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Abstract 

Motor preparation is a key component in the control of movement. It allows 

higher-level cognitive factors, like expectation, to enhance the speed and accuracy of 

planned movements. Smooth pursuit eye movements are relatively simple, voluntary 

eye movements that allow ocular tracking of moving objects. Smooth pursuit eye 

movements are driven by an integration of two signals: visual motion and visual-motor 

gain. Here, we use smooth pursuit eye movement in macaque monkeys as a model 

sensorimotor behavior to examine how motor preparation is incorporated into neural 

circuits responsible for controlling movement. First, we developed a behavioral 

paradigm that allowed rapid adaptation of expectation and shed light on how 

expectation-related motor preparation could be incorporated into the smooth pursuit 

eye movement circuit. We used blocks of trials with different blends of target speeds to 

influence the pursuit system’s expectation of upcoming target speed; we estimated the 

effect of expectation with probe trials of equal speed across the different blocks of trials. 

Pursuit initiation during the probe trials was faster during blocks of trials where most 

trials presented relatively fast-moving versus slow-moving targets. Contextual 

modulation of eye speed during pursuit initiation had a larger effect for low-contrast 

targets, consistent with a Bayesian-like computation that estimates target speed by a 

reliability-weighted combination between expectation and sensory evidence. 
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Importantly, a model that adjusts the gain of visual-motor transmission predicts the 

behavioral effects of speed expectation and target contrast. Second, we collected single 

unit neurophysiological data in the smooth eye movement region of the frontal eye 

fields (FEFSEM) while monkeys tracked targets during the speed context paradigm. 

Expectation of target speed is encoded as preparatory ramps of firing rate in FEFSEM 

during fixations in advance of any target or eye movement. Following target motion 

onset, the preparatory activity is used in a Bayesian-like decoding computation that 

estimates the speed of target motion as a combination of the preparatory activity and 

visual motion inputs weighted according to the reliability of visual motion. Third, we 

evaluated what effect preparatory modulation of activity in FEFSEM has on visual-motor 

gain during motor preparation. At the population level, FEFSEM preparatory activity 

ramps up along “output-potent” dimensions and in parallel with a preparatory-related 

modulation of visual-motor gain.  Taken together, these findings suggest that the 

pursuit system uses a visual-motor gain signal, implemented by FEFSEM, to incorporate 

expectation-related signals into preparation for impending visual motion and smooth 

pursuit eye movement. This preparatory signal both dials up gain in advance of any 

visual motion or eye movement and influences the gain that is set during initiation of 

pursuit in a Bayesian-like manner. 
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1. General Introduction 

1.1 Motor preparation 

Aside from the most basic reflexes, every movement we make involves some 

amount of planning and preparation. Motor preparation allows us to enhance the 

reaction times and accuracy by incorporating things like expectation and prediction into 

our movement (Churchland et al., 2006b; Messier and Kalaska, 2000). Notably, motor 

preparation can include both explicit cues like being told what to expect or do and 

implicit cues gleaned from past motor experience. 

Classically, motor preparation has been studied with the use of delay periods 

(Kalaska and Crammond, 1995; Kurata, 1993; Wise, 1985; Kojima et al., 1996; Munoz and 

Wurtz, 1995). The general structure of delay period tasks is that the subject receives an 

explicit cue instructing them how to move. Following an imposed delay, the subject 

receives a second cue to initiate the movement that they were instructed to make. The 

delay between being instructed on how to move and being instructed to move allows 

preparation to occur. Interesting modulations of neural activity have been observed 

during this delay period for both arm movements and eye movements. 

In the arm movement system, some version of a “center out” reaching task has 

been a staple of studying motor preparation. Monkeys hold a central position either 

through a robotic manipulandum or with their hand on a screen. They are then 

instructed to target a point eccentric to their initial hold position. After some delay they 
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are instructed to initiate movement to the target. Modulation of neural activity during 

the delay has been observed in many areas including dorsal premotor cortex (PMd; 

Weinrich and Wise, 1982), primary motor cortex (M1; Tanji and Evarts, 1976), and even 

as far along in the circuit as spinal interneurons (Prut and Fetz, 1999). Recent work has 

conceptualized the activity of populations of neurons in the arm movement system to 

function as dynamical system (Churchland et al., 2010, 2012). Within this framework, 

preparatory-related modulation of activity sets an initial condition off of which 

movement-related activity subsequently develops. Effective preparation places 

population activity in a state that optimizes the ensuing movement related changes in 

activity. The dynamical systems framework has made several important advances in our 

understanding of the neural implementation of motor preparation including showing 

that preparatory activity fails to cause movement because it evolves along orthogonal, 

“movement-null” dimensions (Elsayed et al., 2016; Kaufman et al., 2014). The dynamical 

systems framework has also shown that even very fast, nearly reflexive movements 

utilize some degree of motor preparation (Lara et al., 2014). More recently it has been 

used to show that performing skilled sequences of movements involves being able to 

prepare for later parts of the sequence while actively performing the earlier parts of the 

sequence as opposed to preparing “holistically” for the entire sequence before starting 

(Zimnik and Churchland, 2021). 



 

3 

Motor preparation in the saccadic eye movement system has been extensively 

studied using the memory guided saccade paradigm (Kojima et al., 1996; Munoz and 

Wurtz, 1995). These studies have a subject fixate a central spot on a screen. A target is 

briefly flashed eccentrically. After some delay the subject is instructed to make a saccade 

to the location where the target had been flashed. Again, it is thought that the delay 

between the target flash and the “go” cue allows some degree of motor preparation to 

occur. Modulation of neural activity during this delay period has been found in many 

areas, including the frontal eye fields (FEF; Bruce and Goldberg, 1985), lateral 

intraparietal area (LIP; Mazzoni et al., 1996; Shadlen and Newsome, 2001), and the 

superior colliculus (SC; Dorris et al., 1997; Glimcher and Sparks, 1992; Munoz and 

Wurtz, 1995; Wurtz and Goldberg, 1972). Preparatory activity in the saccadic eye 

movement system is thought to be a subthreshold version of the activity that drives 

movement (Jagadisan and Gandhi, 2017). Consistent with the idea that saccadic 

preparation is a subthreshold representation of movement, saccadic eye movement 

initiation has been linked to ramps of activity reaching a threshold in saccadic related 

areas (Hanes and Schall, 1996). 

1.2 Smooth pursuit eye movement 

Smooth pursuit eye movements are voluntary, visually-driven eye movements 

that allow us to track moving objects. They are an ideal model behavior for studying 

general sensory-motor principles for several reasons. First, smooth pursuit eye 
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movements occur naturally in the animal model that we use: the macaque monkey. 

Beyond motivating the monkey to look at a target on a screen, there is little training 

needed to get monkeys to smoothly track moving targets with their eyes. Second, eye 

movement kinematics are very easy to measure with high precision. Third, the relatively 

low dimensional nature of the extraocular muscles that control eye movements allows 

us to make strong connections between the eye kinematics we record and the state of the 

plant that the smooth pursuit eye movement system controls. Our ability to precisely 

measure eye movements paired with the low-dimensional nature of eye movements 

allows us to make very strong inferences about the neural underpinnings of oculomotor 

control. Fourth, we have a strong foundational knowledge of the skeleton of the neural 

circuit responsible for controlling smooth pursuit eye movements on which to build. 

This foundation allows us to use behavior and computational modeling to point us 

toward the relevant brain areas within the pursuit circuit for testing specific hypotheses 

about neural circuit function. 

There are two primary signals that are involved in the generation of smooth 

pursuit eye movement: visual motion and visual-motor gain. Except under rarified 

conditions, visual motion is necessary for smooth pursuit eye movement (Heywood, 

1972; Kowler and Steinman, 1979). Trying to smoothly move one’s eyes in the absence of 

visual motion generally results in a rapid series of short jumps in eye positions, called 

saccades. On the other hand, things move all the time in our environment, but we don’t 
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always track them with our eyes. Despite being sensory-driven, smooth pursuit is not a 

simple reflex. The brain has a visual-motor gain signal that controls access of visual 

motion signals to the eye muscles. Visual motion and visual-motor gain, and what is 

known about their neural implementation are discussed below. 

1.2.1 Visual motion 

Visual motion provides the primary motor drive to the smooth pursuit eye 

movement system (Lisberger and Westbrook, 1985; Komatsu and Wurtz, 1989; 

Newsome et al., 1988). Within the pursuit circuit, area the middle temporal visual area 

(MT) is the primary cortical area that encodes visual motion. Neurons in area MT have 

relatively large spatial receptive fields and are tuned for both the direction and speed of 

visual motion (Maunsell and Van Essen, 1983; Mikami et al., 1986). The representation of 

direction and speed are via a “place code” in that direction and speed can be decoded 

according to the preferred stimulus of the most active neurons (Salinas and Abbott, 1994; 

Groh, 2001; Churchland and Lisberger, 2001). 

The importance of area MT as the visual motion drive for smooth pursuit eye 

movement can be appreciated from both lesion and electrical micro-stimulation studies. 

Chemical lesioning large regions of the foveal portion of area MT results in marked 

reductions of smooth pursuit eye movement speed during initiation and maintenance 

for target motion toward the side of the lesion (Newsome et al., 1988; Dursteler et al., 

1987). Lesioning small para-foveal portions of MT result in pursuit deficits that are 
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limited to the receptive fields of the lesioned area. Micro-stimulation of area MT is able 

to both alter the speed and direction of ongoing smooth pursuit eye movement as well 

as initiate smooth pursuit during fixation (Komatsu and Wurtz, 1989; Groh et al., 1997). 

1.2.2 Visual-motor gain 

The pursuit system seems to have adopted a gain-like signal to control access of 

visual motion signals to the eye muscles. Visual-motor gain was first described in the 

context of experiments in which brief sinusoidal perturbations of target velocity were 

delivered during both fixation and active pursuit (Schwartz and Lisberger, 1994). It was 

found that behavioral responses to identical perturbations were larger during active 

pursuit compared to fixation. Interestingly, responses to perturbations during pursuit 

depended on the velocity of ongoing pursuit: larger responses to the perturbations occur 

during faster ongoing pursuit. In other words, behavioral responses to identical visual 

motion depend on both whether the monkey is fixating or actively pursuing and on how 

fast the monkey is pursuing. Taken together, these findings suggest that a gain-like 

signal acts on visual motion inputs to control access to the oculomotor machinery. Gain 

is low during fixation and dialed up during pursuit initiation. Furthermore, visual-

motor gain is dialed up according to the velocity of some moving target of interest: 

higher gain for faster moving targets. 

The smooth eye movement region of the frontal eye field (FEFSEM) is the primary 

cortical area involved in controlling visual-motor gain in the pursuit system. FEFSEM 
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resides deep in the posterior bank of the arcuate sulcus. Neurons in FEFSEM exhibit large 

modulations of firing rate that precede the initiation of smooth pursuit eye movement 

(Tanaka and Fukushima, 1998; Tanaka and Lisberger 2002). These responses are tuned 

for direction and monotonically related to speed, similar to the behaviorally-defined 

features of visual-motor gain. Lesioning and inactivating FEFSEM results in large 

detriments in smooth pursuit eye velocity (Keating,1991; Shi et al., 1998). Furthermore, 

stimulating FEFSEM is sufficient to produce smooth eye movements (Gottlieb et al., 1993, 

1994). 

An important set of experiments combined electrical micro-stimulation with 

sinusoidal target velocity perturbations and established FEFSEM as having a primary role 

in visual-motor gain control (Tanaka and Lisberger, 2001). These experiments delivered 

“sub-threshold” micro-stimulation to FEFSEM, that did not by itself produce any eye 

movement. However, sub-threshold micro-stimulation in FEFSEM enhanced behavioral 

responses to sinusoidal target velocity perturbations delivered during fixation. The 

enhancement was nearly identical to the adjustment in visual-motor gain that is 

observed during active pursuit. Therefore, it was concluded that FEFSEM plays a causal 

role in the gain enhancement that occurs during the transition from fixation to smooth 

pursuit eye movement. 
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1.2.3 Motor preparation in the smooth pursuit eye movement system 

Smooth pursuit eye movement was long thought to be a relatively reflexive 

behavior in response to visual motion input. However, it has been shown that smooth 

pursuit behavior is influenced by many factors beyond pure visual motion, including 

motor learning (Kahlon and Lisberger, 1996; Medina et al., 2005), reward (Joshua and 

Lisberger, 2012), and prior expectation (Yang et al., 2012). How these non-visual factors 

influence pursuit behavior has largely been studied during active pursuit, at the time 

when the behavior is modulated. The goal of the research presented in this dissertation 

is to understand what role preparation plays in modulating smooth pursuit eye 

movements. 

There are some clues from previous work on how motor preparation might be 

utilized by the smooth pursuit eye movement system. FEFSEM firing rate modulation 

occurs during fixations that lead up to visual motion and smooth pursuit (Mahaffy and 

Krauzlis, 2011; Tanaka and Fukushima, 1998). Furthermore, sinusoidal perturbations of 

target velocity elicit larger behavioral responses when delivered late compared to early 

during fixations leading up to expected pursuit target motion (Kodaka and Kawano, 

2003; Tabata et al., 2006). These findings suggest that visual-motor gain is dialed up by 

FEFSEM during preparation for an upcoming smooth pursuit eye movement. The work 

presented in this dissertation builds substantially on these preliminary findings. 
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1.3 Outline of the contents presented in the remainder of the 
dissertation 

This dissertation is organized around a theme of motor preparation in the 

macaque smooth pursuit eye movement system. It relies heavily on the use of 

expectation based on experience, or priors, as a means to modulate preparation. By 

carefully controlling the statistics of target motion that the monkey is exposed to we are 

able to adapt expectation and preparation.  

In Chapter 2 we present behavioral paradigms that we developed in order to 

adjust priors for target speed and direction, behavioral findings based on these 

paradigms, and computational models that demonstrate visual-motor gain modulation 

as a mechanism for instantiating priors. Prior expectation of target motion is rapidly 

adaptable and combines with ensuing visual motion in a Bayesian-like manner to guide 

smooth pursuit behavior.  

In Chapter 3 we present neurophysiology data from FEFSEM collected while 

monkeys performed the task developed in Chapter 2, specifically for rapidly adapting 

expectation of target speed. Preparatory activity encodes expectation of upcoming target 

speed and is used in a subsequent decoding computation in which FEFSEM estimates 

target speed as a reliability-weighted combination of preparatory activity and visual 

motion related input. In addition to setting visual-motor gain during pursuit initiation, 

the combination between preparatory activity and visual motion input can be thought of 

as a comparison between expectation and what actually happened which can then be 
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used to update future expectation. We show that all of the necessary information 

required to update expectation of target speed on a trial-by-trial basis is contained 

within the initial pursuit responses. This is consistent with local updating of expected 

target speed based on the integration of expectation-related preparatory activity and 

visual motion input. 

In Chapter 4 we present new behavioral findings and further analysis on the 

same neurophysiology data presented in Chapter 3. We probe visual-motor gain using 

brief pulses of visual motion delivered during fixation. Visual-motor gain is modulated 

by expectations of both target speed and direction. We use population level analyses of 

our FEFSEM data to show that preparatory activity proceeds along “output-potent” 

dimensions and parallels the preparatory-related modulation of visual motor gain 

according to expectation of target speed and direction. These findings show that, in 

addition to taking part of a local decoding computation in FEFSEM during pursuit 

initiation, preparatory activity serves to dial up visual motor gain in anticipation of 

visual motion and pursuit. Furthermore, they provide an explanation for how 

preparatory activity can evolve within the pursuit system without prematurely causing 

movement. The use of FEFSEM output as a gain signal that controls access of subsequent 

motor driving visual motion signals to the oculomotor machinery allows the pursuit 

system to incorporate expectation into motor preparation without causing inappropriate 

movement. 
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Chapters 2-4 are adapted from publications on which I’m the first author. Steve 

Lisberger is a co-author on all of these publications and supervised the research on 

which this dissertation is based. Chapter 2 is adapted from my publication in the Journal 

of Neurophysiology 118(2), 2017. Co-author Stefanie Tokiyama assisted with data 

collection. Chapter 3 is adapted from my publication in Nature Neuroscience 21(10), 

2018. Co-author Jeff Beck assisted with the theory surrounding modeling the 

combination of preparatory activity and visual motion related input as a Bayesian-like 

computation. In addition to supervision, co-author Steve Lisberger is responsible for the 

neural network presented in Figures 21 and 22. Chapter 4 is adapted from my 

publication in eLife 9, 2020.
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2. Rapid adaptation of priors for target speed and 
direction in the pursuit system via a visual-motor gain 
control mechanism 

2.1 Introduction 

We live in and interact with a world that changes continuously. To make matters 

worse, the sensory information we receive about our environment is not always reliable. 

The brain has strategies to overcome the challenges in guiding behavior that are created 

by the combination of a mutable world and unreliable sensory knowledge. One strategy 

is to create predictions based on experience and weigh those predictions against sensory 

evidence. The predictions would be most useful if they were adaptable, sometimes over 

very short time-scales, to the dynamic world. 

Bayesian inference is a formal system that unifies and explains quantitatively the 

interplay between past experience and current sensory information in guiding behavior. 

In Bayesian inference, sensory information provides a likelihood function that defines 

the probability of the given sensory signals given the actual stimulus. Past experience 

creates a prior that defines the probability of each stimulus. Behavior arises from a 

posterior that defines the probability of each stimulus given the likelihood and the prior 

(Knill and Saunders 2003; Kording and Wolpert, 2006; Kording, 2014). Bayesian 

inference has been invoked to describe features of multiple complex behavioral 

phenomena including: estimation of target motion for the initiation of smooth pursuit 

eye movements (Yang et al., 2012); estimation of the parameters of arm movements 
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(Kording and Wolpert, 2004; Kording et al., 2004; Verstynen and Sabes, 2011); aspects of 

visual perception (Weiss et al., 2002; Knill, 2007); and cue combination in multisensory 

integration (Battaglia et al., 2003; Alais and Burr, 2004; Fetsch et al., 2011). In many ways, 

it is unsurprising that behavior conforms to the principles of Bayesian inference. In our 

opinion the more important question is how the brain implements the features of 

behavior that we can understand in the framework of Bayesian inference.  

We are using smooth pursuit eye movements as a test bed for understanding 

how the brain combines sensory evidence and past experience, first through carefully 

contrived behavioral measurements and second by computational modeling of potential 

neural circuit mechanisms. Early work revealed an effect of experience and expectation 

on the initiation of anticipatory smooth pursuit eye movement (Kowler et al. 1979a,b, 

1984), without testing whether those effects could be understood in terms of Bayesian 

inference. Recently, our laboratory showed that an interaction of priors with sensory 

evidence can account for the visual motion-driven initiation of smooth pursuit eye 

movements, and that the pursuit system uses two independent priors for direction and 

speed estimation (Yang et al., 2012). A prior for target direction develops with several 

days of experience pursuing a narrow range of directions, and the prior competes with 

the strength of sensory information. A prior for low target speeds seems to be aligned 

with the low-speed prior used to explain the relationship between stimulus contrast and 

speed perception (Weiss et al., 2002).  
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In this chapter, we analyze pursuit behavior in sufficient depth to predict a 

neural circuit mechanism that could lead to behavior consistent with Bayesian inference. 

We do so with experiments designed to reveal the intrinsic properties of the pursuit 

system’s priors, going well beyond simple demonstrations of their existence. First, we 

show that the priors for target direction and speed adapt very rapidly. For both direction 

and speed, eye movements are biased towards the parameters of target motion on the 

previous trial and the size of the bias increases with consecutive exposures to a given 

target motion. Second, we use a mechanistic computational analysis to understand the 

two priors and how the generalization between them can be understood in terms of a 

single mechanism. That mechanism is based on the previously-demonstrated 

mechanism of rapid modulation of the gain of visual-motor transmission. The role of the 

smooth eye movement region of the frontal eye fields in control of the gain of visual-

motor transmission (Tanaka and Lisberger, 2001; 2002) implicates this area in the 

implementation of a behavior with features that would result from Bayesian inference.   

2.2 Methods 

We conducted experiments on three male rhesus monkeys that weighed between 

10 and 14 kg. Before the start of experiments, monkeys were implanted surgically with 

(1) hardware on the skull to restrain head movement and (2) a scleral search coil (Fuchs 

and Robinson, 1966) to track eye movements (Ramachandran and Lisberger, 2005). 

Surgeries were carried out under aseptic conditions using isoflurane general anesthesia 
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and were followed by administration of analgesics to minimize post-surgical pain. 

Following complete recovery from surgery, monkeys were trained to fixate and 

smoothly track moving visual targets. The horizontal and vertical components of eye 

position were monitored through analog signals produced by the scleral search coil 

system. Signals proportional to eye velocity were obtained by passing the eye position 

voltages through an analog circuit that differentiated signals at frequencies below 25 Hz 

and rejected signals at higher frequencies (-20 dB/decade). These analog signals were 

sampled at 1 kHz and stored for data analysis. All procedures had been approval in 

advance by Duke’s Institutional Animal Care and Use Committee and were in agreement 

with the National Institutes of Health’s Guide for the Care and Use of Laboratory Animals. 

 

2.2.1 Visual stimuli and behavioral paradigm 

Visual targets were displayed on a 24-inch CRT monitor with a refresh rate of 80 

Hz. The monitor was placed 40 centimeters from the monkeys’ eyes and created a field 

of view spanning 62 (H) by 42 (V) degrees. The targets were similar to those used in 

Yang et al. (2012). There were four different targets: a sine-wave grating at 6 or 100% 

contrast and a patch of dots at 12 or 100% contrast (Figure 1, upper left panel). The sine-

wave grating had a spatial frequency of 0.5 cycles/degree and was vignetted by a two-

dimensional Gaussian function with a standard deviation of 1 degree. The patch 

stimulus consisted of 72 dots inside a circular aperture that was 4 degrees in diameter. 
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Half of the dots in the patch stimulus were bright and half were dark to render the 

average luminance the same as the background. Contrast was determined as the 

difference in luminance between the bright and dark dots divided by the sum of the 

luminance of the bright and dark dots, expressed as a percentage. To vary the reliability 

of the sensory stimulus, many of our experiments compared pursuit responses to high-

contrast patches and low-contrast gratings, to maximize the difference in responses 

elicited by the two targets for a given target speed (Yang et al., 2012). To verify that the 

stimulus form itself was not an important independent variable, we also ran control 

experiments that varied only contrast and held stimulus form (patch or grating) 

constant.  

Experiments comprised a sequence of behavioral trials, each of which began with 

the monkey fixating a central spot on the screen. In trials that required pursuit of a 

moving stimulus, the fixation spot disappeared after a fixation time of 800-1600 ms, and 

a visual stimulus appeared and began moving in a specific direction at a specific speed. 

To reduce the chances of an early catch-up saccade, stimulus movement began with 100 

ms of local pattern motion: the grating stimulus drifted or the dots of the patch stimulus 

moved at 100% coherence with the chosen direction and speed within a stationary 

virtual aperture. After 100 ms, the pattern and the aperture moved en bloc with the 

parameters of the previous local motion. Monkeys’ were rewarded with juice for 

successfully tracking the position of the center of the aperture within an invisible 4x4 
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degree window. In one experiment that presented passive visual motion without 

pursuit, the fixation point remained on throughout the trial, the period of local stimulus 

motion endured 100 ms, the en bloc motion of stimulus and aperture was omitted, and 

the monkeys were rewarded for maintaining fixation throughout the trial.  The 

sequences of trials in each experiment are outlined at the top of each section in the 

Results. 

2.2.2 Data Analysis 

Analysis in all experiments was performed on trial-averaged data for each 

condition. Saccades were detected automatically from eye-speed traces using a 

combination of acceleration and velocity thresholds. Traces were inspected by eye to 

ensure proper detection of saccades. We treated data points during saccades as missing 

data. Our results were remarkably similar and our conclusions were unaffected if we 

simply excluded the 30-36% of trials that had a micro- or macro-saccade in the interval 

from 0 to 200 ms after the onset of target motion.   

The time of initiation of smooth pursuit eye movement was determined by visual 

inspection of trial-averaged traces for each target form, contrast, direction, and speed, 

separated according to the history of previous stimuli. All further analysis was 

performed on the average horizontal and vertical eye velocity (Figure 1A) in the first 100 

ms following smooth pursuit onset (the “open-loop period after Lisberger and 

Westbrook, 1985), to avoid any effects of visual feedback. Eye direction was determined 



 

18 

by a simple iterative approach. In effect, we quantified the eye velocity vector by 

plotting vertical versus horizontal eye velocity for each millisecond during the first 100 

ms of pursuit (Figure 1C) and then rotated the eye velocity vector to minimize the 

vertical component of the resultant eye movement in the first 100 ms of smooth pursuit. 

We rotated the eye velocity vector using a rotation matrix: 

 (Hrot
Vrot

) =  [
cos θ − sinθ
sinθ cosθ

] ∗ (H
V
) (1) 

where θ is the angle of rotation, H and V are the horizontal and vertical 

components of eye velocity, and Hrot and Vrot are the horizontal and vertical components 

of eye velocity rotated by θ. Eye speed was obtained by squaring and adding the 

average horizontal and vertical velocity components from the original measurements 

and taking the square root (Figure 1B). To obtain the numbers reported in this chapter, 

we then averaged eye speed across the interval from 50 to 100 ms after the onset of 

pursuit. 
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Figure 1: Methods for evoking, recording, and analyzing smooth pursuit eye 

movements.  

