Opstal & VarGisbergen, 1989

Inhibition introduce a negative contribution in the vector average computation.

Inhibitory pharmacological injections into oculomotor maps shifts saccadic endpoints away from
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theinhibitedoculomotor locus (Lee et all988 and saccaddsajectoriescurve away from the
inhibitedlocus (Aizawa & Wurtz1999. However,in the absence of inhibitory injections,
saccades curved away fronviaual stimulusarenotassociatedavith sustainednhibition of the
stimulus but ratheratransientdecrease in activitgncoding the stimuluguringthe critical
period(White et al., 2012)
1.33. Cell Types

Cells in oculomotor substrates atassicallycategorized int® types:pure movement,
visual burst, visual tonic, visuomotor burst, visuomotor toand fixation(cf. Lowe & Schall,
2018) Pure movemertellshave no sensitivity to light stimulation boécome very active
immediately prior to @accade executed into their motor fie{8shall et al., 199% Seagraves &
Goldberg, 1987Wurtz & Goldberg, 197 Conversely, isual burst and visual tonic celise
sensitive to light stimulation black any saccadeelatedsensitivity(Goldberg & Wurtz, 1972
Wurtz & Mohler, 1978. Visual burstcellsbecome very active immediately after the onset of a
visual stimuludocatedin their visual receptivéeld, but this activation quidi drops back to
baseline levelgMcPeek & Keller, 2002)Visual toniccellsalso become very active immediately
after the onset of a visual stimulus inside their receptive fldi activation level quickly
decreases bug maintained at above baseline levels for as long as the stimulus remains in the
visualreceptive fieldHanes et al., 1998/ays & Sparks1980. Visuomotor burst and
visuomotor tonic cells are sensitive to both ligtinulationin theirreceptivefields and saccades
executed into theimotor fields(Munoz & Wurtz, 198a; Schall et al., 1994). In these cells,
there is a closepatialcorrelation between the visual receptive and motor figkdslgers et al.,
2006. Visuomotor burstellsbecome veractive after the onset of a visual stimulus into their

receptive fieldsbut his activity quickly drops back down to baseline levélsese cellbecome
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very active again immediately prior to the execution of a saccadth&itonotor field(McPeek
& Keller, 2002) Visuomotor tonicellshave the same properties as visuomotor burst cells,
except that they maintain a certain level of activation between stimulus onset and saccade
execution typically referred to as the delay peri@hsso & Wurtz, 199841anes et al., 1998;
Glimcher & Sparks, 199Munoz & Wurtz, 199%). Fixation cellsare tonically active during
fixation periods and briefly become inactive immediately prior to saccade exe(Dbas et
al., 1997;Hanes et al., 1998/unoz & Wurtz, 1993).
1.3.4 Target Selection

1.3.4.1 Neurophysiology.Target selection is thgrocessvhereby over time the neural
representation of a targetgsaduallyenhanced, whilsimultaneouslyhe neural representati®n
of all otherstimuli aregraduallysuppressedintil eventuallythetarget representation surpasses
threshold andk thus selected fa saccadieyemovemenisee Figurd .4). When avisual
stimulus appears misual receptive fielaf an oculomotor celthe cellrespondsvith a rapid
swell ofactivation(i.e., aburs). The latency of thisisual onset burgs typically 5660 ms
(Boehnke & Munoz, 2008) reflecting afferent signal transmission times from the retina to the
oculomotor substrateécross all visual and visuomotor cell typese imagnitudendlatencyof
the visual onset bursibes not distinguish whigera target or nottarget (in a vision experiment,
these are typically called distractors) is in the receptive field of the cell (Fecteau & Munoz,
2006) After theinitial visual onset burstonicvisual and tonic visuomotarculomotor cells
maintan above baseline levels of activati@o calledonic activity in an interval of time
referred to as thdelayperiod whichis the interval of time between visual onset burst and
saccade executioRorvisual tonic and visuomotdaonic cells encoding notarget locations,

tonic activity gradually decreases to baseline lewetbe delay periodConverselytonic
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activity is maintained for visual tonic cells encodiagargetocationin the delay periodwhile

tonic activity gradually increasén the delay periodfr visuomotor cells encoding a targéhe

point in time after stimulus onsatwhich neural activation levels have diverdestween
oculomotor cells encoding target and distractor locai®oalledthetarget discrimination time.
After sufficient processing time, visuomotor tonic, visuomotor burst, and pure movement cells
discharge a burst of activity timlecked to theexecutionof a saccade to the target, calked

mota burst The latency of the saccade after the motor amsetis approximately 10 ms

which likely reflects the efferent transmission time between oculomotor substrates and brainstem
saccade generatoffgliyashita & Hikosaka, 1996 During saccade execution, otherwise tonically
active fixation cells transiently deactivdterelease tension on the extraocular muscles and allow
the eye to movéMunoz & Wurtz, 1993)After the saccade, fixation cell tonic active resumes to
anchor gaze on the newly selected fixation point (i.e., the saccade. tdaye¢\ver, the level of
postsaccadidonic activityhas stepped, as a differaarhount of tensiors requiredo anchor the

extraocular musclesn this new location
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Figure 1.4. Generic culomotortarget selection time coursehe visual onset bursting phase is indicated by the red
shaded region. The delay phase is indicated by the green shaded area. The motor burst phase is indicated by the blue

shaded regiom,B,C,D,E: Oculomotor cellular activation levels when eitliee target(solid line) or anornttarget
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(dashed line) ign the visual receptive/motor field of the cell,E: Target discrimination time is indicated by the
arrow and accompanying text: Neuralactivation levels for pure movement ceBs.Neuralactivation levels for
visual burst cellsC: Neuralactivation levels for visual tonic cellB: Neuralactivation levels for visuomotor burst
cells.E: Neuralactivation levels for visuomotor tonic cells. Neuralactivation levels for fixation cell&otted

line).

1.3.4.1.1 Stimulus identity encodingTarget selection processing can be disaggregated
into visual processing and motor processing components, as the motor command etatatis
exclusively to the motor burst amdtivity prior to the motor burst is sometimes uncorrelated
with the eventual target choice. For example, target and distractor representations are identical
during the visual onset burst and for some portion of the delay ffresteau & Munoz, 2006)
and interestinglytarget discrimination times entirely uncorrelated with saccadéencyin
approximately60% of VM tonic cellsin SCi(McPeek & Keller, 2002)Conversely, trajectory
modulation of anmpending saccade by competing oculomotor activity is limited to the critical
period immediately prior to saccade execution during the motor burst p&iiotther &
Sparks, 1993VicPeek, 2006McPeek et al., 20Q3ort & Wurtz, 2003; Robinson, 1972;
Robinson & Fuchs, 1969As such, we can concludieat broadly speakinggctivity prior to the
motor bursis related to visual processing, while activity during the motor burst is related to the
motor command signal for saccade execut®inceoculomotor cell activatiotevels are
different betweertellsencoding targets verstisose encodingontargetsduring the delay
phasewe caralsoconclude that these cells encatienulusidentity, where stimulusdentity can
bedefinedby a variety of visuahnd cognitive factordA general principle of oculomotor
encoding duringarget selectioprocessing arises from these observations: rethee

differences in thactivation levebf oculomotor cells encodintvo different stimuliduring
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visual processing phasdhben the factors thadentify those stimuli are encoded the
oculomotor cellsThe factors encoded by oculomotor cells may be entirely unrelated to the
oculomotor task of the observ&nr examplethevisual onset bursts and delay phasgvation
levelsmay differ between distractobssed on their level ahherentvisual saliencéWhite et
al., 201D). In such acontext, the activation level differencelsservedetween distractors do
not distinguish a target from a distractor and are thus unrelated to the task of saccadic
localization of the targeflternatively, thefactorsthatuniquely identifya target may be
encodedy VM cells, thus thee cellsencode thdehavioral relevancef the stimulusn thar
visual receptive/motor field

1.3.4.1.11. Salience and priorityTwo features that are sharply distificim each other
along their respective visual attribute dimension are perceptughycontrastFor example, the
perceptuatonspicuitybetween a vertical line and a horizontal line is visually striking, whereas
the perceptuatonspicuitybetween a vertical line and nearly vertical line is visually subtle and
difficult to perceiveln the former case, vision scientists refer to this featural relation as
characterized bitigh saliencewhile the latter casis characterized blpw salienceSalience
canthereforebe defined athe inherenperceptual conspicuityf afeaturegivenits featural
context The aggregation of salience across all the releviantl attributesn thevisual
environment is called a salience map and indicates all the perceptually conspicuous locations in
the visual environment.he concept of a salience map was first introduced by cognitive
psychologistand incorporatethto highlyinfluential theories of attentional processing
(Tresiman & Gelade, 1980; Wolfe, 1994/olfe et al.,1989) and later incorporated into highly
successfupredictivemodels oftaskfree oculomotortargetselection Itti & Koch, 2000;tti et

al., 1998 Parkhurst et al., 2002as sensory salience can reflexively capture attentional (Yantis
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& Jonides, 1984) and oculomot@rheeuwes et al., 1998klection However, primate behavior
is often goalorientedand thereforeamot beinfluencedby featuralcontrass alone.For
example, if youtask is to localize a red color patch, then the perceptually striking contrast
between neighboring blue and yellow color patches maydigy saliert but isbehaviorally
irrelevant.As such, our neurocognitivexecutive controsystem prioritizes sensory
representations based on their behavioral relevance to the organism, which igraaikyd
encoding.Thus, piority is there-weightingof saliencebased orbehavioral relevancsee
Figurel.5). This priority control signabriginates inthe fronto-parietalnetwork ofexecutive
neural substrateendis propagatedownstreanwhere it modulates more posternigsualand
oculomotorrepresentation@Corbeta & Shulman, 2002Seerces & Yantis2006,2007,

Serences et al., 200%8antis et al.2002.

Visual Display

Salience Map

Priority Map

Figure 1.5. Salience and priority mager an exampleisualdisplay. Assume the obsendsrtask ido localize the
red stimulusThe left panel illustrates an example visual display containing a uniform field of/'geetizal lines,
exceptfor one redvertical line and one grefrorizontal line.The redgreen and verticAlorizontal perceptual
contrasts arbothvery saliengiven their featural contexthe middle panel illustrates the salience map of the
displaywhere salience is indicated byightnessThe areas of higbaliencecorrespond to the locations of the
redgreen and vertic#iorizontal contrastd he right panel illustrates thiority map of the displaywhere priority

is indicated bybrightnessAlthough the vertical/horizontalontrasts highly salient, it receives a lower priority
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weighting as these features are irrelevant for the talskreas the red/greenntrast receives a highgriority

weighting since these features gask relevant

1.3.4.2 Behavior. During oculomotor target selection processidgstractor activation
levelsoften do nofully return to baseline and some residual distracttated activation persists
to the time of saccade executidinthere is residual distractor activigt the time of saccade
execution then by the vector averaging principleserved iroculomotor substrates, saccades
curve andor landin betweertargets and notargets(i.e., the global effegt As such,systematic
saccadeurvatureor global effectrevealsthatthere is systematic unresolved competition
between targets and distractd®gstematic accade curvature and global effect differences
between visual stimuli and cognitive contexts thus revealwithe variety of visuaand
cognitive factors encodezh priority maps iroculomotor substrates

1.3.4.2.1 Saccade curvatureSaccade curvature is any deviation from a straight line
between the start and endpoint of a saccade. Various methods have been proposed to quantify
this phenomenoriL(dwig & Gilchrist, 2002; Tudge et al., 201Tn theremote distractor
paradigmin which saccades are executed to a target with ar@bvant distractor located
somewhere in the peripheaccades tend to curve towards the distractor at SRTs less than 200
ms and begin to curve away from the distractor at SRTs greater than 200 ms (McSorley et al.,
2006),althoughsaccadesend tocurve away fromhedistractor on averag®oyle & Walker,
20071 Tipper et al., 2001 Saccades requirgpproximately70 ms of distractor processing time
before curvingowards a distractor (Kehoe & Fallah, 20%ifilar to saccademplitudeshifts
(Becker& Jurgens,1979 Ludwig et al., 2007)Saccade curvature studiesrroborate
neurophysiological studies in suggestihgt features are encodedoculomotor substratesd

affect the priority weightingsf saccade vectof&ehoeet al., 201822018k Ludwig &
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Gilchrist, 2003 Mulckhuyseet al., 2009. As suchdistractors that are spatially (McSorleyal.,
2009 and priority balanced (Kehoe et al., 2018a) ehaseline saccade curvatliiely because
unresolved competition sums to zeBehavioral studieseveala long list ofvisual and cognitive
factors thatan affect the vector priority weightingdiscussedn greater detaibelow).

1.3.4.2.2Global effect.The global effect is the spatial averagingpogsiblesaccade
vectorsin which saccade endpoints land in between potential tafig@assoccurs forvisual
stimuli separated bipetweer20 and45 polardegreegFindlay & Blythe, 2009Van der Stigchel
& Nijboer, 2013;Van der Stigchel et al., 201®/alkeret al., 1997. The global effect occurs for
saccades witBhort latencie$<250 ms)and is resolved at longer latenc{€oéffé& O6 Regan,
1987;Findlay, 1982Heeman et al., 201%an der Stigchel & Theeuwes, 2008 nlike saccade
curvature, the saccade endpoints do not usdalyat in the opposite directiofiom a
distractor Saccaderectoraveraging seems to be undep-down control of the observer, as the
global effect can be eliminated with explicit task instructi@fiadlay & Blythe, 2009 Findlay
& Kapoula, 1992Heemaret al, 2014.

1.3.4.2.3Flash saccade inhibitionDuring saccade planning, a transiétash of light
represses the initiation of saccadéer alatency of about 60 ms (ReingatdStampe, 2002
This effect isalso observed for microsaccadEsagbert & Kliegl, 2003; Hafed & Clark, 202
The flashmaybeaglobal spatiallyhomogenoustuminance flux(Reingold& Stampe, 200Ror
thespatially specifionset of avisualstimulus(Kehoe et al., 2020 helikely causeof saccade
inhibition from transient visual onsets may be frémation cell engagemeriMunoz & Wurtz,
1993)or lateral inhibitory networks in colliculus (Munoz & Istvan, 1998jhough the latter
mechanism is more likelgiven thethat flash saccade inhibition can be elicited fispatially

specificperipheraktimuli (Kehoe et al., 2020)
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1.4. Disaggregating Visual andOculomotor Substrates
For this dissertatior,will adoptthe following distinctiorbetween visual and oculomotor
processing substrates witie following criteria:

1. Oculomotorsubstrategare those whiclwhenmicrostimulatedat low currentselicit
saccadem theabsence of a visuatimulus Converselyyisual substrates are those
which do not elicit saccadeshen microstimulatedexcept at extreme amperadesy.,
nA 0200, which is almost certainly a bleeding effe€tcurrent into oculomotor
substrate¢seeSchiller, 1977). Simulation ofvisualareas inducevisual perceptual
phenomendlLee et al., 2000Schiller et al., 2011

2. Oculomotor areasxhibit spatially-specific anddissociable visual and motor activity
while neuronal activityin cortical visual areas do nexhibit spatially-specific
modulationassociated with eye movements.

3. Oculomotor areas are those which whesiored, produceleficitsin saccadgenersion,
while sparingany perceptuafunction This is cdubly dissociable with visual area lesipns

which show perceptual deficits following lesiomghout discernible motor deficits

15. Interplay of Visual and Oculomotor Processing

Although the visual and oculomotor processing neural substrates can be meaningfully
disaggregated, theredsnsiderable interplay between these systevh&ch subseres the wide
rangeof visual and oculomotor behaviasbserved irprimates Thesenteractions between
visual and oculomotor substrat@® reciprocaloculomotor substrates alter the
sensory/perceptual representations in comgxle oculomotor substrateglectmovements from

the priority-weightedsensoryrepresentationgrojected from relevant visual cortices.
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1.5.1. How OculomotorProcessing Modulate¥ision

Abundant single unit recording experiments have demonstrated that sensory
representations in visual cortical neuronsracelulatedby the deployment of spatial attention
into the receptive field of the neurons (Connor et al., 1996; Connor et al., 1997; Martinez
Trujillo & Treue, 2004; McAdams & Maunsell, 1999a, 1999b; Perry et al., 2014; Recanzone &
Wurtz, 2000; Reynolds et al., 2Q08pitzer et al., 1988; Treue & Martindzujillo, 1999; Treue
& Maunsell, 1996)Critically, it has beenlemonstratethat the modulatory effects of attention
on visualsensory representatioage rooted in oculomotor substrates (reviewed by Awh et al.,
2006; Moore et al., 2003). For example, microstimulation in FEF causes increased luminance
(Moore & Fallah, 2001, 2004) and motidirection(Gold & Shadlen, 2000ensitivity, while
microstimulation in SCi causes increased change detection performance (Cavanaugh & Wurtz,
2004) and motion direction sensitivity (Muller et al., 2008icrostimulation in oculomotor
substrates replicates theodulatoryeffects ofcovertattention on downstream visual
representations in visual cortices (Armstrong et al., 2006; Monosov et al., 2011; Moore &
Armstrong, 2003)Conversely, reversible inactivation of SCi produicedtentive perceptual
judgementeficits (Lovejoy & Krauzlis, 2010)These studestablish the link between
oculomotor processing amisual corticalsensory representations.
1.5.2. How Vision ModulatesOculomotor Processing

In the deep layers of SCi, visual response&km@natedfollowing ablation or reversible
cooling of primary visual cortex, extrastriatal cortex, and visual associative cortex (Broadman
area 19) (Schiller et al., 1974)his suggests that oculomotor substrates select movement goals
from sensory maps projectéom visual corticesn afeedforward maner. This account predicts

that alteration otorticalsensory representations should also alter oculomotor vector encoding.
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Consistent with this predictiostimulation of V1 biases saccadic target selection for stimuli in
the stimulated receptive fiel&c¢hiller & Tehovnik, 20057 ehovnik et al., 2002), while
stimulation of MThiases SEM in the direction encoded by the stimulated population of MT cells
(Groh et al., 1997Born et al., 2000 Far andaboveencoding sensory maps, oculomotor
substrateslsoencode complex priority mapas demonstrated directly from single unit
recordingsn whichoculomotor cellctivation levels are higher for target features than distractor
featuregBichot et al., 1996; Carello & Krauzlis, 2004; Herman & Krauzlis, 2017; Horwitz &
Newsome, 1999, 2001; Kim & Basso, 2008;Peek & Keller, 20022004 Sato & Schall, 2003;
Sato et al., 2003; Schall & Hanes, 1993; Schall eL89%, 2004; Shen &aré 2007, 2012;
Thompson et al., 2005)his is corroborated blgehavioral studiesuggestinghat complex
priority relatiorships between targets and distractorser modulatoy influence on oculomotor
vector representationSaccadesurvature analysaesemonstratéhat oculomotor maps encode
previous distractor locations (Belopolsky & Van der StigcBelL3 Jonikaitis, & Belopolsky,
2014), the locus of visuospatial attentioBgheliga et al., 1994, 19851995, salience Tudge
et al., 2018yan Zoest et al., 2012), taregistractor similarity for color (Kehoe et al., 2018b;
Ludwig & Gilchrist, 2003; Mulckhuyse et al. 2009) and complex objects (Kehoe et al., 2018a),
target probability (Walker et al., 2006), semantic meaning (Weaver et al), a@dlsocial
relevance (Laidlaw et al., 2015 accade endpoint analyses suggest that oculomotor maps
encode luminance (Deubel, Wolf, Hauske, 1994)ience (De Vries et al., 20/ stimulus size
(Findlay, 1982 Van der Stigchel et al., 20}, zand targeprobability (He& Kowler, 1989).

Another prediction from this view of oculomotor processing pertains to the temporality of
oculomotorvectorrepresentation#\s features become increasingly complex, they require

processing in increasinghjigher levels in the visual processing hieraralifich requires
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additional processing tim@owak & Bullier, 199; Schmolesky et al., 1998f oculomotor
substrates relied on corticsgnsoryrepresentationsf the available stimulio select a target
then as the visual stimuli or cognitive factors increased in complexityomotorvisual onset
burst latencies should increa§mnsistent with thiprediction the visual onsdiurstlatenciesn
SCifor achromatic and chromatic stimuli affisetby ~30 ms (White et al., 20Q9)hich
corresponds to thésual onsetdtencydifferences betweetlhe magneand parvocellulalayers
in V1 and V2(Nowak & Bullier, 1997 Nowaket al., 1995Schmoleskyet al., 1998

Kehoe and Fallah (2017) developed an experimental paradigm-iavasivdy infer
oculomotor visual onset response lateadNe measured saccade curvatures elicited by task
irrelevant, peripheral distractors as a function of distractor processing time while human
observers executed saccades to a tdsgetadalistractor onset asynchrony [SDQAlvhich
reveals the time course o€ulomotordistractormprocessingConsistent with White et al. (2009),
our novelSDOA behavioral paradigrhasdemonstratdthat saccade curvatuieelicited by
color-modulateddistractors~20 ms later thait is for luminancemodulateddistractors These
resultsdemonstrat¢hatsensory representations are projected into oculomotor subs$toates
relevant cortical sitethat process the stimulus featyrasd thus suggests tlatulomotor
substratesely oncortical visual and cognitive processing to constpuirity-weightedobject
representations from which to select.
1.6. Current Research

The purpose of the current dissertation igteestigatehetheorythatoculomotor
substrates aneecessary but insufficient for featdrased target selectipas ortical sensory
representationsiust beprojected into the oculomotor substraftesn relevant visual cortices

wherethese representations are dynamically reweighted accordb@hawioralpriority. In
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chapters and 3 | show thattomplexpriority weightsassociated witkomputations irvisual

and executiveorticesareapparentn the oculomotomapsof available saccade goals.chapter

2,1 show that saccade curvatures vary as a Mexican hat shaped function of 188 101&y
colorspace distance between targets and distractors (kehbe2018), consistent with
attentionalpruning of visual features outside the attentional focus of a target stimulus, as
predicted by the selective tuning (ST) model of visual attention (Tsotsos, 2011; Tsotsos et al.,
1995).In chapter 3, | show that the prioriyeights assigned teets of complexnovelobjectsis
apparent iroculomotor vectors during visual search for complex objectshapter8 and 41
examine how theisualfeatures and cognitive factors that characterize stimulida

modulatory influence on visual onset respoasencies in oculomotor substrates encoding

vector mapsln chapter 3, | extend the SDOA paradigmtomplex object selection and
demonstrate that visual onset response latencies for these complex objects are consistent with
cortical processing in the latest stages of the visual processnagchig (e.g., IT, V4) (Kehoe et

al., 2020).In chapted, | replicate the original SDOA experiment using achronsttitic and
motiondistractorsand show that visual onset latencies are shorter for strictly dorsal stream
features than the ventrstream features in the original paradjgand that visual onset latencies

are in order of visual complexity even within the dorsal processing stream itself
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Chapter 2. Perceptual Color Space Representations in the Oculomotor System are

Modulated by Surround Suppression and Biased Selection

This manuscript has been publishedriontiers in Systems Neuroscience

Kehoe, D. H., Rahimi, M., & Fallah, M. (2018). Perceptual color space representations in the

oculomotor system are modulated by surround suppression and biased

selectionFrontiers in Systems Neuroscienta, 1.

https://doi.org/10.3389/fnsys.2018.00001
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2.1 Abstract

The oculomotor system utilizes color extensively for planning saccades. Therefore, we
examined how theculomotor system actually encodes color and several factors that modulate
these representations: attentimased surround suppression and inherent biases in selecting and
encoding color categories. We measured saccade trajectories while human participants
performed a memorguided saccade task with color targets and distractors and examined
whether oculomotor target selection processing was functionally related to theygEolor
space distances between color stimuli and whether there were hieraddfecahces between
color categories in the strength and speed of encoding potential saccade goals. We observed that
saccade planning was modulated by the @)¥j flistances between stimuli thus demonstrating
that color is encoded in perceptual color space by the oculomotor system. Furthermore, these
representations were modulated by (1) cueing attention to a particular color thereby eliciting
surround suppression oculomotor color space and (2) inherent selection and encoding biases
based on color cegjory independent of cueing and perceptual discriminability. Since surround
suppression emerges from recurrent feedback attenuation of sensory projections, observing
oculomotor surround suppression suggested that oculomotor encoding of behavioral relevance
results from integrating sensory and cognitive signals that aratfereuated based on task
demands and that the oculomotor system therefore does not functionally contribute to this
process. Second, although perceptual discriminability did partiallyjuatéor oculomotor
processing differences between color categories, we also observed preferential processing of the
red color category across various behavioral metrics. This is consistent with numerous previous
studies and could not be simply explainedobyceptual discriminability. Since we utilized a

memoryguided saccade task, this indicates that the biased processing of the red color category
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does not rely on sustained sensory input and must therefore involve cortical areas associated with
the highest levels of visual processing involved in visual working memory.
2.2 Introduction