The top left panel shows the two different stimuli we used: patches of 100% 

correlated random dots and Gaussian vignetted sine wave gratings. Both are shown at 

100% contrast. A: Horizontal and vertical components of eye/target position and 

velocity are shown as a function of time. Dashed and continuous curves show target 

and eye movement. Note that the target position trace starts to ramp 100 ms after the 

onset of local stimulus motion within a stationary aperture. B: Eye speed averaged 

across multiple responses to a given stimulus as a function of time. C: Eye velocity 

vector averaged across multiple responses to a given stimulus, obtained by plotting 

horizontal versus vertical eye velocity for the first 100 ms of the averaged response. 

Theta (θ) defines the direction of the eye movement, computed by minimizing the 

vertical component of the vector. 

2.2.3 Bayesian model of speed prior adaptation 

To model the adaptation of the speed prior, we used an approach similar to that 

used in Yang et al. (2012). We started with Bayes’ equation: 
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 p(SPDtrue|SPDsensed) ∝ p(SPDsensed|SPDtrue) ∙ p(SPDtrue) (2) 

where SPDtrueis the true speed of the target, SPDsensed is the sensory signal for the 

speed of the target,  p(SPDsensed|SPDtrue) represents the likelihood of target speed 

given sensory information, p(SPDtrue) represents the speed prior, and 

p(SPDtrue|SPDsensed) represents the posterior that results from combining the 

likelihood and prior. The likelihood and prior were both modeled as Gaussians giving 

the maximum a posteriori (MAP) estimate: 

 SPDestimated =
SPDsensedσprior

2 +μpriorσsensed
2

σprior
2 +σsensed

2  (3) 

where σsensed
2  is the variance of the likelihood distribution, σprior

2  is the variance of the 

prior distribution, and μprior is the mean of the prior distribution. The mean and 

variance for estimates of target speed are then computed as: 

 Mean(SPDestimated) =
SPDsensed̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅σprior

2 +μpriorσsensed
2

σprior
2 +σs𝑒𝑛𝑠𝑒𝑑

2   (4) 

 Variance(SPDestimated) = (
σprior
2

σprior
2 +σsensed

2 ) ∙ σsensed
2   (5) 

We used a least squares procedure to find the parameters for equations 4 and 5 that gave 

the best fit for four different distributions in our data: fast and slow priors, high and low 

contrast targets. The fits had six adjustable parameters: the mean of the fast prior, the 
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mean of the slow prior, the variance of the fast prior, the variance of the slow prior, the 

variance of the high contrast likelihood, and the variance of the low contrast likelihood. 

The means of both likelihood distributions were 10 deg/s. Based on the theory proposed 

by Ma et al. (2006), we assume that the likelihood function for pursuit is, or is derived 

from, the population response in area MT. Preliminary data from our laboratory on the 

responses of MT neurons confirm the assumption that the center of the population 

response does not depend on the contrast or stimulus form of the targets we used for 

our behavioral experiments (J. Yang and S. Lisberger, unpublished data).  

We obtained data for the fitting procedure by combining across responses to 

each given target motion across multiple experiments for each monkey. For each daily 

experiment, we first z-scored individual trials according to: 

 z =
x−μexp

σexp
 (6) 

where μexp and σexp are the mean and standard deviation of eye speed for a given 

experiment and x is the average eye speed during a single trial across the interval from 

75-100 ms after pursuit initiation. We used this later interval here to move the estimates 

of target speed closer to the actual target speeds. We then combined the z-scored data 

across all experiments into a single distribution, and converted each data point back to 

eye speed according to the equation: 
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 SPD = (z ∗ σall) + μall (7) 

where z is the z-score, σall is the standard deviation obtained by averaging all 

experimental standard deviations, and μall is the mean of eye speed across all 

experiments. This method of z-scoring was chosen to avoid increasing artificially the 

variance of the combined distributions due to (albeit small) day-to-day differences in eye 

speed for a given target motion. 

2.2.4 Visual-motor gain multiplication model of direction and speed 
prior adaptation 

We took two different approaches to modeling the mechanism of adaptation of 

direction and speed priors, based on the assumption that the adaptation occurs in sensory 

versus motor coordinates. The sensory and motor coordinate frame models make 

different predictions that are discriminated by our data. Note that the models described in 

this section explicitly are not Bayesian models, but rather are more mechanistic models 

that attempt to understand how Bayesian inference might emerge from neural circuits and 

known neural circuit functions. While we propose that visual-motor gain is a vehicle for 

instantiating priors, the gain parameters in these models and the plots of gain in our 

figures explicitly are not prior probability distributions.   

2.2.4.1 Sensory coordinate system model 

We modeled adaptation of the direction or speed prior as an enhancement of the 

gain of visual-motor transmission that is selective for the direction of the previous target 
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motion. We began by assuming a Gaussian distribution, G(mean, standard deviation), of 

directions for the sensory likelihood. We centered the Gaussian at 0 degrees and 

assigned it standard deviations given by 𝜎𝑙𝑜𝑤 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 for the low contrast target and 

𝜎ℎ𝑖𝑔ℎ 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 for the high contrast target: 

 𝑆𝑒𝑛𝑠𝑜𝑟𝑦𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 = 𝐺(0, 𝜎𝑙𝑜𝑤/ℎ𝑖𝑔ℎ 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡) (8) 

For the direction prior experiment, we modeled the single trial enhancement of visual-

motor gain as a Gaussian that was centered on the direction of the prior-adapting trial 

( ) and with amplitude 𝐴𝑚𝑝𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 and standard deviation 𝜎𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛. We offset the 

Gaussian vertically by +1, to enhance gain along a specific direction without affecting 

gain in other directions: 

 𝐺𝑎𝑖𝑛𝐸𝑛ℎ𝑎𝑛𝑐𝑒𝑚𝑒𝑛𝑡𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 = 𝐴𝑚𝑝𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 ∗ 𝐺(θ, 𝜎𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛) + 1 (9) 

For the speed context experiment, we modeled context-dependent changes in visual-

motor gain as a Gaussian that was centered on the direction of the prior and probe trials, 

defined as 0, with standard deviation 𝜎𝑠𝑝𝑒𝑒𝑑. 

 𝐺𝑎𝑖𝑛𝐸𝑛ℎ𝑎𝑛𝑐𝑒𝑚𝑒𝑛𝑡𝑆𝑝𝑒𝑒𝑑 = 𝐴𝑚𝑝𝑠𝑝𝑒𝑒𝑑 ∗ 𝐺(0, 𝜎𝑠𝑝𝑒𝑒𝑑) + 1 (10) 

The posterior distributions that were used to predict eye direction and speed were 

obtained by multiplying the sensory likelihoods obtained for equation 8 with the gain 

enhancement Gaussians obtained for equations 9 and 10. 
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 𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =  𝑆𝑒𝑛𝑠𝑜𝑟𝑦𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 ∗ 𝐺𝑎𝑖𝑛𝐸𝑛ℎ𝑎𝑛𝑐𝑒𝑚𝑒𝑛𝑡 (11) 

We decoded the estimate of target direction from the multiplied distribution via vector 

averaging. To fit the model to our direction prior data, we used a least squares approach 

to determine the values of 𝜎𝑙𝑜𝑤 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡, 𝜎ℎ𝑖𝑔ℎ 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡, 𝐴𝑚𝑝𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛, and 𝜎𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 that 

best reproduced the effect sizes in our data. We fitted the model simultaneously for the 

prior directions of 15, 45, and 90 degrees for the high and low contrast stimuli and found 

a single set of parameters that reproduces the entire dataset.  

To fit the model to our speed prior data, we used the same likelihood obtained 

for Equation (8) in the direction prior model. We then used a least-squares approach to 

determine the values of 𝐴𝑚𝑝𝑠𝑝𝑒𝑒𝑑 and 𝜎𝑠𝑝𝑒𝑒𝑑 that best reproduced the effect sizes in our 

data. We fitted this model simultaneously for the slow, control, and fast contexts. We 

allowed 𝐴𝑚𝑝𝑠𝑝𝑒𝑒𝑑 to have different values for the three different speed contexts. 

Relative eye speeds were estimated based on the differences between the amplitudes of 

the posteriors obtained for different contexts. 

2.2.4.2 Motor coordinate system model 

We modeled the single-trial adaptation of the direction prior as an enhancement 

of the gain of motor output along the horizontal and vertical axes that define 

approximately the motor coordinate system in the floccular complex of the cerebellum 

(Krauzlis and Lisberger, 1996). To keep the model tractable, we consider only quadrant 
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I, from rightward to upward directions. Probe trials provided rightward motion and so 

we represented the sensory likelihood as a Gaussian centered at 0 degrees for cardinal 

direction probes and 45 degrees for oblique direction probes, both with standard 

deviations of 45 degrees. We modeled the prior probability for the single trial effects as a 

“motor-enhancement” Gaussian centered at 90 degrees with amplitude 𝐴𝑚𝑝𝑚𝑜𝑡𝑜𝑟 and 

standard deviation 𝜎𝑚𝑜𝑡𝑜𝑟. As before, we assumed that the amplitude of this motor-

enhancement would be scaled according to the relative activation in the mean direction 

of the Gaussian on the prior-adapting trial: 

 𝑀𝑜𝑡𝑜𝑟𝐸𝑛ℎ𝑎𝑛𝑐𝑒𝑚𝑒𝑛𝑡 =
sin (𝜃𝑝𝑟𝑖𝑜𝑟)

sin(𝜃𝑝𝑟𝑖𝑜𝑟)+cos (𝜃𝑝𝑟𝑖𝑜𝑟)
∗ 𝐴𝑚𝑝𝑔𝑎𝑖𝑛 ∗ 𝐺(90, 𝜎m𝑜𝑡𝑜𝑟) + 1

 (12) 

Therefore, the effect of the prior would be largest when the prior-adapting trial 

presented purely vertical target motion. The effect of the prior-adapting trial’s direction 

on the response to the probe trial was modeled as a multiplication between the sensory 

likelihood and motor-enhancement Gaussians. Again, we decoded the direction of the 

posterior using vector averaging. We used a least squares procedure to find the values of 

𝐴𝑚𝑝𝑚𝑜𝑡𝑜𝑟 and 𝜎𝑚𝑜𝑡𝑜𝑟that gave the best fit to the effect size in our data when target 

motion in the prior-adapting trial was rotated 45 degrees relative to that in probe trial. 

We then used these values to predict the effect sizes for the conditions where the prior 

and probe directions differed by 15 and 90 degrees. We performed the fitting procedure 
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for the cases where (1) the probe direction was 0 degrees and the prior direction was 45 

degrees (cardinal direction probe), or (2) the probe direction was 45 degrees and the 

prior direction was 90 degrees (oblique direction probe). 

2.3 Results  

Two features of target motion determine pursuit behavior: speed and direction. 

A previous publication from our laboratory (Yang et al., 2012) showed that the pursuit 

system uses a competition between past experience and sensory evidence to estimate 

each of these features of target motion. We now show that the priors for target speed 

and direction are subject to adaptation on short time scales. Then, we exploit the 

adaptation to explain how the pursuit circuit might implement a comparison of sensory 

evidence and prior experience. The Results outlines our experiments, results, and 

associated models sequentially, first for the speed prior and then for the direction prior. 

At the end of the Results, we present computational modeling that i) outlines a possible 

neural mechanism of adaptation of priors and ii) constrains the neural site and 

mechanisms of the priors and their adaptation within the known framework of the 

pursuit circuit.  

2.3.1 Experiment 1: Single-trial adaptation of a prior for target speed 

Our first behavioral experiment used strategically-contrived pairs of trials to 

study single-trial adaptation of the prior for target speed. In each pair of trials, the first 

(“prior-adapting”) trial presented target motion chosen randomly to be either 20 or 2 
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deg/s, and the second (“probe”) trial always presented target motion at 10 deg/s (Figure 

1, left panel). Targets were a 100% contrast patch of dots and 6% Gabor in the 

experiments conducted on monkey Re. Recognizing the potential confound of mixing 

target forms we used a 100% contrast patch of dots, 100% contrast Gabor, 12% contrast 

patch of dots, and 6% Gabor in monkey Xt.  

 

Eye speed in the probe trials was biased according to the target speed in the 

prior-adapting trial, as illustrated in the trial-averaged eye speed traces in Figures 2A-D. 

Here, we compare the responses to the 10 deg/s probe target motions and show that the 

eye moved faster on probe trials that were preceded by a 20 deg/s versus a 2 deg/s prior-

adapting trial (Figure 2A-D).  Further, eye speed was modulated more by the prior-

adapting trial for the low-contrast (A, C) versus high-contrast (B, D) probe target. This 

was true for both the comparison of responses to targets of matched-form (A, B) and of 

mixed-form (C, D). To quantify the effects of the target speed in the prior-adapting trial 

on eye speed in the probe trials, we averaged eye speed across the interval from 50-100 

ms after the onset of pursuit, in the second half of the open-loop interval, for responses 

to target motion at 10 deg/s. Following the precedent of Osborne et al. (2005), we take 

the eye velocity at this time as the pursuit system’s estimate of target speed. 
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Figure 2: Single-trial speed prior paradigm and examples of the trial-over-trial 

effect of the speed of the previous target motion on the initiation of pursuit.  

The diagram on the left shows pairs of consecutive trials used to adapt and 

probe priors for target speed. The experimental design provided a sequence of prior-

adapting and probe trials where the probe speed always was 10 deg/s. A-D: Each 

graph shows trial-averaged eye speed traces in response to the 10 deg/s probe trials. 

Green and blue traces show probe trials that were preceded by prior-adapting trials 

that presented target motion at 20 versus 2 deg/s. Error bands represent SEM. The gray 

shaded regions represent the time points where eye speed was averaged for further 

analysis, from 50-100 ms after the initiation of pursuit. In A and B, the stimuli were a 

low- and high-contrast grating. In C and D, the stimuli were a low-contrast Gabor and 

high-contrast patch of dots. 

The initiation of pursuit consistently was modulated more by the prior-adapting 

trial for low-contrast versus high-contrast probes. We summarize the effect of the prior-

adapting trial across our experiments by calculating the “speed effect size”, defined as 

the relative change in eye speed when the prior-adapting trial was 20 versus 2 deg/s 

(Figure 3). The data in Figure 3A and B fall below the unity line indicating a larger speed 

effect size for the low-contrast stimuli compared to the high-contrast stimuli (Monkey 
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Xt: low-contrast mean = 0.20, high-contrast mean = 0.12, p = 1.6 x 10-5 paired t-test, n = 16 

experiments; Monkey Re: low-contrast mean = 0.18, high-contrast mean = 0.11, p = 0.0012 

paired t-test, n = 16 experiments). Importantly, the response to the low-contrast target 

was affected more by the speed of the prior-adapting trial under conditions regardless of 

whether target-forms were mixed (Figure 3B, statistics for monkey Re given above) or 

matched (Figure 3A, grating/grating: low-contrast mean = 0.24, high-contrast mean = 

0.13, p = 9.7 x 10-4, paired t-test, n = 8 experiments; patch/patch: low-contrast mean = 0.17, 

high-contrast mean = 0.11, p = 0.0036, paired t-test, n = 8 experiments). 

 

Figure 3: Effect of stimulus contrast on the size of the single-trial effect of the 

previous target motion’s speed.  

In both graphs, each symbol plots the mean size of the effect of the prior-

adapting trial on the speed of the response to a high- versus low-contrast stimulus. 

Different symbols show data for different experiments. In A, the high- and low-

contrast targets were matched in form and different symbols show responses for the 

two different stimulus forms. In B, the high- and low-contrast targets were a patch of 

dots and grating, respectively. 
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2.3.2 Experiment 2: Rapid adaptation of a prior for target speed 

Our second behavioral experiment used blocks of 50 trials with different blends 

of target speed to study longer-term adaptation of the priors for target speed. The left 

panel of Figure 4 outlines the experimental design.  During “fast context” blocks, 80% of 

the trials delivered target motion at 20 deg/s and 20% of the trials delivered target 

motion at 10 deg/s. During “slow context” blocks, 80% of the trials consisted of target 

motion at 2 deg/s and 20% of the trials consisted of target motion at 10 deg/s. A third 

block of 20 trials served as a control with 100% of the targets moving at 10 deg/s. Thus, 

target motion at 10 deg/s served as a probe that presented the same stimulus across 

contexts, allowing analysis of the effect of context independent of the effect of stimulus 

speed. For the data presented in this section, the direction of target motion remained 

fixed within each experiment; we relax that constraint later in the chapter. In each daily 

experiment, we collected approximately 5 repetitions each of the fast and slow contexts, 

each followed by a control block.  
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Figure 4: Longer-term effect of speed context on target speed estimation.  

The diagram on the left illustrates the blend of target speeds used in the fast 

context, slow context, and control blocks. In A-D, Each graph summarizes data across 

many experiments. Green and blue symbols show data obtained during the fast and 

slow speed contexts. Each symbol plots eye speed in response to 10 deg/s target 

motion for the high-contrast target versus that for the low-contrast target. Values were 

normalized to eye speed for the same target motion during the control blocks. In A 

and B, the visual stimuli were of mixed forms: a high-contrast patch of dots and a low-

contrast grating. In C and D, the visual stimuli were matched in form. 

Compared to the single-trial adaptation of the prior, longer blocks of fast or slow 

prior-adapting target motion produced larger effects on the responses to a probe target 

motion at 10 deg/s. Again, we quantified the effects of context on pursuit by averaging 

eye speed across the interval from 50-100 ms after the onset of pursuit, in the second half 

of the open-loop interval, for responses to target motion at 10 deg/s. We then normalized 
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these measurements relative to eye speed for the same target motion in the control 

blocks. In all four graphs of Figure 4, the data for the fast context (green symbols) plot at 

normalized eye speeds greater than one, and below the unity line indicating larger 

normalized eye speeds for low-versus high-contrast targets. The data for the slow 

context (blue symbols) plot at normalized eye speeds less than one, and above the unity 

line, indicating smaller normalized eye speeds for low- versus high-contrast targets.  

Context had a stronger effect for the low-contrast versus the high-contrast targets 

in both monkeys (Figures 4A-D). The results did not depend upon whether the high- 

and low-contrast targets presented matched stimulus forms (Figures 4C and D) or mixed 

stimulus forms (Figures 4A and B).  In the fast speed context, the difference in 

normalized eye speed between the high- and low-contrast targets averaged 0.052 and 

0.046 and was statistically significant when stimulus forms differed (p = 0.0026 and n = 

21 in monkey Xt; p = 1.6 x 10-4 and n = 54 experiments in monkey Re, paired t-test). The 

difference averaged 0.043 and 0.056 and also was statistically significant when stimulus 

forms were matched (p = 0.0023 and n = 20 in monkey Xt; p = 0.046 and n = 16 

experiments in monkey Re, paired t-test). In the slow speed context, the mean difference 

in normalized eye speed between the high- and low-contrast targets averaged -0.069 and 

-0.082 (p = 4.5 x 10-6, n = 21 and p = 1.3 x 10-9, n = 54, paired t-tests) in monkeys Xt and Re 

when stimulus forms differed, and -0.052 and -0.101 (p = 0.0027, n = 20 and p = 0.0014, n 

=16, paired t-tests) in monkeys Xt and Re when the targets comprised the same stimulus 
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form. The speed effect sizes for the high-speed and low-speed contexts in Figure 4 are 

approximately twice the size of the single-trial effects shown in Figures 2 and 3. 

Our premise, discussed later in the chapter, is that reduction of stimulus contrast 

renders the representation of motion in the brain “weaker” or “less reliable” and, if 

Bayesian inference is operating, should allow priors to have a stronger influence on the 

motor behavior. Thus, we take the data shown so far as qualitative evidence that pursuit 

behavior can be described as Bayesian inference with a speed prior that is subject to 

adaptation on a short time scale.  

2.3.3 Model 1: Bayesian inference can account for the effect of speed 
context on estimates of target speed 

To test how our data could be explained by Bayesian inference, and to 

understand how the speed contexts were affecting speed priors, we fitted a Bayesian 

model (equations in Methods) to the distributions of the estimates of target speed in our 

data. Our fitting procedure allowed different values for the mean and variance of the 

speed prior between the fast and slow context blocks. It allowed different values for the 

variance and amplitude of the likelihood distribution between the low- and high-

contrast targets, but required the mean of the likelihood distributions to be the same for 

the two speed contexts (10 deg/s).  

The optimized model predicted distributions of estimated target speed that fitted 

our data well (Figure 5A-D, dashed versus continuous lines; for each of the 8 fits, the 
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mean root squared error was between 0.0075 and 0.017). For both monkeys, the speed 

prior that reproduced the data shifted towards higher speeds and broadened in the fast 

context compared to the slow context (Figure 5E and F). Further, the likelihood inferred 

for the high-contrast target has a smaller variance and larger amplitude than that for the 

low-contrast target (Figure 5E and F), consistent with the idea that lower-contrast targets 

provide less reliable sensory information. In truth, it is not surprising that the model in 

Figure 5 fits our data well. We present the model to show (1) that our data are 

compatible with Bayesian inference and (2) that specific adaptations of the prior 

distributions can account for our data. Also, we note that estimates of target speed 

seldom reached the actual target speed of 10 deg/s, even for the high-contrast target (red 

curves in Figure 5A-D). We attribute this short-fall to the fact that we measured eye 

velocity 75-100 ms after the onset of pursuit for Figure 5. This choice ensures that we 

were studying the open-loop visual-motor response, untainted by feedback, but may 

quantify eye speed before the full expression of pursuit’s estimates of target speed.  

Measurements at later times would have yielded more veridical estimates of target 

speed.   
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Figure 5: A-D: Solid and dashed traces show probability distribution of eye 

speeds from the data and inferred posterior distributions from the optimized 

Bayesian model.  

Red and black traces show results for the high- and low-contrast targets. The 

top and bottom panels show results for the fast and slow context. The left and right 

panels show results for monkeys Xt and Re. E, F: Red and black dashed traces show 

the inferred likelihood distributions for the high- and low-contrast targets. Green and 

blue traces show the inferred prior distributions in the fast and slow contexts. The left 

and right columns show results for monkeys Xt and Re. 

We think of population responses in area MT as potential correlates of the 

likelihood distributions for Bayesian inference. The model’s predictions about the 

likelihood distributions are compatible with existing data showing that the population 
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response in area MT has lower amplitudes at lower contrasts (Krekelberg et al., 2006; J. 

Yang and S. Lisberger, unpublished observations). Our modeling did not take into 

account the fact that the center of the MT population responses shifts subtly towards 

higher preferred speeds as contrast is lowered. We note that the shift toward higher 

preferred speeds is in the wrong direction to account for the lower estimates of target 

speed by pursuit for low contrast targets. Thus, the actual priors might be centered at 

lower speeds than reflected in our estimates. 

2.3.4 Experiment 3: Single-trial adaptation of a prior for target 
direction 

In our third experiment, we studied rapid adaptation of priors for target 

direction by presenting target motions in strategically-contrived, linked pairs of trials 

(Figure 6, left). In each pair of trials, the first (“prior-adapting”) trial consisted of target 

motion at 15 deg/s in a direction randomly chosen from +15 degrees, +45 degrees, and 

+90 degrees relative to a probe direction that was fixed throughout the experiment. The 

second (“probe”) trial always delivered target motion at 15 deg/s in the central, probe 

direction. Probe directions were different on different days; for presentation, we have 

rotated the directions so that the probe direction was always defined as 0 degrees.   

The trajectory of eye velocity at the initiation of pursuit on a probe trial is biased 

towards the direction of target motion on the prior-adapting trial. Trial-averaged eye 

velocity vectors from two example experiments (Figure 6A-D) show that the effect was 
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present in both monkeys and is considerably stronger for the low-contrast target (B, D) 

versus the high-contrast target (A, C). The eye velocity vectors are biased 

counterclockwise (solid curves) or clockwise (dashed curves) when the prior-adapting 

trial was 45 degrees counterclockwise or clockwise from the probe direction. The target 

motion in the prior-adapting trial must cause the rotation of the eye velocity vector in 

the probe trial, because each graph compares average responses to the same stimulus 

form moving in the same direction at the same speed. Each vector in Figure 6 contains 

data from target motion onset to 100 ms after smooth pursuit initiation. Thus, the end of 

each trace represents the approximate end of the open-loop period of smooth pursuit. 

Each vector has been rotated so that zero is the direction of the probe target motion on 

the second trial of each pair. The tendency for all vectors to point up and right reflects 

inherent anisotropies that favor horizontal eye motion and will rotate all vectors in a 

counter-clockwise direction for the 135-degree (up and left) probe direction shown here. 

The important observation is the difference between the curves in each graph.  
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Figure 6: Single-trial direction prior paradigm and examples from one 

experiment of trial-over-trial effects on the direction of pursuit.  

The diagram on the left side shows how pairs of consecutive trials were used 

to adapt and probe trial-over-trial changes in priors for target direction. A-D: Each 

graph contains average eye velocity vectors for target motion in direction 135 degrees 

during probe trials. Solid and dashed traces show data when the target motion in the 

prior-adapting trial was rotated +45 deg (counter-clockwise) or -45 deg (clockwise) 

relative to the direction of the probe target motion.  Traces start at target motion onset 

and progress out to 100 ms after smooth pursuit eye movement initiation. Error bands 

represent the SEM of the vertical component of eye velocity. In A and C, the visual 

stimulus was a high-contrast patch of dots. In B and D, the visual stimulus was a low-

contrast grating. Top and bottom graphs are from monkeys Re and Yo.   

Eye movements were more susceptible to the bias in eye direction created by the 

prior-adapting trial when probed with the low- versus the high-contrast target. We 

defined “direction effect size” for each combination of prior and probe directions as the 

difference in the directions of the eye movement on the probe trial when the direction of 

target motion in the prior-adapting trial was +θ versus –θ from the probe direction. In 
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Figures 7A and B, the data for most of the experiments plot below the unity line, 

indicating that the effect size is larger for the low-contrast target compared to the high-

contrast target (p = 1.4 x 10-22 and 1.4 x 10-8 for monkeys Yo and Re, paired t-test, n = 99 

data points from 33 experiments in each monkey).  

 

Figure 7: Effect of stimulus contrast on the size of the single-trial directional 

effect.  

In A, B, D, E, symbols plot the mean size of the effect of the prior-adapting 

trial on the direction of the response to a high-contrast versus a low-contrast probe 

target across many experiments. A, B: each symbol shows data for a different 

combination of prior-adapting and probe directions. Each experiment provided 3 

symbols, for prior-adapting targets in directions of +15, +45, and +90 degrees relative 

to the probe direction. The high-contrast target is a patch of dots and the low-contrast 

target is a grating. D, E: Prior-adapting targets had directions of +45 degrees relative to 
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the probe direction. The high- and low-contrast targets were matched in form. C: 

Symbols show direction effect size for different prior-probe direction differences. F: 

Polar plot shows the mean direction effect size for different probe directions. Each 

symbol represents the end of a vector where the length of the vector indicates the 

effect size and the angle of the vector shows the direction of the probe target motion. 

In C and F, red and black symbols show effects for high- and low-contrast probe 

targets. Data were combined across monkeys Yo and Re. Error bars represent SEM. 

The size of the effect of the direction of the prior target motion was consistently 

larger for low versus high-contrast probe targets for all directions of probe target motion 

(Figure 7F). The effect of contrast also was consistent across the full range of differences 

in the direction of the prior and probe target motions (Figure 7C). However, the size of 

the direction effect was larger for prior-probe direction differences of +45 degrees versus 

+15 or +90 degrees (Figure 7C). We will use this effect later in the chapter to define the 

coordinate frame of adaptation of the direction prior.  

We obtained the data in Figures 6, 7A, and 7B using a low-contrast moving 

grating and a high-contrast moving patch of dots as stimuli. Figure 7D and E shows 

results from experiments in both monkeys under conditions that varied contrast but not 

stimulus form. As before, the points plot below the unity line, indicating that the effect 

of the prior-adapting trial depends on the contrast of the probe target even when 

stimulus form is held constant (monkey Yo patch/patch: low-contrast mean = 9.01, high-

contrast mean = 6.64, p = 0.0012 paired t-test, n = 12 experiments; monkey Yo 

grating/grating: low-contrast mean = 10.69, high-contrast mean = 9.10, p = 0.0031, n = 12 

experiments; monkey Re patch/patch: low-contrast mean = 8.60, high-contrast mean = 
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4.66, p = 5.4 x 10-5 , n = 14; monkey Re grating/grating: low-contrast mean = 8.43, high-

contrast mean = 7.42, p = 0.043 paired t-test, n = 14). We note that the difference between 

the direction effect sizes for high- and low-contrast probe targets was greater for patch 

than for grating targets, although we do not know whether this difference would hold 

up to further testing.   

2.3.5 Experiment 4: Stimulus features that create stronger priors 

In our fourth experiment, we altered the properties of the stimuli in the prior-

adapting trial to determine the stimulus features that were effective at adapting priors. 

We used the trial-over-trial direction adaptation paradigm from Experiment #3. The 

probe trial always was the same and presented target motion in a given direction at 15 

deg/s. The prior-adapting trial presented motion at +45 degrees relative to the probe 

direction.  We modulated the stimuli used in the prior-adapting trials by changing four 

metrics in four different sessions: (1) The contrast of the visual stimulus during the 

prior-adapting trial; (2) Passive visual motion stimulation vs. active pursuit during the 

prior-adapting trial; (3) Number of repetitions of the prior-adapting trial before each 

probe trial; and (4) Inter-trial interval between the prior-adapting and probe trial.  

Recency, repetition, active responses, and higher contrast in the prior-adapting 

trial all created stronger effects on the initiation of pursuit in the probe trial.  
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1. The effectiveness of the adapting stimulus depends on the contrast of the visual 

motion stimulus during the prior-adapting trial. Plotting the results for each 

experiment as a separate symbol (Figure 8A) reveals larger effects when the prior-

adapting trial presented a high contrast patch of dots versus a low contrast grating; 

many of the points lie above the unity line. The mean difference in direction effect 

size was 0.95 degrees and 1.37 degrees for monkey Re and monkey Xt (p = 0.0017 

and 2.3 x 10-11, paired t-test, n = 99 data points from 33 experiments in each monkey). 

2. Passive visual motion on the prior-adapting trial is sufficient to bias the direction of 

pursuit on the probe trial, but the size of the direction effect is greater if the monkey 

actually pursues the target on the prior-adapting trial. The multiple data points in 

Figure 8D represent direction effect sizes for different combinations of prior-

adapting and probe directions on multiple experimental days. Most points plot 

above the line of slope one, indicating that the direction effect was larger when the 

monkey pursued the target in the prior-adapting trial versus when the prior-

adapting trial delivered 100 ms of passive visual stimulation. The difference 

averaged 1.9 degrees and was statistically significant in both monkeys (p = 9.0 x 10-5 

and 0.016, paired t-test, n = 24 data points from 8 experiments each in monkeys Re 

and Yo). Still, passive visual stimulation on the prior-adapting trial did create a 

significant directional bias on the probe trial, with a mean direction effect size of 3.02 
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and 2.56 degrees in the two monkeys (p = 2.0 x 10-8 and 3.2 x 10-6 , Student’s t-test, n = 

24 data points from 8 experiments each in monkeys Re and Yo). 

3. The number of repetitions of the prior-adapting trial affects the size of the effect on 

the direction of pursuit in the probe trial (Figure 8B, E). Compared to repeating the 

prior-adapting trial only once, repeating the prior-adapting trial 3 or 10 times 

significantly increased the subsequent directional bias in both monkeys (n = 14 and 8 

experiments in monkeys Yo and Re) and for probe trials that presented motion of 

high-contrast (red symbols, p = 3.8 x 10-4 and 0.0027, paired t-test) or low-contrast 

(black symbols, p = 0.0037 and 9.4 x 10-5, paired t-test) targets. The direction 

adaptation reached an asymptote quickly: there was no difference in direction effect 

size between 3 and 10 repetitions.  

4. The duration of the inter-trial interval, measured from the end of one trial to the start 

of the next, affects the size of the effect of prior-adapting target motion on the 

direction of pursuit in the probe trial (Figure 8C, F). The direction effect size 

decreased gradually as the inter-trial interval increased from 1.5 to 10 seconds, again 

in both monkeys and for both target contrasts (n = 8 experiments each in monkeys 

Yo and Re). 
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Figure 8: Effect of the qualities of the stimulus in prior-adapting trials on the 

size of the directional effect.  

A: Symbols plot the mean direction effect size when the prior-adapting trial 

was a low-contrast grating versus a high-contrast patch. Each symbol shows data for a 

different combination of prior-adapting and probe directions: each experiment 

provided 3 symbols. Open and filled symbols show data from monkeys Re and Yo. B, 

E: Symbols show the mean direction effect size for different number of prior-

adapting trial repetitions. C, F: Symbols show the mean direction effect size as a 

function of the duration of the inter-trial interval between the prior-adapting and 

probe trials. In B, C, E, and F, the top and bottom rows contain data from monkeys Yo 

and Re. Red and black symbols show effects for high- and low-contrast targets. Error 

bars represent SEM. D: Symbols plot the mean direction effect when the prior-

adapting trial consisted of active pursuit versus 100 ms of passive visual motion. 

Open and filled symbols show data from monkeys Re and Yo. 



 

45 

2.3.6 Experiment 5: Generalization between adaptation of speed and 
direction priors 

Our ultimate goal is to understand how brain circuits could implement a 

behavior with features that are compatible with Bayesian inference. Twenty years ago, 

we identified a component of pursuit that allows context to modulate the strength, or 

“gain”, of visual-motor transmission (Schwartz and Lisberger, 1994; Tanaka and 

Lisberger, 2001). A previous paper from our laboratory (Yang et al., 2012) suggested that 

priors operate through this gain-control mechanism. More recently, our laboratory 

found that gain control occurs in a retinal, rather than a motor, frame of reference (Lee et 

al., 2013). The existence and properties of gain-control in the pursuit system, and its 

possible causal role in the competition between sensory evidence and prior experience 

(Yang et al., 2012), motivate our next steps in experimental and computational analysis.  

We performed data analyses and computational modeling to determine whether 

changes in gain-control could be the mechanism of short-term adaptation of priors, and 

by association also the mechanism of priors more generally. In particular we ask: (i) is 

the generalization between the adaptation of speed and direction priors consistent with 

a model where the two priors share a common mechanism? (ii) can we understand the 

adaptation of priors for target direction and speed in terms of a change in the gain of 

visual-motor transmission? (iii) do priors, like gain control (Lee et al., 2013), operate in a 

coordinate frame that is closer to the sensory coordinates of the retina rather than the 

motor coordinates defined in the cerebellar and brainstem pathways for pursuit?  
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2.3.6.1 Experiment 5a: Effect of directional prior adaptation on eye speed 

In these experiments, the prior-adapting trial consisted of target motion at 15 

deg/s in a direction randomly chosen from +15 and +90 degrees relative to a probe 

direction and the probe trial always delivered target motion at 15 deg/s in the central, 

probe direction (in fact, we have simply re-analyzed data from Experiment 1). We 

averaged eye speed in the probe trials across the interval from 50-100 ms after the 

initiation of pursuit for prior-adapting trials with target motions at +15 and +90 degrees 

relative to the probe direction. We quantified the effect of direction prior adaptation on 

eye speed as the difference between the probe eye speeds for prior-adapting target 

motion at +15 degrees and +90 degrees. Our logic was that close-together prior-adapting 

and probe directions should show larger effects on eye speed compared to orthogonal 

prior-adapting and probe directions. 

The effect of direction-prior adaptation on eye speed almost always was positive 

(Figure 9A, B) for both monkeys and for both the high-contrast (red) and low-contrast 

(black) targets. The mean value was 0.28 and 0.50 deg/s in monkeys Re and Yo (p = 4.6 x 

10-16 and 2.2 x 10-18, paired t-test, n = 33 experiments in each monkey). In Figures 9A and 

B, the effect of target contrast on eye speed also appears in the shift along the x-axis 

between the black and red symbols. We conclude that adaptation of the direction prior 

generalizes to target speed estimation. We realize it is intuitively obvious that direction 

adaptation should generalize to eye speed: below, we will show that the quantitative 
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extent of generalization is an emergent prediction of a model where a single neural 

mechanism implements both direction and speed priors and their adaptation. 

 

Figure 9: Interaction between direction and speed priors.  

A, B: Symbols plot the difference between the eye speeds in the probe trial 

when the direction of the prior-adapting trial was +15 degrees versus +90 degrees from 

the direction of the probe trial. Red and black symbols show average responses for 

multiple experiments in probe trials with high- and low-contrast targets. C: Blue and 

green traces plot the trial-averaged eye velocity vectors during the slow and fast 

context for probe target motion in the 45 degree direction during a speed context 

experiment run at 0 degrees. D: Symbols show the effect of speed context on eye 

direction for the +45 degree probe trials.  Each symbol plots eye direction during the 

slow speed context minus eye direction during the fast speed context; responses for 

high versus low-contrast targets appear on the y- versus x-axis. 

2.3.6.2 Experiment 5b: Effect of speed prior adaptation on eye direction 

In these experiments, we presented blocks of target motions that created a fast or 

slow speed context in one direction (as in Experiment 2), and probed the effects of speed 
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context on the direction of pursuit with infrequent probe target motions rotated 45 

degrees counterclockwise. In Figure 9C, for example, we presented blocks of either the 

fast-context or slow-context with rightward motion, and we delivered probe targets that 

moved 45 degrees counterclockwise at 10 deg/s.  

Eye velocity vectors averaged across trials (Figure 9C) reveal that eye direction in 

the probe trials was biased more toward the direction used to adapt the speed prior 

during the fast context (green) compared to the slow context (blue). To summarize the 

data across all experiments we defined direction effect size as the difference in eye 

direction in the probe trials between the fast- and slow-contexts. The positive values in 

Figure 9D indicate that the eye direction was more biased towards the direction of the 

prior-adapting target motion during the fast-context compared to the slow-context in 

every experiment. The symbols plot below the unity line, indicating that eye direction 

was influenced more by speed context for the low-contrast compared to the high-

contrast probe target. The mean direction effect sizes were: 7.35 and 5.22 deg for the low-

contrast target in monkeys Re and Xt; 3.09 and 3.51 for the high-contrast target deg in 

monkeys Re and Xt. We conclude that adaptation of the speed prior directly affects 

target direction estimation. Again, this is an effect that would be expected intuitively, 

and most important is the quantitative agreement with emergent predictions of the 

model developed next. 
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2.3.7 Model 2: Modulation of the gain of visual-motor transmission 
can account for direction and speed priors, and generalization 
between them 

To determine how plausible neural mechanisms might create behaviors with the 

features expected of Bayesian inference, we studied a model that includes modulation of 

the gain of visual-motor transmission, based on the mechanisms present in the pursuit 

system (Schwartz and Lisberger, 1994; Lee et al., 2013). Our goal was to show how a 

biologically-based model could implement adaptation of direction and speed priors and 

their effects on the initiation of pursuit, and to determine whether the effects occur in 

retinal or motor coordinate frames. The main feature of our model was multiplication of 

a sensory evidence function derived from a visual-motion population response (Figure 

10A) by a function that implements direction-selective modulation of the gain of visual-

motor transmission (Figure 10B, D) to obtain a distribution of possible target motions 

(Figure 10C, E) from which the eye speed and direction are determined. Thus, our model 

follows the evidence for direction-selective control of the strength of visual-motor 

transmission in pursuit (Schwartz and Lisberger, 1994; Lee et al., 2013), and the curves in 

Figure 10B and D are exactly direction-selective control of gain. Even though some of its 

elements are distributions related to the components of Bayesian inference, note that 

model 2 has distinctly non-Bayesian internal components and is meant to emulate 

behavior consistent with Bayesian inference without being strictly Bayesian.  
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Optimization of the model produced almost perfect matches to the data (Figure 

10F and H). Figure 10A-C shows the functions used in the model after it had been 

optimized for single-trial adaptation of the direction prior (Experiment 1) by adjusting 

the amplitudes and standard deviations of the Gaussians for the sensory evidence and 

the gain control (Figures 10A, B). On the basis of Figure 7F, we performed the 

optimization under the constraint that the amplitude of the gain control had to be the 

same for each direction of prior-adapting target motion. This model captures quite 

nicely the effects of prior-probe direction difference and stimulus contrast on the shift in 

eye direction (Figure 10F). These effects can be seen as small shifts in the direction 

represented by the peaks of the superimposed distributions of possible target motions in 

Figure 10C: as the prior-probe direction difference shifts from 15 to 45 to 90 degrees, the 

peaks of the dotted, short-dashed, and long-dashed curves shift first to the right and 

then partway back to the left. The optimized sensory evidence functions in the model 

(Figure 10A) are consistent with the idea that decreases in stimulus contrast reduce the 

amplitude of the likelihood function provided by the sensory representation of visual 

motion. 
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Figure 10: Visual-motor gain as a mechanism for adaptation of priors.  

A: Traces show the sensory evidence functions predicted by the model for the 

low- and high-contrast targets. B: Curves show the inferred effect of a prior-adapting 

target motion on visual-motor gain for different probe target directions. Dashed lines 

of increasing length show the gains for conditions where the prior-probe direction 

difference was 15, 45, and 90 degrees. C: Traces show the distributions of possible 

target motions. Dashed lines of increasing length show the inferred functions for 

conditions where the prior-probe target direction difference was 15, 45, and 90 

degrees. D: Dashed lines of increasing length show the inferred visual-motor gain for 

the fast, control, and slow contexts. E: Dashed lines of increasing length show the 

inferred distributions of possible target motions for the fast, control, and slow 

contexts. F: Open and filled symbols show model predictions and actual data for 
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direction effect size for different prior-probe direction differences. G: Open and filled 

symbols show model predictions and actual data for normalized eye speed for 

different prior-probe direction differences. H: Open and filled symbols show model 

predictions and actual data for normalized eye speed during the slow, control, and 

fast contexts. Data from monkeys Re and Yo have been combined in panels F and G. 

Data from monkeys Re and Xt have been combined in panel H. In all panels, red and 

black traces and symbols show results for high- and low-contrast targets. 

To reproduce the effects of adaptation of speed priors, we allowed the model to 

optimize the visual-motor gain functions to fit the data for the blocked speed context, 

rather than the smaller single trial effects, but we re-used the sensory evidence functions 

from the optimized direction prior model. Thus, the visual-motor gain functions (Figure 

10D) used to reproduce the effect of speed context were larger in amplitude but similar 

in shape to those used to model the single-trial direction data. The effects of multiplying 

the sensory evidence function by the gain function can be seen in the distributions of 

possible target motions (Figure 10E), and the latters’ amplitudes were used to estimate 

the relative eye speed across different conditions: for the fast-, control, and slow-

contexts, there is a progressive decline in the amplitude of the functions shown by the 

dotted, short-dashed, and long-dashed curves.   

Analysis of generalization between direction and speed in our model suggests 

that a single mechanism, namely direction-specific control of the gain of visual-motor 

transmission, can account for both the direction and speed priors. We performed this 

analysis of the model the same way we had performed the analysis of the data: by (1) 

evaluating the effect on eye speed for the model that had been fitted to the experiments 
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on direction prior adaptation and (2) evaluating the effect on eye direction for the model 

that had been fitted to the experiments on speed prior adaptation. It wasn’t possible to 

simply fit a single model to all the data because none of our experiments used a single 

adapting situation to systematically control the speed and direction priors by the same 

amount at the same time.  

When we optimized the model to predict single-trial adaptation of the direction 

prior (Experiment 3), the normalized eye speed predicted by the model agreed well with 

the eye speed measured in Experiment 5a (Figure 10G, compare open and closed 

symbols). The values plotted for the model in Figure 10G were taken from the 

amplitudes of the relevant distributions of possible target motions in Figure 10C: as the 

direction of the target motion in the prior-adapting trial shifted from 15 to 45 to 90 

degrees, the amplitude of the dotted, short-dashed, and long-dashed curves decreased. 

Thus, the predicted eye speed decreased as the prior-probe direction difference 

increased. This is an emergent property of a model whose parameters we optimized to 

fit the relationship between the size of the effect on eye direction (not speed) and probe-

prior direction difference (Figure 10F). 

When we optimized the model to predict the effect of the two speed contexts on 

eye speed, it predicted an effect on eye direction that agrees with the data (Experiment 

5b, Figure 9C, D). In the experiments, we tested the response to targets that moved in 

directions of 45 degrees relative to the prior-adapting trials in the speed contexts. We 



 

54 

modeled a probe trial that was rotated 45 degrees by shifting the sensory evidence 

functions of Figure 10A so that they were centered at 45 degrees. We then multiplied the 

shifted sensory evidence by the slow- and fast-context visual-motor gains of Figure 10D. 

We estimated the model’s prediction of eye direction as the vector average of the 

resulting distributions of possible target motions. Subtracting the predicted eye 

directions for the slow- and fast-context resulted in a predicted direction effect size of 

6.47 and 3.17 deg for the low- and high-contrast targets. These values are in close 

agreement with the average direction effect sizes in Figure 9D of 5.99 and 3.36 deg for 

low- and high-contrast targets. Again, this is an emergent property of a model that had 

been optimized to reproduce the effects of the two speed contexts on eye speed. The 

optimized model was able to predict successfully an interaction between speed priors 

and eye direction that was not used to optimize it. 

2.3.8 Failure of gain modulation in motor coordinates 

The model we tested in Figure 10 assumes that the directional prior is 

implemented in retinal coordinates, based on the direction of the target motion in the 

prior-adapting trial(s). We can see intuitively that the predictions of the “retinal” model 

depend on the prior-probe direction difference, and not on the absolute direction of 

either target motion. For example, it predicts that the expression of the direction prior 

should be the same whether the probe target motion is along a cardinal or oblique axis. 

In contrast, we had the intuition that implementation of a prior through modulation of 
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the gain of visual-motor transmission in the horizontal-vertical coordinate frame of the 

motor system would make predictions that depended on whether the probe target 

motion was along a cardinal or oblique axis. Therefore, we analyzed our data separately 

according to the axis of the probe motion, and we also tested the predictions of a 

computational model that implements priors in motor coordinates.   

In our data, the effects of adapting the prior for target direction did not depend 

on whether the probe direction was along a cardinal axis or an oblique axis. The effect of 

prior direction on the direction of the response to a probe target motion was the same 

whether we pooled all pairs of trials or separated them into groups where the direction 

of the probe trials was along a cardinal or an oblique axis (Figure 11G). 

The data in Figure 11G contradict the predictions of a model with gain control 

organized in the horizontal and vertical directions that constitute the coordinate system 

for motor control of pursuit in the cerebellum (Krauzlis and Lisberger, 1996). Here, the 

sensory evidence functions (Figure 11A) shift as a function of the direction of the probe 

stimulus, but the visual-motor gain functions (Figure 11B and D) remain fixed at 90 

degrees. The amplitudes of the gain functions depend on the size of the projection of the 

prior direction onto the fixed motor axis.  
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Figure 11: Motor coordinate model of prior adaptation for direction estimation. 

 A: Black and gray traces show the sensory evidence functions used in the 

motor model for cardinal and oblique probe directions. B, D: Dashed lines of 

increasing length show the inferred priors for the motor model when the prior-probe 

direction difference was 15, 45, and 90 degrees, for cardinal (B) and oblique (D) probe 

directions. C, E: Traces show the distributions of possible target motions. Dashed 

lines of increasing length show the inferred functions for conditions where the prior-

probe target direction difference was 15, 45, and 90 degrees for cardinal (C) and 

oblique (E) probe directions. F: Model’s prediction of effect size as a function of prior-

probe target direction difference. G: Mean effect size in our data. Red and black 

symbols show results from high- and low-contrast targets. In F and G, filled and open 

symbols show the predictions and data for cardinal and oblique probe directions. 
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Figure 11 shows two scenarios where the probe target moves at 0 or 45 degrees. 

Then, different values of prior-probe direction difference (15, 45, 90 degrees) will 

activate the motor system in different ways for cardinal versus oblique probe directions. 

For the 0-degree probe direction (cardinal), a 90-degree prior-adapting target motion 

yields the largest amplitude gain function (Figure 11B). The peaks of the resulting 

distributions of possible target motions (Figure 11C) shift to the right as the prior-probe 

difference increases from 15 to 45 to 90 degrees (dotted, short dashed, and long-dashed 

traces). Therefore, a prior-probe direction difference of 90 degrees has the largest effect 

on the eye direction in the probe trial (Figure 11F, filled symbols). For the 45-degree 

probe direction (oblique), the peak of the resulting distribution of possible target 

motions (Figure 11E) shifts to the right as the prior-probe difference increases from 15 to 

45 degrees (dotted and short dashed traces), but back to the left when the prior-probe 

difference is 90 degrees (long dashed traces). Now, a 90-degree prior-adapting direction 

again will yield the largest amplitude gain function, but the prior-probe difference is 45 

degrees (Figure 11F, open symbols)). Thus, priors in motor coordinates predict, 

incorrectly, that the relationship between direction effect size and the prior-probe 

difference should depend on whether the probe direction is along a cardinal or oblique 

axis.  We reject the motor coordinate model. 

The models in Figures 10 and 11 make several assumptions that allow them to fit 

the data. First, they instantiate the prior through a previously-described mechanism that 
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controls the gain of visual-motor transmission for pursuit (Schwartz and Lisberger, 1994; 

Tanaka and Lisberger, 2001, 2002a). The effect of context on the gain control is modeled 

as a direction selective increase in gain above a baseline of 1, where a horizontal line at 1 

would create the prior-less performance of pursuit. Second, they represent sensory 

evidence as distributions, motivated by the concept of probabilistic population codes 

(Ma et al., 2006). It is clear how sensory evidence is represented in the population 

response in area MT (Priebe and Lisberger, 2004; Krekelberg et al., 2006), but it remains 

unclear how or if those population responses would be converted to a neural construct 

that would be recognized as a likelihood function. Thus, the internal representation of 

the sensory evidence may end up being quite different from the construct in our model.  

Finally, the models assume that direction is read out as the peak of the distributions of 

possible target motions and speed as the amplitude. Given that the distributions of 

possible target motions may not even exist in the brain, this is a computational 

mechanism that will need to be understood in terms of neural responses and circuits.  

Thus, one could characterize our model as “opportunistic” and as a hybrid between 

neural and statistical concepts. We agree, but we think that the model still has the 

strength of reproducing the details of our dataset based on well-defined assumptions, 

and of showing that our data can be accounted for by a direction-selective adjustment of 

the gain of visual-motor transmission. 
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2.4 Discussion 

This chapter elaborates the evidence that Bayesian inference describes some 

properties of smooth pursuit eye movements, and provides two important advances in 

understanding that framework. First, we show that priors for target speed and direction 

in the smooth pursuit eye movement system are adaptable over very short timescales. 