Color processing plays an important role in many oculomotor behaviors like pursuit eye
movements (Tchernikov & Fallah, 2010), saccadic eye movements (Itti & Koch, 2000; Ludwig
& Gilchrist, 2003;McPeek & Keller, 2001Mulckhuyse et al., 2009), visual search (Bauer et al.,
1996a, 1996b, 1998; D6Zmura, 1991; Green & An
& Gelade, 1980), and attentional selection (Folk et al., 1992, 1994; Pomerleau et al., 2014;
Wolfe & Horowitz,2004).Examinations othese behaviorsave provided evidence that the
color representatiorthat influenceoculomotor planning are encoded in mudlitmensional color
space similar to how perceived color is encoded. For example, it has been demonstrated that the
speed of pursuit eye movements to one of two differertlgred, superimposed random dot
kinematogams (RDKs)moving in opposite directioris linearly proportional to the distance
between the colors in CIK,f) color space (Tchnerikov & Fallah, 2010). Similarly, it has been
demonstreed that the discriminability of a target from distractors in color visual search is
determined by the linear discriminability of the target from the distractors inxgAec6lor
space (Bauer et al ., 1996a, 1996b, 1998; D6Zm
whetherthe color representations utilized for saccade planningiaaencoded in a mukHi
dimensional color space remains unclear

Thereis physiological (Bichot et al., 1996; Sato et al., 2003; Sato & Schall, 2003) and
behavioralLudwig & Gilchrist, 2003;McPeek & Keller, 2001Mulckhuyse et al., 2009)
evidence that coloat least categoricallynodulates saccade planninddditionally, there is

preliminary evidence to suggest that the oculomotor system encodes potential saccade goals in
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perceptual color space: First, White et al. (2009) demonstratedeinatnsn the intermediate

layers of the superior colliculus (S@ik critical neural substrate for the generation of saccades
(Robinson, 1972; Wurtz & Goldberg, 1972) and oculomotor target selection processing (Basso &
Wurtz, 1997, 1998; McPeek & Keller, 2000@)3 have inherent color sensitivities

characterized by very broad tuning profiles in DKL color space. Settwachlor

representations in the oculomotor system almost certaiigynate from cortex as the alternative
retinotectal pathway is colorblind (Schiller et al., 1979) and the dmsgt latencies of color

signals inSCi (~80-90 ms;White et al., 200Pare inconsistent with the characteristically short
onsetlatencies of the retinotectal pathway {24 ms; Schiller & Malpeli, 1977 Furthermore,

the latencydifferencesetweercolor and luminance signails the oculomotor system observed
eitherphysiologically(White et al., 2009) anferred frompsychamhysics(Kehoe & Fallah,

2017)are very similar to the latency differences observed between the cortical dorsal and ventral
visual processing streamSghmoksky et al., 1998)This suggests that color representations in

the oculomotor systemre processed thrgh the ventral processing stream specifically, along
which wavelength representations are transformed into perceived color representations in area
V4 (Conway et al., 2007; Conway & Livingstone, 2006; Schein & Desimone)1886 ventral
visual processing stream is also richly interconnected with the frontal eye field GdER)I (et

al., 199%; Felleman & Van Essen, 199knother critical neural substrate for oculomotor target
selection processindp@ssonville et al., 1998chlagRey et al., 1992; Segres & Goldberg,

1987) that integrates complex visual representations and higher cognitive factors (Bichot et al.,
1996; Kastner et al., 2007; Moore & Fallah, 2001, 2004; Sato et al., 2003; Thompson et al.,
2005).Third, there is an extensive degree of overlap in the neural circuitry that subserves

saccadic eye movements, pursuit eye movements, and visual searcat@wk006; Krauzlis,
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2005; Schiller & Tehovnik, 2001), and previous experiments have demonstrated that pursuit eye
movements (Tchernikov & Fallah, 2010) and visual se@cluér et al., 1996a, 1996b, 1998;

D6 Z mu r g are irffl@Bcid by the color space relationships between stitheatie
observationsuggest thgberceptual colospaceepresentationsould mediatesaccadic target
selection processin@powever whether and howheydo sowarrant further investigation.

One informative method to examine the factors that mediate saccadic target selection is
to examine saccade curvature elicited from remote distraBtoysiological studies have
demonstrated that saccade curvature is elicited fnomesolved competition between potential
saccade goais the epochmmediatelyprior (~30 ms)to the initiation of saccad€bcPeek et
al., 2003; McPeek, 2006Saccade curvature towards a distractor reflects distreattded
excitation (McPeek, 2006; McPeek et al., 2003), while curvature away from a distractor likely
reflects distracterelated inhibition (Aizawa & Wurtz, 1998). Critically, the magnitude of
unresolved actity encoding a distractor vector in this epoch is proportional to the magnitude of
saccade curvature for saccades curved both towsliciReek et al., 2003; McPeek, 2006; Port &
Wurtz, 2003 and away from a distractor (White et al., 2012). Therefore, saccade curvature
provides an index of the inherent competitiveness of aamget stimulus during target selection
processing. In fact, behavioral studies have demonstrated that saccadeesiiva greater
when the color of a task irrelevant, peripheralrdigbr is congruent with a saccade target than
when it is incongruentLudwig & Gilchrist, 2003; Mulckhuyse et al., 200However, these
studies do not provide insight into whether potential saccade goals are encoded in perceptual
color space, as with pursuit (Tchernikov & Fallah, 2010). This could be examined by measuring
the magnitude of saccade curvature as a continfuogsion of the distance between a cued

saccade target and a peripheral distractor in perceptual color space. Interestingly, under such
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experimental conditions, previous research suggests that two possible phenomena may arise: (1)
featurebased surround suppression and (2) hierarchical color selection.

Researchers have demonstrated that there is an inhibitory annulus surrounding the locus
of attention giving the fAbeamo of attention a
wavelet spatial profile (Hopf et al., 2006; Muller & Kleinschmidt, 2004;r8tit et al., 2002).

Thissecal | ed fAsurround suppressiono was first pr
into the computational theory of visual atten
Tsotsos, 2011). Critically, however, ST preadithat surround suppression should also be

observed in the feature domain of an attended feature, which has been confirmed for orientation
(Loachet al, 2010; Tombué& Tsotsos, 2008 and more recently, for color (Stromer & Alvarez,

2014).

Stromer and Alvarez (2014) utilized a perceptual discrimination task in which human
participants covertly monitored two differently colored RDKs located in opposite hemifields and
discriminated whether coherent motion emerged in one of the RDKs. Theyeaib#eait
discrimination performance was highest when the colors of the two attended RDKs weog close
far in color space and was lowest when colors were at an intermediate distance. This result is
characteristic of attentiebased surround suppressiorthie feature domain of the attended
feature (i.e., color) as predicted by ST (Tsotsos et al., 1995; Tsotsos, 2011). We therefore predict
that if attention is cued to a color saccade target and the inherent competitiveness of a color
distractor during targetelection processing is measured, saccade curvature should vary as a
function of the distance between target and distractor in color space with a DoG profile.

Researclexamining the influencef color on oculomotor processimgsprovided

evidence for &olor hierarchy of attentional selectidinst proposed by Tchernikov and Fallah
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(2010) Theyobserved that when participants executed a saccade to an aperture containing two
superimposed RDKs with equal luminance and velocity, but with diffeliesttions anaolors,
participants made smooth pursuit eye movements to one of the two colors in the absence of any
task instructions to do sdemonstrating automatic selection. Criticahpwever they also
observed a color hierarchy of selection in which red was selected over green, yellow, and blue;
there was a weak preference of greeargiellow and blue; and blue was not preferred over
other colors. Lindsey et al. (2010) then demonstrated that visual search for desaturated color
targets imbedded amongst saturated and white distractorgdiga¢quidistant from the target in
CIE (x,y,Y) color spacavasmor e ef fi cient for Bheddiashgetsar géa
effects werendependent of target luminance differences, the perceptual similarity between
targets and distractors, linear discriminability of targets from distractors ixyIt) color
space, and lexical color category membership. In addition to these behavioral results, Pomerleau
et al. (2014) measured eveastated potentials during a visual search task and observed that the
N2pcsulztomponent, which igwdicative ofthe contralateraleployment of attention (Luck,
2014), had a shorter latency for red and blue than green and yellow targets. This result provided
the first electrophysiological evidence for hierarchical differencéseiattentional selection of
color. Even moreecently, Blizzard et al. (20)@lemonstrated that red stop signals elicited faster
response inhibition than green stop signals on a stop signathtasikdemonstratinigierarchical
color selection involvement in highstages otognitiveprocessing.

These results strongly suggest that reddish hues receive preferential or biased processing
in the visual system compared to other colors. However, these few studies of the color hierarchy
give conflicting accounts dhe level in the visual processing hierarchy at which biased color

selection occurd-or example, Lindsey et al. (2010) provided evidence that the varying
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proportions of color signals from the L, M, and S color channels in the earliest stages of color
processing explain the selection bias, whereas the results of Blizzard et al. (2017) suggested that
the biased selection of certain colors must take pladglalevels of cognitive processing
associated with attentional deployment and executive function.

The purpose of the current research was to (1) investigate whether color representations
are encoded in perceptual color space by the oculomotor system. This was examined with a
memoryguided saccade task in which participants were instructed to saodheerémembered
location of a color target displayed amongst color distractors. We then measured saccade
curvature as a function of the CIE)( color space distance between the target and an isolated
distractor to determine if saccade planning is syatmally modulated by the perceptual color
space relations between potential saccade goals. We utilized,@IEqlor space as it represents
color encoding in cortical structures like V4 (Schein & Desimone, 1990) and is therefore more
appropriate for studying the role of color in higloeder cognitive processes such as sustained
memory representations than othelor space conceptualizations representing ldexel color
representations in, for example, lateral geniculate nucleus such as DerKingtiskopfLennie
color spacelerrington et al. 1984 We analyzedaccade curvatuseas they arproportional to
distractofrelatedunresolved competitiommmediatelyprior to the initiation of saccadesd are
therefore indicative of the inherent competitivenessdistactor(McPeek et al., 2003; McPeek,
2006; Port & Wurtz, 2003V hite et al., 201R Furthermore, saccade curvatuaes modulated
by color (Ludwig & Gilchrist, 2003; McPeek & Keller, 2001; Mulckhuyse et2009)and are
elicited by remembred stimuli(Belopolsky & Theeuwes, 2011; Belopolsky & Van der Stigchel,
2013).Saccade curvature direction (i.e., towards vs. away from distractors) is largely indicative

of distractor processing time (Kehoe & Fallah, 2017; McSorley et al., 2006, 2009), which likely
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due to the transition from excitatory to inhibitory oculomotor distragtated processing over

time (McPeek & Keller, 2002). As we were specifically interested in examining potential
differences in the inherent competitiveness of color distractoreiautrent study, we analyzed
absolute saccade curvature. If the color space distance between targets and distractors
functionally modulates absolute saccade curvatures, this would provide evidence that the
oculomotor system encodes color stimuli in pergalptolor spacg2) We examined whether

the competitiveness of distractors was modulated by surround suppression in the coler feature
domain by examining whether inherent competition (i.e., saccade curvature) varied as a function
of color space distance specifically wahMexican hat or quadratic polynomial mathematical

profile, as surround suppression is characterized by a DoG (Tsotsos et al., 1995; Tsotsos, 2011)
and since a Mexican hat approximates a DoG as does a quadratic function within a limited range.
(3) We invetigated whether there was a hierarchical, biased selection of certain color categories
(red > green > yellow > blue) for saccades as with pursuit eye movements (Tchernikov & Fallah,
2010) by examining overall color selection differences between colorocetegWe then

examined whether this was accompanied by hierarchical differences in the strength and speed of
saccadic vector encoding by examining whether there were any hierarchical differences in the
inherent competitiveness (i.e., saccade curvaturnsptsted distractors, error proportion, mean
saccadic reaction time (SRT), and saccadic precision as a hierarchical function of color category.
(4) We examined whether the biased selection of color stimuli that characterizes the color
hierarchy occurs dbw or high levels of color representation. We therefore utilized a memory
guided saccade task. First, because it relies on sustained visual working memory representations
in the anterior most areas of the frontoparietal network like dorsolateral pagftortex

(GoldmanRakic, 1995) as supposed to sustained sensory input. Therefore any hierarchical color
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effects would indicate that color selection biases either occur or are maintained at the highest
levels of visual processing. Second, target selection processing in the delayed saccade paradigm
is highly similar to visuallyguided target selection proceasgi(Schall, 2004; Segraves &
Goldberg, 1987) and our results can therefore be generalized to the broader oculomotor target
selection literature.
2.3.Methods
2.3.1. Subjects

30 York University undergraduate studeritg (o 48yearolds,9 males) participated in
the experiment for course credit. Participants had normal or corteetetmal visual acuity
and had normal color vision as assessed by Ishihara color plates (Ishihara)\a66).
informed consent was obtained prior to participatioaccordance with the Declaration of
Helsinki Yor k Universityds Human Participants Rev
procedures.
2.3.2.Visual stimuli

The saccade target was a re¢ 63,y = .33,L = 12.07 cd/m), green x=.29,y = .59,L
= 12.00 cd/m), yellow (x = .40,y =.50,L = 12.09 cd/m), or blue k=.15,y = .07, L = 12.04
cd/n?) square that subtended 2302.¢° (see Figure.1). Placeholders were grey £ .28,y =
.30,L = 11.20 cd/rf) squares that subtended2®.C°. Stimuli were embedded in a black<
.26,y = .24,L = 0.22 cd/m) backgroundlisplayed on 24dnch CRT monitor (60 Hz, 1024
768).Color and luminance were calibrated using a spectrophotometé5®HPhoto Research,
Syracuse, NY)Participants observed stimuli in a dimly lit room from a distance of 57 cm with a

headest used to stabilizing their head position.
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Figure 2.1. Locations of isoluminant target color categories in G{¥)(color space. Black dots with associated

labels denote color category locations.

2.3.3. Apparatus

Stimulus presentation was controlled on a computer running Presentation software
(Neurobehavioral Systems, Berkeley, CA) and a serial response box (Cedrus, San Pandro, CA).
Eye position was sampleagsing an infrared eye tracker (500 Hz, Eyelink Il, SR Research,
Ontario, Canada). The camera was calibrated using gninegrid. Calibration was conducted
at the beginning of each experimental run. Bgdtrections were conducted prior to each block

and as needed.
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2.34. Procedure

Trials were initiated by button presen the serial response box and then maintaining
fixation (1.89 square window) on a white central fixation cross8.8.4°) for 200 ms (see
Figure2.2). Eightplaceholders centered to the circumference of an imagery circle (radil§ = 7.5
at positions along the cardinal and oblique axes were displayed for 200 ms to indicate all
potential target positions (spatial phageyandomly sampled subset of 4 placeholders was then
replaced with red, green, yellow, and blue squares and displayed for 200ms (color display). The
colored squares then reverted back to grey placeholders and were displayed for 200 ms (mask
phase). The ptaholders and fixation cross were remofredn the display creating a blank, grey
background displayed for 1000 ms (delay phase). A target color was randomly selected from the
four colors and a target cue was displayed at central fixation for 200 ms. The offset of the central
target cue served #se gosignal to execute a saccade to the remembered location of the target
color from the previous color display. Participants were instructed to maintain fixation
throughout the trial until presented with thegignal. The trial was complete when acsate
was made to the location of the target colored square (correct) oftargehcolored square
(incorrect) from the color display, or until 500 ms had elapsed since tbigigal (time out). An
error tone signified a timeut or failure to maintain f&ation. Trials with a timeout or fixation
break were reinserted randomly back into the bldtlere were 8 trials for each of the 4 target

colors on every block. Participants completed 10 blocks of 32 trials for a total of 320 trials.
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Button Fix (200 ms) Spatial Phase Color Display
(200 ms) (200 ms)
,,;[ 1 -
it} ]
8
Mask Delay Phase Target/Prompt Response
(200 ms) (1000 ms) (200 ms) (500 ms)

Figure 2.2. Example trial sequence with a red target. Trials were initiated after button pressing and fixating for 200
ms. Grey placeholders then occupied all the potential target positions for 200 ms. Four locations were randomly
selected to display colored squaf@s200 ms. The colored squares were masked for 200 ms. A blank display was
presented for 1000 ms to produce memguided saccades. The central target cue appeared for 200 ms. Offset of
the target cue was the saccadiesignal. Participants were given®ns to execute a saccade. Note that there was

an isolated distractor on this example triak(sectior?.3.5.Saccade Detection and Data Analysis

2.35. Saccade Detection and Data Analysis

Customized MATLAB (MathWorks, Natick, MA3lgorithms were used to detect,
visualize, filter and analyze saccades. Trials that contained blinks, corrective saccades, saccade
amplitudes < 9, endpoint deviations >°6rom the center of the selected stimulus, or fixation
drifts > 1° during the presaccadic latency period were excluded from further analysis.

To examine unresolved competition between stimuli during saccade planning, we
analyzed two saccade curvature metricss(y curvaturgthe sum of all orthogonal deviations
from a straight line between the start and endpoint of saccade trajectories sampled by the eye
tracker; and (2jnax curvaturethe maximum orthogonal deviation from a straight line between

the start and endpoint of saccade trajectories. To compute these metrics, we first translated the
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start point of each saccade to the Cartesian origin and then trigonometrically rotated each
saccade so that the endpoint was aligned to the pogitixess. Therefore, the saccade curvature
metrics were signed so that a negative sign indicates deviation (i.e., curvature) in the counter
clockwise (CCW) direction, and conversely, a positive sign indicates deviation in the clockwise
(CW) direction. This minod was ideal for examining saccade curvature on circular displays with
randomized target and distractocations. Saccades with a sum curvature greater than 3
standard deviations from the mean were not analyzed for any curvature analyses.

For all saccade curvature analyses, we only analyzed a subset of correct trials with the
following characterizations: (1) a single distractor occupied the stimulus positibns 9
CCW to the target and there were no distractors occupying either of the stimulus pdsftions
90° CW to the target (subsequently referred to as the CCW conditiom)s{@yle distractor
occupied the stimulus positions4ar 90 CW to the target and there were no distractors
occupying either of the stimulus positiof8® or 9 CCW to the target (subsequently referred to
as the CW condition); or (3) no distractors occupied any of the stimulus positions@ttih
the target in either the CCW or CW direction (subsequently referred to as baseline). We refer to
trials in the CCW and CW conditions as isolated distractor trials. Unpredictable distractors
located 135° from a target position reportedly elicit ontgaaginal effect on saccade curvature
(McSorley et al., 2009) and were therefore not considered in the cuneyses. First, we
examined whether baseline curvature was significantly biased in a particular direction by
comparing baseline curvature to zexext, to ensure that the isolated distradtsfror 90 away
from the target position elicited a systematic effect on saccade curvature, we compared saccade
curvatures in the CCW and CW conditions relative to baseline (i.e., using unbiased curvatures)

to determine if saccades curved away from the isolatéi@dlisrs as is commonly observed in
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the remote distractor paradigm (Doyle & Walker, 2001; Tipper et al., 2001). We used unbiased
curvature since a significant bias may uniformly shift curvatures in either the CCW or CW
direction such that they do not actually curve in opposite directioreréthe sign of the
metrics indicates the direction) even though the distractors are located in opposite directions.
Next, to investigate whether potential saccade goals were encoded ¢ ke({ceptual
color space, we analyzed whether unresolved competition between potential saccade goals (as
indexed by saccade curvature) was modulated by the color space distances between the target
and isolated distractors, referred taagetdistractor color space distanc&his analysis was
performed in several steps: First, we computed an exhaustive list of pairwise Euclidian distances
between each color stimulus in CEY) color space (see Tahikel) using the Pythagorean
eqguation and categorized the color space distance between the target and the isolated distractor
on every trial. Second, we computed mean saccade curvature as a function -olisteyeor
color space distance separately for@@&VN and CW conditions. We then averaged together the
absolute, unsigned saccade curvature from the CCW and CW conditions for eaeh target
distractor color space distance, as we were ultimately interested in examining the average
magnitude of saccade curvedyi.e., inherent competitiveness of distractors) as a function of
targetdistractor color space distance regardless of the relative position of the isolated distractor
to the target and the direction of the curvature. Furthermore, averaging the CCW/and C
conditions would compensate for any curvature bias and thus generalize the current results such
that they are not limited to any particular spatial arrangement of a color distractor relative to the
target. Third, we examined absolute mean saccade cre\aga function of targelistractor

color distance with regression analyses. To determine whether the inherent competitiveness of
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isolated distractors was modulated by surround suppression in color space, we fit the data with a

Mexican hat wavelet model (a close approximation to the DoG function):

Qg hAL | o op — N 0,
wher¢g is the function ceiling, is the width of the functiorl, was included to scale the depth
of the inhibitory annulugyp is the baseline of the function and was set to the mean saccade

curvature Yi) observed at the furthest targhistractor color space distancg,(@nd minima are

located ato nll ¢, . Next, we fit the data with a generic quadratic polynomial model:

Reducing the number of fitted free parameters in the Mexican hat model ensured an equal
number of fitted parameters between models. Functions were fit using a custom implementation
of the maximum likelihood estimation method by maximizing the followingsSian log

likelihood function:

o —g0 1T Bogwh,  h
where—is the vector of fitted parameters in either the Mexican hat wavelet [ h, fil deor
quadratic{—  ¢foftdmodels ¢ is the number of targetistractor color space distances being
fitted to the model%.is the Gaussian normal probability density functions the saccade
curvature value predicted by the model with parametdéos theth targetdistractor color space
distancew is the average saccade curvature value observed f@httargetdistractor color
space distance, andis the standard deviation for ti targetdistractor color space distance.
The goodnessf-fits were evaluated using &atest. If both models provided a significant fit to

the data, the best fitting model was determined by performikgtast on the ratio of the sum of

squared residuals from each fitted model with ‘Qdegrees of freedom, whe@is the number
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of fitted parameters (see Kehoe & Fallah, 2017). Furthermore, to provide further evidence of a
functional relationship between saccade curvature and{@igiedctor color space distance, we

analyzed the data with a quadratic planned contrast.

Table 2.1. CIE 1931(x,y) distancedbetween stimuli.

Pairwise CIE X,y) Distances Average Distance
Red Green  Yellow Blue (Discriminability)
Red - 0.43 0.29 0.55 0.42
Green 0.43 - 0.14 0.54 0.37
Yellow  0.29 0.14 - 0.50 0.31
Blue 0.55 0.54 0.50 - 0.53

Note: Color spacalistancedbetween each successive pair of color stirardiin the first 4 columns.HE average
distance of each color stimulus from the remaining color stimuti the fifth column The average distance was

utilized as an index of target color discriminability.

To examine whether there was an overall selection bias on color categories, we analyzed
potential categorical color differences betwegegrall selection proportiorwhich was the
proportion of total trials (i.e., correct and incorrect) in which a particular color category was
selected as a saccade target. This required us to include the error trials back into the data and
then remove them for subsequent analyses.

We then analyzed whether the inherent competitiveness of distractors was hierarchically
modulated by the color categories of the isolated distractors. As with-thstreictor color space
distance, absolute, unsigned saccade curvature was averaged lteer@€nV and CW
conditions for each isolated distractor color. All subsequent analyses were performed on all
correct trials of all trial types (i.e., isolated distractors and no isolated distractors).