Second, we provide computational evidence that priors for speed and direction are 

implemented using a single mechanism, and that the mechanism is closely related to the 

previously-demonstrated modulation of the gain of visual-motor transmission for 

pursuit (Schwartz and Lisberger, 1994; Tanaka and Lisberger, 2001; Lee et al., 2013).   

2.4.1 Bayesian inference in the smooth pursuit eye movement system 

On the basis of the criteria set out by Ma (2012), we think that pursuit behavior 

operates in a way that is consistent with Bayesian inference. However, we cannot say 

(and do not care) whether pursuit is Bayes optimal, and according to Ma (2012), 

optimality is not a criterion for Bayesian inference. Our use of the terminology of 

Bayesian inference derives from the parallels between our data on pursuit and features 

of other behaviors that have been categorized by their investigators as Bayesian (Knill 

and Saunders 2003; Kording and Wolpert, 2006; Kording, 2014; Kording and Wolpert, 

2004; Kording et al., 2004; Verstynen and Sabes, 2011; Weiss et al., 2002; Knill, 2007; 

Battaglia et al., 2003; Alais and Burr, 2004; Fetsch et al., 2011). Our goal is to understand 

how neural circuits implement the competition between sensory evidence and past 
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experience that is a hallmark of the Bayesian framework. The advantages and 

accessibility of the circuit for pursuit eye movements make us think we have an excellent 

chance of understanding how it creates behaviors consistent with Bayesian inference, 

perhaps while using internal principles that have little in common with Bayesian 

inference (Bowers and Davis, 2012). If we can succeed, then it may be possible to 

generalize to the neural mechanisms of other behaviors with similar properties.  

Bayesian inference provides a formal system for understanding the interaction 

between experience (priors) and sensory information (likelihoods). The previous paper 

from our laboratory (Yang et al., 2012) and our present results imply that pursuit 

estimates the speed and direction of target motion by comparing priors based on 

previous target motions with the sensory data from the target motion itself. We suggest 

that the speed and direction contexts in our experimental design alter the initiation of 

pursuit on probe trials because the contexts alter the prior. As one would expect for 

Bayesian or probabilistic inference, the efficacy of the priors depends on the contrast of 

the probe target, which defines the reliability of the sensory data. Priors have larger 

effects on the ensuing behavior when a low-contrast moving target creates weak and 

unreliable visual motion signals compared to when a high-contrast moving target 

creates strong, reliable visual motion signals.  

Our unpublished data (J. Yang and S.G. Lisberger) as well as Krekelberg et al. 

(2006) show that the population response in area MT is smaller in amplitude and noisier 
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for the motion of low-contrast targets, consistent with our view that low-contrast targets 

provide a less reliable likelihood function. Still, there has been some disagreement about 

whether weaker pursuit initiation for low-contrast targets is the result of a competition 

between sensory evidence and priors, or if the decoder that converts the population 

response in MT to estimates of target speed is sensitive to the amplitude as well as the 

preferred speed at the peak of the population response. Our data resolve this 

disagreement. They show that priors are adaptable and can alter systematically the 

response to a given motion of a given stimulus form and contrast. Thus, the estimate of 

target speed (or direction) depends on the history of target motions even though the 

population response in MT is statistically the same. Of course, if one includes adaptation 

of the prior as part of the decoder, then our framework is the same as the one proposed 

by Krekelberg et al. (2006).   

In the present paper, we show that priors for target direction and speed are 

adaptable on the scale of single trials. Thus, the pursuit system is continuously 

attempting to learn and predict upcoming target motions. Our conclusion is supported 

most strongly by the fact that we are able to influence directional and speed priors with 

two-trial blocks. That priors can be adapted over such short timescales demonstrates 

that sensory-motor systems are learning continuously the statistics of the environment 

to update priors. The ability of priors to adapt so quickly is especially important given 
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our constantly changing environment and the potential unreliability of sensory 

information. 

There are strong similarities between the fast-adapting priors we have 

demonstrated in our paper and the longer-term priors demonstrated by Yang et al. 

(2012). First, the expressions of the fast-adapting and long-term priors for target speed 

and direction all depend on the strength of visual motion. Second, implementation of 

fast-adapting and long-term priors can be simulated by a mechanism that invokes 

modulation of the gain of visual-motor transmission. Taken together, these similarities 

suggest a tight linkage between fast-adapting and long-term priors. One intriguing 

possibility is that the fast-adapting priors contribute to the formation of the long-term 

priors. At the extreme, they may be the same phenomenon.  

Two facts argue that adaptation of priors is the result of a sensory-motor system 

reacting to its recent history of inputs, rather than the product of a high-level cognitive 

phenomenon. First, single-trial adaptation of the direction and speed prior is 

maladaptive because the probe direction and speed are perfectly predictable: a cognitive 

phenomenon would not adapt. Second, the effects of the speed context generalize to all 

target motions in a high-speed or low-speed block, and they come and go gradually: a 

cognitive phenomenon might be specific to a narrow range of stimuli, and would come 

and go abruptly. Thus, we think we are exploring an automatic property of the brain 
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that may generalize to all sensory-motor systems, as well as to perception and more 

complicated processes such as choice.   

2.4.2 Implementation of priors through modulation of the gain of 
visual-motor transmission 

Control of the gain of visual-motor transmission by the smooth eye movement 

region of the frontal eye fields (FEFSEM) is one of the main components of the smooth 

pursuit system. Measurements of motor performance imply that the gain of visual-

motor transmission is low during fixation and high during pursuit. For example, brief 

visual motion perturbations during fixation induce a relatively small behavioral 

response, while identical visual motion perturbations during active pursuit induce 

larger eye velocity responses (Schwartz and Lisberger, 1994). Additional evidence 

suggests that gain control is continuous, an extension of the switch suggested by Luebke 

and Robinson (1988). The role of the FEFSEM has been demonstrated by microstimulation 

experiments. Sub-threshold microstimulation of FEFSEM enhances the eye movement 

response to a target perturbation delivered during fixation, as if the perturbation had 

been presented during active pursuit (Tanaka and Lisberger, 2001), and also enhances 

the eye velocity at the initiation of pursuit for a given target motion (Tanaka and 

Lisberger, 2002a). The supplementary eye fields (SEF) also may participate in pursuit 

gain control (Missal and Heinen, 2001).  
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We suggest that priors for target speed and direction are implemented through a 

single mechanism based on direction-selective modulation of the gain of visual-motor 

transmission. Prior publications also pointed to a tight linkage between priors and 

control of the gain of visual-motor transmission for pursuit. Tabata et al. (2006) revealed 

that behavioral responses to target perturbations during fixation could be modulated by 

past experience. They suggested that these perturbations were modulated via the 

adjustment of visual-motor gain. Yang et al. (2012) used a neural-network model of 

FEFSEM and area MT to show that priors in the pursuit system could be implemented as a 

form of gain control. They suggested that priors were created by structured changes in 

the recurrent connectivity within the FEFSEM. Our analysis in the present paper shows 

that adjustment of the gain of visual-motor can account for the effects of both the speed 

and direction contexts we used to adapt the direction and speed priors, as well as the 

generalization between direction and speed. Finally, our data imply that the brain 

implements priors in a retinal coordinate frame, consistent with the retinal coordinate 

frame of gain control (Lee et al., 2013).  

Parallels between the properties of the FEFSEM and the computational 

mechanisms we used to model our data imply that the FEFSEM is a promising neural 

locus for priors. The direction tuning of FEFSEM neurons is in retinal coordinates (Tanaka 

and Lisberger, 2002b), in agreement with the coordinate system of both gain control and 

priors. The demonstration that the output of FEFSEM controls the gain of visual-motor 
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transmission agrees with our computational demonstrations that a neural circuit that 

implements gain control can lead to behaviors that are consistent with Bayesian 

inference. That said, our model based on gain control is distinctly not a Bayesian model, 

and likewise the neural circuit implementation also may not be at all Bayesian.   

Previous studies have established similar models to explain pursuit behavior 

during target-blanking of translating bars (Bogadhi et al., 2013) and anticipatory pursuit 

(Orban de Xivry et al., 2013). A common feature of all three models (theirs and ours) is 

the existence of two components driving pursuit behavior: a sensory component driven 

by visual motion and an extra-sensory component driven by experience-based 

expectation. The primary difference between our model and the other two is the way 

that the two components are combined. The other models combine the two components 

via a weighted sum, in which the weights are determined by the reliability. In our 

model, the expectation component influences behavior by selectively enhancing the gain 

of visual-motor transmission for a portion of the sensory representation. The strength in 

our model is that it takes advantage of a feature of the pursuit system that already has 

been established at both the behavioral and neural level: visual-motor gain control. At 

the behavioral level, the gain of eye speed responses to visual-motion perturbations 

depends on context. At the neural level, microstimulation of FEFSEM increases the gain of 

behavioral responses to visual-motion perturbations. Therefore, our model provides a 
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neurophysiological road map for investigating how the neural pursuit system actually 

combines expectation and sensory information. 

2.4.3 Generalizability of other sensory-motor systems 

The behavioral findings of our paper generalize to other sensory-motor systems, 

suggesting that they represent a fundamental feature of brain function. In saccadic eye 

movements, the direction of an eye movement made during a memory-guided saccade 

task is biased towards the direction of a saccade on a previous trial (Papadimitriou et al. 

2015). This is consistent with our finding that single trials affect target direction 

estimation. Important similarities include i) the maximum effect for the pursuit system is 

at +45 degrees, within the maximum range for the saccade system (41-78 degrees) and ii) 

the decrement of effect size with increasing inter-trial interval. Unfortunately, 

Papadimitriou et al. (2015) did not probe directly whether the reliability of sensory 

information on the probe trials altered the effect of the prior-adapting trial. In the arm 

movement system, priors for target position are capable of adapting over relatively short 

time scales. Verstynen and Sabes (2011) showed that priors for reach direction develop 

within blocks of approximately 100 trials, according to the statistics of targets that are 

encountered in each block, and that reach direction on any given trial is affected by the 

direction required on the previous trial. Thus, the timescales for reach and pursuit prior 

adaptation are quite similar.  



 

67 

The smooth pursuit eye movement system seems ideal for our ultimate goal of 

understanding how neural circuits lead to behaviors that have features of Bayesian 

inference. First, adaptation of speed and direction priors shares features with other 

sensory-motor systems. Second, we are able to control precisely the formation and 

expression of priors in the pursuit system over very short timescales. Third, the skeleton 

of the smooth pursuit neural circuitry is well known and easily accessible, and the 

present paper connects existing neural data to Bayesian inference. Future neural 

recordings should reveal how behavior compatible with Bayesian inference could arise 

from the action of neural circuits. 
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3. FEFSEM estimates target speed as a reliability-
weighted combination of preparatory activity and visual 
motion related input to set visual-motor gain during 
pursuit initiation 

3.1 Introduction 

The previous chapter suggests a tight link between the rapid adaptation of 

experience-based expectation, or priors, for target motion and visual-motor gain control. 

Given the known role of FEFSEM in visual-motor gain control, the aim of the present set 

of experiments was to determine how these adaptable priors are represented in FEFSEM. 

We recorded single neuron activity in FEFSEM during pursuit eye movements in the 

behavioral paradigm from chapter 2 that rapidly adapts a prior for target speed. Our 

results reveal that preparatory modulation of FEFSEM activity encodes a prior for target 

speed. This expectation-related preparatory activity is used in a decoding computation 

by which FEFSEM estimates target speed as a reliability-weighted combination of 

preparatory activity and visual motion related inputs. We also provide evidence that in 

addition to setting visual-motor gain during pursuit initiation, the output of the 

computation performed in combining preparatory activity and visual motion related 

input serves to locally update expectation of target speed. 
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3.2 Methods 

3.2.1 Experimental model and subject details 

We conducted experiments on two male rhesus monkeys that weighed between 

12 and 14 kg and were between 6 and 9 years of age. Monkeys underwent several 

surgeries in preparation for the experiments. First, monkeys were surgically implanted 

with hardware onto the skull to restrain head movement and a scleral search coil to 

track eye movements (Fuchs and Robinson, 1966; Ramachandran and Lisberger, 2005). 

Once the monkeys recovered from these surgeries, they were trained to fixate and 

smoothly track moving visual targets. The horizontal and vertical components of eye 

position were recorded through the analog signals produced by the scleral search 

system. These signals were passed through an analog circuit to obtain signals 

proportional to eye velocity. The circuit differentiated signals from DC to 25 Hz and 

rejected signals at higher frequencies (-20 dB/decade). Eye position and velocity signals 

were sampled at 1 kHz and stored for offline data analysis. Second, a craniotomy was 

performed in an area centered on the smooth eye movement region of the frontal eye 

fields (FEFSEM). A sealable, titanium recording cylinder was placed over this craniotomy 

to allow access to FEFSEM for electrophysiological recordings. All procedures received 

prior approval by Duke’s Institutional Animal Care and Use Committee and were in 

compliance with the National Institutes of Health’s Guide for the Care and Use of 

Laboratory Animals. 
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3.2.2 Method details 

Our experimental paradigm had two key manipulations.  

First, we controlled the distribution of target speeds that the monkey 

experienced (Figure 12). During the fast-context, 80% of trials provided target motion at 

20 deg/s and 20% of trials provided target motion at 10 deg/s. During the slow context, 

80% of the trials provided target motion of 2 deg/s and 20% of the trials provided target 

motion of 10 deg/s. During a control block, all trials delivered target motion of 10 deg/s. 

The fast and slow contexts consisted of 50-trial blocks and the control blocks consisted of 

20-trial blocks. These three types of blocks alternated during the experiment with control 

blocks falling between every fast and slow block.  

Second, we controlled the strength of visual motion that the monkey experienced 

on each trial by using targets of different contrast and form. Targets comprised a 100% 

contrast patch of dots or Gabor for the “reliable visual motion target” and a 12% contrast 

patch of dots or a 6% contrast Gabor for the “unreliable visual motion target”. The patch 

of dots consisted of 72 dots within a 4-degree aperture. Half of the dots were bright and 

half were dark to render the average luminance the same as the background. The Gabor 

had a spatial frequency of 0.5 cycles/degree and was vignetted by a two-dimensional 

Gaussian function with a standard deviation of 1 degree. Visual targets were displayed 

on a 24-inch gamma-corrected CRT monitor with a refresh rate of 80 Hz placed 40 

centimeters from the monkeys’ eyes, creating a field of view spanning 62 (horizontal) by 
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42 (vertical) degrees. It is important to note that contrast and motion adaptation are 

unlikely to have any effect in our paradigm given the short duration of our trials and the 

fact that high- and low-contrast trials were randomly interleaved.  

Experiments were divided into discreet trials. Each trial started the same way, 

with the monkey fixating a small black dot at the center of the screen. After a period of 

800-1600 ms, the black dot was replaced with a pursuit target that underwent 100 ms of 

coherent local pattern motion (of the patch of dots or Gabor) at a defined speed and 

direction within a stationary but invisible aperture. We used 100 ms of local motion to 

jump-start the pursuit system and avoid a large initial position error. The target and 

aperture subsequently moved en bloc with the parameters of the previous local motion. 

Monkeys were rewarded with juice for successfully tracking the position of the center of 

the target within a 4x4 degree window. This strategy allows us to study the visual-motor 

transformation occurring during the open-loop interval in the initiation of pursuit 

without confounding effects of saccades. It has the same advantages as the Rashbass 

“step-ramp” used in pursuit of spot-targets (Rashbass, 1961). Previous publications have 

shown that pursuit to local followed by global motion is indistinguishable from that to 

targets that start with local and global motion simultaneously (Osborne et al., 2007). 

Some of our data were obtained using a high-contrast patch of 100% correlated 

dots and a low-contrast Gabor (“mixed-form”), and some were obtained with matched 

forms of different contrasts. We started with targets that differed in both contrast and 
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form, based on the strategy used in our first behavioral paper on Bayesian inference in 

pursuit10. However, we realized partway through data collection that the use of different 

stimulus forms was a potentially contaminating variable. Therefore, we switched to 

paradigms that held target form constant and varied only stimulus contrast. Form-

matched neural data were collected in Monkey Xt and form-matched behavioral data 

were collected in both monkeys. Separating the data into form-matched and form-mixed 

versions of the experiment did not affect any of our conclusions (Supplementary Figure 

3). 

During a typical experiment, three Thomas Recording tetrodes were introduced 

into FEFSEM for isolation of single units. To allow us to customize the direction of target 

motion in a daily experiment, we first determined the direction of pursuit that elicited 

the maximal firing rate in the units that we isolated. The speed-context experiment was 

run in a fixed direction that represented a good compromise between the preferred 

directions of the neurons we were recording in a given session. When possible, we ran 

multiple speed-context experiments in different directions while recording from the 

same neurons. Our data set includes recordings from 164 FEFSEM neurons (83 in monkey 

Re and 81 in monkey Xt) with an average of two speed-context experiments (in different 

directions) per neuron. 
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3.2.3 Quantification 

3.2.3.1 Data Analysis 

We analyzed firing rate in two different time periods within our task: 

preparatory-related and pursuit-related epochs. For the analysis of preparatory-related 

activity, firing rate across the fixation period was computed in 100 ms bins and averaged 

across all trials in a specific context. Because the duration of the fixation interval varied 

from 800-1600 ms, each trial contributed data only from the onset of fixation to the onset 

of target motion, aligned on the onset of fixation. Thus, fewer trials contributed to the 

estimate of preparatory firing rate as fixation time grew closer to 1600 ms. We computed 

the average modulation of firing rate across the fixation period by subtracting the firing 

rate in the period 200-500 ms after fixation onset from the firing rate during the interval 

from 1200 to 1500 ms after fixation onset (Figure 12B, gray shading). To compare the 

modulation of preparatory activity in different conditions, we performed principal 

component regression. The slope of the regression gives an estimate for the relative 

difference in preparatory modulation between different conditions. 

For pursuit-related activity, we analyzed the period 50-150 ms after target 

motion onset. We chose this window because it is centered on the time of pursuit onset 

and ends before the time when eye movement related visual feedback would be arriving 

at FEFSEM. To compare the effects of speed context on pursuit-related firing rate, we used 

the data for target motion at 10 deg/s and computed the percentage change in the 
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average pursuit-related firing rate in the slow- versus the fast-context. The temporal 

profiles of the firing rate for our example neuron in Figure 14 were obtained by 

smoothing the trial-averaged firing rate with a Gaussian filter (standard deviation of 12 

ms). Trials where the monkey made a saccade during the window 200 ms following the 

onset of target motion were excluded from analysis in Figure 14. Only neurons that had 

an increase in firing rate of at least 5 spikes/s during pursuit initiation in response to 

target motion at 10 deg/s were used in the analyses of Figure 15. 

We used trial-averaged eye speed to analyze the behavioral effects of speed 

context. We determined the average onset of pursuit initiation for high- and low-

contrast stimuli by eye. The analysis period for behavior was 50-100 ms after pursuit 

onset. This time period was chosen to avoid the effects of eye movement related visual 

feedback on behavior (Lisberger and Westbrook, 1985). Trials with saccades in the first 

200 ms following visual motion onset were excluded in Figure 12B. The splitting of data 

into 10-trial bins for the time course analysis greatly reduced the amount of data. Thus, 

we chose to detect saccades using acceleration and velocity thresholds and treat the 

times during saccades as missing data in the analysis of the time course of behavioral 

effects (Figure 14). 

3.2.3.2 Decoding of FEFSEM pursuit-related firing rates analysis 

We used a linear decoder constrained by the effect of speed context to predict the 

effects of both context and target contrast on visual-motor gain, inferred by eye speed 
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responses to the same speed of visual motion. Effect of context was calculated as the 

percent change of FEFSEM pursuit-related firing rate in response to 10 deg/s target motion 

during the slow- compared to the fast-context. Cells then were ranked by the effect of 

context. Importantly, data from high- and low-contrast trials were combined when 

calculating the effect of context. The weight of each neuron was determined by an 

exponential fit to rank within the population: 

 

where µ is the sole free parameter, denotes the rank of each neuron within the 

population, and the weights were normalized so that they summed to a value of one. 

Visual-motor gain was decoded from the population: 

𝑔𝑎𝑖𝑛 =∑𝐹𝑅𝑖 ×𝑤𝑒𝑖𝑔ℎ𝑡𝑖

164

𝑖=1

 

Here, 𝐹𝑅𝑖  is the pursuit-related firing rate of the neuron with rank 𝑖 normalized to 

its average response for all 10 deg/s conditions. The µ parameter was adjusted to minimize 

the root mean square error between the decoded gain of the fast- and slow-contexts and 

the visual-motor gain inferred by the relative eye speed responses to the 10 deg/s motions 

during the fast- and slow-contexts. We also were able to decode the population response 

successfully by optimizing a simple linear decoder that had the weights of all neurons as 

free parameters. However, the large number of free parameters allowed the decoder to 
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simply choose a few neurons that had exactly the correct pursuit-related responses to 

match the behavior, and to assign zero weight to the activity of all other neurons. Finally, 

responses could be successfully decoded by weighting responses proportionally to their 

reliability of encoding context (data not shown). 

3.2.3.3 State variable model of prior adaptation 

The model for Figures 19 and 20 has three free parameters, the number of trials 

built into the memory term, w1, and w2. The parameters were optimized to minimize: 

(1) the root mean square error between the predicted and actual single trial effect on 

preparatory activity in the slow context; and (2) the root mean square error between the 

predicted and actual magnitude of the difference in preparatory activity in the post-fast 

versus post-slow controls blocks. The model was initialized with a random prior 

between 0 and 1 and run through 1000 iterations of the speed context paradigm. The 

prior then was averaged over these 1000 iterations for the results shown in Figure 6. We 

hypothesized that pursuit responses contained all of the information necessary to 

update preparatory activity. Therefore, only data from cells with meaningful pursuit 

responses were included in the population used for the state variable model, which we 

judged to be cells with modulations greater than 5 spikes/s. Because of the diversity of 

response magnitudes across neurons, we chose to normalize firing rates to the pursuit-

related response to 20 deg/s target motions of high-contrast targets, responses that 

always were the largest in magnitude. This strategy allowed us to create clean 
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distributions of firing rates for the different target speeds and provided a simple 

approach to keep the average value of the state-variable roughly between 0 and 1. The 

results are unchanged if we normalize in a different manner. 

3.2.3.4 Recurrent network model 

After Lim and Goldman (2013), we created a recurrently-connected model of 33 

excitatory and 33 inhibitory model rate neurons according to the following equations: 

𝜏𝐸
𝑑𝐸𝑖
𝑑𝑡

= −𝐸𝑖 + 𝑓(∑𝑠𝐸𝐸𝑖,𝑗𝑤𝐸𝐸𝑖,𝑗 +

33

𝑗=1

∑𝑠𝐸𝐼𝑖,𝑗𝑤𝐸𝐼𝑖,𝑗 + 𝑘∑𝑠𝑀𝑇𝑗𝑃𝑆𝑗/𝑆𝐻𝑖 + 𝐹

𝑗

33

𝑗=1

) 

𝜏𝐼
𝑑𝐼𝑖
𝑑𝑡

= −𝐼𝑖 + 𝑓 (∑𝑠𝐼𝐸𝑖,𝑗

33

𝑗=1

𝑤𝐼𝐸𝑖,𝑗 +∑𝑠𝐼𝐼𝑖,𝑗

33

𝑗=1

𝑤𝐼𝐼𝑖,𝑗 + 0.12𝑘∑𝑠𝑀𝑇𝑗𝑃𝑆𝑗/𝑆𝐻𝑖 + 𝐹

𝑗

) 

Here, sXYi,j and wXYi,j are the synaptic input variable and the weight for the 

connection from model neuron j to i, where X and Y indicate whether i and j refer to 

excitatory (Ei) or inhibitory (Ii) model neurons.  F is a small “fixation” input that sets the 

network in motion and starts the preparatory activity by stepping from 0 to 5 spikes/s at 

t=200 ms. We set the value of k empirically so that pursuit-related activity would be 

twice preparatory activity for high-contrast target motion at 10 deg/s in the control-

context. We created a set of simulated MT population responses (Figure 22) for high- 

and low-contrast target motion at 2, 10, and 20 deg/s based on data collected in our 

laboratory for patches of random dots of 100% or 12% contrast. MTj and PSj refer to the 
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response and the preferred speed of the jth model MT neuron. The effect of target 

contrast and speed on the pursuit related response (Figure 21B) is an emergent property 

of the model that is created entirely by the details of the population responses. We take 

the agreement between real and model FEFSEM neurons in Figure 21B as validation of the 

simulated MT population responses and the weighted summation decoding 

computation in the model.  

All model synapses and neurons had time constants, so the state of the synaptic 

inputs from each neuron, si,j, were computed as: 

𝜏𝑖,𝑗
𝑑𝑠𝑖,𝑗

𝑑𝑡
= −𝑠𝑖,𝑗 + 𝑋𝑗 

where Xj denotes the firing rate of relevant pre-synaptic model neuron. The values of the 

shunting inhibition, SHi, for each model excitatory neuron was computed as: 

𝑆𝐻𝑖 = 0.06∑𝑠𝐸𝐼𝑖,𝑗𝐼𝑗 − 1

33

𝑗=1

 

The calculation was the same for inhibitory neurons, replacing sEI with sII. We 

applied the shunting inhibition only to the MT inputs to avoid disrupting the balance of 

excitatory and inhibitory neurons that makes the network operate as a stable integrator 

(Lim and Goldman, 2013). Indeed, because inhibition and excitation are balanced in the 

inputs to each neuron in the model network, application of shunting inhibition to the 
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recurrent excitation would yield a constant firing rate and obviate the integrating 

properties of the network. If the actual circuit architecture is related to the structure of 

our model network, then the excitatory and inhibitory synapses would have to be 

positioned so that the MT input is subject to shunting inhibition but the recurrent 

excitation is not.    

The input-output function of the model neurons was: 

𝑓(𝑥) = {

0 𝑖𝑓 𝑥 ≤ 0
𝑥 𝑖𝑓 0 < 𝑥 < 200
200 𝑖𝑓 𝑥 ≥ 200

 

Time constants, drawn heavily from Lim and Goldman37, were: excitatory 

synapses from model FEFSEM neurons, 25 ms; excitatory synapses conveying MT activity, 

30 ms; inhibitory synapses, 10 ms; excitatory neurons, 20 ms; inhibitory neurons, 10 ms. 

We created trial-by-trial variation in preparatory activity by varying the weight of the 

fixation input for each model neuron between 0.75 and 1.25 randomly. Initial synaptic 

weights were set randomly on a uniform distribution between 0.04 and 0.16.  

We selected blends of target motions to simulate the slow-, control-, and fast-

contexts in our experiments, and we ran simulated trials of duration 1200 ms, where the 

fixation input was applied from 200 to 1200 ms and the MT input consisted of a 100 ms 

pulse of input that started at time 1000 followed by a 100 ms ramp back to zero. We 

implemented the effect of the context on the activity of the model network using a 
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plasticity rule based on calculation of a plasticity variable, Pi,j for each connection 

between model excitatory neurons: 

𝑃𝑖,𝑗 =
∑ (𝑠𝐸𝐸𝑖,𝑗(𝑡) × 𝑤𝐸𝐸𝑖,𝑗) × ∑ 𝐸𝑖(𝑡)

1200
𝑡=1  𝑤ℎ𝑒𝑛 𝑀𝑇(𝑡) > 01200

𝑡=1

∑ (𝑠𝐸𝐸𝑖,𝑗(𝑡) × 𝑤𝐸𝐸𝑖,𝑗) × ∑ 𝐸𝑖(𝑡)
1200
𝑡=1  𝑤ℎ𝑒𝑛 𝑀𝑇(𝑡) = 01200

𝑡=1

 

Intuitively, the numerator and denominator compute the integrated product of 

pre- and post-synaptic activity at the synapse from model neurons j to i when the model 

input from MT is either greater than or equal to zero. The notation is the same as in the 

equations that describe the structure of the network model. Ei(t) is the postsynaptic 

activity of the ith excitatory model neuron, sEEi,j(t) is the synaptic input variable as a 

function of time (t) and wEEi,j is the synaptic weight so that their product (in parenthesis 

in both the numerator and denominator) is the presynaptic activity from the jth 

excitatory model neuron. Plasticity was applied at the end of each simulated trial, only 

to the excitatory inputs to excitatory neurons. The learning rate was 0.1% and each 

weight decayed back towards its initial condition by 9% after each trial. The strength of 

each model excitatory neuron’s excitatory inputs was increased or decreased if the value 

of Pi,j was >0.64 or <0.56, respectively.  

𝑤𝐸𝐸𝑖,𝑗 =

{
 
 

 
 1.001 × 𝑤𝐸𝐸𝑖,𝑗 − 0.09 (𝑤𝐸𝐸𝑖,𝑗 − 𝑤𝐸𝐸𝑖,𝑗(𝑡 = 0))  𝑖𝑓 𝑃𝑖,𝑗 > 0.64

0.999 × 𝑤𝐸𝐸𝑖,𝑗 − 0.09 (𝑤𝐸𝐸𝑖,𝑗 − 𝑤𝐸𝐸𝑖,𝑗(𝑡 = 0))  𝑖𝑓 𝑃𝑖,𝑗 < 0.56

𝑤𝐸𝐸𝑖,𝑗 − 0.09 (𝑤𝐸𝐸𝑖,𝑗 − 𝑤𝐸𝐸𝑖,𝑗(𝑡 = 0))  𝑖𝑓 0.56 ≤ 𝑃𝑖,𝑗 ≤ 0.64
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Intuitively, the plasticity rule determines whether the actual pursuit-related 

firing rate is larger or smaller than the expectation defined by the preparatory activity. A 

comparison between pursuit and preparatory activity is necessary because any absolute 

rule based on overall pre- and post-synaptic activity would be unstable and would push 

the recurrent weights toward zero or infinity. That said, many other plasticity rules 

might work, as long as they are based on a comparison of pursuit-related and 

preparatory activity on a given trial.   

We realize that some of the choices we have made for the structure and 

parameters of our model are less than 100% biologically realistic. Our goal was to show 

that the synaptic weights in a recurrent network could plausibly store the value of a 

prior, and that an autonomous plasticity rule could alter those weights in a way that 

simulated the results of our recordings. The next step of creating a model circuit with 

biologically realistic mechanisms and plasticity rules in conduction-based, spiking 

model neurons seems important, but would be a major next step that is beyond the 

scope defined by the goals of our study. 

3.2.3.5 Statistics 

No statistical methods were used to predetermine sample sizes, but our sample 

sizes are similar to those reported in previous studies. Data were collected from two 

Rhesus monkeys. A total of 164 single neurons were recorded across 95 speed context 

experiments: 83 neurons across 54 experiments in monkey Re and 81 neurons across 41 
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experiments in monkey Xt. Because the number of neurons was greater than the number 

of experiments, values of “n” are smaller for behavioral measures than for neural 

measures. On average, two speed context experiments (in two different directions) were 

run per neuron, yielding a total of 321 neural data points. An additional 16 behavioral 

speed context experiments were run in monkey Re with form-matched stimuli 

(Supplemental Figure 3). For the analysis of pursuit-related firing rate (Figure 4), we 

used only neurons with an increase in firing rate of at least 5 spikes/s for target motion 

at 10 deg/s: 164 data points from 118 neurons. Statistical comparisons of means were 

performed using 2-tailed t-tests. Paired t-tests were used for statistical analysis of 

contrast effects because high- and low- contrast targets were randomly interleaved 

throughout all experiments. Data distribution was assumed to be normal but this was 

not formally tested. Data collection and analysis were not performed blind to the 

conditions of the experiments. 

3.3 Results 

 Experience-based priors for target speed and direction influence the speed and 

direction in the initiation of smooth pursuit eye movement (Yang et al., 2012; Chapter 2). 

The effect of the priors depends on the strength of visual motion inputs and can be 

explained in the framework provided by Bayesian inference. Here, we use recordings 

from FEFSEM to shed light on the neural mechanisms of three important components of 

Bayesian-like behavior. (1) We discover a neural representation of recent experience that 
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adapts in parallel with a behavioral prior for target speed. (2) We reveal that FEFSEM uses 

a reliability-weighted combination of sensory evidence and the neural prior to compute 

an output that is qualitatively similar to a maximum a posteriori estimate of target speed; 

that estimate is used to guide pursuit behavior. (3) We demonstrate how the neural prior 

could be stored in the strength of recurrent synapses and adapted locally in FEFSEM 

based on experience. 

3.3.1 A system for assessing and adapting priors for target speed in 
smooth pursuit eye movements 

We start by introducing the behavioral paradigm we have been using to study 

the effect of recent experience on the initiation of pursuit eye movement. Most of the 

data were described in detail in the first chapter, but we summarize it here to set the 

context for subsequent presentation of neural data.  
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Figure 12: Effect of speed context on behavior.  

A: Schematic shows the fraction of speeds of target motion in each speed 

context. B: Histograms compare eye speed for high-contrast (top) versus low-contrast 

(bottom) targets for the 10 deg/s target motion during the fast (green) and slow (blue) 

context. The x-axis shows eye speed as a percentage change from eye speed measured 

in control blocks for the same stimulus speed and contrast. Data are for 95 speed-

context experiments during which neural responses were recorded. C: Eye movements 

during the initiation of pursuit for target motion showing position in the top graph 

and speed in the bottom graph. Dashed and continuous traces show target and eye 

movement, and the gray rectangle shows the analysis interval for the initiation of 

pursuit. Note that the first 100 ms of target motion comprises local motion within a 

stationary aperture, and the target position starts to ramp 100 ms after the target 

velocity steps to 10 deg/s.  D: A simplified circuit diagram based on previous 
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knowledge of how signals emanating from FEFSEM control the gain of visual motion 

signals from area MT to the oculomotor machinery to drive pursuit eye movements. 

In each trial, an initially-stationary target underwent ramp target motion (Figure 

12C) and moved at a speed of 2, 10, or 20 deg/s. Monkeys initiated pursuit tracking by 

rapidly increasing eye speed in the direction of target motion and achieved accurate 

tracking within 200-300 ms after the onset of target motion. To alter recent experience, 

we used a blocked experimental design and manipulated the statistics of target speeds 

in different blocks of trials (Figure 12A). During 50-trial “fast-context” blocks, 80% of the 

trials presented target motion at 20 deg/s and 20% presented motion at 10 deg/s. During 

50-trial “slow-context” blocks, 80% of the trials presented target motion at 2 deg/s and 

20% presented motion at 10 deg/s. During interspersed 20-trial control-blocks, all of the 

trials presented target motion at 10 deg/s. To control the reliability of visual motion 

signals we used targets of high-contrast (reliable visual motion signals) and low-contrast 

(unreliable visual motion signals). 

As shown in Chapter 2, target motion at the control speed of 10 deg/s evokes 

faster initial eye speeds during the fast-context versus the slow-context (Figure 12B, 

green versus blue bars). Because the target motion used to probe the behavioral prior is 

the same in both contexts, the effects on eye speed must be related to the expectations 

created by context rather than to any physical attribute of the visual stimulus. As 

expected for Bayesian-like behavior, the recent experience has a stronger behavioral 

effect when sensory evidence is weaker (low contrast) and therefore less reliable. In the 
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slow-context (blue bars), eye speed averaged 16% versus 10% slower than control for 

low- versus high-contrast targets (paired t-test, t94 = -8.34, p = 6.18x10-13, n = 95, Cohen’s d 

= -0.86). In the fast-context (green bars), eye speed averaged 13% versus 8% faster than 

control for low- versus high-contrast targets (paired t-test, t94 = 7.03, p = 3.22x10-10, n = 95, 

Cohen’s d = 0.72). The behavioral data summarized in Figure 12B are approximated well 

by a Bayesian model that we derived using the general strategy outlined in Stocker and 

Simoncelli15 (Figure 5). Because the speed estimated by the Bayesian model falls between 

the peak of the prior and the sensory likelihood, it is best characterized as a reliability-

weighted average.  

3.3.2 Representation of a prior in FEFSEM preparatory activity 

Preparatory activity in FEFSEM represents the speed context before target motion 

onset. Modulation of activity during fixation has been observed before35,36, but we now 

show in Figure 13A that the ramp is larger during the fast-context (green trace) 

compared to the slow-context (blue trace). We obtained similar results across a 

population of 164 FEFSEM neurons in two monkeys. The modulation of preparatory 

activity, defined as the firing rate at the end of fixation minus that at the beginning of 

fixation (shaded intervals in Figure 13A), is 24% smaller during the slow-context 

compared to the fast-context (Figure 13B, linear regression slope 0.76). The magnitude 

and sign of the preparatory activity varies across neurons but is closely correlated with 

the amplitude of each neuron’s firing rate response during the initiation of pursuit eye 
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movements (Figure 13C). The degree of preparatory activity was similar in neurons 

categorized as putative inhibitory and excitatory neurons using the multidimensional 

waveform analysis developed by Snyder et al. (2016; data not shown), suggesting that 

preparatory activity is part of the output from FEFSEM. Importantly, the preparatory 

activity appears during the fixation interval, which offers no explicit cues about either 

the upcoming target speed or the contrast of the pursuit target. We conclude that before 

the onset of target motion, the preparatory activity in FEFSEM could be interpreted as a 

noisy estimate of anticipated target speed and could represent the “prior probability” of 

speed in the coming trial. 

 

Figure 13: Effect of speed context on preparatory activity in FEFSEM.  

A: Green and blue curves plot average firing rate as a function of time from 

fixation onset for one example neuron during the fast and slow contexts. The fixation 

target appeared at time zero, and the pursuit target appeared and started to move 800-

1600 ms later. Averages are synchronized on the onset of fixation and each trial 

contributed data only up to the time of appearance of the tracking target. The shading 

indicates the intervals used to calculate the modulation of preparatory activity from 

the averages. B: Scatter plot compares the average change in preparatory firing rate 

across fixation during the fast- versus slow-context. Each symbol shows data from a 

different experiment with a single direction of target motion: 321 data points, from 95 

speed context experiments in 164 neurons. The solid and dashed lines are the 
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regression fit and the unity line. C: Scatter plot compares the average change in 

preparatory firing rate during fixation versus the average pursuit-related modulation 

of firing rate. As in B, each symbol shows data for a different experiment: 321 data 

points, from 95 speed context experiments in 164 neurons. The solid line is a 

regression fit. 

3.3.3 Parallel adaptation of neural priors and pursuit behavior 

We show next that representation of pursuit’s prior for target speed in FEFSEM 

adapts gradually across tens of trials in parallel with the effect of context on eye speed in 

the initiation of pursuit (Figure 14). Agreement of the trial courses of behavioral and 

neural adaptation supports the conclusion that a neural prior in FEFSEM is tightly linked 

to the behavioral prior expressed in pursuit. Also, the slowness of both neural and 

behavioral adaptation implies that the behavior we are studying is the product of a 

probabilistic process as opposed to some higher-level switch. The monkeys did not learn 

that there were different contexts in a way that would allow them to instantaneously 

switch their behavior upon encountering a 20 (or 2) deg/s trial in the fast (or slow) 

context.  
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Figure 14: Agreement of time courses of contextual effects on eye speed and 

preparatory activity in FEFSEM.  

A: Red and black open symbols plot the time course of the average relative 

difference in eye speed between fast and slow context in response to the 10 deg/s 

target motion of high- and low-contrast targets. Filled symbols plot the time course of 

the average relative difference in FEFSEM preparatory firing rate between the fast and 

slow contexts. Data are averaged within successive bins of 10 trials. Error bars 

represent SEM (n = 95 speed context experiments). B: Scatter plot compares the 

average preparatory firing rate during control blocks that followed the fast-context 

versus control blocks that followed the slow context. C: Scatter plot compares the 

average preparatory firing rate when target speed on the previous trial was 10 deg/s 

versus 2 deg/s. Each symbol shows data for a different experiment: 321 data points, 

from 95 experiments in 164 neurons. In B and C, each symbol shows data for target 

motion in one direction for one neuron, and solid and dashed lines show regression 

fits and unity line. D: Symbols plot the time course of average normalized eye speed 

in response to the 10 deg/s target motion for the high- (red) and low-contrast (black) 

targets over the 20 trials in the control blocks. The symbols in the top portion of the 

plot represent normalized eye speeds in the post-fast control blocks and the symbols 

in the bottom portion of the plot represent normalized eye speeds in the post-slow 

control blocks. Error bars represent SEM (n = 95 speed context experiments). E: 

Distribution of single-trial effects on eye velocity when the target speed in the 

previous trial was 10 versus 2 deg/s. Each experiment contributes 2 entries: one each 

for the low- and high-contrast targets. Here and in all subsequent figures, “Trial 

number in block” takes all trials in the block into account. 
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Figure 14A quantifies the gradual adjustment of the representation of the prior in 

10-trial bins according to the slope of the relationship between the modulations of 

preparatory activity in the slow- versus fast-context (same analysis as Figure 13B). The 

effect of context on preparatory activity evolves over approximately 30 trials before 

plateauing near a slope of 0.7, signifying a 30% decrease in the slow- versus fast-context 

(Figure 14A, solid black symbols). The effect of context on eye speed also evolves over 30 

trials before plateauing around a 30% or 20% difference for low-contrast targets (Figure 

14A, open black symbols) or high-contrast targets (Figure 14A, open red symbols). The 

smaller effect on behavior for high-contrast targets is expected because the prior has a 

smaller influence over behavior when sensory information is reliable. We observed 

similar agreement in measures of preparatory activity and eye speed for the slow- and 

fast-contexts, separately (Figure 15).  
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Figure 15: Temporal evolution of preparatory activity and behavioral effects 

across the fast and slow contexts.  

The contextual effects on preparatory firing rate and eye speed evolved 

similarly across both the fast and slow context. Whereas Figure 14A in the main paper 

compares the difference between the fast and slow contexts in eye speed and 

preparatory activity, here we consider the time course of adaptation in each context 

independently. Preparatory activity and eye speed in response to the 20 deg/s (A) and 

2 deg/s (B) target motion across each 50-trial block were normalized to the first 10 

trials. Open symbols in a and b represent normalized eye speed averaged across 

experiments and filled symbols represent the normalized population preparatory 

activity. Red and black open symbols show behavioral data for high-contrast versus 

low-contrast targets. Error bars represent SEM (n = 95 speed context experiments). 

Preparatory activity and eye speeds increased across the fast context and decreased 

across the slow context. In both contexts, the effects of context on eye speed for the 

low-contrast target nearly matched the effects on preparatory activity. As expected in 

a Bayesian framework, the effects of contrast were smaller for the high-contrast target. 

The effects of the fast- and slow-contexts on both preparatory activity and eye 

speed linger with similar amplitude into the subsequent control blocks. Preparatory 

activity is 13% smaller in the control blocks that follow the slow- versus fast-context 

(Figure 14B). Eye speed showed similar effects (Figure 14D). Eye speed decays gradually 
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across the 20-trial control blocks and reflects the previous context more strongly for low-

contrast (black) versus high-contrast (red) targets.  

We also found that a single trial adapts the preparatory activity in FEFSEM and the 

pursuit behavior. In Figure 14C, we measured the preparatory activity separately for 

trials in the slow-context that were preceded by target motion at 2 versus 10 deg/s. The 

average preparatory activity was 21% smaller in trials preceded by target motion at 2 

deg/s (slope = 0.79). Eye speed in pursuit initiation was 16.9% smaller for target motion 

at 2 deg/s preceded by target motion at 2 versus 10 deg/s (Figure 14E, paired t-test, t189 = 

6.53,  p=5.95x10-10, n = 190, Cohen’s d = 0.64). We did not find a similar effect on 

preparatory activity in the fast-context for previous target speeds of 10 versus 20 deg/s, 

probably because previous target motion at 10 versus 20 deg/s creates effects that are too 

small to measure on the time scale of a single trial. 

3.3.4 FEFSEM firing rates during pursuit initiation encode a Bayesian-
like estimate of target speed 

The same population of FEFSEM neurons responded strongly to the visual motion 

that drives pursuit during the first 100 ms of movement initiation. We call this “pursuit-

related” activity.  

Context has a larger effect on pursuit-related activity for less-reliable visual 

motion. For the motion of a high-contrast target at 10 deg/s, the example neuron in 

Figure 16A shows very similar trajectories of average firing rate during the initiation of 
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pursuit in the fast- and slow-contexts (green versus blue traces). For the same neuron, 

the pattern was different for low-contrast targets (Figure 16B). The response was smaller 

and delayed in the slow-context (blue trace) compared to the fast-context (green trace), 

even though target contrast and speed were the same so that eye movement was not 

delayed (data not shown). 

 

Figure 16: Effect of speed context on activity driven by target motion in FEFSEM 

during initiation of pursuit and successful decoding of FEFSEM activity.  

A, B: Curves plot average firing rate of an example FEFSEM neuron as a function 

of time from motion onset for target motion at 10 deg/s during the fast (green) and 

slow (blue) context for high- (A) and low-contrast (B) targets. Gray shading shows the 

interval used to analyze pursuit-related firing rate. C: Scatter plot compares the 

average percentage change in pursuit-related firing rate between the fast- and slow-

contexts for the high- versus low-contrast targets at speeds of 10 deg/s. Each symbol 

represents data for target motion in one direction for one neuron: 164 data points 

collected from 118 neurons. Dashed lines indicate the unity line and x- and y-axes. 
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The red symbol denotes the example cell in panel A. We averaged the firing rate 

across the interval from 50-150 ms after the onset of target motion (gray shading in A 

and B) because this represents the time period when the discharge in FEFSEM can affect 

the initiation of pursuit. D: Open symbols plot average eye speed for low- and high- 

contrast targets moving at 10 deg/s during the fast- and slow-contexts normalized to 

eye speed averaged across to all 10 deg/s conditions (n = 95 behavioral experiments). 

Filled symbols plot the normalized eye speed predicted by constrained linear 

decoding of pursuit-related FEFSEM firing rates. E: The curve plots the weight of each 

ranked neuron used in the decoder that generated the data in panel D, F: Histograms 

compare FEFSEM firing rates for high- (top) versus low-contrast (bottom) targets for the 

10 deg/s target motion during the fast (green) and slow (blue) context. The x-axis 

shows firing rate as a percentage change from that measured in control blocks for the 

same stimulus speed and contrast. This way of plotting the data shows the result of 

using a uniform decoder to predict behavioral effects from the population response. 

There are 164 data points collected from 118 neurons. Green and blue arrows indicate 

the population average for the fast- and slow-contexts. 

We quantified the effect of context on pursuit-related responses in FEFSEM by 

computing the percentage change in firing rate between the fast- and slow-context 

(100*(fast-slow)/slow) for a target of a given contrast moving at 10 deg/s. The effect of 

context on FEFSEM pursuit activity varies across neurons, but for the population the effect 

is significantly larger for low- versus high-contrast targets (Figure 16C, paired t-test, t163 

= 3.09, p = 0.0024, n = 164, Cohen’s d = 0.24).  Therefore, in good agreement with pursuit 

behavior, activity in FEFSEM during initiation of pursuit is affected more by context when 

sensory evidence is weak. 

The effect of context on pursuit-related activity is quite variable across neurons, 

leading to the question of whether it is possible to decode the behavioral effects of 

context and stimulus contrast from the neural population. The answer is yes. Choice of a 

suitable linear decoder provided a close match of the decoded FEFSEM population 



 

95 

response to the effects on smooth pursuit behavior for motion of high- and low-contrast 

targets at 10 deg/s in the slow- and fast-contexts (Figure 16D). We conclude that FEFSEM 

output during pursuit initiation combines prior and current sensory information in a 

way that is qualitatively similar to a maximum a posteriori (MAP) estimate of target 

speed, and that this estimate is appropriate to control the initiation of pursuit. Because 

pursuit’s prior for target speed is much slower than 10 deg/s (Figure 5), preparatory 

activity is usually smaller than pursuit-related activity and the estimate of target speed 

provided by the pursuit-related activity is slower for low-contrast versus high-contrast 

targets.  

To create the successful linear decoder, we first combined the pursuit-related 

firing rates for high- and low-contrast targets moving at 10 deg/s in the fast- and slow-

context for each neuron. We then ranked the full sample of FEFSEM neurons according to 

the effect of context on pursuit-related firing rate and fitted an exponential distribution 

(a Gaussian distribution gave similar results) of weights (Figure 16E) for the firing rates 

of the ranked neurons. Thus, the decoder had only one free parameter. Also, it is 

important that neurons were ranked only according to overall effect of context; the effect 

of contrast emerges seamlessly, providing cross-validation of the decoder. When we 

used an alternative decoder that weighted the population response uniformly, the 

effects were in the right direction, but the magnitudes were small compared to the 

behavior (compare Figure 16F with Figure 11B).  
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Some of the data in Figures 12-16 were collected with high-contrast patches of 

dots and low-contrast gratings as stimuli, while others used high- and low-contrast dots. 

Figure 17 verifies that the stimulus form did not have any effect on the results.  

 

Figure 17: Results do not depend on stimulus form.  