Next, to examine whether the strength and speed of saccade target color encoding varied

as a function of the target color category, we examined three metrics related to the strength and
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speed of target encoding: ®)oportion of errors which was the number ofidls for a

particular target color in which the saccade was executed to an incorrect location divided by the
total number ofrials with that target color. (Baccadiaeactiontime (SRT), which was the

time between the gsignal and saccade initiation for correct saccadesSd8adt precision

which was the area of a 95% confidence data ellipse fit to-thmeénsional displacement

between the target center and the saccadpoamts computed for each color and each participant
for correct saccaddsee Chen et al., 2011). Saccade precision was computed before and after
translating the staqtoint of every saccade back to fixation. Our results demonstrated that this
translation did not have a systematic effect on the results and thus we repestittsefor

translated saccades.

Mean differences were analyzed withiredsampled-tests orepeateemeasures
ANOVAs and Bonferronposthocs | f a Mauchl eybés test provided
sphericity, the degrees of freedom of the ANOVA were adjusted using the Greedasser
UO 0. 7) -Reldt M 0.8) adjustmentlo examine whether there were hierarchical
differences between color categories (red > green > yellow > blue) consistent with the color
hierarchy (Tchernikov & Fallah, 2010), we examined planned polynaroidtasts of the color
categories. As we performed parametric analys&hapireWilk testwas used to determine
whether the data were normally distributed. If this analysisidedinsufficient evidence of

normally distributed datgp(< .05), the data was transformed to achieve normality usiog(a

+1) transformation. If this did not successfully normalize the data, we alternatively utilided a
transformation. These transformations were chosen because they are ideal for normalizing

positively skewed data such as ours.
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Lastly, for each categorical analysis discussed above, we performed a complimentary
functional analysis to rule out perceptual discriminability as a possible explanation for any
potential differences between color categories. Fhistdiscriminability of each color was
calculated byaveraging the distance between one color category and all remaining color
categoriesn CIE (x,y) color space (see Average Distance column in T2k)eNext, alinear
regression analysissing ordinary least squaress perbrmed to assess whether there was a
functional relationship betweehe discriminability of eachcolor category and thmeans
utilized in theaforementionedategorical analyses.
2.4.Results

Chi-squared goodness-fit tests wergepeated for each participaotanalyze the
frequencies of correct and incorrect trials andure that individual participants correctly
discriminated the target above chaonoecach experimental rdall ps <.05). As suclthe
averagdask performancef the groupgM = 62.89%,SE= 2.71%) was significantly above
chance leve(25%), t(29) = 13.96p < .001,d = 2.55. Error trials were removed from the
subsequent analysesth the exception of overall selection proportidhere was no difference
across target color categories in the number of trials thrown out due to a large displacéfhent (>
from the selected stimulus’(3, N = 420) = 0.59p = .899 (see section Saccade Detection and
Data Analysis).

2.4.1. Color SpaceEncoding oflsolatedDistractors

Sum curvature wasignificantly biased in the CCW direction overall as demonstrated by
comparing baselineM =1 0.8C°, SE= 0.34) to zerot(29) = 2.32p = .027,d = .42. Critically,
however,unbiased sum curvature was significantly different between the QCWQ. 74, SE=

0.38) and CW M =10.75, SE= 0.43) isolated distractor conditiong29) = 2.87p = .008,d
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= .52 (see Figur2.3). Similarly, baseline max curvatud &1 0.05°, SE= 0.03) was also

biased in the CCW directiot(29) = 2.12p = .042,d = .39; and unbiased max curvature was

also significantly different between the CCW € 0.03, SE= 0.03) and CW M =10.07, SE

= 0.03) isolated distractor conditiong29) = 2.65p = .013,d = .48. Saccade curvature
differences between the CCW and CW isolated distractor conditions suggested that isolated
distractors systematically modulated saccade curvature and thus validated examining saccade
curvature on isolated distractors trials to istigate target selection competition between color

stimuli.
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Figure 2.3. Mean unbiased saccade trajectories for saccades in the CCW (red) and CW (blue) conditions. Shading

represents standard error.

The Mexican hat model provided a marginal fit of sum curvature as a function of target
distractor color space distané&2,3) = 6.25 p = .085, R?>= 0.75 (see Figur2.4A); as did the
quadratic modek(2,3) = 7.44, p = .069, R?>= 0.77 (see Figur@.4B). Critically, the minima of
the fittedMexican hat Xmin = .42) and quadraticgin = .41) models were nearly identical. To
provide additional evidence for a functional relationship between sum curvature and target

distractor color space distance, sum curvature was transformed to achieve nologétity 1)]
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and was analyzed with a quadratic planned contrast, which demonstrated a significant quadratic
contrastF(1,29) = 541, p=.027,— = 0.16. In contrast, the Mexican hat model did not provide

a significant fit of max curvature as a function of taigjstractor color space distan¢€2,3) =

5.31, p = .103, R?>= 0.76 (see Figur2.4C). However, the quadratic model provided a marginal fit

to the dataF(2,3) = 7.44, p = .069, R?>= 081 (see Figur&.4D). As with sum curvature, the

minima of the fitted Mexican hak4in = .38) and quadraticin = .39) models were nearly

identical for the max curvature data. Again, to provide additional evidence for a functional
relationship between max curvature and tadistractor color space distance, max curvature was
transformed to achieve normalityiq) and was analyzed with a quadratic planned contrast,

which demonstrated a significant quadratic contfd29) = 476, p=.037,— =0.14.
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model.B: Mean sum curvature fit as a functiohthe quadratic modeC: Mean max curvature fit as a function of

the Mexican hat modeD: Mean max curvature fit as a function of the quadratic model.

2.4.2 Hierarchical Differences betweeolor Categories

24.2.1 Color selection bias Error trials were added back into the data in order to

analyze the proportion of trials on which a particular color was selected regardless of the

specified target color (i.e., regardless of task instructions) to investigate whether there was a bias
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for the selection of certain colors. We therefore calculated the proportion of total trials on which
each color was selected, which is a combination of both the discrimination accuracy and the error
selection bias for each color. This analysis demonstthtgdhere was a significant main effect

of color category on overall selection proporti(l.97,57.08) = 9.2 < .001,— =0.24 (see
Figure2.5A). Post hocanalyses demonstrated that overall, red was selected more often than
green p =.012) and yellowg = .002). There were no other significant differengss.05).
However, red was selected marginally more often than plee@93) and blue was selected
marginally more often than yellowp € .051). Furthermore, there was a significant linear
contrastfF(0.66,19.03) = 10.7 = .008,— = 0.27; and quadratic contras{0.66,19.03) =
12.69,p=.005,— =0.30. We then examined whether color selection biases can be simply
explained by discriminability differences in color space (see FB6B). A linear regression
analysis found insufficient evidence of a linear relationship between the overall selection
proportion and discriminability in CIExfy) color spacef(1,2) = 1.55p = .340,R?= 0.52. This

result suggests that the strong b@sred stimulus selection is independent of discriminability in

color spae.
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24.2.2 Saccade curvature on isolated distractor trialsSum and max curvature were
both normalized with &g(x + 1) transformation. There was no main effect of isolated distractor
color category on sum curvatufg3,87) = 185, p=.144,— = 006; however, there was a
marginal linear contrask(1,29) = 341, p=.075— =0.11 (see Figur@.6A). Furthermore, sum
curvature was unrelated to the discriminability of isolated distractors in color §padgR?=
0.06 (see Figur@.6B). Similarly, there was a marginal main effect of isolated distractor color
category on max curvaturg(3,87) = 262, p=.056 — = 008; and there was a marginal linear
contrastF(1,29) = 365, p=.066,— = 0.11 (see Figur@.6C). Max curvature was also unrelated

to the discriminability of isolated distractors in color sp#ce,1, R>= 0.19 (see Figur@.6D).
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standard error. Right panels include line of best fit, the coefficient of determination, and significance level from the

regression analyse&: Sum curvature as a function of isolated distractor color cateBoSum curvature as a

function of isolated distractor discriminability in CIkY) color spaceC: Max curvature as a function of isolated

distractor color categoryD: Max curvature as a function of isolated distractor discriminability in g ¢olor

space.
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2.4.2.3 Strength of saccade vector encoding per target color categorihere was a
significant main effect of target color on the proportion of erfef2,05, 59.52) = 37.15h <
.001,— =0.56 (see Figure.7A). Post hocanalyses demonstrated that there were fewer errors
for red targets than gre¢p < .001) and yellowg < .001) targets. Similarly, there were fewer
errors for blue than greep € .001) and yellowg < .001) targets. There were no other
significant differencesps > .05).Additionally, there was a significant quadratic contrast,
F(0.68,19.84) =59.70, p < .001, — = 0.67; but insufficient evidence for a linear contrast,
F(0.68,19.84) =1.86, p =.263 — = 0.04.These categorical differenceserenot explained bya

linear relationship betwedarget color spaceiscriminability and proportion of errorg(1,2) =

6.53,p = .125,R?= 0.77 (see Figura.7B).
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precision per target color categoFRy.Mean precision asfanction of discriminability. p < .05. **p < .001.***p <

.001.

There was a significant main effect of target color category on saceadioontime,
F(3,87) = .05, p<.001,— =029 (see Figur.7C). Post hocanalyses demonstrated that
SRTs were shorter for blue targets than for green.001) and yellow < .001) targets. SRTs
for red targets were shorter than ween p = .004) andyellow (p = .003) targets. There were
no other significant differencepq > .05).As with proportion errors, there was a significant
guadratic contrasE(1,29) =31.30, p<.00L, — = 0.52; but insufficient evidence for a linear
contrastF < 1. This was accompanied kaymarginal negative linear relationship between
discriminability and saccadieactiontime, F(1,2) =10.11, p = .086, R>= 0.83 (see Figure.7D).
The regression lingo W& Mo p X& Pindicates that SRTs decreaseddB2 ms as the
average distance between a target color and the remaining color distractors increased by .1 units
in CIE (x,y) color space.

Saccade precision was transformed usifagé + 1) transformationThere was a
significant main effect of target color on saccade preci$i(h/7,51.21) =5.96, p=.006, — =
0.17(see Figure.7E). Post hocanalyses indicated that saccades were more precise for red
targets than yellowp(= .022) targetsand marginally more precise than @peentargets(p =
.070) There were no other significant differencps % .05).Furthermore, there was a significant
quadratic contrasg(0.5917.07) =8.57, p=.007 — = 0.23; but insufficient evidence for a
linear contrasti~(0.5917.07) =2.56, p=.132 — = 0.08. There was insufficient evidence for a

linear relationship between discriminability and saccade precB{@rR) = 2.50p = .255,R>=

0.56 (see Figur@.7F).
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2.5.Discussion

A memoryguided saccade task with cued color targets and distractors was used to
examine the role of color in saccadic target selection proce¥8mqvestigated whether color
saccade targets are encoded in perceptual color space by the oculomotor system and whether
cuing a target color would elicit surround suppression in oculomotor color $jEdewe
examin& whether there are hierarchical color differences in the selection and encoding of
saccade target vectors to color stima$ has been observetth the biased automatic selection
of colors for pursuit eye movemerfiechernikov & Fallah, 2010)andwhethersuch hierarchical
effectscanbe accounted for simply by differences in perceptual discriminability. This provided
insight into the level in the visual processing hierarchy at which the biased selection of certain
colors occurs.
2.51. BehavioralRelevance andreatural Encoding in theOculomotor System

In our first analysis, we examined whether the color representations utilized by the
oculomotor system for saccade planning were encoded in perceptual color spaat/biyng
trials on which a correct saccade was made to the target and an isolated, peripheral distractor was
within 90° of the targetOn these isolated distractor trials, we examined saccade curvature
elicited by the distractor as saccade curvature is indicative of the competition elicited by a
competing saccade goal during target selection processing. This allowed us to determiee wheth
distractofrelated competition covaried as a function of the perceptual color space relations
between potential sacaagoals on the task. We utilized a preliminary analysis to determine
whether isolated distractors had a modulatory influence on saccade curvatures. Therefore, we
compared saccade curvature between trials on which the distractor appeared counterclockwise

(CCW) to the target to trials on which the distractor appeared clockwise (CW) to the target, as
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previous experiments suggest that saccades should curve in opposite directions in these two
contexts (Dolye & Walker, 2001; Tipper et al., 2001). Furthermore, we also calculated the
curvature observed on trials with no isolated distractor to establissebrigalevel of inherent
saccade curvature, which is expected as saccaglekasyncratically curvedRahill & Stark,
1975 and previous studies of saccade curvature report directional biases (Doyle & Walker,
2001; McSorley et al., 2004). As such, weated a significant curvature bias in the CCW
direction. Therefore, to determine if saccades curved in opposite directions in the CCW and CW
conditions, we examined the difference in unbiased saccade curvature (i.e., baseline subtracted)
between these coitihns. This analysis was ideal as it merely introduces a scalar offset between
the means, one that makes any potential mean difference more interpretable, but does not change
the outcome of any statistical analysis since the variances are unchangesallss
demonstrated that saccades curved in opposite directions in the CCW and CW conditions relative
to the baseline, thus validating our use of saccade curvatures to examine differences in color
encoding by the oculomotor system. As such, we then mezhsaccade curvature as a function
of the CIE &,y) color space distance between the target and distractor. Our data demonstrated
that saccade curvature elicited by these isolated distractors was functionally related to the color
space distance betweerettarget and distractor in CIK,Y) color space. This suggested that the
color representations that are utilized by the oculomotor system tegaaadic eye movements
are encoded in perceptual color space as with pursuit eye movements (Tchernikov & Fallah,
2010) and visual search (Bauer et al., 1996a, 1996b; I98& u r ma , 1990) .

Previous studies have found that remote distraetlated saccade curvature is greater
when the featural similarity of the distractor to the target is categorically greater (Ludwig et al.,

2003; Mulckhuyse et al., 2009). However, the current results denatsthat oculomotor
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suppression of a distractor can vary continuously along a particular feature dimension that
determines the behavioral relevance of the distractor. This continuous relationship between
saccade curvature and distractor behavioral relevance may resultdradlient of oculomotor
activation/inhibition in critical oculomotor neural substrates such as SCi where the
spatiotemporal interactions of multiple saccade vectors can elicit saccade curvature towards a
distractor when the target and distractor vectorgauctivated (McPeek et al., 2003) or away
from a distractor when the distractor vector is inhibieidgwa& Wurtz, 1998. This reasoning

is supported by the observation that saccade curvature towards (McPeek et al., 2003) and away
(White et al., 201pfrom a distractor is correlated with the magnitude of neural activation
encoding the distractor vector. Interestingly, in the critical oculomotor substrates that encode
movement vectors and have been most strongly associated with saccade curvatwyes@amel
(McPeek et al., 200Port& Wurtz, 2003 White et al., 201Rand FEF cPeek, 2006), there

are many cells witlrisuomotorpropertiesand some that asgrictly visual (SCi: McPeek

Keller, 2002;FEF: Bruce& Goldberg, 1985; Mohler et al., 1973). Therefore, what is not clear
from the current experiment is whether the featural computations necessary to determine the
behavioral relevance of the stimuli is performed locally in these oculomotor substrates or
whethe alternatively these areas integrate &lsand cognitive signals to related saccade vectors
and select a winner for the movement. The latter mechanism is supported by research
demonstrating behavioral relevancepaprity encoding in SCi (reviewed yecteal& Munoz,
2006 and with a winnetakeall saccade triggering mechanism in SCi (see W&iMunoz,

2011 for a discussion). Critically, this latter mechanism is also consistent with the current

observation of surround suppression.
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2.5.2.Surround Suppression ofOculomotor Representations

The relationship between saccade curvature and tdigjedctor color space distance was
marginally fit by both Mexican hat and quadratic polynomial functions, and when treating color
space distances categorically, there was a quadratic contrast bdtevesgans. This is
consistent with surround suppression of the cued saccade target color in color space and provides
experimental support for selective tuning (Tsotsos et al., 1995; Tsotsos, @Atidally, if
surround suppression modulates the streaftlisuomotor representations in the oculomotor
system, this implies that the featural computation necessary to determine the behavioral
relevance of potential saccade goals was not performed locally in oculomotor substrates. This is
because surround supgsion in feature space results from thaked priming of a relevant
visual feature at the top level of representation in the visual hierarchy and the subsequent
recursive pruning of connections to unrelated features in a recurrent feedback sweepthierough
visual hierarchy (Tsotsos et al., 1995; Tsotsos, 2011). This theoretical prediction of ST has been
well supported by recent behaviorBloghler et al., 2009; Hopf et al., 20Jdhd
neurophysiologicalBuffalo et al., 2010; Mehta et al., 2000; Roelfsema et al., 2&¥eriments.
Since the oculomotor system does not have intrinsic featural representations, this feedback
sweep would not propagate through the oculomotor system. Therefore, surround suppression
modulating oculomotor representation implieattbensory signals projected into the oculomotor
system have already been attenuated in the respective representational networks from which they
originate. The behavioral relevance of a potential oculomotor movement goal is likely then
determined by the coulative strength of the attenuated sensory signals across feature domains.
Furthermore, we would not expect similar results had weped the memorguided saccade

target, as this would have introduced the influence of spatial attention, which over the
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considerably lengthy delay period of 1000 ms, likely would have eliminated the featural
competition elicited by distractors that we observed.
2.5.3. Attentional Color Hierarchy

We examined whether hierarchical differences betveedor categories were apparent in
various aspects of saccadic target selection processing and saccadic vector encoding as they are
in the task irrelevant selection of certain color categories for pursuit eye movements (Tchernikov
& Fallah, 2010) or the thkgelevant selection of visual search targets (Lindsey et al., 2010;
Pomerleau et al., 2014) and response inhibition signals (Blizzard et al., 2016). We began by
examining whether there was an overall selection bias for certain color categories regardless
task instructions by adding error trials back into the dataset and examining the proportion of total
trials on which any particular color category was selected. Consistent with the automatic (i.e.,
task irrelevant) color selection bias observed by Tiikev and Fallah (2010) in which
participants hierarchically selected color RDKs (red > green > yellow > blue) for pursuit despite
never being instructed to do so, we observed a strong overall bias for selecting the color red over
green and yellow, and nginally over blue, which was accompanied by a significant linear
contrast between the aforementioned color categories. Next, we examined if the inherent
competitiveness of an isolated distractor was also modulated by the color category of the
distractor. Htre we observed only a marginal hierarchical effect of color category, but it was
gualitatively the same as the overall selection bias above. Neither the overall selection bias nor
the marginal modulation of inherent competitiveness by color category loewxiplained by
differences in the discriminability of color categories in Cifg)(color space.

The results from examining overall selection proportion and inherent competitiveness of

isolated distractors were qualitatively distinct from those obtained by examining the speed and
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strength of saccadic vector encoding of the target color (i.e., SRT and the proportion of error
trials respectively). Our data demonstrated that when saccades were cued to red targets, they
were faster, more precise, and were executed with fewer errarsabeades directed to green

and yellow targets. However, blue demonstrated a similar advantage for the proportion of errors
and speed, but not for precision. These results were accompanied by significant quadratic
contrasts between the aforementioned rcofdegories for the proportion of errors, saccadic
latency, and saccadic precision and with insufficient evidence for a linear contrast across these
metrics. Clearly, blue was processed more efficiently or elicited more selection bias than would
otherwisebe predicted by the original color hierarchy (red > green > yellow > blue) of
Tchernikov and Fallah (2010). Recall that overall selection proportion and distractor inherent
competitiveness showed no such equal advantage for the blue color categorgrd sexeeral
possible explanations for this discrepancy.

Our data may suggest a fundamental variation on the color hierarchy specifically for the
speed and strength of saccade vector encoding (red = blue > green = yellow). For example,
faster saccades executed to both red and blue targets is consisteniwatleRo et al. (2014)
who observed faster N2pc ERPs to both red and blue targets than green and yellow targets in
visual search. Such results could reflect a fundamental difference in the speed of transmission
between red/blue and green/yellow color signelowever, this is unlikely given that red/blue
and green/yellow color signals are projected through separate anatomical color channels (De
Valois & De Valois, 1993). More plausible is that the proportion of errors and response latency
metrics are refleote of the perceptual decision component of the task, which is highly related to
the discriminability of the stimuli: a perceptual decision threshold is surpassed faster as the target

becomes more easily perceptually discriminabligtérich et al., 2007¢Gold & Shadlen, 2000;
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Hanes& Schall, 199%. We find this explanation more plausible given that subsequent analyses
suggested that lower error rates and faster latencies for red and blue saccades might be explained
by the perceptual discriminability of these colors in color space, as SRTs shovaegiaal

linear relationship with the discriminability of the current color categories in color space, and
although there was an insignificant relationship for error rates, a subjective inspection of these
means suggests that errorghtivary as a sigmoidal or stéige function of discriminability in

color space. These results were also consistent with previous studies demonstrating that the
discriminability of color stimuli in color space facilitates the response latency in visuwahse
(Bauer et al., 1996a, 1996b, 1998, D6Zur ma,
discriminability between stimuli also improves the sigtwahoise ratio in the perceptual
accumulation process§6ld et al., 1999; Romo et al., 2Q0&hich could accaut for our

observation of fewer errors for red and blue than green and yellow color categories.

The differences may also be explained by the fact that color was strictly task irrelevant in
Tchernikov& Fallah and was crucial for the current task. As such, the perceptual
discriminability of the stimuli may impede the featural processing of the saccade targets
therefore degrading task performance as is observed in visual séarghgse, 200/erghese
& Nakayama, 1994 Another possibility is that the current effects were influenced by
differences in the strength of visual working memory representaklietween color categories.
Previous studies thatave reported preferential processing for red over other color categories
have utilized tasks in which color processing occurs during sustained color stimulation (Blizzard
et al., 2016; Lindsey et al., 2010; Pomerleau et al., 2014; Tchernikov & Falldl), Bien that
thesignalto-noise ratio of prefrontal neural activity is proportional to visual working task

performance$aguchi& GoldmanRakic, 19911994 Williams & GoldmanRakic, 1995),
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utilizing a task that relies on visual working memoojor representations may have introduced
the influence of perceptual discriminability on localization performance as decreased perceptual
discriminability may have degraded working memory representations. In any case, our data
provided evidence for privelged processing of red stimuli, consistent with a growing number of
studies (Blizzard et al., 2016; Lindsey et al., 2010; Pomerleau et al., 2014; Tchernikov & Fallah,
2010). Therefore, the current resutannot be simply accounted for just by differences in
perceptual discriminability and likely arise from an interaction of inherent selection biases for
red and the perceptual discriminability of the color stimuli.
2.5.4.Representational evel of theSelectionBias

We were interested in determining where invfiseial processing hierarchy does the
biased selection and processing of color categories occur. We utilized a rnusy saccade
task and observed clear hierarchical effects in the selection and inherent competitiveness of color
categories independent perceptual discriminability. Given the delay period of 1000 ms,
previous research suggests that the color representations that guided this saccade task were those
maintained through recurrent projections in the cortical visual systeenet al., 200pperhaps
as early as V1Super et al., 2001as supposed to feedforward sensory signals from the retina,
which would have decayed after this considerable delay. Therefore, the current categorical color
effects likely do not arise from differing proportions of chromatic photoreceptors as has been
proposed for speeded visual search (Lindsey et al., 2010).
2.5.5.Conclusion

We utilized a memorguided saccade task with color targets and distractors to gain
insight into various aspects of how color is encoded and selected for saccades by the oculomotor

system. Our results demonstrated that there is a functional relatioesigeb saccade
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curvature elicited by an isolated distractor and the &g ¢olor space distance between the

target and the distractor suggesting that the oculomotor system encodes color in perceptual color
space as with the visual system. Furthermore, cueing attention to a particular color elicited
surround suppression in ocaotor color space as the functional relationship between saccade
curvature and targetistractor color space distance was characterized by functions that
approximate a DoG, which demonstratesratibnal facilitation near an attended feature in

feature space and suppression at an intermediate distance in feature space. These results
suggested that oculomotor behavioral relevance is computed by integrating sensory and
cognitive signals that have & attenuated based on task parameters. Our data also suggested
that the visual system has an inherent bias for the selection and encoding of the color category
red over other categories independent of perceptual discriminability, but the speed ang accurac
of responding on a memeguided saccade task is more related to the perceptual

discriminability of the target stimulus relative to distractors. Finally, this experiment suggests
that the color hierarchy arises from selection and encoding biases a@tethsthges of visual

processing independent of feedforward sensory input.