Our experiments used different combinations of stimuli that consisted of 

patches of dots and Gabor functions, that is sine wave gratings vignetted within a 

two-dimensional Gaussian window. For the figures in the main paper, we mixed 

experiments where the high- and low-contrast targets had different forms with 

experiments where they were of the same form. Here, we show that the results are the 

same whether the stimulus forms were the same or mixed. The filled symbols in A, B, 

and C represent data collected in experiments using matched-stimulus form and the 

open symbols in D, E, and F represent data collected in experiments using mixed-

stimulus form. The bottom line is that the effects are essentially the same in the top 

and bottom rows of graphs. A, D: Scatter plots compare normalized eye speed in 

response to high- versus low-contrast targets for 10 deg/s target motion during the fast 

(green) and slow (blue) context. B, E: Scatter plots compare the average change in 
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preparatory firing rate across fixation during the fast versus slow context. The solid 

and open lines were obtained via regression and the dashed lines represent unity. c, f: 

Scatter plots compare the effect of speed context on pursuit-related firing rate for the 

high- and low-contrast targets. Red and black marginal histograms show the 

distributions of speed context effects on firing during the initiation of pursuit for the 

high- and low-contrast targets. There are no statistically significant differences 

between data collected in experiments that matched versus mixed stimulus forms. For 

A versus D, fast-context, low-contrast: meanmatched (+/- S.E.M.) = 12.08 +/- 1.51 %, 

meanmixed (+/- S.E.M.) = 12.24 +/- 0.86 %, p = 0.92 (two-sample, two-tailed t-test), t109 = -

0.10 (nmatch = 36 behavioral experiments, nmix = 75 behavioral experiments). For A versus 

D, fast-context, high-contrast: meanmatched (+/- S.E.M.) = 7.18 +/- 0.91 %, meanmixed (+/- 

S.E.M.) = 7.00 +/- 0.67 %, p = 0.88 (two-sample, two-tailed t-test), t109 = 0.15 (nmatch = 36 

behavioral experiments, nmix = 75 behavioral experiments). For A versus D, slow-

context, low-contrast: meanmatched (+/- S.E.M.) = -19.36 +/- 1.63%, meanmixed (+/- S.E.M.) = 

16.92 +/- 0.75 %, p = 0.12 (two-sample, two-tailed t-test), t109 = -1.56 (nmatch = 36 

behavioral experiments, nmix = 75 behavioral experiments). For A versus D, slow-

context, high-contrast: meanmatched (+/- S.E.M.) = -11.99 +/- 0.93%, meanmixed (+/- S.E.M.) = 

-10.02 +/- 0.68 %, p = 0.10 (two-sample, two-tailed t-test), t109 = -1.68 (nmatch = 36 

behavioral experiments, nmix = 75 behavioral experiments). For B versus E, fast-context: 

meanmatched (+/- S.E.M.) = 5.86 +/- 1.61 spikes/s, meanmixed (+/- S.E.M.) = 7.57 +/- 0.99 

spikes/s, p = 0.37 (two-sample, two-tailed t-test), t319 = -0.89 (nmatch = 83 data points 

from 49 cells, nmix = 238 data points from 115 cells). For B versus E, slowcontext: 

meanmatched (+/- S.E.M.) = 3.77 +/- 1.22 spikes/s, meanmixed (+/- S.E.M.) = 6.35 +/- 0.78 

spikes/s, p = 0.09 (two-sample, two-tailed t-test), t319 = -1.72 (nmatch = 83 data points 

from 49 cells, nmix = 238 data points from 115 cells). For C versus F, high-contrast: 

meanmatched (+/- S.E.M.) = 2.34 +/- 2.44 spikes/s, meanmixed = - 0.56 +/- 1.52 spikes/s, p = 

0.36 (two-sample, two-tailed t-test), t162 = 0.92 (nmatched = 36 data points from 27 cells, 

nmixed = 128 data points from 91 cells). For C versus F, low-contrast: meanmatched (+/- 

S.E.M.) = 8.20 +/- 2.99 spikes/s, meanmixed = 5.68 +/- 2.20 spikes/s, p = 0.57 (two-sample, 

two-tailed t-test), t162 = 0.57 (nmatched = 36 data points from 27 cells, nmixed = 128 data 

points from 91 cells). 

3.3.5 FEFSEM estimates target speed during pursuit initiation via a 
reliability-weighted average of the speed prior and sensory evidence 

We show next that the relationship between preparatory activity and FEFSEM 

output during pursuit initiation has the two features we would expect in a Bayesian-like 

computation.  First, preparatory activity contributes to the subsequent pursuit-related 
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response. Higher preparatory activity pushes the absolute pursuit-related activity to 

higher levels, leading to a faster estimate of target speed and higher eye speeds in the 

initiation of pursuit. Second, preparatory activity interacts with visual motion input to 

control the sensory-driven increment in firing rate during the pursuit-related response, 

instantiating the reliability-weighted combination of prior and sensory evidence that 

occurs in pursuit behavior. 

Our approach takes advantage of the fact that the firing rate at the end of the 

preparatory period varies from trial-to-trial even when the context and the stimulus are 

the same. First, we evaluated trial-by-trial correlation between (1) the preparatory firing 

rate in the last 100 ms before the moving target appeared (Figure 18A, “prep”), and (2) 

the absolute firing rate in the interval 50-150 ms after target motion onset (Figure 5a, 

“absolute”). For an example neuron (Figure 18B), the trial-by-trial correlation between 

the preparatory and absolute pursuit-related firing rate was 0.46. Strong positive 

correlations appeared for the entire population (Figure 18C), with statistically larger 

positive correlations for responses to low- versus high-contrast targets (mean Pearson’s r 

= 0.234 versus 0.187, paired t-test, t320 = 5.95, p = 6.87x10-9, n = 321, Cohen’s d = 0.33).  
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Figure 18: Trial-by-trial correlation between preparatory and pursuit firing 

rate.  

A: The curve replots (from Figure 16A) the average firing rate over time of one 

example neuron. Arrows indicate the three firing rate measurements used for the 

correlation analysis in B-D. B: Scatter plot showing trial-by-trial correlations between 

preparatory and absolute pursuit-related firing rate for an example neuron. Each 

symbol shows measurements for one trial. The dashed line represents the unity line. 

The Pearson correlation coefficient is 0.46. C: Histograms showing the distribution of 

trial-by-trial Pearson correlation coefficients between preparatory modulation of 

firing rate and absolute pursuit-related firing rate. Top and bottom histograms show 

data for the high- and low-contrast target motions, both at 10 deg/s. D: as in C, except 

that correlation is between preparatory modulation of firing rate and the incremental 

firing rate from the preparatory level during pursuit initiation. Each neuron could 

have contributed more than one “observation” for target motion in different 
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directions. Data in C and D summarize results from 321 data points, from 95 speed 

context experiments in 164 neurons. 

Next, we correlated the preparatory firing rate in the last 100 ms before the 

moving target appeared (Figure 18A, “prep”) with the change in firing rate during the 

initiation of pursuit (Figure 18A, “incremental” = absolute minus prep). We find strong 

negative trial-by-trial correlations between the firing rate in the preparatory period and 

the increment in firing rate between the preparatory and pursuit periods (Figure 18D). 

The negative correlations cannot represent a ceiling effect on FEFSEM firing because they 

were just as strong for the smaller pursuit-related responses evoked by target motion at 

2 deg/s. Again, trial-by-trial preparatory-pursuit correlations were statistically more 

positive for low-contrast targets compared to high-contrast targets (mean Pearson’s r 

= -0.592 versus -0.631, paired t-test, t320 = 5.86, p = 1.17x10-8, n = 321, Cohen’s d = 0.33).  

The strength and signs of the trial-by-trial correlations between Figures 18C and 

D suggests causal links from preparatory activity to pursuit-related activity, possibly 

within individual neurons. We suggest that the positive correlation between preparatory 

activity and absolute pursuit-related firing rate occurs because the preparatory firing 

pushes the eventual pursuit-related response toward a level that is commensurate with 

the prior represented by the preparatory activity. The negative correlation between 

incremental pursuit-related firing rate and preparatory activity means that the neural 

representation of the prior doesn’t simply provide a platform for the addition of sensory 

inputs. Instead, the preparatory activity modulates the increment in firing caused by the 
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sensory input: higher preparatory activity leads to a smaller increment due to sensory 

input.  

3.3.6 A theory-based explanation for trial-by-trial correlations 

To make our interpretations more precise, we start from the principles of 

Bayesian inference and derive an equation that describes multiple features of our 

recordings from FEFSEM, including the positive and negative trial-by-trial correlations 

described in Figure 18. If the prior and likelihood are represented as Gaussians, then a 

MAP estimate is a precision-weighted combination of the mean of the prior for target 

speed (𝑆̂𝑃) and the maximum likelihood (ML) estimate of target speed from sensory 

evidence (𝑆̂𝑀𝐿): 

 𝑆̂𝑀𝐴𝑃 =
𝑎𝑀𝐿×𝑆̂𝑀𝐿+𝑎𝑃×𝑆̂𝑃

𝑎𝑀𝐿+𝑎𝑃
 (1) 

where 𝑎𝑀𝐿 =
1

𝜎𝑀𝐿
2 is the precision of the likelihood and is assumed to be a 

function of contrast, and 𝑎𝑃 =
1

𝜎𝑃
2 is the precision of the prior and is assumed to be 

constant across contexts. With the appropriate substitutions and some algebra: 

 𝑆̂𝑀𝐴𝑃 = 𝑓(𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡) × 𝑆̂𝑀𝐿 + (1 − 𝑓(𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡)) × 𝑆̂𝑃(𝑐𝑜𝑛𝑡𝑒𝑥𝑡)  (2) 

where 𝑓(𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡) =
𝑎𝑀𝐿

𝑎𝑀𝐿+𝑎𝑃
 and always assumes a value between 0 and 1. 
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Equation (2) maps nicely onto the measurements we made in FEFSEM. The 

decoding analysis (Figure 4d and e) suggests that neural activity in FEFSEM during the 

initiation of pursuit (FRpurs) is qualitatively consistent with a MAP estimate of target 

speed that is used to drive pursuit behavior. The preparatory activity (FRprep) is related to 

the prior created by speed context. Therefore, we can rewrite Equation (2) as: 

𝐹𝑅𝑝𝑢𝑟𝑠 = 𝑓(𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡) × 𝐹𝑅𝑀𝐿 + (1 − 𝑓(𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡)) × 𝐹𝑅𝑝𝑟𝑒𝑝(𝑐𝑜𝑛𝑡𝑒𝑥𝑡)  (3) 

where 𝐹𝑅𝑀𝐿 represents visual motion input to FEFSEM related to the maximum 

likelihood estimate of target speed. Equation (3) accurately predicts the nature of trial-

by-trial correlations between preparatory firing rate (𝐹𝑅𝑝𝑟𝑒𝑝) and the firing rate of 

FEFSEM during pursuit initiation (𝐹𝑅𝑝𝑢𝑟𝑠). The second term on the right side of Equation 

(3) predicts the positive correlations between preparatory activity and the absolute 

pursuit-related firing rate (Figure 18c). Rearranging Equation (3) yields: 

 𝐹𝑅𝑖𝑛𝑐𝑟𝑒𝑚𝑒𝑛𝑡𝑎𝑙 = 𝐹𝑅𝑝𝑢𝑟𝑠 − 𝐹𝑅𝑝𝑟𝑒𝑝 = 𝑓(𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡) × (𝐹𝑅𝑀𝐿 −

𝐹𝑅𝑝𝑟𝑒𝑝(𝑐𝑜𝑛𝑡𝑒𝑥𝑡))  (4) 

Equation (4) describes the relationship between preparatory activity and the 

increment in firing driven by sensory inputs during pursuit initiation (FRincremental), and 

qualitatively predicts the negative trial-by-trial correlations between preparatory activity 

and the increment in FEFSEM firing rate (Figure 18D). 
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Equations (1)-(4) explain how the data in Figures 16 and 18 would result from a 

Bayesian-like computation in FEFSEM. The preparatory activity (prior) pushes the output 

of FEFSEM towards the expectation it represents and combines with sensory evidence 

(likelihood) in a manner that depends on the reliability of visual motion. Also, Equation 

(3) can be generalized to explain the activity in FEFSEM as a MAP estimate of target speed 

across a pursuit trial, starting with activity driven entirely by expectation during fixation 

and ending with a reliability-weighted average between prior and likelihood during 

pursuit initiation. 

3.3.7 Evidence for local updating in FEFSEM of the neural 
representation of the speed prior 

Our final goal is to understand how a sensory-motor neural circuit could 

generate and store prior expectations based on experience.  

Here, we use a model that maintains the prior as an explicit state variable, to ask 

whether adaptation of the neural representation of the prior could occur locally within 

FEFSEM. The prior is updated after each trial according to the pursuit-related responses of 

our population of neurons in FEFSEM (Figure 19A). We used two components of prior 

adaptation that we weighted separately to update the prior for the next trial. 

 𝐹𝑅𝑝𝑟𝑒𝑝𝑛+1 = 𝐹𝑅𝑝𝑟𝑒𝑝𝑛 + 𝑤1 × (𝐹𝑅𝑝𝑢𝑟𝑠𝑛 − 𝐹𝑅𝑝𝑟𝑒𝑝𝑛) + 𝑤2 × (𝐹𝑅𝑝𝑢𝑟𝑠𝑛 −

∑
𝐹𝑅𝑝𝑟𝑒𝑝𝑖

30

𝑛−1
𝑖=𝑛−30 ) (5) 
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FRprepn and FRpursn are the preparatory and pursuit-related firing rate on the 

nth trial. The “w1” term allows for single trial adaptation of the preparatory activity 

(Figures 14c and e); the “w2” term supports adaptation of the preparatory activity over a 

slower time course (Figures 14A, B, and D). Both components of adaptation compute 

prediction errors based on the difference between the actual level of pursuit activity in 

the most recent trial and predictions based on preparatory activity. 

To test the model, we simulated blocks of trials with the same statistics of target 

speed used in the slow- and fast-contexts as well as the control blocks in our 

experiments (Figure 12a). We drew a pursuit-related response for each simulated trial 

from the distribution of normalized responses of real FEFSEM neurons for the target 

speed in that trial: 2, 10, or 20 deg/s (Figure 19B). To fit the model, we adjusted the two 

weights, w1 and w2, to account for: (1) the size of the single-trial effect on preparatory 

firing rate during the slow-context (Figure 19C) and (2) the magnitude of the difference 

between preparatory activity in the post-fast and post-slow control blocks (Figure 19B). 
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Figure 19: Model for updating the representation of a Bayesian prior based on 

pursuit responses in FEFSEM.  

A: A conceptual model for how FEFSEM combines the prior on one trial with the 

likelihood from sensory input to set the gain of visual-motor transmission and to 

update the prior for the next trial. B: Blue, red, and green curves show distributions 

across trials of normalized pursuit-related firing rates across the population of FEFSEM 

neurons for target motion at 2, 10, and 20 deg/s. C: Symbols plot the root mean 

squared error between model and neural data as A function of the length of the trial 

history that influenced the model’s prior. D, E: Open and filled symbols plot the time 

course of the relative change in preparatory activity between fast and slow contexts 

for the data and the optimized model (D) and the relative change in preparatory 

activity between the fast-context and the post-fast, slow, and post-slow contexts (E). 

The choice of a history of 30 trials in Equation (5) optimizes the performance of 

the model (Figure 19C) and allows it to reproduce the time course of acquisition of 

preparatory activity (Figure 19D). A memory of 30 trials models the decay in 

preparatory activity in control blocks that follow fast- or slow-context blocks of trials 

(Figure 19E). Also, the model predicts an important feature of our data that was not 

explicitly built into it. The state variable in the model plateaus at the same slow-fast 
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difference of -30% as the experimentally-observed preparatory activity in FEFSEM (Figure 

19D). We explain this feature in Figure 20.  

 

Figure 20: Parameter sensitivity of a model described by Equation (3) that 

updates preparatory activity based on previous pursuit responses.  

A-C: Symbols plot the time course of the ratio of preparatory activity between 

fast and slow contexts for the model. The black symbols in each panel show the 

performance of the optimized model presented in Figure 6 for w1 = 1.93, w2 = -1.26 

and trial memory = 30 trials. In A, the value of w2 was constant and different colors 

show the effect of adjusting w1. In B, w1 was constant and different colors show the 

effect of adjusting w2. In C, different colors show the effect of using different 

amounts of trial memory. D, E: Solid curves represent distributions of normalized 

pursuit-related firing rate (as in Figure 19A). Dashed and dotted curves show 

distributions of normalized pursuit-related firing rate that have been shifted to the 

right by 0.125 or 0.25 units. The distributions for target motion at 2 deg/s were shifted 

in d and those for target motion at 20 deg/s in E. F: Symbols plot the trial course of the 

relative change in preparatory activity between fast and slow contexts for the model. 

Blue and green symbols plot the result when the 2 and 20 deg/s distributions were 

right-shifted by 0.125 (connected by dashed line) or 0.25 (connected by dotted line). 
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Black symbols plot the result when the actual distributions from our recordings were 

used. If we shift the 2 deg/s curves to the right, then the state variable plateaus at a 

smaller difference between the fast- and slow-context (blue traces). If we shift the 20 

deg/s curves to the right, then the state variable plateaus at a larger difference 

between the fast- and slow-context (green traces). Comparison across all panels shows 

that the level of the plateau in the difference between contexts is controlled only by 

the relative differences in pursuit-related firing rates for target motions at 20, 10, and 2 

deg/s. Therefore, the plateau of the state variable emerges seamlessly from the 

measured distributions of pursuit firing rates in FEFSEM. 

We take the success of the model as evidence in favor of our suggestion that 

adaptation of the behavioral prior could occur locally in FEFSEM and be driven by the 

pursuit-related firing rate, which itself is an estimate of target speed that depends on the 

interaction between preparatory-related firing rate and sensory evidence. 

3.3.8 Biologically-plausible recurrent network model captures 
features of Bayesian-like computations in FEFSEM 

Here, we demonstrate one kind of biologically-plausible model that can account 

for the qualitative pattern of results from our data. This is a “proof of concept” style of 

model and the actual implementation in the brain could look quite different. Our 

network model (Figure 21F) comprises a fully-recurrent network of excitatory and 

inhibitory rate model neurons, where the prior is stored in the weights of the recurrent 

excitatory connections. As inputs, the recurrent circuit receives a small step in activity 

during fixation in advance of impending target motion and a realistic population 

response from extrastriate area MT (Figure 22).  
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Figure 21: Performance of a network model that reproduces the key features of 

recordings from FEFSEM.  

A: Average responses of full population of model neurons as a function of 

time. Dashed and continuous traces show results for fast- versus slow-context, red and 

black show high- versus low-contrast targets. B: Average pursuit response for full 

population of model neurons as a function of target speed. Red and black show 

results for high- and low-contrast targets. Filled and open symbols show results for 

real versus model FEFSEM neurons. Error bars on the filled symbols show the standard 

error of the mean across neurons (n = 164 data points collected from 118 neurons). C: 

Analysis of trial-by-trial variation showing competition between preparatory activity 

and sensory inputs (after Figure 18). Red and black symbols show analysis of 

incremental versus absolute pursuit-related firing rate. D: Plot of pursuit-related 

activity versus preparatory activity. Each symbol shows measurements from a 

different model neuron. Line is the same line used to fit the data in Figure 13C. E: 

Trial courses of mean preparatory activity across the population of model neurons 

(black) and averaged across our population (red) of recorded neurons during 

simulations with 30 control trials, 50 trials in the simulated fast-context, 50 trials in 

the simulated slow context, and 50 additional control trials. For both the neurons and 

the model, preparatory activity is about 30% larger in the fast- versus the slow-

context. F: A cartoon showing the architecture of the recurrent neural network model. 
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The network model reproduces all of the main features of our recordings from 

FEFSEM. Model neurons show ramps of preparatory activity during fixation reaching a 

level that depends on whether the recurrent weights are set for the fast- or slow-context 

(Figure 21A). Pursuit-related activity depends on target speed, target contrast, and 

speed context in a way that closely follows the data (Figures 21A and B). For each model 

neuron in the network, the trial-by-trial variation in pursuit-related activity is positively 

correlated with preparatory activity (mean slope 0.54) and the incremental pursuit 

activity is negatively correlated with preparatory activity (mean slope -0.46) (Figure 

21C), reproducing the data in Figures 5C and D. The pursuit-related activity of the 66 

model neurons is tightly related to the modulation of the preparatory activity and falls 

close to the regression line for the actual data (Figure 21D). Under conditions that mimic 

the control-, slow-, and fast-contexts, the network adapts autonomously and produces 

changes in preparatory activity that have realistic amplitudes and time courses (Figure 

21E).  

The network model is detailed in the Methods. Briefly: (1) we used the recurrent 

excitatory-inhibitory network structure of Lim and Goldman (2013) to achieve a stable 

integrating circuit that was not overly sensitive to its internal weights; (2) we provided 

visual motion drive as the weighted sum of the activity of a realistic population of 

model MT neurons, each weighted by its preferred speed (Figure 22); (3) we instantiated 

shunting inhibition to allow larger preparatory activity to modulate negatively the 
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increment in firing caused by sensory evidence; and (4) we used a plasticity rule that 

increased or decreased the weight of excitatory inputs. Changes in the weights 

depended on a comparison of plasticity signals in the fixation interval before the onset of 

target motion versus during the initiation of pursuit. In effect, this comparison increases 

(or decreases) synaptic weights and increases (or decreases) future preparatory activity 

if the pursuit-related activity is larger (or smaller) than the expectation embedded in the 

preparatory activity. The plasticity signals were computed as by integrating the product 

of pre- and post-synaptic activity in each of the two intervals: the preparatory period 

and the initiation of pursuit.      

 

Figure 22: Model MT population responses for motion of low-contrast and 

high-contrast targets at 2°/s, 10°/s, and 20°/s.  
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The two plots show data for the motion of targets of low-contrast (12%-contrast 

patches of dots) and highcontrast (100%-contrast patches of dots). Each symbol shows 

the responses of a different model neuron and plots that neuron’s firing rate as a 

function of preferred speed. Open red circles, green dots, and blue x’es show 

responses for target motion at 2, 10, and 20 deg/s. Plots were constructed by drawing 

1/3 of the 1026 model neurons in the full sample used in the model. The model 

neurons were obtained by extrapolation of the responses of 62 MT neurons studied 

with multiple target speeds and stimulus contrasts (Jin Yang and Stephen Lisberger, 

unpublished data). We first identified a subset of our sample of actual neurons that 

were tuned for speed, by eliminating the small minority that were low-pass or high-

pass, so that the remaining tuning curves could be shifted horizontally along the 

preferred speed axis without creating bogus model responses. We created the 1026 

model neurons to have preferred speeds that were uniformly distributed on a log-

speed scale from 0.27 to 127. For each model neuron, we randomly chose a real 

neuron, shifted the real neuron’s tuning curve to have the preferred speed of the 

specified model neuron, and then computed the model neuron’s responses for target 

speeds of 2, 10, and 20 deg/s for low-contrast and high-contrast targets. The arrows in 

each figure show the estimates of target speed for each the population responses, 

calculated as the center of mass on a log2 axis. Inspection of the two graphs in this 

figure show the two important features of the model MT population responses. (1) 

The peak of each population responses is at or near the speed of the target motion, 

but is slightly higher for lowversus high-contrast targets, as pointed out by 

Krekelberg et al. (2006). (2) The amplitude of the population responses is higher for 

the high-contrast than the low-contrast targets, with many weak or absent responses 

for the low-contrast targets. 

In the network model, we used shunting inhibition to create the precision-

weighted combination of preparatory and visual motion signals. Shunting inhibition is a 

form of divisive normalization and is predicted by a network that generates MAP 

estimates from sensory information encoded in the form of a linear probabilistic 

population code (Beck et al., 2008). In a linear PPC, the natural parameters of the prior 

and likelihood are encoded linearly by neural activity. For a Gaussian-distributed 

posterior this means: 
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𝑆̂𝑀𝐴𝑃

𝜎𝑀𝐴𝑃
2  = 𝑏⃗ 𝑀𝐿 × 𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇 + 𝑏𝑃 (6) 

 
1

𝜎𝑀𝐴𝑃
2 = 𝑎 𝑀𝐿 × 𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇 + 𝑎𝑝 (7) 

where 𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇 is a vector of firing rates in area MT, 𝑏𝑝 is the ratio of prior mean and 

variance, 𝑎𝑝 is the precision of the prior, and 𝑎 𝑀𝐿 and  𝑏⃗ 𝑀𝐿 are constants determined 

from the first- and second-order statistics of MT activity. For example, if MT activity was 

associated with a population of independent Poisson neurons with Gaussian tuning 

curves with uniform width, then 𝑏⃗ 𝑀𝐿 would be a vector of preferred speeds in MT 

neurons and 𝑎 𝑀𝐿 would be a vector of ones.  If FEFSEM activity linearly encodes the MAP 

estimate, then a divisive normalization is necessary to compute FEFSEM activity from MT 

activity: 

 𝐹𝑅𝐹𝐸𝐹𝑆𝐸𝑀 =
𝛼

𝛽
× 𝑆̂𝑀𝐴𝑃  =

𝛼

𝛽
×
𝑏⃗ 𝑀𝐿∙𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇+𝑏𝑃

𝑎⃗ 𝑀𝐿∙𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇+𝑎𝑃
 (8) 

A straightforward way to accomplish this would be for FEFSEM activity to evolve 

over time via the differential equation: 

 
𝑑𝐹𝑅𝐹𝐸𝐹𝑠𝑒𝑚

𝑑𝑡
= 𝛼 × (𝑏⃗ 𝑀𝐿 × 𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇 + 𝑏𝑃) − 𝛽 × (𝑎 𝑀𝐿 × 𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇 + 𝑎𝑃) × 𝐹𝑅𝐹𝐸𝐹𝑠𝑒𝑚

 (9) 

The second term on the right-hand side of Equation (9) implements the divisive 

normalization required to produce the MAP estimate via shunting inhibition. Equation 
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(9) also has the property that the time constant of integration is related to the strength of 

the likelihood: more spikes coming from the sensory likelihood (𝐹𝑅⃗⃗⃗⃗  ⃗𝑀𝑇) cause faster 

dynamics. Thus, Equation (9) correctly predicts the faster dynamics for pursuit-related 

responses to high-contrast visual motion (see Figure 16A versus B).  Moreover, Equation 

(9) models an increase in the prior mean by increasing bp, leading to higher preparatory 

activity during fixation before visual motion onset.  