65



Chapter 3. Oculomotor Target Selection isMediated by Complex Objects

This manuscript has been publishedheJournal of Neurghysiology

Kehoe, D. H., Lewis, J., & Fallah, M. (2021). Oculomotor target selection is mediated by

complex objectslJournal of Neurophysiology26(3), 845863.

https://doi.org/10.1152/jn.00580.2020

66



3.1.Abstract

Oculomotor target selection often requires discriminating visual features, but it remains
unclear how oculomotor substrates encoding saccade vectors functionally contribute to this
process. One possibility is that oculomotor vector representations (absémetly as
physiological activation or inferred from behavioral interference) of potential targets are
continuously rewveighted by taskelevance computed elsewhere in specialized visual modules,
while an alternative possibility is that oculomotor masulitilize local featural analyses to
actively discriminate potential targets. Strengthening the former account, oculomotor vector
representations have longer onset latencies for vefitea| color) than dorsatream features
(i.e., luminance), suggesy that oculomotor vector representations originate from featurally
relevant specialized visual modules. Here, we extended this reasoning by behaviorally examining
whether the onset latency of saccadic interference elicited by visually complex stignahtisr
than is commonly observed for simple stimuli. We measured human saccade metrics (saccade
curvature, endpoint deviations, saccade frequency, error proportion) as a function of time after
abrupt distractor onset. Distractors were novel, visually éexnand had to be discriminated
from targets to guide saccades. The earliest saccadic interference latency was ~110 ms,
considerably longer than previous experiments, suggesting that sensory representations projected
into the oculomotor system are gatedatlow for sufficient featural processing to satisfy task
demands. Surprisingly, initial oculomotor vector representations encoded features, as we
manipulated the visual similarity between targets and distractors and observed increased vector

modulation esponse magnitude and duration when the distractor was highly similar to the target.
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Oculomotor vector modulation was gradually extinguished over the time course of the
experiment.
3.2.Significance Statement

We challenge the role of tleeulomotor system in discriminating features during
saccadic target selection. Our data suggest that the onset latency of oculomotor vector
representations is scaled by taB#iculty and featural complexity, suggesting that featural
computations are penfmed outside of the oculomotor system, which receives the output of these
computations only after sufficient visual and cognitive processing. We also challenge the
convention that initial oculomotor vector representations are feetuaeiant, as they eded
taskrelevance.
3.3.Introduction

The oculomotor system encodes visual stimuli (GoldBekyurtz, 1972; Mohler et al.,
1973) and saccades (Robinson, 1972; Robidsénchs, 1969) as vectors on orderly spatial
maps. If multiple potential saccade targets are present, the oculomotor system must select a
winner from among the available oculomotor vector representations, a process called target
selection. Competition betwe@culomotor vector representations during target selection can be
inferred behaviorally from the spatial biasing of a taxjetcted saccade by some secondary
stimulus, such as in the remote distractor (DéyM/alker, 2001; Sheliga et al., 1994, 1995;
Tipper et al., 1997, 2001) or doukdtepping target (Becké Jiurgens, 1979; Findlay and
Harris, 1984) paradigms. The modulation of saccade trajectories by competing distractors during
target selection is sensitive to the time course of oculomotor planning. Saccade trajectories are
typically biased towards distractoat short saccade latencies (Heeman et al., 2014, 2017,

McSorley et al., 2006; Tudge et al., 2018; van Zoest et al., 2012), while at longer saccade

68



latencies, saccades curve away from distractors (McSorley et al., 2006) and endpoint averaging
ceases (Heeman et al., 2014, 2017; Tudge et al., 2018).

When visual features define oculomotor targets (e.g., febased oddity search or
template matching), successful target selection requires discriminating among stimuli on the
basis of their constituent features. Behavioral experiments have demonsiaatadual features
impose additional competition between oculomotor vector representations. Saccade trajectories
are more spatially biased by distractors with fadkvant (Kehoe et al., 2018a, 2018b; Ludwig
& Gilchrist, 2003; Mulckhuyse et al., 2009; van der Stigchel et al., 2011) or conspicuous (Tudge
et al., 2018; van Zoest et al., 2012) features than distractors withireelekant or inconspicuous
features. For example, saccades curvature elicited bgaists that are colarongruent with
targets is greater than saccade curvature elicited by incongruent distractors (&u@agrist,
2003; Mulckhuyse et al., 2009). Similarly, saccadic endpoint averaging between stimuli is
enhanced for identical stimulus pairs as compared to festtwagruent stimulus pairs (van der
Stigchel et al., 2011). In fact, the magnitude of saccadeature and endpoint deviation varies
continuously as a function of taregistractor similarity for color (Kehoe et al., 2018b) and even
complex, meaningless, novel objects (Kehoe et al., 2018a).

Visual features can also modulate the latency of saccadic interference effects. Kehoe and
Fallah (2017) developed a namwvasive, behavioral method for estimating the latency of
visually-evoked saccadic interference. We measured distratitited saccadeurvature as a
function of time between an abrupt, taslelevant distractor onset and saccade execution.
Targets onset prior to distractors allowing us to continuously analyze the entire time course of
distractor processing. Conversely, previous stuldize® been limited to analyzing saccade

curvature (McSorley et al., 2006; Mulckhuyse et al., 2009) and saccade endpoint averaging
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(Heeman et al., 2014, 2017) at distractor processing times greater than ~150 ms, as targets did
not lead distractors. With our paradigm, we observed that the onset latency of saccadic
interference elicited by luminance distractors was ~20 ms faster thandvydistractors.

The theoretical foundation of this namvasive technique is rooted in the spatiotemporal
oculomotor interactions in the intermediate layers of the superior colliculus (SCi) and frontal eye
fields (FEF) associated with curved saccades. In these subsicatesnotor vector
representations are observed directly via neural activation of visuomotor (VM) neurons.
Critically, in the perisaccadic interval ~30 ms prior to saccade execution, if there is transient
excitation (McPeek et al., 2003; McPeek, 200&;t B. Wurtz, 2003) or suppression (White et
al., 2012) of VM cells encoding a distractor, saccades curve towards or away (respectively) from
the distractor. Furthermore, the magnitude of the excitation or suppression in this epoch is
proportional to the magnitedof saccade curvatures (see Figdiig. In the excitatory case, this
mechanism has been causally demonstrated with microstimulation (McPeek et al., 2003;
McPeek, 2006). Conversely, inhibitory injections in SCi elicit saccades curved away from the

inactivated motor field (Aizaw& Wurtz, 1998).
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Figure 3.1. Weighted vector average model linking hypothetical oculomotor neural activity to saccade trajectories.

A: Polar coordinates of two stimuli (blue and red filled circles) of equal eccentricity and the motor fields of two

hypothetical oculomotor cells encoding the stimuli (blue and red dotted lines). Motor fields areoct#drin

accordance with their encodstimulus.B: Figure legendC: Schematic diagram of saccade curvature and endpoint

deviation derivationRow D E, F: Hypothetical normalized neural firing rate patterns for cells encoding the stimuli.
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Firing rates are colecoded in accordance with their encoded stimulus. Shaded region corresponds to the critical
epoch (i.e., the interval of time between saccade execution and 25 ms prior to saccade eXRowti@r, |:

Weighted vector average model as a function of time in the critical ejpegtis Formulation of a weighted vector
average model similar to those used previously (e.g., Port & Wurtz, 2003) in which vaisdiriee. Row J K, L:
Resultant saccade trajectory on an example displagicdmg the blue and red stimu@olumnD, G, J: Transient
activation during critical epoch for cell encoding red stimulus elicits strongly curved saccade deviating toward the
red stimulusColumn E H, K: Transient inhibition during critical epoch for cell encoding red stimulus elicits
strongly curved saccade deviating away from the red stim@hismn F I, L: Sustained activation during critical

epoch for cell encoding red stimulus elicits straight saccade with endpoint shifted toward the red stimulus.

White et al. (2009) demonstrated that visual onset burst latencies for VM cells in SCi are
~30 ms longer for color targets than for luminance targets. This difference closely corresponds to
the visual onset burst latency differences between cells in thear@arvocellular or
dorsal/ventral processing streams in early visual areas such as the lateral geniculate nucleus
(LGN), V1, and V2 (Nowal& Bullier, 1997; Schmolesky et al., 1998). Such close
correspondence may suggest that sacvad®r encoding neans of the oculomotor system
receive visual input specifically from visual processing modules specialized for processing task
relevant visual features. In anterior visual cortical modulates specialized for processing complex
visual stimuli (e.g., faces)jsual onset burst latencies are longer than in more posterior visual
cortical modules specialized for processing simpler visual stimuli (e.g., Gabors) (Mowak
Bullier, 1997; Schmolesky et al., 1998). If oculomotor substrates receive visual input siiecifica
from visual modules specialized for processing-t&dévant visual features, then oculomotor
activation latencies should be longer for more complex stimuli than for simple stimuli. Previous
behavioral experiments utilizing doukdéepping targets (Bk&er & Jurgens, 1979), luminance

flashes (Reingold. Stampe, 2002), or irrelevant Gabors (KeBoEallah, 2017) have
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consistently shown that the onset latency of saccadic interference elicited by simple visual
stimuli is 5070 ms. Here, we utilized our aforementioned behavioral paradigm tmwasively
estimate the onset latency of saccadic interference elicitediyefasant complex objects.

In the current study, subjects performed a tempta&ching visual discrimination
between complex, novel target and distractor objects and executed saccades to the target. We
reason that these stimuli would likely require feature processing in late sfagessentral
visual processing stream. As in Kehoe and Fallah (2017), we randomized the interval between
distractor and target onsets (distragamget onset asynchrony [DTOA]) but ensured feature
processing of the stimuli by presenting the distralo&dore the target on 50% of trials so that the
order of stimulus onset did not provide target information. As such, we analyzed saccade
curvature as a function of time between saccade initiation and distractor onset for correct trials in
which the distradr onset before the target. Additionally, we examined saccade endpoint
deviations, saccade frequencies, and error proportions, as they are also indicative of oculomotor
excitatory and suppressive processing: (a) subthreshold microstimulation of a sesandadg
vector in SCi or FEF concurrent with saccade initiation causes saccade endpoints to shift towards
the stimulated vector and the magnitude of these deviations is proportional to the intensity of the
microstimulation (Glimche& Sparks, 1993; Robinsdi Fuchs, 1969; Robinson, 1972) (see
Figure3.1). (b) The abrupt onset of a visual stimulus transiently lowers the behavioral likelihood
of saccade initiation ~60 ms after stimulus onset (Reing§dklampe, 2002). As visual onset
latencies in SCi are tygally 50-60 ms (Bohenke & Munoz, 2008), this effect may be due to
lateral inhibition in SCi whereby collicular stimulation transiently elicits rapid (~5 ms) inhibition
in surrounding loci (Muno& Istvan, 1998). (c) Target selection is guided by the available

representations in SCi, as an inhibitory injection at the target locus greatly impairs accurate
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target selection (McPeek Keller, 2004). We also manipulated the visual similarity between
targets and distractors to examine when behavioral relevance encoding of stimuli emerged during
the oculomotor processing time course. Based on previous investigations of festede
saccat target selection, we expected that the initial excitatory response would be feature
invariant, while the subsequent suppressive response would vary in latency and magnitude
between similarity conditions (Fecte&uMunoz, 2006) Finally, to examine whether perceptual
learning modulates oculomotor vector representations, we examined whether distractor
processing was similar across the time course of the experimental session.
3.4.Methods
3.4.1.Participants

36 York University undergraduate students-807years old, 6 malgarticipated in the
experiment for course credit. Participants had normal or corrézteormal visual acuity and
were naive to the purpose and design of the experiment. Informed consent was obtained prior to
participation. All research was approved byY Uni ver sityds Human Part
Committee.
3.4.2.Stimuli

6 stimuli used in a previous experiment (Kehoe et al., 2018a) were constructed offline
using MATLAB (MathWorks, Natick, MA) by intersecting 6 or 7 vertical and horizontal line
segments (¥ 0.08°) together at right angles in a configuration that did not resemble meaningful
alphanumerical characters to an English speaker (similar to Palmer, 1978; se@ Bé&jure
Individual line segments occupied 1 of 12 possible locations that were embedded in an imaginary
box (2°x 2°). All stimuli were linearly relatecdbtone another in the number of line segments

differences between them. Stimuli were assigned to an irt@gised location on a conceptual
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number line in which the absolute difference in number line position between any two stimuli
was equal to the number of line segment differences between them and is therefore inversely
proportional to their visual similarity. The difference in number position between stimuli is

herein referred to as objective similarity (OS). The 6 stimuli were divided into 3 subsets of 2
stimuli: {3,4}, {2,5}, and {1,6} (see Figure.2B). Each subset was characterized by a unique OS
value: OS = 1, OS = 3, and OS =ré&ferred to herein as OS1, OS3, and OS5 (respectively).

Stimuli in each subset were interchangeably assigned as either targets or distractors. The stimuli
were white (CIRy = [.29, .30], luminance = 126.02 cdjrand were displayed against a black
(CIExy = [.27, .26], luminance = 0.20 cdfjrbackground on a 2ihch CRT monitor (85 Hz,

1024x 768. Participants viewed stimuli in a dimly lit rooftom a viewing distance of 57 cm

with a headrest stabilizing their head position.
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Figure 3.2. Discrimination saccade task stimuli, displays, and temporal schea8tmuli used in the current
experiment. Stimuli were placed on an integalued conceptual number line in which the absolute difference
between number line positions corresponds to the number of line segment differences, referred to as objective
similarity (OS).B: Stimulus subsets and associated OS. 6 stimuli were uniquely assigned to 3 subsets of 2 stimuli
where each subset has a unique OS v&lugrial structure. Paicipants pressed lautton to preview the target

stimulus until they were familiar with it. Participants then pressed the button again to initiate the discrimination
display. After maintaining fixation for 200 ms, the display was presented for 750 ms or until a saccad# thene
stimuli was detected. The target and distractor onsets were separated by a randomized interval, referred to as
distractortarget onset asynchrony (DTOA): Temporal schematic diagram. Absolute time is represented by the

long, rightward horizontedrrow. Critical temporal events (target onset, distractor onset, saccade onset) are indicated
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by downward facing arrows and accompanying text labels. Critical temporal intervals are indicated bygidedble
horizontal arrows with accompany text labels. Saccadic reaction time is the interval between target onset and
saccade onset. Distracttarge onset asynchrony (DTOA) is the interval between target onset and distractor onset.

Distractor processing time is the interval between distractor onset and saccade onset.

3.4.3.Apparatus and Measurement

Stimulus presentation was controlled using a computer running Presentation software
(Neurobehavioral Systems, Berkeley, CA). Manual button responses were collected on a serial
response box (RB40; Cedrus, San Pedro, CA). Eye position was recorded u$iaggtheye
tracking (500 Hz, EyeLink II; SR Research, Ontario, Canada). The eye tracker was calibrated
using a ningooint grid at the beginning and halfway point of each experimental session, and as
needed. All data processing and statistical analysipesisrmed using MATLAB.
3.4.4.Task Procedure

Trials were initiated by button pressing (see FIRIEE). A target preview was
presented until participants pressed the button a second time. A white fixation cros®.@x°
then appeared in the center of the display. After participants maintained fixation 1L 8%
window) for 200 ms, the target and distractor appeared at 1 of 4 locations. The target and
distractors were always in the same vertical hemifield, were equidistant from fixation (8°
eccentricity), and angularly separated from the vertical meridian by 22.5°. The relative time
between distractor and target onsets (distreictarr get onset asynchrony
1100, 150, 0, 50, 100, or 15 @tthmtargat onsetfihsi. Th

correctly discriminate the target, participants were instructed to maintain fixation, use their

peripheral vision to determine which stimulus was the target, and then make a saccade to it. The

trial ended when a saccade wasim#o the target (correct) or distractor (incorrect) or 750 ms
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had elapsed from the time of the first stimulus onset {ootg An error tone and message were
used to indicate incorrect and tiroat trials. Timeout trials were randomly replaced back into
the block. Participants received accuracy feedback at theferath block.

Participants completed 1 session with 6 blocks of 75 trials for a total of 450 trials. Each
block contained 3 repeats of 25 conditions (3 OS condi#oh®TOA conditions + 4 no
distractor baseline trials, one for each stimulus location) in randomized order. On each trial, the
hemifield (upper vs. lower), left/right order of the target and distractor, and target/distractor
stimulus assignment (e.g., targel, distractor = 6 vs. target = 6, distractor = 1) was randomized
with equal probability.
3.4.5.Saccade Detection

Saccades were detected, visualized, filtered, and analyzed offline using customized
MATLAB algorithms. Saccades were defined as a velocity exceeding 20 °/s for at least 8 ms and
a peak velocity exceeding 50 °/s. Saccadic reaction time (SRT) was defihediase from
target onset to saccade initiation (see FI@2B). Trials that contained blinks (1.98%),
corrective saccades (1.01%), saccade amplitudes < 1° (1.75%), endpoint deviations > 3° from the
center of the target (5.26%), fixation drifts > 0.5ftidg the presaccadic latency period (4.27%),
or an SRT < 100 ms (3.49%) were excluded from further analysis leaving 82.24% of the data
remaining.

Saccade curvatures were quantified as the sum of all orthogonal deviations from a
straight line between the start and end of the saccade in degrees visual angle. Endpoint deviations
were quantified as the angular separation between the saccade endpthietaarder of the
target in polar degrees. See FigBrEC for a schematic diagram of these definitions. Mean

baseline saccade curvature and endpoint deviation for each participant at each target location was
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subtracted from the data to reduce idiosyncratic movement. These metrics were coded so that
positive values correspond to deviations towards the distractor, while negative values correspond
to deviations away from the distractor. This convention convdyiiicates excitatory
distractor processing as positively valued saccade curvature/endpoint deviation and inhibitory
distractor processing as negatively valued saccade curvature given the relationship between
saccade curvature/endpoint deviation direcaad excitatory/inhibitory distractor processing in
oculomotor substrates (ssection3.3. Introduction ).
3.4.6.Data Analysis

3.4.6.1.Task performance. To ensure that the task was performed at above chance
levels, a binomial exact test was conducted on the frequency of correct trials fpadagpant.
Participants who did not score above champce .05) were removed from subsequent analyses.

3.4.6.2 Distractor processingtime. We only analyzed trials on which the target onset
prior to or synchronously with distractor onset (DTOA .Distractor processing time was
defined as the time between distractor onset and saccade onset and was computed by subtracting
DTOA from SRT (see Figurg.2D). We fit a Gaussian kernel smoother with a bandwidth of 10
ms to the saccade curvature amdipoint deviation data from each subject as a function of
distractor processing time. A sliding tvtailed, Wilcoxon signedank test was used to
determine the distractor processing epochs at which saccade curvature and endpoint deviation
were significany different than zero. Similarly, a Gaussian kernel density estimator (KDE) with
a bandwidth of 10 ms was fit to the distributions of correct and erroneous saccades for each
subject to estimate saccade frequency and error proportion as a functioractatigtrocessing
time. Saccade frequencies appeared to be distributed as an exporertdiflgd Gaussian

(EMG) function of distractor processing time but for a transient decrease in the range-of ~125
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250 ms. To estimate the distractor processing tanef(this transient decrease, we first fit an

expectation EMG model to the data outside of this range. The model was defined as

0
AQD C”
o Agbo

Q0 |

wheregl scales the height of the modeland, are the mean and variance parameters for the
Gaussian component of the model, arstales the skew of the model. We fit the model by
maximizing the loglikelihood of the parameters using the normal distribution. We validated the
model with a ratio test comparing the fit to a gua@ameter null model. Second, a sliding-one

tailed Wilcoxa signedrank test was used to determine the distractor processing time that
saccade frequencies were significantly lower than the expectation model. A sliding Wilcoxon
signedrank test was used to determine the distractor processing epochs at which error proportion
was significantly greater than the standard error of the proportion. We only analyzed saccade

curvature, endpoint deviation, and error proportion for distrgotmressing times with at least

20 saccades, i.e., KDE S ”mc“—, where, p T(KDE bandwidth).

This analysis was repeated to examine (a) the overall distractor processing time course;
(b) distractor processing time course differences between OS conditions; and (c) distractor
processing time course differences between the first, second, and finakek{8erimental
blocks. All saccade metrics were compared between conditiong siiting Friedman test to
determine when processing was significantly different between conditions. For all sliding
inferential analyses, epochs were considered signifigaahp < .05 for at least 10 ms.
Significant epochs separated®y 5 ms wer e Nomparametric Witcoxentsigned .
rank and Friedman tests were utilized as the data was often not normally distributed across

subjects.
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3.4.6.3.Consistency ofoverall distractor processingtime effects acrosssubjects.

We examined whether the pattern of results for the overall data was consistent across
individual subjects with a time series analysis that capturessatgect variability. We
generated=1000 bootstrapped resamples of the entire data set. For each subject and for each
resample, we computed saccade curvature, endpoint deviation, saccade frequency, and error
proportion as a function afistractor processing timesing the kernel regression and KDE
techniques outlined in the previous section @estractor Processing Time Next, we identified
significant distractor processing epochs for each metric and for each subject using a sliding non
parametric distribution test. The distribution test empirically examines whether a large
distribution of¢ observationstd & B0 | is significantly different from some constag,
Borrowing the computational formulation Bbe et al. (2005 the onetailed cumulative

probability in the left tail is

cP LR m o o e

N ¢ 9"C 5 & &
theonetailed cumulative probability in the right tail is

P L., M ® & T

h ¢ «ha ph © © il

and the twetailed cumulative probabilityis | E ) I

The following analyses were repeated for each subject to detect debgdignificant
distractor processing epochs. A sliding ttaded, distribution test was usealdetermine the
distractor processing epochs at which the saccade curvature and endpoint deviation distributions
of resamples were significantly different than zeraliding onetailed, distribution test was
usedto determine the distractor processing epochs at which the saccade frequency distribution of

resamples was significantly lessh an EMG expectation model, where the model was fit to the
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mean of the saccade frequency distribution of resamples using the method outlined in the
previous section (sdeistractor Processing TimeA sliding onetailed, distribution test was

usedto determine the distractor processing epochs at which the error proportion distribution of
resamples was significantly greater than the standard deviation of the error proportion

distribution of resamples. For all sliding inferential analyses, epochscees@ered significant
whenp < .05 for at least 10 ms. Signifideepochs separatedly 5 ms wer e pool ed
We removed subject level epochs that onset < 60 ms after distractor onset, as such short latency
effects are likely anticipatory and not visually guided. For saccade curvature and endpoint
deviation, we split the subject epodhto positively/negatively signed sets of epochs.

We examined the consistency between the epochs detected at the subject level with the
epochs detected at the group level. We analyzed the probability that time bins in the subject level
epochs temporally overlap with the temporal interval of each gexgb epoch. Finally, we
computed the number of subjects with at least one epoch that overlaps with the temporal interval
of each group level epoch. We tested whether the number of subjects with epochs consistent with
the group level epochs was significaningsa binomial exact test.