3.3 Discussion 

Bayesian inference has been a useful metaphor for understanding a wide range 

of sensory-motor behaviors (Kording and Wolpert, 2004; Kording et al., 2004; Kording, 

2014; Yang et al., 2012; Ma, 2012) in terms of a reliability-weighted combination of 

sensory evidence and adaptable priors. Our recordings from FEFSEM use pursuit eye 

movements as a behavioral system to provide, to our knowledge, the first account of a 

complete set of neural components that implement Bayesian inference in a sensory-

motor system. We supported the completeness of that account through a theoretical 

analysis that takes us from a normative description of Bayesian inference to an equation 

that maps onto the responses of neurons in FEFSEM.  

3.4.1 Interaction of experience and sensory information to estimate 
target speed in FEFSEM 

The activity of neurons in FEFSEM provides neural representations of the key 

elements of Bayesian inference to estimate target speed: the output of FEFSEM is 
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qualitatively similar to a MAP estimate of target speed. During fixation, the estimate of 

target speed is based solely on the preparatory activity that represents the prior for 

target speed. During pursuit initiation, the estimate of target speed is based on a 

reliability-weighted average of the prior and the sensory evidence.   

Preparatory activity in FEFSEM builds up during fixation before the onset of target 

motion (Tanaka and Fukushima, 1998; Mahaffy and Krauzlis, 2011). It encodes the mean 

of a Bayesian-like prior based on speed context and influences subsequent visual motion 

processing in FEFSEM. Because our behavioral paradigm does not provide explicit cues 

about the upcoming visual motion during fixation, the preparatory activity must 

represent the pursuit system’s expectation, or prior. Importantly, it need not be the case 

that the prior was expressed in preparatory activity: it could have been entirely hidden 

away in synaptic weights or the activity of inputs from other areas, only to reveal its 

effects during pursuit-related responses. 

FEFSEM output during pursuit initiation is the result of a Bayesian-like 

computation that estimates target speed through a reliability-weighted combination of 

sensory evidence (visual motion input from area MT) with expectation or a prior 

(preparatory activity). Target speed is represented in a “place code” in area MT, where 

cells have a wide range of preferred speeds (Maunsell and Van Essen, 1983; Mikami et 

al., 1986). In contrast, FEFSEM represents speed as a “rate code”: pursuit-related responses 

increase monotonically with visual motion speed in all neurons (Gottlieb et al., 1994; 
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Tanaka and Lisberger, 2002a). We take advantage of the fact that contrast (and therefore 

reliability) is reflected in the amplitude of area MT’s population response (Krekelberg et 

al., 2006). By using the sum of MT responses weighted by their preferred speed as its 

input, our model received a total sensory synaptic input that is larger for high-contrast 

versus low-contrast visual motion at any given target speed. This choice reproduced the 

measured responses of FEFSEM neurons, with faster estimates of visual motion for both 

higher target speeds and higher contrast targets. The model uses shunting inhibition, 

one potential neural implementation of the reliability-weighted combination of sensory 

evidence and priors. In effect, the ratio of the magnitudes of preparatory activity to 

visual motion input determines the weighting: as this ratio increases, preparatory 

activity (prior) is weighted higher and visual motion (sensory evidence) is weighted 

lower.  

Our models show that a representation of the prior could be generated by a 

recurrently connected neural network and that synaptic plasticity could update the prior 

on the basis of the pursuit-related activity of FEFSEM neurons by altering the strength of 

recurrent excitatory connections. The state-variable model presented shows that the 

measured distributions of pursuit-related firing rates for target motion at 2, 10, and 20 

deg/s can account fully for local adaptation of preparatory activity. Feedback of the 

posterior from a Bayesian computation to adapt the prior also is a feature of a 

hierarchical recurrent Bayesian model that accounts for some features of pursuit45. While 
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the result from Figure 6 suggests that all of the information needed to update the prior is 

present in FEFSEM activity, it does not rule out the possibility that preparatory activity is 

adapted and originates upstream from FEFSEM.  

3.4.2 Causal effect of FEFSEM on pursuit eye movement 

We have shown that FEFSEM emits pursuit-related firing that is qualitatively 

similar to a MAP estimate of target speed, and we have revealed much about how the 

reliability-weighted combination of preparatory activity (the prior) and sensory 

evidence (the likelihood) sets the output during pursuit initiation. We have not 

quantitatively proven that FEFSEM output is exactly a MAP estimate. But, our ability to 

decode the behavior from FEFSEM output and the reliability-weighted nature of the 

interaction between prior and current evidence in FEFSEM support our conclusions and 

establish FEFSEM output as a reliability-weighted estimate of target speed that can be 

used to guide eye speed.  

The output of FEFSEM provides an estimate of target speed that causally controls 

the strength, or gain, of visual-motor transmission. Subthreshold microstimulation 

demonstrates the role of FEFSEM in gain control by enhancing the strength of pursuit 

initiation for a given target motion (Tanaka and Lisberger, 2002b), as well as eye speed 

responses to visual motion perturbations (Tanaka and Lisberger, 2001; Nuding et al., 

2009). Previous reports have highlighted the link between gain control, estimates of 

target speed, and Bayesian-like behavior in pursuit. Behavioral experiments showed that 
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the setting of the gain of visual-motor transmission depends on target speed (Schwartz 

and Lisberger, 1994), validating the use of a Bayesian-like estimate of target speed for 

gain control. Computational models suggest that Bayesian inference in pursuit is 

implemented by direction-selective visual-motor gain control (Chapter 2; Yang et al., 

2012; Lee et al., 2013). This chapter links FEFSEM to gain control and its use to implement 

Bayesian inference.  

3.4.3 Neural representation of Bayesian inference 

We have identified all the components of Bayesian inference in FEFSEM, a part of 

the brain that plays a causal role in smooth pursuit eye movements. Bayes rule is based 

on a complete representation of prior and posterior distributions, but in FEFSEM we find 

neural representations of only the means of these components of Bayesian inference. We 

show that the neural representation of the posterior results from a non-linear 

combination of the prior and a complex population code representation of target speed 

and contrast in area MT. The non-linearity can be implemented with shunting inhibition. 

Computer simulations suggest that the entire Bayesian computation could reside in 

FEFSEM, with the prior represented by the adaptable weights of excitatory recurrent 

synaptic connections. We propose that the circuity in FEFSEM uses the principles of 

Bayesian inference to perform a reliability-weighted combination of previous experience 

and sensory evidence, yielding a statistically-optimal linear estimate of target speed that 

is in appropriate coordinates to guide motor output. 
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4. FEFSEM preparatory activity dials up visual-motor gain 
in anticipation of target motion  

4.1 Introduction 

The previous chapter suggests that preparatory activity within FEFSEM plays a 

major role in a local decoding computation performed within FEFSEM to estimate target 

speed during pursuit initiation in order to set visual-motor gain during pursuit 

initiation. This chapter turns the focus towards what effects preparatory modulation of 

FEFSEM activity has during preparation. The outputs from the FEFSEM seem to control the 

gain of visual-motor transmission for pursuit (Nuding et al., 2009; Tanaka and Lisberger, 

2001). Further, visual-motor gain is dialed up in preparation for an imminent smooth 

eye movement (Kodaka and Kawano, 2003; Tabata et al., 2006). Therefore, we seek to 

find out what role FEFSEM plays in this preparatory-related modulation of visual-motor 

gain. Furthermore, we test the idea that preparatory- and pursuit-related dimensions 

evolve at the population level along orthogonal dimensions, as has been shown in the 

arm movement system.  

We find striking parallels between the progression of preparatory activity in 

FEFSEM and the preparatory enhancement of visual-motor gain in the pursuit system. We 

argue that FEFSEM during preparation dials up visual-motor gain in advance of a 

behaviorally-relevant visual motion of a specific direction and speed, and that the use of 

FEFSEM output as a sensorimotor gain signal allows preparation to proceed without 

causing movement. We also show that preparatory activity in FEFSEM seems to contradict 
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the major predictions of the dynamical system framework that has arisen from work in 

arm motor cortex (Churchland et al., 2010; Elsayed et al., 2016; Kaufman et al., 2014).   

4.2 Methods 

4.2.1 Experimental model and subject details 

As described in Chapter 3, two male rhesus monkeys aged 8-10 years and 

weighing between 12 and 14 kg were used in the neurophysiology experiments. The 

same two monkeys were used for the new behavioral experiments presented here. The 

monkeys underwent surgeries to implant head-restraining hardware onto the skull and 

a scleral search coil to track eye movements. Following recovery, monkeys were trained 

to fixate and smoothly track moving visual targets. During experiments, analog signals 

produced by the scleral search system recorded vertical and horizontal eye position. Eye 

velocity-related signals were obtained by passing the position-related signals through an 

analog circuit that differentiated signals from DC to 25 Hz and rejected signals at higher 

frequencies (-20 dB/decade). Eye position and velocity signals were sampled at 1 kHz 

and stored for offline data analysis. After training, monkeys underwent another surgery 

in which a craniotomy was performed in an area centered over the smooth eye 

movement region of the frontal eye fields (FEFSEM). A sealable, titanium chamber was 

fixed to the skull over the craniotomy. All procedures received prior approval by Duke’s 

Institutional Animal Care and Use Committee and complied with the National Institutes 

of Health’s Guide for the Care and Use of Laboratory Animals. 



 

120 

4.2.2 Method details 

4.2.2.1 Neurophysiological experiments 

We present new analyses of neural data that were collected using methods 

detailed in Chapter 3. Briefly, we made extracellular single unit recordings in awake, 

behaving monkeys. Three Thomas Recording tetrodes were introduced into FEFSEM for 

isolation of single units. Visual stimuli were displayed on a 24-inch gamma-corrected 

CRT monitor with a refresh rate of 80 Hz placed 40 centimeters from the monkeys’ eyes, 

creating a field of view that spanned 62 (horizontal) by 42 (vertical) degrees.  

Each experiment was divided into discrete trials. All trials began with the 

monkey fixating a central black spot for 800-1600 ms, after which the fixation target was 

replaced with a pursuit target. The pursuit target was either a patch of 72 dots within a 

4-degree aperture or a Gabor function (see Chapter 3). The pursuit target initially 

underwent 100 ms of coherent local pattern motion at a defined speed and direction 

within a stationary, invisible aperture. The target and aperture subsequently moved en 

bloc with the same parameters as the previous local motion. The initial use of local 

motion followed by global motion helps avoid early catch-up saccades and has similar 

advantages as the Rashbass “step-ramp” used in pursuit paradigms for spot-targets 

(Rashbass, 1961). Monkeys were rewarded with juice for successfully tracking the center 

of the target within a 4x4 degree window. 

During neurophysiological recording, we ran two different behavioral 

experiments. In the “8-direction” experiment, targets moved at 15 deg/s in a direction 
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randomly chosen from the four cardinal and four oblique directions. In the “single 

direction” experiment, targets moved in only one direction (chosen from the four 

cardinal and oblique directions). Thus, target direction was perfectly predictable. The 

“single-direction” task was split up into blocks of trials that provided visual motion of 

different blends of speed. In the fast-context, 80% of the trials moved at 20 deg/s and 

20% of the trials moved at 10 deg/s. In the slow-context, 80% of the trials moved at 2 

deg/s and 20% of the trials moved at 10 deg/s. In a control-context, 100% of the trials 

moved at 10 deg/s. In both of the experiments, pursuit targets of high- (100%) and low-

contrast (6 or 12%) were interleaved randomly. 

4.2.2.2 Behavioral assessment of gain of visual-motor transmission 

We performed two separate sets of behavioral experiments, without 

neurophysiological recordings, as a modified version of the single-direction experiment 

described above. We presented the same blends of targets, directions, and speeds but the 

pursuit target was present through the entire trial, including during fixation before the 

onset of target motion. On approximately half of the trials, the pursuit target delivered a 

brief pulse that comprised a 5 deg/s step of target speed for 50-ms. Pulses occurred at a 

random time during fixation, 550-1350 ms after fixation onset. In the speed context 

experiment, pulses provided motion in the same direction as the impending target 

motion. In an experiment that tested direction selectivity, pulses provided motion in one 

of four directions, the same direction, opposite direction, or one of the two directions 
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orthogonal to the direction of target motion in the single-direction experiment. The 

purpose of the pulse in target velocity was to probe the state of visual-motor gain in the 

pursuit system. We confirmed that the brief pulse of target velocity evokes responses 

with all the same features discovered before with sinusoidal perturbations (data not 

shown), and we chose to use the pulse to better assess directional specificity of gain 

modulation during fixation (Schwartz and Lisberger, 1994). 

4.2.2.3 Comparison with arm movement paradigm 

Our behavioral paradigm for defining movement potent dimensions was very 

similar to the behavioral paradigm used in Kaufman et al. (2014). The random 8-

direction pursuit task is the eye movement analogue to the center out reaching task. One 

notable difference is that we used a single-direction task to probe the preparatory 

activity whereas Kaufman et al. used the preparatory epoch during the center out task. 

We did not use explicit cues during the 8-direction block to allow for preparation to 

occur. Instead we used the single-direction block to allow for expectation-driven 

preparation. Several benefits to our approach include the use of single-direction eye 

movement epoch data for cross validation (Figure 5D) and prevention of confounding 

variables like visual cues. There were no differences in the methods by which we 

collected neurophysiological data. Most neurons were recorded during different 

experimental sessions. This is consistent with half of the data presented in Kaufman et 

al. (2014) and all of the data presented in Elsayed et al. (2016). 
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4.2.3 Quantification 

4.2.3.1 Demixed Principal Component Analysis 

The method of demixed principal component analysis (dPCA) is described in 

detail by Koback et al. (2016). Briefly, dPCA is a semi-supervised dimensionality 

reduction technique that in addition to capturing the majority of the variance present in 

the data (e.g. PCA) pulls out, or “demixes”, features of the data that are task-dependent 

(i.e. stimulus, decision, etc.). It does so by first decomposing a neural matrix, 𝑋,  with n 

rows that is mean-centered on zero into a sum of averages taken over various task 

parameters, ϕ. 

𝑋 = ∑ 𝑋𝜙𝜙 + 𝑋𝑛𝑜𝑖𝑠𝑒   (1) 

The core of dPCA is to then find a low dimensional encoding/decoding model 

(FD) for each 𝑋𝜙 that minimizes the loss function: 

𝐿 = ∑
1

2
‖𝑋𝜙 − 𝐹𝜙𝐷𝜙𝑋‖

2
𝜙    (2) 

FD produces an n x n matrix A, which could normally be solved via classical 

regression, yielding the ordinary least squares solution. However, A is not full rank and 
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is instead solved as a reduced-rank regression problem via singular value 

decomposition.  

We used the MatLab code publicly provided from the Machen’s lab to perform 

the dPCA presented in Figure 4 (https://github.com/machenslab/dPCA). Our goal in 

using dPCA was to discover features of the FEFSEM population response during 

preparation that are related to the expectation of upcoming direction of visual motion 

and eye movement. As direction is not predictable during the eight-direction block, we 

relied on data from the single-direction task to probe reliable preparatory responses. In 

this way, expectation of direction is implicit and built from experience as monkeys 

tracked targets in the same direction typically for about 700-800 consecutive trials. The 

direction of the single-direction task varied across experiments and was chosen at 

various points relative to the preferred direction of the neurons under study. In order to 

get a sense for the neural representation of expected upcoming target direction and to 

pool as much of our data together, we subsampled our population of FEFSEM neurons, 

limiting ourselves to neurons where we ran multiple single-direction experiments with 

target motion both toward and away from their preferred directions. Toward the 

preferred direction was considered to be any single-direction experiment run within 90 

degrees of the preferred direction and away from the preferred direction was considered 

to be any experiment run greater than 90 degrees away from the preferred direction. 

Preferred directions were calculated from pursuit responses of each neuron to trials in a 

https://github.com/machenslab/dPCA
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direction tuning block of trials (see Statistics section). Thus, the sole condition used in 

our dPCA is the expected (and impending) direction of target motion relative to the 

preferred direction. 

Of the 146 neurons that we recorded, we were able to collect single-direction 

experiments run both toward and away from the preferred direction in 63 of our 

neurons. We used 1400 ms of firing rate during fixation for each of the two conditions 

(towards and away from preferred direction). Therefore, the 𝑋 in our analysis was a 63 x 

2800 matrix. 

4.2.3.2 Linear model relating FEFSEM to eye velocity 

We analyzed neurophysiological data and eye velocity from the random 8-

direction block of trials to generate a linear model relating the modulation of firing rate 

of our population of FEFSEM neurons to changes in eye velocity: 

 𝐸 = 𝑊 ×𝑁8𝐷 (3) 

Here, E is a 2 x 2000 matrix of eye velocity (horizontal, vertical velocity x 8 

directions, 250 ms of data per direction) averaged across all experiments. N8D is a 297 x 

2000 matrix of firing rate modulation during the random 8-direction experiment (297 

single-direction neural recordings from 146 neurons x 8 directions, 250 ms of data per 

direction). W is the 2 x 297 weight matrix that relates the firing rate of each neuron to 

modulation of horizontal and vertical eye velocity.  
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We took several steps to combine neural data collected during different 

experiments. The single-direction experiments were run in different directions for 

different cells in an attempt to sample the full tuning curve of our population. Because 

we were interested in how modulation of our population of cells predicts changes of eye 

velocity relative to the single direction, we rotated the tuning curves of each cell so that 

they were aligned according to the direction of the single-direction experiment. For 

example, if the single-direction experiment was run at 90 degrees, then 90 degrees 

during the random 8-direction experiment was considered 0 degrees, 180 degrees was 

considered to be 90 degrees, 270 degrees was considered to be 180 degrees, and 0 

degrees was considered to be 270 degrees. We rotated eye velocity in the same way and 

averaged across experiments to get the 2 x 2000 E matrix. For each neuron, firing rate 

responses to motion in each of the 8 directions were averaged across trials, smoothed 

with a Gaussian filter (σ = 20 ms, similar results were obtained using σ = 10 ms), 

subtracted to have a mean of zero across all conditions, and normalized to the range 

across all conditions. To accommodate known lags between firing rate and movement, 

behavioral data was shifted forward in time by 25 ms. We repeated the analysis with 

shifting by 50 and 0 ms, but 25 ms yielded the best cross validation shown in Figure 5D. 

Nevertheless, repeating the analysis with the other temporal shifts yielded similar 

conclusions (data not shown). The weight matrix, W, was solved using regularized 

(ridge) regression. 
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Firing rates during fixation from the single-direction paradigm were processed in 

a similar manner. For each neuron, we averaged firing rate across trials, aligned to 

fixation onset. Each trial contributed data up to the time of the onset of target motion in 

that trial. We discarded the first 150 ms of averaged data to avoid any effects from the 

beginning of the trial and/or the saccade back to the center of the screen from the 

previous trial. We also discarded the last 50 ms of averaged data since there were too 

few trials with long enough fixation durations to generate a meaningful average. Again, 

firing rates were subtracted to have a value of zero at the start of the trial and 

normalized using the same ranges that were used for the normalization of the random 8-

direction firing rates. The firing rates during fixation then were passed through the 

linear model generated from solving W of Equation (1) to obtain PE, the eye velocity 

predicted from preparatory modulation of firing rate: 

 𝑃𝐸 = 𝑊 ×𝑁1𝐷 (4) 

Here, N1D is a 297 x 1400 matrix of firing rates (297 data points from 146 neurons 

x 1400 ms of fixation data; firing rates were trial-averaged, Gaussian-smoothed, σ = 20 

ms, similar results with σ = 10 ms) and PE is a 2 x 1400 matrix of predicted eye velocity 

(horizontal, vertical velocity x 1400 ms of fixation). Predicted speeds (PS) were 

computed using standard trigonometry based on the horizontal and vertical 

components of the predicted eye velocity. 
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For the single trial analysis performed in Figures 6C and D, we used the same W 

matrix obtained from Equation (1). However, we computed preparatory firing rate 

modulation on single trials for each neuron as the average firing rate during the last 100 

ms of fixation minus the average firing rate 150-250 ms after fixation-onset. Trials were 

matched by fixation time across cells and then randomly sampled (1 trial per cell). These 

single trial data were normalized to the same range used to normalize N8D and N1D and 

passed through the linear model. For each of 1,000 repetitions of the analysis, we 

computed the predicted eye direction as the arctangent of the predicted vertical and 

horizontal components of eye velocity and predicted eye speed as the square root of the 

sum of the squares of the predicted horizontal and vertical components. 

4.2.3.3 Principal Component Analysis 

We performed dimensionality reduction independently on preparatory- and 

pursuit-related firing rates using Principal Component Analysis (PCA) on their 

respective data matrices (Nprep and Npurs). Nprep is a 297 neuron x 1400 ms of preparatory-

related firing rate matrix and Npurs is a 297 neuron x 750 ms of pursuit-related firing rate 

matrix (125 ms x 2 contrasts x 2 target speeds). All firing rates were trial-averaged and 

Gaussian smoothed (σ = 20 ms, similar results were obtained with σ = 10 ms). As is 

standard for PCA, we preprocessed each data matrix by normalizing rows (firing rates 

for each neuron) to have unity range and then centering firing rates on their means by 

subtracting off the row means. Each PC represents an orthogonal vector in N = 297 (or N 
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= 160 for the bootstrap analyses) dimensional neural space. We chose to focus all of the 

subsequent analysis on the first identified PC for preparation and movement (PCPrep1 

and PCPurs1), because they each captured at least 70% of the variance of the full responses 

(Elsayed et al., 2016). The angle between PCPrep1 and PCPurs1 was calculated as: 

 𝜃 = 𝑎𝑟𝑐𝑐𝑜𝑠𝑖𝑛𝑒 (
𝑃𝐶𝑃𝑟𝑒𝑝1∙𝑃𝐶𝑃𝑢𝑟𝑠1

|𝑃𝐶𝑃𝑟𝑒𝑝1|×|𝑃𝐶𝑃𝑢𝑟𝑠1|
) (5) 

We also determined how the PCA component loadings for each unit changed 

between PCPrep1 and PCPurs1 by calculating the ratio PCPrep1/PCPurs1. 

4.2.3.4 Pulse Analysis 

Trials with saccades, detected with a combination of acceleration and velocity 

thresholds, in the window from pulse onset to 200 ms after visual motion onset were 

discarded before averaging the eye speed responses to pulses in matched conditions. 

The magnitude of the eye speed response was estimated as the maximum eye speed 

achieved across the 200 ms following pulse onset. 

4.2.3.4 Statistics 

We did not use formal tests to predetermine sample size, but our sample sizes 

are comparable to those reported in previous studies. Data were collected from two 

rhesus monkeys and consist of 321 data points collected from 164 neurons across 95 

experimental sessions. We used only cells for which at least 4 trials/direction were 

collected during a direction-tuning block. This brought the sample size to 297 data 
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points from 146 neurons: 80 neurons (187 data points) from monkey RE and 66 neurons 

(110 data points) from monkey XT. For the behavioral pulse experiments, 26 

experiments were run in two monkeys for the speed context analysis (Figure 3) and 30 

experiments were run in two monkeys for the effect of pulse direction experiments 

(Figure 4). Of the 30 pulse direction experiments, 27 had an early pulse onset time point 

of 400 ms for the same direction (Figure 2).  Hypothesis testing was accomplished using 

a mix of two-sided bootstrap statistics, two-sided Wilcoxon signed rank tests, and two-

sided Wilcoxon rank sum tests. Parametric hypothesis testing led to the same 

conclusions. The bootstrap procedure used in Figures 7 and 8 and Supplementary Figure 

1 randomly sampled 20 units from each of the 8 groups with different preferred 

directions relative to the direction of the experiment. We randomly sampled without 

replacement to avoid rank issues when performing the linear fitting and PCA. We chose 

20 units because the smallest number of units in one of the 8 groups of preferred 

directions is 24. Preferred direction was calculated for each neuron as the weighted 

circular mean of the responses during the 8-direction block. This gives the mean 

parameter of a von Mises distribution fit to the direction tuning data. Our bootstrap 

approach was chosen to generate populations with a uniform distribution of preferred 
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directions as a way of controlling for any biases of preferred direction in our data 

collection. The bootstrap was repeated for 1,000 iterations.  

4.3 Results 

We present three primary findings to support the conclusion that FEFSEM 

preparatory activity can evolve without causing smooth pursuit eye movement because 

its output does not drive smooth eye movement, but rather is used as a gain signal that 

controls access of visual motion to the oculomotor machinery. First, we demonstrate 

parallel progression of FEFSEM preparatory activity and an objective measure of visual-

motor gain. Second, we show that preparatory activity in FEFSEM evolves in a manner 

that predicts movement when there is none, precluding for the smooth pursuit eye 

movement system the “movement-null” space mechanism proposed for M1 and PMd 

preparatory activity in the arm movement system (Kaufman et al., 2014). Third, we 

show that there is some degree of reorganization of the FEFSEM population response, and 

we link the reorganization to a directionally nonspecific component of preparatory 

modulation of visual-motor gain. We suggest that gain control should be considered in 

all movement systems as one of several possible mechanisms to allow preparatory 

activity without movement.  
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4.3.1 FEFSEM preparatory activity evolves in parallel with a preparatory 
modulation of visual-motor gain 

Neurons in FEFSEM are seemingly tied to the generation of smooth pursuit eye 

movement, yet display preparatory activity in the absence of any eye movement. We 

recorded single neurons in FEFSEM while monkeys smoothly tracked moving targets 

during blocks of trials that presented target motion in a single direction. The example 

recording in Figure 23A-C shows the response of a neuron with a strong ramp increase 

in firing rate during fixation of a stationary spot, well in advance of either (1) target 

motion that starts 800-1600 ms after fixation onset or (2) the initiation of eye movement. 