3.4.6.4 Disentangling SRT anddistractor processingtime. We performed several
analyses to ensure that any potential effects of distractor processing time are not confounded by
systematic SRT differences between conditions. First, we examined potential SRT mean
differences between DTOA (0, 50, 100, 1,805 (OS1, OS3, OS5andexperimental block
(early, middle, late) conditions using a linear mbedtects model with fixed effects for all
conditional main effects and interactions and with random subject intercepts for each fixed effect
similar to repeatedneasures ANOVA. A margal F-test with planned orthogonal comparisons

aspost hocsvas used to analyze all fixed effects. To examine potential sgenlacy trade
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offs, we repeated this analysis for error proportions with a generalized lineareffieets
model with a logit link function to the binomial distribution. Second, we repeated our data
smoothing procedure (s&astractor Processing Timéo analyze saccade metrics as a function
of distractor processing time separately across DTOA conditions. This allowed us to investigate
whether the latencies of distractor processing effects are consistent across DTOA conditions.
Third, we realigned thdata to target oms$ and repeated our data smoothing procedure to
analyze saccade metrics as a function of SRT. This allowed us to investigate whether the
distractor effects temporally scale with distractor onset, or alternatively, whether distractor
effects are fixed withmespect to saccade latency. In the second and third analyses, saccade metric
differences between DTOA conditions as a function of distractor processing time and SRT were
analyzed using a sliding Friedman test with the same inferential conventions used abov
Significant epochs in each DTOA condition were identified using sliding Wilcoxon sigméd
tests with the same inferential conventions used above.
3.5.Results

All participants correctly discriminated the target above chancpg@ll009), except for
one participantg = .050) who was therefore removed from subsequent analyses. The group
mean percentage of correct target discriminations was 89 8F% @.92%).
3.5.1.0verall Distractor Processing

We examined whether the duration of distractor processing time (see F@Dydad a
systematic influence on saccade trajectories. Fig@rdlustrates a random sampling of saccade
trajectories uniformly sampled across distractor processing time. As can be seen i8.Bigure
saccade trajectories appear spatially biased towards distractors at early distractor processing

times and spatially biased away from distractors at later distractor processing times. Next, we
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examined potential systematic effects of distractor processing time on saccade curvature,
endpoint deviation, saccade frequency, and error proportion with kernel regression, KDE, and

sliding inferential analyses.
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Figure 3.3. Example saccade trajectories. Saccades are-cotted bydistractor processing tinie milliseconds

(see color gradient scale, right side). Dashktk line indicates target position. Black cross indicates fixation
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anchor. Each panel illustrates a subset ©f100 randomly selected saccades. Saccade random selection was
constrained such that saccades were uniformly distributed alistisctor processing timé: Saccades elicited to
top, left targetsB: Saccades elicited to top, right targ&isSaccades elicited to bottom, left targ€isSaccades

elicited to bottom, right targets.

We analyzed the behavioral effects of distractor processing time averaged across all
conditions (see Figurg4). Positively valued saccade curvature indicates curvature towards the
distractor, which is indicative of excitatory distractor processing, while negatively valued
saccade curvature indicates curvature away from the distractor, which is indicative ofiyphibito
distractor processing. As such, saccade curvature indicated that there was an initial epoch of
gradually decreasing excitatory processing@ims), followed by a transient excitatory epoch
(133168 ms), and then an extended epoch of inhibitory prowp$24 7500 ms) (see Figure
3.4A). Positively valued endpoint deviation indicates saccade endpoints biased towards the
distractor, which is associated with sustained excitatory distractor processing. As such, endpoint
deviation indicated that there was an extended excitatory epoct24B08s) (see Figurd.4B).

The expectation model provided a good fit to saccade frequprecy01) and indicated that
there was a transient drop in saccade frequencyZ380ns) (see Figur4C). There was an
abrupt onset of erroneous saccades that grigdiedreased over distractor processing time {154

349 ms) (see Figura4D).
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3.5.2.0verall Distractor Processing Effects Across Subjects

We examined whether 5 primary effects observed for the overall data were consistent
across subjects: an excitatory effect of saccade curvature, an inhibitory effect of saccade
curvature, an excitatory effect of endpoint deviation, an effect of saccagefiay, and an
effect of error proportion (see Figusé). All descriptive and inferential statistics for this
analysis are presented in TaBl&. 20 excitatory saccade curvature, 7 inhibitory saccade
curvature, and 2 excitatory endpoint deviation anticipatory subject epochs (onset < 60 ms) were
removed from this analysis. 26.9% of the distribution of saccade curvature excitatory-subject
level epehs overlapped with the grodgvel epoch (see FigubA). The number of subjects
with at least one overlapping epoch with the grtayel epoch was 10, which was not

statistically greater than chance (, p=.992). 88.6% of the distribution of saccade curvature

inhibitory subjectievel epochs overlapped with the greepel epoch (see Figu&5B). All

subjects had at least one overlapping epoch to the ggwapepoch, which was statistically
greater than chance ( , p=0). 65.5% of the distribution of endpoint deviation excitatory

subjectlevel epochs overlapped with the greepel epoch (see FiguBe5C). The number of

subjects with at least one overlapping epoch to the ¢gexgd epoch was 24, which was
statistically greater than chance (, p=.008). 86.0% of the distribution of saccade frequency

subjectlevel epochs overlapped with the greepel epoch (see FiguBe5D). The number of

subjects with at least one overlapping epoch to the ¢geugd epoch was 31, which was
statistically greater than chance (, p<.001). 95.4% of the distribution of error proportion

subjectlevel epochs overlapped with the grelepel epoch (see FiguBe5E). The number of

subjects with at least one overlapping epoch to the ¢gexgd epoch was 27, which was

statistically greater than chance (, p<.001). Given this analysis, all group level effects of the
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overall data show considerable consistency across subjects, except for saccade curvature

excitatory responses. However, this may be due to a much narrowedgvelppoch for the

saccade curvature excitatory effect relative to other effects in the laatal

A

Figure 3.5. Empirical probability density functions of subjdetel epochs for the overall data as a function of
distractor processing time. Thick, vertical black line indicates the medite eimpirical probability density
function.t indicates the effect onset estimated at the group lkveidicates the effect offset estimated at the

group level. The shaded region indicates the probability density of sidyetepochs within the grotdpvel effect
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interval, where the probability is indicated byt

0 1 .Subject epochs are plotted as horizontal thin lines,

where epochs of equal height are observed from the same subject. Subject epochs plotted in black indicate the epoch

with maximum overlap of the group interval for a given subject. All remaining supechs are plotted in gres;

indicates the number of subjects with at least one epoch that overlaps with théegegpochne indicates the

total number of subject epochs. Epochs that onset < 60 ms after distractor onset were not an&yzeatie

curvature excitatory subject epocBs.Saccade curvature inhibitory subject epo€i€ndpoint deviation

excitatory subject epochB: Saccade frequency subject epodhsError proportion subject epochs.

Table 3.1. Consistency between subjdetel epochs and grotipvel epochs.

SubjectLevel Epoch Distribution Consisten
GroupLevel Epoch Probability Subjects
Metric Effect Onsetft) Offset(t) Median SD Below Inside  Above nep Nsj p
S Curvature + 133 168 163 50.86 .263 .269 .468 26 10 0.992
S Curvature T 247 500 350 88.16 114 .886 000 71 35 0.000
E Deviation + 108 243 201 109.24 .026 .655 319 50 24 0.008
S Frequency n/a 130 230 180 62.61 .026 .860 114 43 31 0.000
E Proportion n/a 154 349 229 53.22 .010 .954 .036 38 27 0.000
S Curvature: saccade curvature. E Deviation: endpoint devi&ibrequency: saccade frequency. E Proportion:
error proportipoons.i tfi+oe:l yelxscigtnaettd reyf,f -signdd effedt.SD: atandavde | y

deviation. Below: probability of subjet¢vel epochs less than gretavel intervald o

subjectlevel epochs within groufevel intervald T

than grouplevel intervald 6 T . Nep number of subjedevel epochshsj: number of subjects with at least one

0 1 . Above: probability of subjedevel epochs greater

T . Inside: probability of

subjectlevel epoch that overlaps with the grelgpel interval.p: onetailed binomial exact test of

3.5.3.0S Condition Distractor Processing Differences

We analyzed the behavioral effects of distractor processing time separately across OS

conditions (see Figurg6). Positively valued saccade curvature indicates curvature towards the

distractor, which is indicative of excitatory distractor processing, while negatively valued

saccade curvature indicates curvature away from the distractor, which is indicativéibdinhi
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distractor processing. We present but did not analyze distractor processing times <100 ms as the
overall analysis demonstrated that any such effects are anticipatory.

For saccade curvature, there was a transient excitatory epoch observed across all OS
conditions and the duration of this epoch varied across OS condition (OS1564ds; OS3:

132-167 ms; OS5: 13495 ms) (see Figur@6A). There was also a secondary transient

excitatory epoch uniquely observed in the OS1 condition-2&10ms). Finally, there was an
extended inhibitory epoch that onset first in the OS34BIbms) and OS5 (24478 ms)

conditions, and later in the OS1 clition (303482 ms). OS3 and OS5 saccade curvature was

more negatively curved than OS1 curvature during the inhibitory delay in the OS1 condition
(black line, 275307 ms). There was a brief period of negative curvature in the OS3 condition
preceding the dgnded inhibitory epoch (OS3: 2P29 ms), which we think reflects the true
inhibitory onset in the OS3 condition given both the trend of the data and the observation that the
sliding inferential analysis was marginally significant (@310 .)thfb@ghout the interval
separating the brief and extended inhibitory epochs (0S32246ns).

Positively valued endpoint deviation indicates saccade endpoints biased towards the
distractor, which is associated with sustained excitatory distractor processing. Endpoint deviation
indicated an excitatory epoch which onset first in the OS5 conditi@gRl(1P ms) and shortly
thereafter in the OS1 (14516 ms) and OS3 conditions (2268 ms) (see Figui26B).

Critically, during the excitatory epoch, endpoint deviation was different between OS conditions
(black line, 141160 ms). OS1 endpoint deviation was higher than in OS3 and OS5 conditions
concurrent with the secondary excitatory epoch observed for sacaadture in the OS1

condition (black line, 214235 ms). Endpoint deviations were otherwise-smmificant but for

an additional excitatory epoch in the OS1 condition in which OS1 endpoint deviation was greater

91



than OS3 and OS5 endpoint deviation (black line;323 ms). Interestingly, this epoch
somewhat corresponded to the inhibitory delay period between the OS1 condition vs. OS3 and
OS5 conditions observed with saccade curvature.

The expectation model provided a good fit to saccade frequency across OS conditions (all
p <.001) (see Figurd.6C). There was a transient drop in the likelihood of making a saccade
across OS conditions (OS1: 1360 ms; OS3: 13215 ms; OS5: 12229 ms). Interestingly,
there was a lower frequency of saccades in the OS1 condition than both the OS3 and OS5
conditions black line, 226305 ms), coinciding with the secondary excitatory epoch observed
uniquely in the OS1 condition and also coinciding with the inhibitory delay observed in the OS1
condition relative to the OS3 and OS5 conditions.

There was a transient increase in error rates with consistent onset latencies across OS
conditions but that was sustained in just the OS1 condition (OSHUINEFOS3I: 1672249 ms;
0OS5: 157249 ms) (see Figur@6D). Errors were consistently higher in the OS1 condition than

the OS3 and OS5 conditions (black line, 288 ms).
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Figure 3.6. Smoothed saccade metrics as a function of distractor processingptiheeOS1 (blue), OS3 (red), and
OS5 (green) condition$haded error bars represent standard error across suljecsd$). Black bars above panels
indicate significant differences between conditions (Friedman test). All statistical analyses were considered
significant atp < .05.A, B: Colored bars along the abscissa indicate significant differences from zertailedo
Wilcoxon signeerank test) A: Mean saccade curvatui®. Mean endpoint deviatiol€: Sum saccade frequency.
Dashed lines indicate fitted exponentiathodified Gaussian expectation models. Colored bars along the abscissa

indicate significant differences below expectation ¢tailed Wilcoxon signedank test)D: Proportion of errors.
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Colored bars along the abscissa indicate significant differences above the standard error of the propetdited(one

Wilcoxon signeerank test).

3.5.4.Experimental Block Distractor Processing Differences

We examined the effects of distractor processing time separately over the early (E),
middle (M), and late (L) experimental blocks of the experiment. As in the previous analysis, we
present but did not analyze distractor processing times <100 ms as thiéanedysis
demonstrated that any such effects are anticipatory.

This analysis demonstrated five notable effects (see F&jtire(a) The saccade
curvature excitatory response was longest in the early blocks (E:6B¢hs), reduced in the
middle blocks (M: 142163 ms), and was completely extinguished in the late blocks (see Figure
3.7A). (b) The latency of the saccade curvature inhibitory response decreased over the course of
the experiment (E: 276 ms; M: 251 ms; L: 240 ms). (c) Endpoint deviation in the initial
excitatory epoch was considerably higher in the early blocks than ldber @xperiment (black
line, 164189 ms) (se€igure3.7B). (d) The latency of the transient drop in saccade likelihood
was consistent across experimental blocks (E: 128 ms; M: 130 ms; L: 133 ms; all expectation
modelsp < .001) (see Figurd.7C). (e) Errors during the initial excitatory epoch had a shorter
latency in the early blocks (E: 153 ms) than in the middle and late blocks (M: 169 ms; L: 169

ms) (see Figur8.7D).
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Figure 3.7. Smoothed saccade metrics as a function of distractor processinmtieeearly (magenta), middle

(cyan), and late (yellow) experimental blockhaded error bars represent standard error across suljecds).

Black bars above panels indicate significant differences between conditions (Friedman test). All statistical analyses
were considered significant pk .05.A, B: Colored bars along the abscissa indicate significant differences from

zero (twotailed Wilcoxon signedank test) A: Mean saccade curvatuig. Mean endpoint deviatio©: Sum

saccade frequency. Dashed lines indicate fitted exponentiatlified Gaussian expectation models. Colored bars

along the abscissa indicate significant differences below expectatiotaftateWilcoxon signedank test)D:
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Proportion of errors. Colored bars along the abscissa indicate significant differences above the standard error of the

proportion (onetailed Wilcoxon signedank test).

3.5.5.SRT Processing Differences

3.5.5.1.Mean differences There were no SRT main effects or interactions between
conditions (allF 01.50, allp O . )Ise7Figurd.8). There was a significant effect of DTOA
on error proportionsH[3,1218] = 37.37p < .001). All pairwise differences were significant (all
F04.76, allpO .)0efcOpt for DTOA150 and DTOA10E([(1,1218] = 2.59p = .108). There
was a significant effect of OS on error proportiofR(1218] = 51.28p < .001). All pairwise
differences were significant (&l 055.73, allp < .00, except for OS3 and OSB[(,1218] =

3.40,p = .065). There were no other error proportion main effects or interactions between

conditions.
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Figure 3.8. Mean SRT (top row) and error proportion (bottom row) differences between DTOA, OS, and
experimental block conditions. DTOA is plotted along abscissa. OS conditions areaddal (OS1 = blue, OS3 =
red, OS5 = green). Experimental block conditions araqaldty column (early = left, middle = middle, late = right).

Error bars represent standard eaoross subjectdN(= 35).

3.5.52. Distractor processingtime differences between DTOAconditions. We
analyzed the behavioral effects of distractor processing time separately across DTOA conditions
and compared them to the group level effects observed for the overall data (se8.9)giite
effects of distractor processing time on saccade curvature were consistent across DTOA
conditions (see Figurg9A). Across DTOA conditions, there were consistent positive curvatures
after ~140 ms of distractor processing (DTOAO: -P29 ms; DTOA50: 14881 ms; DTOA100:
138159 ms), except in the DTOA150 condition in which the excitatory response failed to meet
the 10ms criterion but was significantly greater than zero for 9 ms-{#80ms). Additionally,
by subjectively examining the trends of the means, the excitatory epoch in the DTOA50
condition does appear to have a slightly longer latency than the remainingioc@nialling just
outside of the excitatory epoch measured for the overall data (see FRAkeDuring the
excitatory epoch, there were differences between DTOA conditions (black linr2203%s),
likely driven by higher saccade curvature in the DTOAO condition than the remaining conditions.
These results indicate that the magnitude of excitatsponses was modulated by DTOA
condition, but critically, the latency was highly consistent across DTOA conditions. The onset of
inhibition did vary somewthaacross DTOA conditions as a function of distractor processing time
(DTOAOQ: 257 ms; DTOA5S0: 265 ms; DTOA100: 233 ms; DTOA150: 277 ms) but was

otherwise indistinguishable between conditions.
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Endpoint deviation excitatory epochs were related to distractor processing time and
consistent with the overall group estimates (DTOA50: 108 ms; DTOA100: 117 ms; DTOA150:
112 ms) (see Figui29B). However, there were insufficient observations in the DTOAO
condition to determine if the excitatory epoch latency was equal to ~110 ms of distractor
processing. As with saccade curvature, there were differences between DTOA conditions during
the excitabry epoch (black line, 13268 ms), suggesting that the magde of excitatory
responses was modulated my DTOA condition, but critically, not the latency.

Saccade frequency distributions were offset by ~50 ms between DTOA conditions (see
Figure3.9C). This was expected since splitting the data by distractor onset shifts target onsets by
~50 ms between DTOA conditions (see FigB2D). However, across DTOA conditions, there
was a drop in saccadic likelihood with latencies clearly related to distractor processing time
(DOTA50: 123 ms; DTOA100: 123 ms; DTOA150: 140 ms), except for DTOAO in which there
were too few observations in th&nge (all expectation metsp < .001). As expected, the
expectation model failed to reproduce the DTOAOQ saccade frequency distribution in 280125
ms range, as it was fit outside of this range.

Errors onset much earlier in the DTOAO condition (DTOAOQ: 132 ms) than in the
remaining DTOA conditions (DTOA50: 209 ms; DTOA100: 196 ms; DTOA150: 227 ms) and
were initially much higher in the DTOAO condition than the remaining DTOA conditions (black
line, 132236 ms) (see Figur®9D). This difference is likely driving the main effect of error
proportion on DTOA (sebdlean Differences By ~250 ms of distractor processing, error rates

were indistinguishable between DTOA conditions.
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Taken together, these results show that distractor effect epochs were temporally locked to
distractor processing time consistently across DTOA conditions and were also consistent with

estimates from the overall data.
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statistical analyses were considered significapt<at05. Thin, vertical, black lines indicate the grdapel epochs
observed for the overall dat&, B: Colored bars along the abscissa indicate significant differences from zefro (two
tailed Wilcoxon signedank test) A: Mean saccade curvatui®. Mean endpoint deviatiol€: Sum saccade

frequency. Dashed lines indicate fitted exponentialtydified Gaussian expectation models. Colored bars along the
abscissa indicate significant differences below expectationtéileel Wilcoxon signedank test)D: Proportion of
errors. Colored bars along the abscissa indicate significant differences above the standard error of the proportion

(onetailed Wilcoxon signedank test).

3.5.53. SRT differences between DTOAconditions. Next we analyzed saccade metrics
as a function of SRT separately across DTOA conditions (see Bde This analysis allowed
us to disentangle the effects of SRT and distractor onset on the saccade 8ighiftsant
epochs with overlapping SRT intervals across DTOA conditions arer8R{Ed. Significant
epochs temporally contingent to the corresponding distractor onset (see colored squares in Figure
3.10) are related to distractor processing time. As we saw effects staggered across DTOA
conditions,offset by approximately 50 ms between conditions and in the appropriate order, we
concluded that the previously discussed overall effects (see s@stwall Distractor
Processing Effecjsvere primarily related to distractor processing time.

For saccade curvaturthere were effects related to both SRT and distractor onset time
(see Figur8.10A). There was consistent positive curvature across DTOA conditions at the
earliest SRTs (DTOAO: 13229 ms; DTOA100: 12865 ms; DTOA150: 13489 ms). This
SRT-related positive curvature was not significant in the DTOA50 condition, but still
qualitatively exhibited the same trend. In the DTOA150 condition, this activity preceded the
distractor onset and was therefore definitively anticipatory. In the DTOA100 condition, this
activity onset ~30 ms after distractor onset and was therefore also likely anticigstocades

were more positively curved in the DTOAQO condition than the remaining DTOA conditions
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during this early SRT epoch (black line, 1326 ms), perhaps suggesting an additive influence
of anticipation and distractor visual processing. However, despite these cleaelSRd effects,
there were also distractoelated effects, as excitatory eps in the DTOA50 and DTOA100
conditions were scaled by differences in distractor onset latency (DTOA5@440@s;
DTOA100: 245258 ms) It was less clear whether negatively signed saccade curvature was
related to SRT or distractor processing tiffilee onset of negatively signed curvature effects did
vary across DTOA conditions (DTOAOQ: 257 ms; DTOA50: 329 ms; DTOA100: 336 ms;
DTOA150: 429 ms) suggesting distractetated effects. As a consequence, the magnitude of
inhibitory processing was greaterthe DTOAOQ condition relative to the other conditions during
the inhibitory epoch (black line, 28%3 ms). However, although inhibition latencies
monotonically increased across DTOA conditions, these differences were not linearly scaled
with distractor aset as expected by distractetated effects.

The DTOA100 and DTOA150 conditions also indicated SBated anticipatory activity
for endpoint deviation (DTOA100: 12B40 ms; DTOA150: 13448 ms) (see Figur&10B).
However, like saccade curvature, there were excitatory epochs in the DTOA50, DTOA100, and
DTOA150 conditions linearly scaled by differences in distractor onset latency (DTOA50: 161
232 ms; DTOA100: 22276 ms; DTOA150: 27804 ms).

Saccade frequency clearly indicated excitatory epochs linearly scaled by distractor onset
latency (DTOAS0: 183815 ms; DTOA100: 23817 ms; DTOA150: 29348 ms; all
expectation modgis < .001) and no SRielated activity (see Figu@10C). Aligning saccade
frequency to SRT illustrates that there are no clear boundary differences in the overall SRT
distributions between DTOA conditions, consistent with the null main effect of DTOA condition

on mean SRT (sedean Differences
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Error proportion also clearly indicated distractor effect epochs with onsets linearly scaled
by distractor onset latency (DTOAO: 132 ms; DTOA50: 213 ms; DTOA100: 261 ms) (see Figure
3.10D). The number of errors also appears to be linearly related to DTOA condition, consistent
with the main effect of DTOA on error proportion discussed earlierNleza Differences

Taken together, these results show that although contributed SRT excitatory anticipatory
activity and norinearities in inhibitory processing, excitatory epochs were clearly related to

distractor onset latencies.
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Figure 3.10. Snoothed saccade metrics as a function of saccadic reactiomtiime DTOAOQ (teal), DTOAS50

(purple), DTOA100 (pink), and DTOA150 (orange) conditioBeaded error bars represent standard error across
subjects Nl = 35). Black bars above panels indicate significant differences between conditions (Friedman test). All
statistical analyses were considered significapt<at05. Colored squares indicate mean distractor onset latency and
accompanying error bars indicate distractor onset latency standard devidgodistractor latencies indicate the
degree to which temporal epochs are contingent to distractor onset time in each respective DTOA condition.
Temporal effects occurring at consistent SRTs across DTOA conditions are thus unrelated to distractogprocess
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time. A, B: Colored bars along the abscissa indicate significant differences from zer@ilrdoWilcoxon signed
rank test)A: Mean saccade curvatuig. Mean endpoint deviatioiC: Sum saccade frequency. Dashed lines
indicate fitted exponentiallynodified Gaussian expectation models. Colored bars along the abscissa indicate
significant differences below expectation (eméed Wilcoxon signedank test)D: Proportion of errors. Colored
bars along the abscissa indicate significant differences abosgeatidard error of the proportion (etaled

Wilcoxon signeerank test).

3.6.Discussion

We noninvasively measured human saccade curvatures, endpoint deviations, saccade
frequencies, and error proportiéngndices of oculomotor excitation (Glimch&rSparks, 1993;
McPeek, 2006; McPeek et al., 2003; Mugistvan, 1998; Po& Wurtz, 2003; Reingold.

Stampe, 2002; Robinson, 1972; RobingoRuchs, 1969; White et al., 2012) and inhibition
(Aizawa& Wurtz, 1998; Lee et al., 1988; McPe&lKeller, 2004; Munoz& Istvan, 1998;

White et al., 2013) as a function of time after the abrupt onset of a-takvant, visually

complex distractor. Critically, we ensured distractor feature processing and manipulated the
visual similarity between targets and distractors. Based on previous physiological experiments,
we hypothesized that distractor onsets would elicit an excitatory, featneant oculomotor

vector representation, followed by an inhibitory response encaeatiggtdistractor similarity.

On average, the saccade vector modulation latency was ~135 ms for saccade curvature
and ~110 ms for endpoint deviation. This 25 ms difference is consistent with saccade curvature
as indicative of competing activity ~ZD ms prior to saccade execution amdipoint deviation
as indicative of competing activity at the time of saccade execution, demonstrating high
reliability between these metrics and suggesting that the latency of visually evoked oculomotor
excitatory processing was ~110 ms. Visual onseoresgs measured invasively in oculomotor
substrates are typically much faster (reviewed by BoeBnkkinoz, 2008), but can increase as
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stimulus features require processing in higher areas of the ventral visual processing hierarchy
(e.g., perceptual color space; White et al., 2009) or for extremely low luminance stimuli (e.g.,

O. 05 % Betl ét al., 2006; Marino et al., 2015). As our stimuli were very high luminance

(~125 cd/m) and sufficiently complex to require processing in late stages of the ventral visual
processing stream, the unusually long visual onset response latency of 110 ms we observed must
reflect a delay in cortical feedfward projections into oculomotor substrates to accommodate
sufficient visual processing necessary for feature discrimination. As such, our results suggest
that, in the context of complex object discrimination, the contribution of the oculomotor
substrate$o featurebased target selection is limited to selecting the preprocessed object
representation with the highest activation as opposed to discriminating the target from
distractor(s) on the basis of a local featural analysis. Strong corroborationaddbist is the
observation that error rates were not different from zero in the first ~150 ms after distractor onset
and errors never occurred prior to 125 ms after distractor onset, suggesting that saccadic target
selection was guided exclusively by theget representation during this epoch. A 40 ms delay
between oculomotor vector representations modulating saccade trajectories versus modulating
saccade target choices suggests a buildup of the representational strength of the distractor until it
was supathreshold for eliciting saccades to the distractor, consistent with collicular visual onset
bursts eliciting express saccades after sufficient buildup (Marino et al., 2015). We also observed
a transient drop in the likelihood of making a saccade ~13&ftesdistractor onset. A similar
transient drop in saccade frequency occurs6®ins after a luminance flash on a sacedade

target task (Reingol& Stampe, 2002). Although analytic differences between experiments
prohibit making exact temporal comparisons, the considerably large difference in saccadic

inhibition latencies (~75 ms) suggests that this difference is not merely an artefact of our analytic
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choices. We therefore interpret this difference as consistent with our account that the delayed
oculomotor vector representation onset latency we observed relative to other experiments
utilizing simpler visual features and tadkmands, reflects the addiial time required for
sufficient visual processing of stimuli to satisfy the current task demands.

We observed that the initial oculomotor vector representation, conventionally
conceptualized as being strictly bottaqp and feature invariant upon invasive examination
(Boehnke& Munoz, 2008), was modulated by the behavioral relevance of the distractor: first,
saccade endpoints were more biased towards the high similarity distractor than the intermediate
similarity distractor 20 ms after the manifestation of the saccade vecteseapation (130 ms).
Second, we observed that the excitatory epoch chamctethe oculomotor vector
representation extended longer in time for the high similarity distractor than all other distractors
as indicated across all metrics. Uniquely for the high similarity distractor, we observed two
sequential excitatory epochs segiad by ~80 ms, consistent with the physiological observation
of a secondary visual onset burst in SCi VM cells (McReddeller, 2002). Critically, the
secondary excitatory epoch occurred prior to the inhibitory processing for the low and
intermediate snilarity distractors, which suggests that the protracted excitatory epoch encoding
high similarity distractors does not merely reflect a delayed onset of inhibition. Since distractor
identity could be decoded from the magnitude and duration of excitatmrggsing related to
the distractor onset, this suggests that the oculomotor system dynamically receives preprocessed
object representations from relevant visual modules and encodes these objects as dynamically
reweighted oculomotor vectors, as we haveiadgpreviously (Keho& Fallah, 2017; Kehoe et

al., 2018a, 2018b).
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Saccade curvature indicated tha magnitude ahhibition increased as distractors
became increasingly dissimilar to the target, which we have observed previously using the same
stimulus set (Kehoe et al., 2018a). This is the opposite pattern of results observed in previous
behavioral studies of sac@durvature using opponent color singletons (LudsiGilchrist,
2003; Mulckhuyse et al., 2009). This different pattern of results is likely related to
methodological differences: as we utilized a percepmtisarimination here and previously
(Kehoe et al., 2018a), other behavioral studies of the effects of visual similarity on saccade
curvature utilized spatially guided saccades with-ierghevant distractors (Ludwig and
Gilchrist, 2003; Mulckhuyse et aR009). Perhaps on discrimination tasks, saccadic inhibition
guides the target selection process itself and is therefore proportigreaitéptual confidence
(see Gold& Shadlen, 2000); while on spatially guided saccade tasks, saccadic inhibition guides
saccadic accuracy to spatially preselected targets and is proportional to perceptual interference.

Erroneous saccades to the high similarity distractor persisted across time, while erroneous
saccades to the intermediate and low similarity distractors gradually decreased to zero,
suggesting that high similarity distractor representations were nevessfidlyepruned from the
decision process. As measured by saccade curvature, the onset of inhibition occurred first for the
intermediate similarity distractor (215 ms), then the low similarity distractor (247 ms), and
finally for the high similarity distraor (303 ms). Taken together, these observations are
consistent with attentional facilitation of high similarity distractors within the featural focus of
the attended target and intermediate distractors in the inhibitory annulus around the featural
focus d the attended target, as would be predicted by the selective tuning model of attention
(Tsotsos et al., 1995; Tsotsos, 2011) and a multidimensional (i.e sfeailtral) objecspace

(Kehoe et al., 2018a).
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Splitting the data between the early, middle, and late blocks of the experiment revealed
that the initial excitatory epoch, as measured by saccade curvature, was not temporally stable and
immutable, but rather that it was reduced in the middle experim#otds and was eventually
extinguished in the late experimental blocks. In the middle blocks, there was an inhibitory
response that immediately preceded the excitatory response. This observation suggests a strong
influence of perceptual learning and extaceifunction on saccade target selection processing, as
executive processing adapted to the consistent latencies of excitatory projections into the
oculomotor system and anticipatorily minimized distractor bias on target selection. Perhaps this
anticipatay response was eventually well calibrated enough that the excitatory and anticipatory
responses nullified or@nother thus there was eventually no longer any evidence of either. There
was no evidence of oculomotor vector representation attenuation witarttaining saccade
metrics. In fact, endpoint deviation, saccade frequency, and error proportion oculomotor vector
representation had approximately the same temporal properties as with the overall data across
experimental blocks. We discuss this discregan more detail below.
3.6.1.Computational Modeling of Oculomotor Excitation and Inhibition

The current experiment demonstrates the versatility of this paradigm fenvemsively
estimating the latency of oculomotor excitation and inhibition. There are several main
differences between the current experiment and the original implementationda & &tallah
(2017). First, using far more complicated, taslevant stimuli increased the latency of the
oculomotor vector representation by ~40 ms compared tartaékvant luminanceand color
modulated Gabor patches in the original paradigm. Thesepancy is consistent with the
discrepancy between visual onset burst latencies in early visual modules and anterior ventral

visual processing modules observed in macaques (e.g., V1 vs.iMérotemporal cortex [IT]
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Nowak& Bullier, 1997; Schmolesky, 1998). Similarly, we observed that inhibitory processing
onset far later and accumulated far slower compared to inhibitory processingiofdizsiant

Gabors. Second, we have utilized three additional behavioral metricsehiati@pendent of

saccade curvature, but that are all theoretically indicative of the same underlying oculomotor
processes. These metrics provided consistent temporal estimates and have thus strengthened the
validity of saccade curvature modelingitéer oculomotor excitation latencies. Third, to ensure

that stimulus onset order did not provide useful target information, distractors onset prior to the
target on half of the trials. However, SRTs were not different between DTOA conditions and
there wee strong effects of DTOA on target selection accuracy, suggesting that subjects
prioritized speed over accuracy and were seemingly committed to their target choice.
Furthermore, we analyzed directly whether visual onset responses were related to SRT or
distractor processing time. Despite the fact that SRT modulated the oculomotor vector
representation magnitude, we observed reliable oculomotor vector representations with
consistent latencies across DTOA conditions demonstrating that oculomotor vector
representation latencies are related to distractor processing time independently of SRT. As such,
the current analyses can be interpreted as in the original paradigm: the competitive influence of a
distractor over time while a saccade is concurrently beingipthmdependently to a target.

All four saccade metrics were indicative of excitatory oculomotor processing. However,
three, presumably tegown, executively mediated inhibitory effects were only observed for
saccade curvature: first, after the emergence of excitatory oculomotor prgceascades
increasingly began to deviate away from the distractor. The magnitude of this inhibitory response
was modulated by SRT (i.e., it was maximum for synchronous tdigfesictor onsets and was

reduced as target lead time increased). Seconlg ahbrtest possible SRTO0-150 m3,
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saccade curvatures were consistently curved towards the distractor. Third, excitatory processing
eliciting saccade curvature was gradually extinguished over the time course of the experimental
session.

The distinguishing feature of saccade curvature, transience, provides some insight into
unique saccade curvature effects. Oculomotor selection circuits are not strictly-taimait,
as coeactive saccade vectors elicit vectoeighted average movemeliiobinson& Fuchs,
1969; Robinson, 1972). If eactivation is resolved before saccade initiation, then only an initial
portion of the resultant saccade is ve@weraged but the saccade otherwise remains accurate,
and the saccade trajectory is therefareved (McPeek et al., 2003; McPeek, 2006; Rort
Wurtz, 2003). Conversely, if eactivation persists to the time of saccade initiation, the entire
saccade is vectaveraged (Glimche: Sparks, 1993). As such, the emergence of unique
saccade curvature effects suggests the emergence of transient modulation of the distractor and/or
target vector representations immediately preceding saccade execution, while attenuation of
saccade curvatueffects not apparent with other saccade metrics suggests the ceskation
transient modulation. Critically, the fact that this modulation is constrained to the narrow interval
immediately preceding the saccade (White et al., 2012) highlights tttetap nature of such
effects, as this temporally coincides with the saoc gosignal, itself presumably related to the
perceptual decision threshold (DifgGold, 2010). The shift from saccade curvature directed
towards distractors and subsequently away from distractors observed as a function of SRT
(Mulckhuyse et al., 2009; White et al., 2012) or distractor processing time (KeRakah,
2017) and the attenuation of saccade curvature effects over time must then reflect a systematic
shift in howsaccades are triggered by the voluntary saccadic control system over the time course

of individual trials and experimental sessions. For example, saccades magéetrigy direct
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excitatory input from dorsattentional cortices or indirectly from executive cortices via basal
ganglian disinhibition (Hikosaka et al., 2000). Similarly, SNr contains both inhibitory and
disinhibitory burst cells imposing concurrent suppressive anlitéary effects on SCi (Shi&
Sommer, 2010). The exact physiological mechanism fedtwn effects apparent with saccade
curvature can only be speculated given the emerging understanding of the voluntary saccade
control system (see Bas&oSommer, 2012)However, it follows from the spatiotemporal
interactions that elicit saccade curvature that systematic differences between interactive saccade
trigger mechanisms must elicit unique saccade curvature effects. As such, these effects may be
instantiated ira narrow window of time physiologically (McPeek, 2006; McPeek et al., 2003;
Port& Wurtz, 2003; White et al., 2012), but apparent across an extended window of time
behaviorally.
3.6.2.Putative Neural Mechanism

Several observations demonstrate that SCi and FEF are necessary foilbies¢dréarget
selection, which guides both action and perception. The visual features characterizing potential
oculomotor targets modulate VM neural activity in SCi (Hor#itNlewsome, 2001; McPedk
Keller, 2002; She® Paré, 2012) and FEF (Bich&tSchall, 1999; Thompson et al., 2005).
Inactivation of SCi causes feattpased target selection deficits for saccades (McReekller,
2004) and manual button presses (Loveolrauzlis, 2010). Conversely, subthreshold
microstimulation of SCi or FEF biases featibased target selection for eye movements (Carello
& Krauzlis, 2004; Dorris et al., 2007; McPeek et al., 2003; McPeek, 2006) and facilitates
perceptual discriminations (CavanaugWurtz, 2004; Muller et al., 2005; Moo&e Fallah,
2001, 2004) by modulating downstream cortical visual representations (Eoamastrong,

2003; Monosov et al., 2011). However, despite these observations, it remains unclear whether
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SCi and FEF contribute to featdbased target selection by selecting amongst the feature
weighted object representations in other modules or by actively resolving competition between
object representations by locally discriminating features.

Some SCi cells show broad sensitivities for certain visual features such as contrast (Chen
et al., 2015; L& Basso, 2008), orientation and spatial frequency (@nhétafed, 2018), motion
direction (Horwitz& Newsome, 1999, 2001; GoldbetgWurtz, 1972), and color (White et al.,
2009), while some cells in the strictly visual, superficial layers of the superior colliculus (SCs)
encode the presence (Le et al., 2020) and orientation (Nguyen et al., 2014) of faces. In fact, there
is new evidencéo suggest thatelectivity for feature singletons in anterior loci of the visual
processing hierarchy arise from collicular processing (Bogadhi et al., 2021). Nevertheless, given
the broad tuning for simple feature singletons encoded by SCi neurons, these representations
may still be insufficient for finduned featurdased discriminations of complex objects, relying
instead on representations in visual cortices. Similarly, visual representations in SCs, such as
those encoding face information, must require upstrearntabiriput as ablation or reversible
cooling of visual and associative cortices extinguishes visual responses in SCs altogether
(Schiller et al., 1972). Classic studies of the discharge properties of FEF visual and visuomotor
cells have shown that visuasponses for FEF cells are not differentiated by feature singletons
(Bruce& Goldberg, 1985; Mohler et al., 1973; Pigarev et al., 1979). These limitations suggest
that SCi and FEF may be insufficient for feature discrimination during target selectiotain ce
contexts, as they may lack the requisite specificity. If so, SCi and FEF would instead require
input from outside visual modules specialized for processingréskant visual features. If

saccadevector encoding substrates required input from sgieed visual modules, then the
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latency of visual representations in these oculomotor substrates should increase for more
complex stimuli as is seen in the ventral visual processing hierarchy.

There are robust links between the behavioral saccade metrics used in our experiment and
neural activation levels in oculomotor substrates SCi (Glim&h8parks, 1993; McPeek et al.,
2003; Robinson, 1972; Pa&t Wurtz, 2003; White et al., 2012) and FEF (McPeek, 2006;
Robinson& Fuchs, 1969). As such, the latency of saccadic interference effects measured with
these metrics should closely correspond to the latency of neural activation in these substrates. As
we observed considerably longer saccadic intemtereffects for complex stimuli than is
typically observed for simple stimuli, our data therefore support the interpretation that complex
feature discriminations are not performed in oculomotor substrates.
3.6.3.Conclusion

We expanded on our paradigm in which human saccade metrics arevaswely
modeled as a function of time after abrupt distractor onset while a saccade is being
independently planned to a target (Kel8o€allah, 2017) by utilizing visually complex, novel,
and taskrelevant stimuli that needed to be perceptually discriminated for successful target
selection. We strengthened the validity of this technique by using three additional behavioral
metrics indicatre of oculomotor excitation independent of sacaadgature and which gave
consistent estimates of oculomotor vector representation onset latencies. Our data show that the
latencies of oculomotor behavioral plans elicited by complex;reskant objects are longer
than for simple taskrelevant stimul suggesting that oculomotor substrates may receive direct
visual inputs from contextually dependent visual modules specialized for processing task
relevant features. Critically, we provide evidence that initial oculomotor excitatory responses can

encodestimulus identity, contrary to influential views of oculomotor processing (Feéteau
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Munoz, 2006). Stimuli were encoded according to perceptual confidence and we observed a

strong role of executive perceptual learning in mediating these representations.
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Chapter 4. Motion Distractors Perturb SaccadeProgramming Later in Time than Static

Distractors

This manuscriphas been publishedth Current Researcin Neurddiology.

Kehoe, D. H.Schid3er, L., Malik, H., & Fallah, M. (203). Motion distractors perturb saccade

programming later in time than static distract@arrent Research in Neurobiology,

100092 https://doi.org/10.1016/j.crneur.2023.100092
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4.1 Abstract

The mechanism that reweights oculomotor vectors based on featizies is unclear.
However, the latency of oculomotor visual activations gives insight into their antecedent featural
processing. We compared the oculomotor processing time course of grayscaieg skt
static and motion distractors during targelection by continuously measuring a battery of
human saccadic behavioral metrics as a function of time after distractor onset. The motion
direction was towards or away from the target and the motion speed was fast or slow. We
compared static and motiofisttactors and observed that both distractors elicited curved
saccades and shifted endpoints at short latencies (~25 ms). After 50 ms, saccade trajectory
biasing elicited by motion distractors lagged static distractor trajectory biasing by 10 ms. There
were no such latency differences between distractor motion directions or motion speeds. This
pattern suggests that additional processing of motion stimuli occurred prior to the propagation of
visual information into the oculomotor system. We examined theaittien of distractor
processing time (DPT) with two additional factors: saccadic reaction time (SRT) and saccadic
amplitude. Shorter SRTs were associated with shorter DPT latencies of biased saccade
trajectories. Both SRT and saccadic amplitude were a$edavith the magnitude of saccade
trajectory biases.
4.2. Highlights

1 Motion and static distractors spatially biased saccade trajectories at extremely short
latencies (~25 ms).
1 After 50 ms, motion distractors spatially biased and inhibited saccades 10 ms later than
static distractors.

1 The time course did not vary by motion speed or direction.
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1 The oculomotor system encodes visual stimuli in order of featural complexity.

4.3.Public and Media Statement

We found evidence that planning an eye movement to an object takes intrinsically longer
for different visual features that could characterize the object. Eye movements are often directed
purposely towards an obj ect elookinglforssnpethiogréddi ¢ Vvi s
youdre |ikely going to scan for red objects a
information that provides stimulus identity is critical to execute optimal eye movements. In our
experiment, we showed participantgatis stimulus and various motion animated stimuli and
measured the time it takes the oculomotor system to encode these objects. We found that the
time it takes the oculomotor system to encode motion was systematically longer than the time it
takes to enate the static stimulus. This suggests that, when determining what is most relevant to
look at, the oculomotor system does not utilize a holistic, undifferentiated object representation.
Instead, it represents individual features as they become availé@bl€his would also suggest
then that the oculomotor system has a limited role in extracting features from object
representations to guide motor behaviors, and that instead, this function is likely then subserved
by separate perceptual processing systems.
4.4. Introduction

The role of the oculomotor system in saccadic target selection has been studied
extensively (Bass& Wurtz, 1997, 1998; Bichot et al., 1999; Horw&tzNewsome, 1999, 2001;
McPeek& Keller, 2002, 2004; Shetx Pag, 2007). However, the role of the oculomotor system
in feature extraction and discriminatibra necessary component of target selection in the real

worldd receives less attention. As such, it remains unclear whether oculomotor substrates are
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sufficient for feature extraction and discrimination during target selection, or alternatively,
whether features are extracted and discriminated in specialized visual cortices.

Specialized visual cortical modules exhibit robust visual afferent delay times differences
between themBodelon et al., 200Mlowak & Bullier, 1997; Schmolesky et al., 1998). As such,
one method to investigate whether visual projections into oculomotor substrates are feature
dependent is to compare the latency of oculomotor activation elicited by features processed in
different corticaimodules. The dependence account would predict that oculomotor activation
latencies mimic those observed in the relevasual cortices, while the independence account
would predict that oculomotor activation latencies are undifferentiated between features.
Although the latency of oculomotor activation is modulated by luminance (Bell et al., 2086; Li
Basso 2008a) and chromaticity (H&llIColby, 2014 2016) contrast energy, there is evidence
that oculomotor activation latencies are dependent on feagleneant visual afferent processing
channels. White et al. (2009) demonstrated that visual onset burst latencies are approximately
30-35 ms faster for eximumluminancecontrast saccade targets than for maximum
chromaticitycontrast isoluminant color targets in collicular neurons. This difference is
remarkably similar to the visual afferent delay time differences observed between these stimuli
in the doral and ventral processing streams of V1 and V2.

This logic can be applied to experiments with human populations as many experimental
paradigms have been developed to-mwasively infer the time course of sensory processing in
the oculomotor system. These paradigms typically involve displaying ananteg visual
stimulus while an impending movement is in preparation, such as saccadic (E&efnan
2009; Reingol& Stampe, 2002) or microsaccadic (Buonocorilcintosh, 2012; Hafe&

Ignashchenkova, 2013) inhibition paradigms, compelled saccadesaSatlial., 2010; Shankar
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et al., 2011; Stanford et al., 2010), and dowtégpping targets (Becké&r Jirgens, 197Findley
& Harris, 19841 udwig et al., 2007). Similarly, Kehoe et al. (2017, 2021) recently developed a
paradigm whereby subjects plan and execute a saccade to a target and we abruptly onset a
peripheral distractor at some random interval after target onset. This randomizestioa ef
time in which the distractor is visually present prior to the saccade. Over hundreds of trials, a
rich, wide range of these timetervals are collected and a continuous variable we refer to as
distractor processing time emerges. We use a battery of behavioral saccade metrics to examine
saccadic perturbations as a function of distractor processing time. Specifically, we analyze
saccde trajectory spatial biases, suppressed saccade initiation, and stimulus selection errors (if
applicable), as each of these phenomena has a clear neurophysiological antecedent in the
intermediate layers of the superior colliculus (SCi) and the frontdiedgs (FEF), two critical
oculomotor substrates that determine oculomotor behavior.

Oculomotor substrates encode the directamplitude vectors of both eye movements
(Robinson et al., 1969, 1972) and visual stimuli (Br&d8oldberg, 1985; Goldbe® Wurtz,
1972) as increased neural activation on orderly retinotopic maps, whereby the constituent
visuomotor (VM) neurons have spatially overlapping motor and visual fields (Marino et al.,
2008). The spatiotemporally weighted average of neural activatiets lacross the vector map
determines the resultant saccadic trajectory: in the peadaxcinterval between 30 ms prior to
saccade execution, increased activation at a distractor locus can curve saccade trajectories
(McPeek et al., 2003, 2006; Pé&rtWurtz, 2003) and shift endpoints (Glimcl&iSparks, 1993;
Robinson et al., 1969, 1972) towards the distractor, while decreased activation at the distractor
locus can curve saccade trajectories away from the distractor (AkzMiartz, 1998; White et

al., 2012). Upon activation of a saccade vector in SCi, lateral inhibitory networks impose
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transient inhibition on neighboring saccade vectors (M#dstvan, 1998), which manifests as
lower visual onset burst magnitudes for stimulus dense displays (Bas&otz, 1997, 1998)

and a transient drop in saccadic likelihood after the onset of a secondary stimulus (Bu&nocore
Mcintosh, 2012; Edelma& Xu, 2009; Reingol& Stampe, 2002).

There is considerable evidence that the latency of saccadic perturbations in humans
reflects the afferent delay time of visual representations in oculomotor substrates. Visual onset
burst latencies in SCi are usually ~50 ms as measured by direct physibliggervation
(reviewed by Boehnk& Munoz, 2008). Consistent saccadic behavior perturbation latency
estimates of ~50 ms have been observed across human behavioral paradigms and metrics, such
as doublestepping targets biasing saccadic endpoiBéxker& Jurgens, 1979; Findleg
Harris, 19841 udwig et al., 2007), luminance flashes (Reing&l&tampe, 2002) and distractor
onsets (Buonocor& Mclintosh, 2012; Edelmaf Xu, 2009; Kehoe et al., 2021) suppressing
saccadic initiation, and distractor onsets biasing saccade trajectories (Kehoe et al., 2017, 2021).
Previously, we observed that luminasrnedulated Gabors perturb saccade trajectories
approximately 20 ms fasterah colormodulated Gabors (Keh@e Fallah, 2017), consistent
with visual onset burst lahcy differences for similar stimuli (White et al., 2009). More recently,
Kehoe et al. (2021) showed that saccadic perturbation latencies were 40 ms longer for task
relevant, pseudalphanumeric characters as compared to task irrelevant Gabors. This 40 ms
difference is consistent with visual afferent delay time differences in early (e.g., primary visual
cortex) and late (e.g., inferotemporal cortex) stages of the cortical visual processing hierarchy.

With our behavioral paradigm, we have not yet examined oculomotor activation latency
differences between visual features processed in the same visual modules with visual features

processed in separate visual modules using the same subjects. In theegpeentent, we
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compared saccade perturbation latencies elicited by statienédistn, and slowmotion task
irrelevant distractor gratings using our behavioral paradigm. We utilized 8 and 4 °/s as our fast
and slow motion speeds given a classic electrophysiologicédlyaret boundary of 6 °/s

delineating fast and slow motion (ffytche et al., 1995). If motion requires additional processing
over static gratings (e.g., MT vs. V1), and if the oculomotor system receives visual input after
sufficient antecedent featural pr@seng, saccade perturbation latencies should be longer for
motion distractors than for static distractors. Since there are no visual processing time differences
between these motion speeds (Azzopardi et al., 2003), we do not expect activation latency
differences between our fasind slowmotion distractors. We quantified saccade perturbation as
saccade curvature, biased saccade endpoints (herein referred to as endpoint deviation), and a
transient drop in saccadic likelihood. Additionally, we comparedatisir motion towards and

away from the target, as taskelevant motion can reflexively bias eye movement in the

direction of motion (Fallal& Reynolds, 2012) and because some oculomotor cells preferentially
activate for motion directed into their motor field (Horw&tzZNewsome, 1992001). We

therefore expected a greater magnitude of saccadic trajectory perturbation for distractor motion
away from the target, as distractor motion may bias the movement in the direction opposite the
target and because motion away may elicit less tagtation. We also split the data into
upwards and downwards saccades and again compared static and mototoisiv

investigate whether processing differences between static and motion distractors generalized
across vertical visual hemifields. Given the strong anisotropy in the latency and magnitude of
collicular visual responses (Haf&Chen, 2016), we expect saccade perturbation latencies are
shorter and perturbation magnitudes are greater in the upper visual hemifield. Finally, we

extensively examined the interaction of saccadic reaction time (SRT) and saccadic amplitude on
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measuring saccade perturbations as a function of distractor processing time. This enabled us to
disentangle executive processing (SRT) and kinematics (amplitude) from sensory processing
(distractor processing time). Based on previous observations usipgradigm, we expected
that SRT would affect the magnitude of saccade perturbations but not the latencies (Kehoe et al.,
2021). Also, given that a subset of VM cells have eprtied motor fields in which they
discharge a motor burst at increasingly lorlgegncies after movement initiation as saccadic
amplitudes increase beyond their preferred amplitude (M&nédaurtz, 1995a, 1995b), we
expected that saccade perturbation magnitude should be functionally related to saccade
amplitude.
4.5. Methods
4.51. Participants

31 YorkUniversity undergraduate students-@byears old, 4 male) participated in the
experiment for course credit. Participants had normal or corrézteormal visual acuity and
were naive to the purpose and design of the experiment. Informed consent weesiqistar to
participation. Al research was approved by
Committee.
4.5.2. Stimuli

The saccade target was a white (GIE [.29, .30], luminance = 122.70 cdnsquare
that subtended 0.6¢0.6° and was located 12° above or below central fixation. Distractors were
sinusoidal motion animations viewed through an aperture, created offline using MATLAB
(MathWorks, Natick, MA). Animation frames consisted of 2D achromatic sinusoidal waves
(CIExy = [.31, .33], maximum luminance = 9.33 cd/minimum luminance = 1.52 cdfjrwith

a spatial frequency of 2°/cycle, a vertical orientation, and werersnposed with a circular
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aperture iadius= 1°). Leftward and rightward distractor motion was animated by linearly
decreasing or increasing (respectively) sinusoidal phases across successive frames to create fast
(8 °/s) and slow (4 °/s) motion. These motion speeds were selected given the
electrophymlogically relevant boundary of 6 °/s delineating fast and slow motion (ffytche et al.,
1995). All animations had a frame rate of 40 fps and began at a phase of 0. The static distractor
consisted of a single frame. Stimuli were imbeatiotea grey (Clky = [.28, .30], luminance =
7.51 cd/m) background. The stimuli were displayed on &rh CRT monitor (85 Hz, 1024
768). Participants viewed stimuli in a dimly lit rooftom a viewing distance of 57 cm with a
headrest stabilizing their head position.
4.53. Apparatus and Measurement

Stimulus presentation was controlled usingpmputer running Presentation software
(Neurobehavioral Systems, Berkeley, CA). Eye position was recorded using infrared eye
tracking (500 Hz, EyeLink Il, SR Research, Ontario, Canada). The eye tracker was calibrated
using a ningooint grid at the beginnghand halfway point of each experimental session, and as
needed. All data processing and statistical analysis was performed using MATLAB.
4.54. Task Procedure

Trials were initiated by maintaining fixation (1.89° square window) to a whitex§GtE
[.29, .30], luminance = 122.70 cdf)ncentral fixation cross (0.4°0.4°) for 200 ms (see Figure
4.1A). The fixation cross then offset and the target onset 12° above or below fixation.
Participants were instructed to fixate the target as soon as it appeared. After an interval of 50,
100, 150, or 200 ms, the distractor onset to the left or right oatbettat an eccentricity of 12°.
The target and distractor alwaysapred in the same vertical hemifield, angularly separated by

45°. The distractor feature was (1) fast motion towards the target, (2) slow motion towards the

123



target, (3) fast motion away from the target, (4) slow motion away from the target, or (5) static.
The onset interval between the target and distractor is subsequently referred to as the-distractor
target onset asynchrony (DTOA). The trial ended when @daocvas made to the target or 500

ms had elapsed (tirmzut). Timeout trials were randomly replaced back into the block and were
signified with an error tone and message. Trials were separated by a 1000 ms intertrial interval

(IT1) with a blank, grey disiy.

B Target Distractor Saccade
Onset Onset Onset

Time 1

Fixation (200 ms)

|
I |
} DTOA |
} SRT |

Distractor
— —

Processing Time

Target (500 ms)
Time

Distractor
(500 ms - DTOA)

Figure 4.1.Trial temporal schematicé.: Stimuli sequence. After maintaining fixation for 200 ms, the target was
presented for 500 ms or until a saccade to the target was detected. The distractor was displayed after a randomized
interval, referred to as distracttarget onset asynchrony (DTOA: Trial epochs. Trials were parsed into 3

temporal intervals: saccadic reaction time (SRT), DTOA, and distractor processing time. The boundaries of these
intervals were defined by 3 temporal events: target onset, distractor onset, and saccade oAsstaDTO

independent variable, while SRT and distractor processing time are dependent variables. Distractor processing time

was derived by subtracting DTOA from SRT.

Participants completed 1 session with 10 blocks of 84 trials for a total ¢fi&80Each
block contained a randomized ordering 8224x5+4=84 experimental conditions: target
location (up, downX distractor location (left, righty DTOA (50, 100, 150, 200 ms)distractor

feature (fastowards, slowtowards, fasaway, slowaway, static) + two baseline trials without
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distractors at each target location.
4.55. Saccade Detection

Saccades were detected, visualized, filtered and analyzed offline using customized
MATLAB algorithms. Saccades were defined as a velocity exceeding 20 °/s for at least 8 ms and
a peak velocity exceeding 50 °/s. Saccadic reaction time (SRT) was defihediasetfrom
target onset to saccade initiation. Saccade amplitude was defined as the Euclidean distance
between saccade endpoint and the center of fixation. Trials that contained blinksvelositip
threshold eye movements (4.80%), corrective sacq@d@3%), distractedirected saccades
(0.32%), saccade amplitudes < 1° (0.43%), endpoint deviations > 3° from the center of the target
(6.79%), fixation drifts > 0.5° during the psaccadic latency period (3.08%), or an SRT < 100
ms (4.88%) were excluddrbm further analysis leaving 78.76% of the data remaining.

Saccade curvatures were quantified as the sum of all orthogonal deviations between the
saccade trajectory and a straight line between the atattendpoints of saccades in degrees of
visual angle. Endpoint deviations were quantified as the angular sepdetween the saccade
endpoint and the center of the target in polar degrees. To reduce idiosyncratic movement, we
subtracted mean baseline saccade curvature and endpoint deviation from the data, separately for
each participant at each target locatde coded these metrics so that positive values
correspond to deviations towards the distractor, while negative values correspond to deviations
away from the distractor. We trimmed extreme (4 standard deviations above/below the mean)
saccade curvature anddpoint deviation values from the aggregate dataset, removing 194
saccades (0.74%).

4.56. Data Analysis

Distractor processing time was defined as the interval of time between distractor and
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saccade onsets and was computed by subtracting DTOA from SRT (seedHEiBurB®istractor

processing time is therefore reciprocally distractor fiooked and saccade tirh@cked, where

DTOAT SRT is the time of distractor onset prio
time of saccade initiation after distractor onset, badtt#y mirrored about a value of zero.

4.56.1. Saccade trajectory perturbationsWe used Gaussian kernel regression to
estimate saccade curvature and endpoint deviation as a function of distractor processing time for
each subject in each distractor condition. We used deag@ut crossvalidation (LOOCV) with
a least squares loss fuion to select the optimally predictive bandwidth for each model. Next,
we estimated several parameters that describe saccade trajectory perturbations as a function of
distractor processing time: the onset lateoicgaccade trajectory perturbation, the latency of
maximum saccade trajectory perturbations, and the magnitude of maximum saccade trajectory
perturbations. We refer to these parametemast max andmagnitudeherein.

To estimateonsef we used a sliding Wilcoxon signeank test to determine the earliest
distractor processing times at which saccade curvature and endpoint deviation were significantly
different than zero for at least 10 ms. To estinmadsgandmagnitude we averaged the kernel
regressions across subjects and computed the distractor processing time of maximum saccade
curvature/endpoint deviation and the maximum saccade curvature/endpoint degaten
(respectively).

These 3 parameters were estimated using the aggregated data across subjects and not on
the individual subject level, making direct inferential comparisons impossible between
parameters estimated in different conditions. As such, we bootstrapped theabwld&0
times and repeated the above analyses for each resample to estimate the sampling distribution of

each parameter. We compared each parameter between distractor conditions using exhaustive

126



pairwise twetailed distribution tests of the independently resampled distributions. The
distribution test empirically evaluates the cutoffs of a computationally approximated joint
probability density function of two independent distributions @ee et al., 2005 for derivation
and overview. For two independent distributiods @ fo andd @M Ko | the left
tailed cumulative probability is

Nl T a ha
n & SR

P

€
and the twetailed cumulative probabilityis | ERfp 1.

In a final step, we used a sliding Friedman test to determine the distractor processing
times at which saccade curvature and endpoint deviation were significantly different between
distractor conditions for at least 10 ms. Here, significant epochs sephyatss than 5 ms were
pooled together.

4.56.2. Saccade initiation perturbationsWe used Gaussian kernel density estimation
(KDE) to estimate the observed probability density of saccades as a function of distractor
processing time for each subject in each distractor condition. We used LOOCV with a log
likelihood loss function to seletthe maximum likelihood bandwidth for each model. Next, we
estimated the distractor processing time of a transient drop in saccadic likelihood, which requires
some model of expected saccadic likelihood for corspariHowever, there is no analyfarm
for a random variable such as distractor processing time, which is the difference between two
other random variables, one with multipledely spacegdjittered peaks (DTOA) and one that is
a heavilyskewed Gaussian (SRT). Therefore, we computationally generated an expectation
model of saccadic likelihood for comparison with observed saccadic likelihood.

To generate our expectation model, we randomly sampled with replacement SRTs
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observed on baseline (i.e., distractor absent) trials pooled across participants@it8 trials
to sample), and then independently sampled DTOAs observed on valid trials with distractor
onsets. The difference of these distributions gave a bootstrapped empirical distribution of
expected distractor processing times. We fit this expentdigiribution with KDE using the
average bandwidth across subjects in each condition.

We used a sliding Wilcoxon signednk test to determine the earliest distractor
processing time at which observed saccade density was significantly lower than the expectation
model, which we herein refer to asset We repeated the bootstrapping procedure, distribution
tests, and sliding Friedman analysis discussed in the previous section.

4.5.6.3. Distractor processing time interactions with SRT and saccade amplitude.
We analyzed whether the parameter estimates outlined in the previous 2 sections were consistent
across the ranges of SRT and saccade amplitude observed in the data. To this end, we used
Gaussian kernel regression to estimate saccade curvature and edelyiaiitin as a 2D
function of distractor processing time and saccadic reaction time for each subject. We repeated
this analysis for 2D functions of distractor processing @me saccade amplitude. We used
LOOCYV with a least squares loss function to estimate optimally predictive bandwidths for each
subject. Similarly, we used Gaussian KDE to estimate saccade probability density as a 2D
function of distractor processing time aBRT or distractor processing time and saccade
amplitude. We used LOOCYV with a ldigelihood loss function to estimate the maximum
likelihood bandwidth for each subject.

At each level of SRT (range = [150 ms, 275 ms], scale = 1 ms) or saccade amplitude
(range =[10°, 14°], scale =.025°) in the 2D functions, we repeated the 1D distractor processing

time analyses outlined in the previous 2 sections. We therefore obtanaetepar estimates as a
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function of SRT and amplitude. As before, we bootstrapped the ravo<HIQ0 times to
generate a distribution of these parameter estimates as a function of SRT and amplitude. We used
a sliding distribution test to determine the SRT or saccade amplitude values at which the 2D
parameter distributions were significantly differéman the omnibus parameter distributions
from the preceding two sections. We used the same sliding inferential analysis conventions as
above. Finally, to examine whether there was\arall linear trend of the 2D parameter
estimates, we developed a computational linear regression analysis for large distributions. First,
for each bootstrap, we used ordinary least squares to fit linear models of parameter estimate as a
function of SRTor amplitude. Second, we computed the squared error of all 2D parameter
estimates from the fitted models and unitized the variance. Third, we squared the distribution of
bestfitting slopes from step 1 and unitized the variance. Last, we compared thedéquoiized
distributions of model residuals and slopes from step 2 and step 3 usingadenhdistribution
test. This analysis is analogous to a-aentralF-test with degrees of freedom arbitrarily close
to infinity.
4.6. Results
4.6.1. Expectation Model

To better illustrate the derivation of the expectation model, we show each expected
(bootstrapped) distribution of distractor processing times relative to the observed distribution,
split by distractoitarget onset time (DTOA) condition (see Figdr2). In panelsA throughD,
the expected distractor processing time (DPT)
4.1B) closely resemble the SRT distribution shifted back in time by DTOA ms. The sum of these
distributions gives the expectation model (see EB4WRE). In Figure4.2, we present these data

as count densities to illustrate the relative mass of saccades in each DTOA condition. In the
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DTOA=200 ms condition (Figuré.2D), there is a much smaller mass of saccades relative to the
remaining conditions, as many of these trials were trimmed from the data since saccades landed
on target and ended the trial prior to distractor onset. Note that the same bootstrapped
distributionof expected distractor processing times was used to compute the expectation model
for every split of the data by distractor condition. In each condition, the expected distribution
was fit using the optimal KDE bandwidtbrfthe respective condition, thus creating the

distractorspecific expectation model.
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Figure 4.2. Expected vs. observed distractor processing time (DPT) distributions split by distesig&tronset
asynchrony (DTOA). Expected DPT distributions are plotted in red. Observed DPT distributions are plotted in blue.
Bootstrapped SRT distributions are pat in green. Observed DTOA distributions are plotted in gkajd TOA =

50 ms.B: DTOA = 100 msC: DTOA = 150 ms.

D: DTOA = 200 msE: Aggregate of all DTOAs.
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4.6.2. Distractor Motion

We compared saccade curvature, endpoint deviation, and saccade density as a function of
distractor processing time between static distractors and the aggregate of all motion distractors
(see Figurel.3). Descriptive statistics for the bootstrapped distributions of parameters in the

static and motion distractor conditions are in Table
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Figure 4.3.Saccade metrics as a function of distractor processing time split by static (blue) and motion (red)
distractor types. Mean saccade metrics are plotted with thick, colored lines. Standard error of the mean across

subjectsf = 31) is indicated by shading. Black lines along the abscissa in each panel indicate epochs of significant
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(p<.05, sliding Friedman test) differences between saccade metrics. Arrowheads indicate the estimated onset latency

of saccadic perturbation (2z), the estimated time of ma:

saccadic pert uradsateicabenoded © jndicatd distractarftandition. Error bars intersecting the
arrowheads indicate the bootstrapped 95% confidence interval of each point estinaddes indicate significance
(distribution test) of the difference between bootstesppoint estimates in each conditidn.Mean saccade
curvature as a function of distractor processing théMean endpoint deviation as a function of distractor

processing timeC: Mean saccade probability density as a function of distractor processing time. Dotted lines

indicate expectation models.

Table 4.1. Descriptive statistics for bootstrapped parameter distributions in all distractor conditions.

Distractor 95% ClI
Metric Parameter Condition Median Lower Upper
Saccade onset Static 20 8.00 41.72
Curvature Motion 32 21.55 38.33
Toward 37 22.33 41.71
Away 31 23.23 38.20
Slow 31 1750 37.43
Fast 36 23.00 41.97
max Static 100 96.67 104.06
Motion 109 105.23 111.30
Toward 110 106.11 111.94
Away 107 103.59 111.16
Slow 110 106.20 112.82
Fast 107 102.65 110.44
magnitude Static 3.32 2.69 3.89
Motion 3.62 3.31 3.94
Toward 3.39 2.97 3.77
Away 3.68 3.26 4.09
Slow 3.44 3.06 3.81
Fast 3.46 3.05 3.90
Endpoint  onset Static 29 14.42 35.24
Deviation Motion 29 18.55 36.06
Toward 36 23.33 4155
Away 28 14.33 34.64
Slow 25 15.19 35.14
Fast 34 27.29 38.63
max Static 77 72.00 80.62
Motion 84 75.25 89.05
Toward 84 76.17  89.00
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Away 82 74.67 89.54

Slow 83 73.62 89.89

Fast 83 78.11 86.52

magnitude Static 1.81 1.56 2.07

Motion 1.90 1.75 2.07

Toward 1.99 1.76 2.22

Away 1.76 1.57 1.94

Slow 1.79 1.60 1.98

Fast 1.89 1.69 2.08

Saccade onset Static 49 34.67 55.57
Density Motion 62 56.50 65.40
Toward 62 56.12 66.60

Away 63 56.05 66.75

Slow 61 53.11 65.05

Fast 64 56.77 67.35

Note:95% ClI is 95% confidence interval of the bootstrapped parameter distribanigstis the onset latencies
saccadic perturbatiomaxis the onset latency of maximum saccadic perturbat@gnitudds the magnitude of

maximum saccadic perturbation.

For saccade curvature (see Figdi@A), theonsetlatency was very short (~26 ms) and
did not differ between distractor conditions= .480). Thanaxlatency was clearly
differentiated between the static (100 ms) and motion distractors (1G8=m801), but the
magnitudewas not p = .369). The sliding Friedman analysis identified 2 epochs in which
saccade curvature was significantly different between distractor conditioB88: 185 and 109
139 ms. These epochs closely corresponded to the rising hng éalges of the positively
signed curvature effect.

For endpoint deviation (see Figut&B), theonsetlatency also had a short latency (~30
ms) and did not differ between distractor conditigns (853). Themaxlatency was ~80 ms and
was not different between conditions< .116). Similarly, thenagnitudewas not different
between conditiong(= .576). Like saccade curvature, the sliding Friedman analysis identified

epochs in which endpoint deviation was significantly different between distractor conditions
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coinciding with the rising (3%2 ms) and falling edges (1AB8 ms) of the initial endpoint
deviation effect.

Next, we examined the latency of saccade density falling below the expectation model
(see Figurel.3C). Thisonsetlatency was shorter in the static condition (49 ms) than in the
motion condition (62 mgy = .003). The sliding Friedman analysis identified two early epochs in
which saccade density was different between distractor conditbts13 ms and 44 to 67 ms.
These differences seem to reflect the fact that the static saccade density distrilbiatiten is
the range of 0 through 70 ms of distiar processing time as compared to the motion saccade
density distribution. Beyond 70 ms, however, the two distributions are indistinguishable. This
flattening effect in the static condition coincides with an increase of the width of the distribution
into the negative distractor processing range as compared to motion distractors. Negative
distractor processing times only arise when saccades begin after distractor onset. Since distractor
onset times were identical in the static and motion distractor comnslitihis increased density in
the negative distractor processing range suggests increased SRTSs for static distractors.
Accordingly, a Wilcoxon signedank test confirmed that median SRT across subjects was longer
for static distractorsM = 200.15 msSE= 3.50 ms) than for motion distractoM € 195.00 ms,
SE= 3.48 ms) |§ < .001). It is unclear whether static distractors slowed SRT or motion
distractors speeded SRTSs.
4.6.3. Distractor Motion Direction

Next, we compared saccade curvature, endpoint deviation, and saccade density as a
function of distractor processing time between static distractors, distractors with motion towards

the distractor, and distractors with motion away from the target (seesBiglrDescriptive
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statistics for the bootstrapped distributions of parameters in the static, motion towards, and

motion away distractor conditions are in Tadble.
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Figure 4.4. Saccade metrics as a function of distractor processing time split by static (blue), motion towards the target
(green), and motion away from the target (yellow) distractor types. Mean saccade metrics are plotted with thick,
colored lines. Standard errortbkE mean across subjeats{(31) is indicated by shading. Black lines along the abscissa

in each panel indicate epochs of significamt.Q5, sliding Friedman test) differences between saccade metrics.
Arrowheads indicate the estimated onset latencyacE€ adi ¢ perturbation (2), the e
saccadic perturbation (¢g), and the magni-toded ®indichte saccad
distractor condition. Error bars intersecting the arrowheads indicate the boots®appednfidence interval of each
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point estimateP values indicate significance (distribution test) of the difference between bootstrapped point estimates
in each conditionA: Mean saccade curvature as a function of distractor processindtifdiean endpoint deviation
as a function of distractor processing tiffe Mean saccade probability density as a function of distractor processing

time. Dotted lines indicate expectation models.

For saccade curvature (see Figded), theonsetlatency was not different between
distractor conditions (ap O . 3 1 3npxlaterityhves clearly differentiated between the static
(100 ms) and motion towards distractors (110 prs;001) and motion away distractors (107
ms;p = .006). However, there was no difference between the motion towards and motion away
conditions p = .278). Thenagnitudewas not different between conditons@® . 328) . The
sliding Friedman analysis identified 2 epochs in which saccade curvature was significantly
differentbetween distractor conditions:-88 ms and 11041 ms.
For endpoint deviation (see FigutdB), theonsetlatency was not different between
distractor conditions (ap O . 2 5 9npxlaterityhweas marginally different between the static
(77 ms) and motion towards distractors (84 prs;.068) but was otherwise not significantly
different between conditions (@l® . 1 6 mpgnitudetas not different between conditions
either(@lp® . 110). The sliding Friedman analysis i
deviation was significantly different betweerstlactor conditions: 3@8 ms and 9446 ms.
Theonsetlatency of lower than expectation saccade density was shorter in the static
condition (49 ms) than in the motion towards (62 p¥s;.008) and motion away (63 n3:=
.005) conditions (see Figu#edC). There was no difference between the motion towards and
motion away conditiongd(= .718). The sliding Friedman analysis identified two epochs in

which saccade density was different between distractor conditibts13 ms and 53 to 69 ms.
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4.6.4. Distractor Motion Speed

We compared saccade curvature, endpoint deviation, and saccade density as a function of
distractor processing time between static distractors, distractors with slow motion, and distractors
with fast motion (see Figurk5). Descriptive statistics for the bootstrapped distributions of

parameters in the static, slow motion, and fast motion are in Fdble
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Figure 4.5.Saccade metrics as a function of distractor processing time split by static (blue), slow motion (magenta),

and fast motion (orange) distractor types. Mean saccade metrics are plotted with thick, colored lines. Standard error

of the mean across subjeats<31) is indicated by shading. Black lines along the abscissa in each panel indicate
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epochs of significantp&.05, sliding Friedman test) differences between saccade metrics. Arrowheads indicate the
estimated onset | atency of saccadic perturbation (z),
and the magnitude of s aadsard colprogee to indicatddistractar oonditign) ErrorAr r o wh
bars intersecting the arrowheads indicate the bootstrapped 95% confidence interval of each pointRestinate.

indicate significance (distribution test) of the diffiece between bootstrapped point estimates in each condition.

Mean saccade curvature as a function of distractor processingtitwkan endpoint deviation as a function of

distractor processing tim€: Mean saccade probability density as a function of distractor processing time. Dotted

lines indicate expectation models.

For saccade curvature (see Figd), theonsetlatency was not different between
distractor conditions (app O . 3 1 3npxlaterityhveas shorter in the static (100 ms) condition
than the slow motion condition (110 nps¢ .001) and the fast motion condition (107 ips;
.012). There was no such difference between the slow motion and fast motion conglitions (
.144). Themagnitudevas not different between conditons @® . 686) . The sl i din
analysis identified 2 epochs in which saccadeaiure was significantly different between
distractor conditions: 785 ms and 11342 ms.
For endpoint deviation (see Figut&B), theonsetlatency was not different between
distractor conditions (ap O . 1 3 3npxlaterityhwes faster in the static condition (77 ms)
than the fast motion condition (83 nps+ .035) but was otherwise not significantly different
between conditions (ai O . 2 4 Tagnitudetas not different between conditions either (all
pO .513). The sliding Friedman analysis identi
significantly different between distractor conditions:38ms, 96110, and 11430 ms.
Theonsetlatency of lower than expectation saccade density was shorter in the static
condition (49 ms) than in the slow motion (61 ms; .025) and fast motion (64 ms= .005)

conditions (see Figu5C). There was no difference between the motion towards and motion
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away conditionsf = .423). The sliding Friedman analysis identified a single epoch in which
saccade density was different between distractor conditior85Bas).
4.6.5. Visual Hemifield

We compared saccade curvature, endpoint deviation, and saccade density as a function of
distractor processing time between distractor type (static, motion) x vertical visual hemifield

(upper, lower) (see Figureb).
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Figure 4.6. Saccade metrics as a function of distractor processing time split by distractor type (static, motion) x

vertical visual hemifield (upper, lower). Static is plotted in blue. Motion is plotted in red. Upward saccades are
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plotted with solid lines. Downward saccades are plotted with broken lines. Mean saccade metrics are plotted with

thick, colored lines. Standard error of the mean across suhjeet3]() is indicated by shading. Black lines along
the abscissa in each panel indicate epochs of signifiparty, sliding Friedman test) differences between saccade

metrics. Arrowheads indicate the estimated onset

| at en

maxi mum saccadic perturbatcoad{ ) peahnhdrbhei oraodeaig) udaAr o

to indicate distractor condition. Error bars intersecting the arrowheads indicate the bootstrapped 95% confidence

interval of each point estimate.values indicate significance (distribution test) of the difference between
bootstrapped point estimates in each condiforMean saccade curvature as a function of distractor processing

time. B: Mean endpoint deviation as a function of distractor processing @mdean saccade probability density as

a function of distractor processing time. Dotted lines indicate expectation models for upwards saccades. Alternating

dashed/dotted lines indicate expectation models for downward saccades.

For saccade curvature (see Figd@h), theonsetlatency was not different between

distractor conditions (ap O . 3 0 Ipxlaterityhves shorter for all static distractor

conditions than all motion distractor condition regardless of hemifielp@ll . 033) . Ther e

no hemifield differences between stafpcy.609) or motion§ = .831) distractors. Conversely,
themagnitudewas lesser for all lower hemifield conditions than all upper hemifield distractors
condition regardless of static/motiontypead . 004) . There were no
between lowerg = .536) or upperd = .339) visual hemifield distractors. The sliding Friedman
analysis indicated that saccade curvature was significantly different between distractor
conditions across the full range of the positive saccade curvature epdc3p Ars.

For endpoint deviation (see Figut®&B), theonsetlatency of the upper motion distractor
was surprisingly longer than both lower visual hemifield distractorp@Ill . 02 6 ) . No
distractor condition differences were significant (ed . 0 7 9npxlaterityhwes longer for

the lower motion distractor than all static distractorsg@ . 0 4 Gnpaxlatercyhweas shorter
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for the lower static distractor than all remaining distractorp@|I| . 03 2 ) . No other d
condition differences were significant (pl® . 19 3) .
Themagnitudewas different between all conditons (@l® . 002) , except bet wee
and upper motionp(= .442). The sliding Friedman analysis indicated that endpoint deviation
was significantly different between distractor conditions across the full range of the positive
endpoint deviation epoch: 2836 ms.

Theonsetlatency of lower than expectation saccade density was shorter latency in the
lower static condition than in both motion (@® . 003) condi46d).dheewdss ee Fi
no difference between any remaining distractor conditonp@Ill . 062) . The sl i di n
analysis identified two epochs in which saccade density was different between distractor
condi t-l0omssnd 4468 ms.
4.6.6. DistractorProcessing Time Interaction with SRT

We analyzed whether distractor processing time paranmatasured continuously as a
function of SRT differed from distractor processing time parameters measured using the
aggregate of all SRT values (see Figii®. 2D analyses were performed on the data in the
motion distractor condition to maximize the amount of data. We only analyzed data within the
empirical 90% confidence intervals of the distractor processing time and saccadic reaction time

distributions.
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Figure 4.7.Saccade metrics as a function of distractor processing time and saccadic reaction time (SRT) in the motion
distractor conditionLeft panels Mean (across subjects= 31) saccade metrics as a function of distractor processing
time and SRT plotted as a 3D manifold above a 2D heatmap with a colorbar to indicate Riglihgubpanels
Distractor processing time parameter estimates as a function of SRT. Black dots indicate parameter estimates at each
level of SRT acrosb=1000 bootstrapped rasales. Thick black line indicates median of bootstrapped distributions

as a function of SRT. Thin black lines indicate empirical 95% confidence intervals of bootstrapped distributions as a
function of SRT. Dashed black line indicates mean linear modehrainpeter estimates as a function of SRT fit to

each bootstrapped distribution. Text labels indicates parameter type and the mean) slopmes$ linear models fit to

each bootstrapped distribution. Asterisks indicates significance of -taibex distritution test between squared,
unitized slope distribution and squared, unitized model residual distribupar0§, **p<.01, ***p<.001). Thick red

line indicates median of constant 1D distribution of parameter estimates in the motion distractor condition. Thin red
lines indicate empirical 95% confidence interval of constant 1D distribution of parameter estimates in the motion
distractor condition. Black rectangles along abscissa indicate the SRT intervals in which the distribution of parameter
estimates as fnction of SRT was significantly different than the constant 1D distribution of parameter estimates
(p<.05; sliding distribution testA: Mean saccade curvature as a function of distractor processing time an8:SRT.
Saccade curvatumnsetparameter estimate as a function of SRTSaccade curvatumeaxparameter estimate as a
function of SRT.D: Saccade curvaturmagnitudeparameter estimate as a function of SET.Mean endpoint
deviation as a function of distractor processing time and $REndpoint deviatioronsetparameter estimate as a
function of SRT.G: Endpoint deviationmax parameter estimate as a function of SRIE. Endpoint deviation
magnitudeparameter estimate as a function of SRTMean saccade density as a function of distractor processing

time and SRT.

We first analyzed saccade curvature as a 2D function of distractor processing time and
saccadic reaction time (see Figdr@A). Theonsetparameter was unrelated to SRT (see Figure
4.7B). There was no linear trend of threxparameter{ = .282; see Figuré.7C) as a function
of SRT. However, thenaxparameter as a function of SRT was significantly lower than the

aggregatenaxparameter in the SRT interval of 2238 ms. There was a significant linear trend
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of themagnitudeparameter as a function of SRI< .015; see Figuré.7D) andmagnitudeas a
function of SRT was significantly lower than the aggregadgnituden the SRT interval of
239275 ms. Note that 275 ms is the end of the SRT range in our data and that this trend may
actually extend further in time.

Next, we analyzed endpoint deviation as a 2D function of distractor processing time and
saccadic reaction time (see FigdréE). There was no linear trend of threxparameterg =
.308; see Figurd.7G) as a function of SRT. There was a significant linear trend adriket(p =
.003; see Figurd.7F) and thanagnitudgp = .049; see Figuré.7H) parameters as a function of
SRT. Correspondingly, thensetparameter as a function of SRT was significantly higher than
the aggregatensetparameter in the SRinterval of 234275 ms and theagnitudegparameter as
a function of SRT was significantly lower than the aggregagnitudeparameter in the SRT
interval of 227275 ms.

Finally, we analyzed saccade density as a 2D function of distractor processing time and
saccadic reaction time (see Figdt@l). The LOOCV procedure correctly determined the
statistical structure of the data as the 2D saccade density function was parsed into 4 disjoint
distributions, one for each DTOA value. As such, we could not compare the 1D expectation
model to the distractgrocessing time data at each level of SRT.

4.6.7. Distractor Processing Time Interaction withmplitude

We analyzed whether distractor processing time parameters measured continuously as a
function of saccade amplitude differed from distractor processing time parameters measured
using the aggregate of all saccade amplitude values (see Ei@ur2D analyses were

performed on the data in the motion distractor condition to maximize the amount of data. We
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only analyzed data within the empirical 90% confidence intervals of the distractor processing

time and saccadic amplitude distributions.
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Figure 4.8. Saccade metrics as a function of distractor processing time and saccade amplitude in the motion distractor
condition.Left panels Mean (across subjects= 31) saccade metrics as a function of distractor processing time and
saccade amplitude plotted as a 3D manifold above a 2D heatmap with a colorbar to indicatéRéghtisgbpanels

Distractor processing time parameter estimates as a function of saccade amplitude. Black dots indicate parameter
estimates at each level of saccade amplitude alord€0 bootstrapped resamples. Thick black line indicates median

of bootstrapped distributions as a function of saccade amplitude. Thin black lines indiciiteat85%6 confidence

intervals of bootstrapped distributions as a function of saccade amplitude. Dashed black line indicates mean linear
model of parameter estimates as a function of saccade amplitude fit to each bootstrapped distribution. Text labels
indicates parameter type and the mean slopac¢ross linear models fit to each bootstrapped distribution. Asterisks
indicates significance of a onailed distribution test between squared, unitized slope distribution and squared,
unitized model residualistribution (*p<.05, **p<.01, ***p<.001). Thick red line indicates median of constant 1D
distribution of parameter estimates in the motion distractor condition. Thin red lines indicate empirical 95%
confidence interval of constant 1D distribution of parameter estimates in the motiortdistrandition. Black
rectangles along abscissa indicate the saccade amplitude intervals in which the distribution of parameter estimates as
a function of saccade amplitude was significantly different than the constatisttiDution of parameter estimates

(p<.05; sliding distribution testA: Mean saccade curvature as a function of distractor processing time and saccade
amplitude.B: Saccade curvatuensetparameter estimate as a function of saccade ampliidgaccade curvature
maxparameter estimate as a function of saccade amplifludgaccade curvatureagnitudeparameter estimate as a
function of saccade amplitude: Mean endpoint deviation as a function of distractor processing time and saccade
amplitude F: Endpoint deviatioronsetparameter estimate as a function of saccade ampliBidendpoint deviation
maxparameter estimate as a function of saccade amplitudendpoint deviatiormagnitudeparameter estimate as

a function of saccade amplitude.Mean saccade density as a function of distractor processing time and saccade

amplitude.J: Saccade densitynsetparameter estimate as a function of saccade amplitude.

We first analyzed saccade curvature as a 2D function of distractor processing time and
saccadic amplitude (see Figur&A). There was no linear trend of tbheset(p = .782; see Figure

4.8B) or max(p = .215; see Figuré.8C) parameters as a function of amplitude. There was a
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significant linear trend of theagnitudgparameter as a function of amplituge=(.021; see
Figure4.8D) andmagnitudeas a function of amplitude was significantly lower than the
aggregatenagnitudeparameter in the amplitude interval of 1:0.0.4°.

Next, we analyzed endpoint deviation as a 2D function of distractor processing time and
saccadic amplitude (see FigW8E). There was no linear trend of tbeset(p = .629; see Figure
4.8F), max(p = .171; see Figuré.8G), or magnitudgp = .061; see Figuré.8H) parameters as a
function of amplitude.

Finally, we analyzed saccade density as a 2D function of distractor processing time and
saccadic amplitude (see Figy8l). There was a strong linear trend of tresetparameter as a
function of amplitudef{ < .001; see Figuré.8J) and theonsetparameter as a function of
amplitude was significantly higher than the aggregatetparameter in the amplitude interval
of 10.011.75°.

4.7. Discussion

We examined saccade curvature, endpoint deviation, and saccadic likelihood as a
continuous function of time after the onset of task irrelevant static and motion distractors. We
observed that the latency of saccade perturbations is longer for motiontdrstthan for static
distractors. Furthermore, the motion distractors were either fast or slow and the motion direction
was either towards or away from the target. We observed no differences in the latency or
magnitude of saccade perturbations betwednagdi®r motion towards or away from the
distractor or between fast and slow motion distractors. Finally, we analyzed how saccadic
reaction time and saccade amplitude interact with saccade perturbations as a function of

distractor processing time. We sawattthe latency of saccade perturbations increased with SRT,
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the magnitude of saccade perturbations decreased with SRT, and the magnitude of saccade
curvature increased with saccade amplitude.
4.7.1. Distractor Features

We observed that the latency of peak saccade perturbatiaxpdérameters) was ~10 ms
longer for motion distractors than for static distractors. Upon onset, the first motion animation
frame and static grating were indistinguishable. If visual representations of static and motion
distractors were projected to the ammlbtor substrates through identical channels, then no such
latency difference would be expected. This latency difference is therefore consistent with our
hypothesis that visual stimulus representations are projected into oculomotor substrates from the
relevant cortical visual modules specialized for processing the constituent visual features
characterizing the stimuli.

Middle temporal (MT) and medial superior temporal (MST) cortices process complex
motion, such as the current motion grating distractor, by spatiotemporally summating
downstream motion components encoded in V1, such as the current static grating distractor
(Movshon et al., 1985, 1996; Zeki, 1974). MT and MST are thus situated higher in the cortical
visual hierarchy (Maunse& Van Essen, 1983) with a visual afferent delay time that is ~10 ms
longer than V1 (Schmolesky et al., 1998). Furthermore, processM@ iand MST is necessary
for motion perceptionBisley & Pasternak, 2000; Britten et al., 1996; Rudd@pRasternak,

1999; Salzman et al., 1990, 19%hd certain motor behaviors like pursuit eye movements
(Dursteleret al., 1987, 1988; Komatdu Wurtz, 1989). Given the direct connection between V1
and MT/MST (Maunsel& Van Essen, 1983), applying the 10 ms +tofiechumb (Nowak&

Bullier, 1997), one expects a 10 ms visual afferent delay latency difference between cells in

these areas on average. Since V1 is sufficient for processing the static grating, and since MT is

150



necessary for processing the motion grating, we reason that the 10 ms latency difference we
observed between static and motion distractors reflects oculomotor activation originating from
different levels in the cortical processing hierarchy. Although wauiaable to ascertain this
speculation directly with the current behavioral methodology, this difference cannot be
accounted for by other factors such as luminance contrast energy since our distractors were
identical in all aspects besides motion ene@pnsistent with our account of V1 and MT
separately driving visual representations in oculomotor substrates, there are direct connections
between V1 and superior colliculus (SE)iés, 1984; Lock et al., 20paMT and SQMaunsell
& Van Essen, 1983), and MT and FEF (Schall et al., A99% corroborate our speculation,
future behavioral experiments could examine if these same latency differences manifest for other
types of stimuli that also show strong processing ties to areas V1 and MT. For exampla, rando
white noise elicits strong activation in V1 (e.g., Pack et al., 2006), while random dot fields elicit
strong activation in area MT (Albright, 1984). Like the current stimuli, these stimuli are
advantageous as equalizing their contrast energy and dpeadilly is trivial.

White et al. (2009) showed that visual burst onset latencies in SCi cells are ~35 ms later
for maximumchromaticitycontrast isoluminant color patches than for maximluminance
contrast patches. More recent work has shown that vision is trichromativedigtexl in SC (Hall
& Colby, 2014 2016).However, since visual representations in SC are completely extinguished
following ablation of striatal and extrastriatal cortices (Schiller et al., 1974), color information in
SC must be mediated through the retinogeniculocortical pathway. The work &f &V/hit
therefore suggests that the visual representations encoded by SCi cells were driven separately by
the magneand parvocellular processing streams in early cortex, as these processing streams

bear similar visual afferent delay differences betwaemt(Schmolesky et al., 1998) and
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because isoluminant color patches would be nearly invisible to the magnocellular pathway
(Livingstone& Hubel, 1987, 1988). However, this result does not imply cortical gating per se, as
these stimuli were simply projected along parallel pathways with inherently different conduction
latencies. In contrast, our data do suggest cortical gating, as our stoatdivery likely be

projected through the same processing stream. That is, the latency differences we saw can only
be explained by a delay within theagnocellular processing stream, as our grayscale stimuli
would elicit very weak activation in the parvocellular processing stream where only 10% of cells
are responsive to broadband stimulation (Livingst&ridéubel, 1987, 1988).

We observed no difference between the latencies of saccade trajectory perturbation onset
(onsetparameters) for static and motion distractors. These parameters indicate the earliest
evidence of distractepased spatial biasing of the saccade. For endpoint deviation and saccade
curvature, these latencies were both extremely short (~25 ms) and @ggalall distractor
features. At such low latencies, this must reflect direct retinotectal projections and precludes the
first frame being processed in V1 (8@t & Malpeli, 1977). The earliest evidence of saccade
trajectory perturbation as a function of distractor processing time diverging between static and
motion distractors was after ~50 ms (i.e., 36 ms for endpoint deviation and 65 ms for saccade
curvature). Qudatively, it appeared as though the motion and static distractor processing time
functions were identical in the first 50 ms, then at distractor processing times greater than 50 ms,
the motion distractor processing time function was shifted behadtatic function by 10 ms.
Consistent with this, the drop in saccadic likelihood for static distractors occurred at 50 ms,
while for motion distractors, this drop occurred at 60 ms.

These observations suggest that visual information projected into the oculomotor

substrates was cascading: first, a featnvariant retinotectal signal indicated the location of

152



newly acquired potential saccade targets. Second, a coriedtig signal carried the featural
information about the potential saccade targets. One alternative explanation is that this pattern of
results was due to the motion animation delivering lumgadransients upon every frame,
whereby each new motion animation frame would elicit a rapid retinotectal swell of oculomotor
activation bypassing cortex altogether. However, this cannot be the case. First, using our 85 Hz
CRT to render a 40 fps animatidhe first animation frame is repeated at the 11.8 and 23.5 ms
refresh cycles. The second frame is finally delivered on the 35.3 ms refresh cycle. If 25 ms is the
minimum retinotectal conduction time as we saw, then the second animation frame at ~35 ms is
insufficient to elicit the divergence at 50 ms. Second, this account predicts that the motion
distractor processing time function should grow monotonically. However, there were no
magnitude differencesnaxparameters) between the static and motion distrgcocessing time
functions. Third, the luminance transient between animation frames should be more intense for
the fast motion stimulus than the slow motion stimulus, which predicts a latency or magnitude
difference between fast and slow motion distexctHowever, we observed no such differences
(discussed in more detail below). Given these reasons, the more plausible explanation is that the
second motion animation frame engaged motion processing cortical areas that provided much
stronger inputs to theculomotor substrates and/or gated V1 visual projections to oculomotor
substrates. Future investigations could test this reasoning by repeating this experiment using a
higher refresh rate.

The lack of saccade perturbation latency or magnitude differences between distractor
motion towards and away from the target was surprising, asfiaidevisual motion (Kawané:
Miles, 1986; Miles et al., 1986) and small motion patches (Fé&ll&gynolds, 2012) can

reflexively elicit pursuit eye movements in the direction of the-taskevant motion stimulus.
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Since directional biasing of saccades and pursuit eye movements can be elicited by
microstimulation from within the same oculomotor (Krau&lidliles, 1998; Yan et al., 2001)

and visual (Groh et al., 1997) substrates, we expected that our motion distractors would also
elicit reflexive directional biasing of saccades as with pursuit. If so, saccades would show
increased trajectory perturbations s the distractor for distractor motion directed away from

the target, which we did not observe. There ateastt two explanations for this: first, reflexive

ocular following responses are observed immediately after the execution of saccades terminating
in the motion field (Fallal& Reynolds, 2012; Kawan& Miles, 1986; Miles et al., 1986), and
therefore, likely arise from motion introducing spatial error signals duringsaastadic retinal
stabilization processing. As saccades on our task passed through empty space and terminated on
stationary targets, weomld not expect dynamic spatial error signals during saccade execution or
postsaccade at the saccade termination loci. Future iterations of the task could require observers
to saccade through or onto a motion field to test this possibility. Second, perhalb motion

patches may only bias eye movement vectors in the context of competing motion information.
Competing motion signals are encoded in MT and MST as a weeighted average of the

motion directions on short pestimulus time scales (Groh dt,d997; Recanzon& Wurtz,

1999, 2000). MT and MST are critical for resolving mothmsed competition during

oculomotor processing(irsteleret al., 1987, 1988; Komatsu Wurtz, 1989). However, since

the current target did not elicit motion competitiperhaps the oculomotor system did not

utilize the distractor motion information to reweight the distractor visual representation during
target selection on this task. A simple test of this speculation is to repeat this task with motion

targets.
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A subpopulation of cells in superior colliculus exhibits inherent motion direction
sensitivities whereby they discharge higher activation for motion directed into their motor field
(Horwitz & Newsome, 1999, 2001). As such, we expected that distractor motion towards the
target would elicit higher target activation than distractor motion away from the target. This
would bias a vecteweighted average computation in favor of the target for distracotion
towards the target. In such a case, the distractiomaway condition should elicit higher
saccade perturbations than the motion towards condition; however, we did not observe this. It
could be that the 30% of motion selective cells in the population (Ho&wNewsome, 2001)
which would drive this effect constitute too few of the cells encoding the stimuli to significantly
bias the vector average computation.

The current experiment was the first within subjects comparison of features processed in
the same cortical modules to features processed in different cortical modules using our
behavioral paradigm. Cortical area MT processes fast and slow motion stithuliorapparent
visual afferent delay time differences as a function of motion streAgttopardi et al., 2003
As such, comparing the saccade perturbation latencies of fast and slow motion distractor types
provided a complimentary test of our hypothekat visual representations are projected into the
oculomotor substrates from relevant cortical modules. As these stimuli are processed in the same
cortical module, we did not expect saccadic perturbation latency difference between them,
consistent with or results. Additionally, contrasting this observation with the 10 ms difference
between motion and static gratings illustrates that our latency effects are related to featural
complexity and not simply differences between motion strength. One possshiligt our fast
and slow motion speeds were not sufficiently differentiated to elicit a true difference (see ffychte

et al., 1995). Although this account is discredited by Azzopardi et al. (2003), it could
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nevertheless be investigated in future iterations of this experiment using markedly different
motion speeds (e.g., 5 °/s vs. 25 °/s).
4.7.2. Nontinvasive Computational Modelling of Target Selection

We observed clear evidence of an initial epoch of negative curvature preceding the
subsequent epoch of positive curvature. We also observed this phenomenon in the previous two
investigations of saccade perturbations as a function of distractor procassramt either
dismissed this effect (Kehde Fallah, 2017) or interpreted it as tdpwn inhibition (Kehoe et
al., 2021). However, the vectareighted average model of Port and Wurtz (2003) offers a more
plausible explanation: saccade trajectories argcbea as the instantaneous veataighted
average of the target and distractor vectors weighted by the activation at the target and distractor
loci on the oculomotor map. This computation occurs between approximately 30 to O ms prior to
saccade executigivicPeek et al., 2002006; Pori& Wurtz, 2003; White et al., 2012). As can
be seen in Figuré.9B, when distractor processing time begins to exceed 0, the distractor visual
onset burst sweeps into the upper bound of the critical epoch. This distracpatitiom only
affects the late portion of the saccade programming, so the saccade is initially straight but then
veers towards the distractor in the latter portion. As such, the saccade is curved and the endpoint
is biased towards the distractor. Howewgven our conceptualization of saccade curvature,
saccades with this shape are negatively signed, as the deviations are directed away from the
distractor with respect to a straight line connecting the beginning and end of the saccade. As can
be seen in Figre4.9C, when distractor processing time increases further, the distractor visual
onset burst eventually begins to align with the lower bound of the critical epoch. Therefore, the
initial portion of the saccade is heavily biased towards the distractor, wilattér portion of

the saccade is less averaged and directed straight towards the target. When this occurs, we see
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positively signed saccade curvature as these initial deviations are directed towards the distractor
with respect to a straight line connecting the beginning and end of the saccade. Interestingly, this
computation also presupposes that saccade deviati@asedi away from the distractor with

respect to a straight line between fixation and the target would require a negative contribution
from the distractor, such as inhibition at the distractor locus (see A&awartz, 1998; White

et al., 2012). Testing vi@us inhibitory mechanisms as inputs into the vector average model

would provide insight into the nature of saccade deviations away from distractors, as we plan to

do in future investigations.
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