The same neuron shows a second increase in firing rate that starts after the onset of 

target motion, around the time of the initiation of smooth pursuit (arrow in Figure 23C). 

We observed a wide range of preparatory- and pursuit-related firing rate modulation 

across our FEFSEM population, and there was a positive relationship between 

preparatory- and pursuit-related firing rate modulation (Figure 23D, Monkey Re: 

Spearman’s correlation coefficient = 0.17, p = .02, n = 187 data points from 80 neurons; 

Monkey Xt: Spearman’s correlation coefficient = 0.55, p = 4.5 x 10-10, n = 110 data points 

from 66 neurons). As explained in the Methods, we ran multiple blocks of trials on most 

neurons using different directions of target motion, and each block provided a data 

point. Thus, more data points than neurons.   
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Figure 23: Preparatory- and pursuit-related responses in our FEFSEM population.  

A, B: Continuous and dashed traces plot trial-averaged position (A) and speed 

(B) of the eye and target for one example experiment. C: Trial-averaged firing rate as a 

function of time for one example neuron. The arrow points out the pursuit-related 

component of firing. D: Solid and open symbols plot pursuit-related firing rate 

modulation as a function of preparatory-related firing rate modulation for the 

population of neurons recorded in monkeys Xt (Spearman’s correlation coefficient = 

0.55, p = 4.5 x 10-10, n = 110 data points from 66 neurons) and Re (Spearman’s 

correlation coefficient = 0.17, p = .02, n = 187 data points from 80 neurons). The black 

arrow indicates the example neuron from panel C Pursuit firing rate modulation was 

calculated as the average firing rate 51-150 ms after motion onset minus the average 

firing rate during the last 100 ms of fixation. Preparatory firing rate modulation was 

calculated as the average firing rate during the last 100 ms of fixation minus the 

average firing rate during 151-250 ms after fixation onset. Panel D is adapted from 

Darlington et al. (2018), except that here the analysis is performed during different 

behavioral conditions from the same data set and slightly different epochs are used to 

calculate pursuit firing rate modulation. 
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We hypothesized that preparatory activity in FEFSEM fails to cause movement 

because it is used downstream as a visual-motor gain signal. Gain can be dialed up by 

preparatory activity, but absent a movement-driving visual motion signal there will be 

no movement. This hypothesis is based on previous publications showing that FEFSEM 

output during pursuit initiation is involved in controlling the gain of visual-motor 

transmission (Tanaka and Lisberger, 2001). 

To test whether FEFSEM preparatory activity could be acting as a gain signal, we 

conducted experiments that measured only pursuit behavior, but were carefully 

contrived based on knowledge of the properties of preparatory activity in FEFSEM. We 

probed the state of visual-motor gain in pursuit by delivering a brief (50 ms) pulse of 

target motion at 5 deg/s during fixations leading up to single-direction pursuit trials. We 

delivered the pulse at different times during the build-up of preparatory activity and in 

different states of preparation. Because the test pulses of visual motion were always 

exactly the same and eye speed was zero at the time of the pulse, any effect of fixation 

time or preparatory state on the eye movement responses to the probe must reflect a 

change in the setting of visual-motor gain in the pursuit system.  

It is important to note that the visual motion pulse experiments measured eye 

movement behavior only and were a direct follow-up from the analyses we performed 

on our neurophysiological data in FEFSEM. We matched all experimental conditions, 

including the timing of fixation and visual motion onset, in order to maximize the 
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validity of comparisons between the behavioral and neurophysiology data sets. Further, 

the neurophysiological and behavioral experiments were conducted on the same pair of 

monkeys. 

We found a series of parallels between the amplitude of preparatory activity and 

the setting of visual-motor gain, as probed by the size of the eye movement response to 

the pulse. Parallels include: (1) time course during fixation before target motion, (2) 

effect of variations in the expectation of target speed, and (3) direction specificity.  
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Figure 24: Comparison of time course of visual-motor gain and preparatory 

activity during fixation at various times after fixation onset.  

We probed visual-motor gain by measuring eye speed responses to brief target 

motions delivered at different times. A: Different line styles plot trial-averaged eye 

speed traces aligned to the onset of a pulse of visual motion pulse delivered at 

different fixation times for one example behavioral experiment. B: Filled (monkey Xt) 

and open (monkey Re) symbols plot eye speed averaged across experiments in 

response to visual motion pulses as a function of the fixation time when the pulse 

occurred. Error bars represent S.E.M (n = 15 behavioral experiments in Monkey Re 

and 12 behavioral experiments in Monkey Xt). Eye speeds were measured as the peak 
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response in the interval from motion pulse onset to 200 ms after pulse onset. Light 

gray curves plot the data from individual experiments. C: Filled (monkey Xt) and 

open (monkey Re) symbols plot average preparatory firing rate as a function of 

fixation time. Data were averaged across all neurons that increased their firing rate 

across fixation (n = 135 data points in 66 neurons for monkey Re and n = 67 data points 

in 45 neurons for monkey Xt). Firing rates were calculated as the average firing rate 

during the last 100 ms of fixation. D: Filled and open symbols replot the eye speed 

data from panel B as a function of the firing rates from panel C for each fixation time 

for the two monkeys. 

The behavioral assessment of visual-motor gain increases as a function of fixation 

time, paralleling the progression of preparatory activity in FEFSEM. Figure 24A illustrates 

data from one example session showing larger eye speed responses at later fixation 

times in response to identical, but differently-timed, pulses of visual motion. The same 

result appeared consistently in both monkeys we tested across multiple behavioral 

sessions (Figure 24B). Modulation of FEFSEM preparatory activity showed a very similar 

time course across fixation for the overwhelming majority of neurons that had positive 

preparatory firing rate modulation (Figure 24C, Figure 25). We can see the tight link 

between visual-motor gain and preparatory firing if we plot the behavioral results from 

Figure 2B against the preparatory firing from Figure 2C for each fixation time and each 

monkey (Figure 2D). The relationship is fairly linear with a positive correlation between 

neural responses and behavior across our population of neurons (slopes were computed 

for each neuron using linear regression: monkey Re mean = 0.073 degrees/spike, p = 2.34 

x 10-11, n = 135 data points from 66 neurons monkey Xt mean = 0.074 degrees/spike, p = 

2.76 x 10-11, n = 67 data points from 45 neurons). 
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Figure 25: Preparatory firing rate for each neuron with positive preparatory 

modulation.  

A, B: Curves plot average preparatory firing rate as a function of fixation time 

for each neuron that went into Figure 24C for monkeys Xt (A) and Re (B). 

The behavioral assessment of visual-motor gain varies in parallel with 

preparatory activity when we change the expected target speed by changing the blend of 

target speeds in a block of trials. We showed previously that the amplitude of FEFSEM 

preparatory activity encodes an expectation of target speed based on experience in 

blocks of 50 trials with different blends of target speed (Figure 26A) (Darlington et al., 

2018). Preparatory firing rate modulation was larger in magnitude (Figure 26B) during 

the “fast-context” (green traces, 80% of trials at 20 deg/s and 20% at 10 deg/s) compared 

to during the “slow-context” (blue traces, with 80% of trials at 2 deg/s and 20% at 10 

deg/s). Based on behavioral assessment using pulses of visual motion during fixation, 
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visual-motor gain during the preparatory period also is enhanced in the fast context 

compared to the slow context. Eye velocity responses were larger during the fast-context 

versus the slow-context when we presented the same visual motion pulses during 

fixation at different times (green versus blue in Figures 26C, scatter plot in Figure 26D). 

In the fast-context versus slow-context, the mean eye velocity responses to the pulse 

were 3.02+0.71 deg/s (SD) versus 2.27+0.73 deg/s (SD), and the difference was 

statistically significant (p = 8.30 x 10-6, paired, two-sided Wilcoxon signed rank test, n = 

26 behavioral experiments in two monkeys, z = 4.46, Cohen’s d = 1.06).  
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Figure 26: Parallel effects of expected target speed on visual-motor gain and 

preparatory neural activity.  

A: Top and bottom panels plot the blend of target speeds during the fast- and 

slow-contexts used to control the expectation of target speed. B: Green and blue traces 

show results for the fast- versus slow-context and plot the preparatory firing rate as a 

function of time during fixation, averaged separately across neurons that exhibit 

firing rate increases and decreases across fixation. Error-bands represent S.E.M 

(increase cells: n = 191 samples from 111 cells, decrease cells: n = 106 samples from 63 

cells). Preparatory modulation was calculated for each sample as the average firing 

rate during the last 100 ms of fixation minus the average firing rate during 151-250 ms 

after fixation onset. Samples with positive and negative modulation were classified as 
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increase and decrease cells. According to this classification, firing rate increased 

during fixation for 82 cells, decreased during fixation for 34 cells, and increased 

during fixation for some directions and decreased for other directions in 29 cells. C: 

Green and blue traces show data obtained during the fast and slow contexts and plot 

the experiment-averaged eye speed responses aligned to the onset of the visual 

motion pulse. Error-bands represent S.E.M. D: Open (monkey Re) and solid (monkey 

Xt) data symbols plot the trial-averaged peak eye speed response to visual motion 

pulses during the slow-context as a function of that during the fast context. Each 

symbol shows data for a single experiment (n = 15 behavioral experiments in Monkey 

Re and n = 11 behavioral experiments in Monkey Xt). Dashed line indicates unity. 

The directional specificities of preparatory modulation of visual-motor gain and 

FEFSEM preparatory activity vary in parallel. To assess the directional specificity of 

preparatory visual-motor gain modulation, we delivered visual motion pulses during 

fixation again, but now in four different directions relative to the consistent direction of 

the pursuit target motion in a given single-direction block: 0 deg, “same-direction”; +90 

deg, “orthogonal-direction”; 180 deg, “opposite-direction”. Across the full duration of 

fixation, eye speed responses were largest for same-direction pulses, intermediate for 

orthogonal-direction pulses, and smallest for opposite-direction pulses (Figure 27A). For 

all directions, eye speed responses increased as a function of time during fixation for 

same-, orthogonal-, and opposite-direction pulses. We quantified the effect of fixation 

time by computing the slope of response amplitudes across pulse times. For the same 

direction, orthogonal direction, and opposite direction pulses, the mean (+/- S.D.) slopes 

across 30 experiments in two monkeys were 1.05+0.59 deg/s per s, 0.73+0.40 deg/s per s, 

and 0.72+0.45 deg/s per s. The effect of fixation time on response amplitude was 

significant across all directions using 2-sided Wilcoxon signed rank tests: same-direction 
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(p = 2.60 x 106, z = 4.70); orthogonal-direction (p = 1.73 x 10-6, z = 4.78); and opposite-

direction (p = 4.78 x 10-6, z = 4.78). The differences from same-direction were statistically 

significant using the paired sample, 2-tailed Wilcoxon signed rank test for n=30 

experiments on 2 monkeys: same versus orthogonal-pulses (p = 0.0093, z = 2.60, Cohen’s 

d = 0.63); same- versus opposite-direction pulses (p = 0.029, n = 30, z = 2.19, Cohen’s d = 

0.62). Thus, there is a greater preparatory enhancement of visual-motor gain in the 

expected direction of the upcoming pursuit trial. Further, the increase in response 

amplitude over fixation time for all directions of pulses indicates a degree of 

directionally non-specific preparatory enhancement of visual motor gain. 

FEFSEM preparatory activity also is related to the expectation of target direction 

created by adjusting the preponderance of target directions in a block of trials. We 

divided our FEFSEM population into three groups according to the relative difference 

between the preferred direction of each cell and the direction of the experiment: same 

direction, 0+45 deg; orthogonal, +90+45 deg and -90+45 deg; and opposite, 180+45 deg. 

Consistent with a larger behavioral preparatory enhancement of visual-motor gain in 

the expected direction, FEFSEM neurons display the largest modulation of firing rate 

during fixations leading to target motion towards their preferred direction (Figure 27B). 

Preparatory firing rate modulation was smallest for upcoming target motions that were 

opposite to the preferred direction and intermediate for upcoming target motions that 

were orthogonal to the preferred direction. 
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Figure 27: Parallels in directional specificity of eye speed responses to visual 

motion pulses and FEFSEM preparatory activity.  

A: Filled circles, open circles, and open triangles plot eye speed in response to 

visual motion pulses delivered during fixation in the same, orthogonal, and opposite 

direction as the expected pursuit direction. Data are averaged across experiments for 

both monkeys and error-bars plot S.E.M (n = 30 behavioral experiments across 2 

monkeys). Fixation times were binned across 200 ms and plotted on the x-axis at the 

value in the middle of the bin. B: Symbols plot average preparatory modulation of 

firing rate versus the direction of the experiment relative to the preferred direction of 

the cell. Error-bars represent the S.E.M. (Same: n = 119 samples across 97 neurons, 

Orthogonal: n = 111 samples across 79 neurons, Opposite n = 67 samples across 62 

neurons). C: Bar graph plots the percentage of variance explained by each of the 10 

components obtained by demixed principal component analaysis (dPCA). Filled and 

open bars designate direction-dependent versus direction-independent variance 

contributions to each component. D, E, F: Black and red curves plot the projection of 

FEFSEM preparatory activity during single-direction blocks of trials that were toward 

or away from the preferred direction of each cell onto the first (D), second (E), and 

third (F) components obtained used dPCA. 
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We find even more compelling neural correlates of the behavior shown in Figure 

27A using a semi-supervised variant of principal component analysis: demixed principal 

component analysis (dPCA) (Kobak et al., 2016). The primary difference is that dPCA 

retains knowledge of experimental conditions when finding components, allowing for 

identification of different patterns of population activity that are independent of, or 

dependent on, experimental condition. We performed dPCA on the preparatory 

responses of a subset of our FEFSEM population (n = 63 neurons) from which we were 

able to collect data during experiments toward and away from the preferred directions 

of each neuron. Thus, the sole condition in our dPCA is the direction of the ensuing 

target motion and eye movement. Our aim was to identify “direction-dependent” and 

“direction-independent” components to test the idea that FEFSEM contributes to the 

directionally specific and non-specific components of preparatory visual-motor gain 

enhancement shown in Figure 27A. 

FEFSEM population activity can fully account for the directional features of 

preparatory visual-motor gain enhancement. The first 3 components obtained via dPCA 

account for ~90% of the variance of our FEFSEM population preparatory response (Figure 

27C). Each of the three primary components predict features of the behavioral data 

shown in Figure 27A. Component 1 is direction-independent. The projections of FEFSEM 

preparatory population activity onto component 1 both increase across fixation for 

impending target motion toward and away from the preferred direction (Figure 27D). 
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The projections onto component 1 are consistent with the directionally nonspecific 

enhancement of visual-motor gain observed for the orthogonal and opposite-direction 

visual motion pulses. Component 2 is direction-dependent. There are two primary 

differences between the projections of FEFSEM population activity onto component 2 

during preparation for target motion toward and away from the preferred direction 

(Figure 27E). (i) The projections are offset from each other with the projections for 

toward and away motion sitting above and below each other, respectively. The offset 

between the projections is consistent with the behavioral finding of an offset between the 

eye speed responses to brief target motions in the same versus opposite direction from 

expected target motion: there is a substantial difference in eye speed responses to the 

same and opposite visual motion pulses even at the earliest fixation times we tested. (ii) 

The projection for motion toward the preferred direction increases and that for motion 

away from preferred projection decreases during the latter half of the fixation period. 

Component 3 also is direction dependent. The projection of FEFSEM population activity 

onto component 3 also shows a ramp increase for impending target motion toward the 

preferred direction and a ramp decrease for impending target motion away from the 

preferred direction. The increase and decrease of the projections onto components 2 and 

3 are consistent with the larger enhancement of visual-motor gain across fixation time 

for the same versus opposite direction visual motion pulses. In conclusion, the neural 

basis for the behavioral preparatory enhancement of visual-motor gain can be fully 
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reconstructed from the first 3 dPCA components of the FEFSEM preparatory population 

response.  

4.3.2 Modulation of FEFSEM preparatory activity occurs along 
movement-potent dimensions 

Studies of arm movement have shown that population preparatory activity in 

M1 and PMd evolves in a manner that does not predict movement (Kaufman et al., 

2014). Movement is prevented during preparation because the population activity 

resides in “movement-null” neural dimensions. We now test this idea on our population 

of FEFSEM neurons. A priori, such a mechanism could generalize to the smooth pursuit 

eye movement system, especially since humans and monkeys can initiate smooth 

pursuit in the absence of visual motion under certain conditions (Freyberg and Ilg, 2008; 

de Hemptinne et al., 2006; Kowler et al., 2019). Even if the output of FEFSEM truly is used 

as a gain signal, noise immunity might be enhanced if population activity resided in an 

output null state until there is a believable visual motion signal to drive pursuit 

initiation. Two mechanisms for preventing unwanted movement might be better than 

one.   

We established the movement-potent dimensions for our sample of FEFSEM 

neurons from blocks of trials where the monkey pursued a patch of dots that moved in 

each of 8 randomly chosen directions (Figure 28A). The population average of FEFSEM 

firing across our full sample of neurons was strongly tuned to the direction of target 
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motion and pursuit (Figure 28B), with a large increase in firing rate in the “preferred 

direction” of the cell, a smaller increase when motion was at +/- 45 degrees from the 

preferred direction, no modulation for visual motion orthogonal to the preferred 

direction, and decreases in firing rate for +/- 135 degrees and 180 degrees from the 

preferred direction. We represented the movement-potent dimension for our population 

by computing the optimal linear model that related the pursuit-related firing of our 

sample of FEFSEM neurons to the eye movements evoked during the initiation of pursuit 

in 8 directions. The linear model optimized two weights for each neuron: one related the 

neuron’s firing rate to horizontal eye velocity and the second related the neuron’s firing 

rate to vertical eye velocity. Our fitting procedure assigned a continuous distribution of 

weight magnitudes to the members of our population (Figure 28C), showing that the 

model used the entire FEFSEM population and did not simply pick out a few particularly 

informative cells. The model worked well on data from pursuit trials that were not used 

to compute the weights: target motion at three different speeds (2, 10, and 20 deg/s) and 

two different contrasts (12% and 100%) from a separate block of trials that presented 

visual motion in a single, repeated direction. It produced fairly accurate predictions for 

horizontal eye velocity (Figure 28D, slope = 1.09, r2 = 0.85) and accurately predicted zero 

vertical eye velocities (data not shown). Because a model based on the responses to 8 

directions of motion was able to predict well the responses in a different block of trials 
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with a single direction of motion, we conclude that it is valid to use a single model 

across different blocks of behavior. 

 

Figure 28: The optimal linear model for converting the population activity in 

FEFSEM into eye velocity.  

A: Different line styles plot trial-averaged horizontal versus vertical eye 

velocity for smooth pursuit eye movement to 15 deg/s target motion in 8 different 

directions (4 cardinal and 4 oblique directions). B: Traces with the same line styles as 

in A plot the population trial-averaged firing rate after rotating directions to align the 

preferred direction of each cell at 0 deg (n = 146 FEFSEM neurons collected in 2 

monkeys). C: Histogram plots the distribution of calculated linear model weight 
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magnitudes across our population of FEFSEM units. D: Cross validation of the optimal 

linear model. The curves plot the horizontal eye velocity predicted during the single-

direction block of trials by the model versus actual trial-averaged horizontal eye 

velocity. Different colored traces differentiate among 6 combinations of target 

contrast and speed. 

FEFSEM preparatory activity does not avoid movement-potent neural dimensions. 

The optimal linear model predicts movement when there is none, during fixation and 

preparatory activity. When we passed the trial-averaged population preparatory firing 

rate modulation from a single-direction block of pursuit trials through the model, we 

obtained a non-zero prediction for change in eye velocity across fixation (Figures 29A 

and B). Importantly, the output of the linear model predicts eye movement in a direction 

that is appropriate for the upcoming target motion according to how neurons across 

experimental sessions were combined into a pseudo-population (see below): a large 

positive horizontal component and relatively smaller vertical component. 
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Figure 29: Result of using optimal linear model to transform preparatory 

activity in FEFSEM into a prediction of eye velocity during preparation for movement.  

A: Solid and dashed traces plot the linear model’s predictions for horizontal 

and vertical eye velocity during fixation. B: Solid and dotted traces plot the linear 

model’s prediction for eye speed during fixation and the actual eye speed during 

fixation. C, D: Histograms plot the distributions of predicted eye movement direction 

and speed during fixation from 1,000 bootstrapped iterations of preparatory 

modulation of activity for single trials. The dashed lines in c demarcate the middle 

95% of the distribution. 
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We obtained similar results when we asked whether we could verify the failings 

of the movement-null hypothesis for FEFSEM in neural responses from single trials. We 

generated 1,000 single-trial pseudo-population responses by randomly sampling 

preparatory firing rate modulations from each cell for fixation-duration matched trials 

across our population. We passed each pseudo-population response into the optimal 

linear model to predict the change in horizontal and vertical eye speed across fixation, 

and computed eye direction and speed during fixation on each “trial”.  Consistent with 

the findings of Figures 29A and B, the single trial analysis predicts non-zero eye velocity 

with a significant projection in the direction of the subsequent pursuit trial (Figures 29C 

and D). The mean predicted direction was -1.3 deg with a 95% bootstrap interval of -65.8 

to +71.8 deg; the mean predicted eye speed was 2.9 deg/s. Thus, for the motor system we 

study, the data do not fulfill one important prediction of the null-space hypothesis: the 

optimal linear model for pursuit initiation predicts significant non-zero eye velocities 

driven by preparatory activity. 

We made a number of modifications in adapting the analyses performed in 

Kaufman et al. (2014) to our data. These modifications were made due to a key 

difference in our behavioral paradigm: the upcoming direction of arm movement was 

explicitly cued in Kaufman et al. (2014); the direction of the upcoming visual motion was 

not explicitly cued in our task. Therefore, only the single-direction block allows for 

accurate preparation, as the monkey is able to anticipate the upcoming visual motion. 
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However, the eight-direction block provides a more rigorous mapping of FEFSEM 

pursuit-related firing rate to eye velocity. Thus, we chose to find the optimal mapping of 

FEFSEM firing rate to eye movement in the 8-direction block and test preparatory activity 

in the single-direction block.  

Our strategy was then to create as large of a population response as we could, 

without excluding data points or neurons. We also did not wish to bias our data 

collection for the single-direction experiment towards any part of the direction tuning 

curve of our recorded neurons, for example by only running the single-direction 

experiment in the preferred direction of our neurons. To this end, we ran multiple 

single-direction blocks of trials for each neuron that we recorded using target directions 

that were different from each other and at various points on each neuron’s tuning curve. 

We then rotated each neuron’s direction tuning curves while fitting the linear model to 

the 8-direction block in a manner that made it seem like all of the single-direction 

experiments were run in the same direction (0 degrees, rightward). We included 

multiple single-direction blocks from the same neurons as if they were independent 

under the relatively safe assumption that there is a different neuron with a tuning curve 

that is naturally aligned in the manner that we rotated our data.  

We performed several control analyses to confirm that none of our analytical 

choices produced our results. First, the findings of Figure 29 are not a product of 

oversampling the preferred directions of our FEFSEM cells during the single-direction 
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experiments (Figure 30). Second, we obtained the same results when we used only a 

single block of trials from each neuron so that our conclusions are strengthened 

statistically but do not depend on the use of multiple data points from each neuron as 

independent units (Figure 31). Third, a supplementary analysis that is more congruent 

with the analysis performed in Kaufman et al. (2014), and that uses a model based on the 

single-direction block, arrives at the same conclusions (Figure 32).  

 

Figure 30: Findings based on the optimal linear model are not the result of 

oversampling data from neurons’ preferred directions.  

We ran the single-direction experiments at various points along the tuning 

curve of the cells that were being recorded. If we had only run the single-direction 

experiment in the preferred direction of our recorded cells then we might have missed 

a part of the true population response that could be responsible for rotating the 

dimension of the population preparatory activity into a dimension that, indeed, 

would be orthogonal to the pursuit-related activity. A: Polar plot showing normalized 

firing rates averaged over the period of 50-150 ms after visual motion onset during the 

direction tuning block. Symbols connected by solid and dashed lines represent data 

aligned to estimated preferred direction or the direction of the repeated-direction 

block. Data were averaged across 297 data points from 146 cells. Our success in 

capturing the full population response is evident in the fact that the direction tuning 

of the population aligned to the single-direction experiment is considerably flatter 
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than the population tuning curve we obtain if we aligned the responses of all neurons 

to their preferred directions. To further ensure that our findings are not due to an 

oversampling of the preferred direction of the cells in our population during the 

repeated-direction experiment, we performed a control analysis by subsampling our 

FEFSEM population to ensure an equal representation of preferred directions and 

produce an even flatter population direction tuning curve. We split our population 

into 8 groups based on the difference between preferred directions and the direction 

of the single-direction experiment. We then randomly sampled 20 units from each of 

the 8 groups, resulting in populations of 160 units. Points connected by dotted lines 

show normalized firing rates during the direction tuning block aligned to the 

direction of the repeated-direction block averaged across our subsampled, 

bootstrapped population. B, C: Repeating the linear model analysis shown in Figures 

5-6 on the uniformly-subsampled population yielded the same conclusion: FEFSEM 

preparatory-activity predicts movement during fixation; the predicted movement is in 

the direction of the upcoming target and eye motion. Solid traces plot the mean of the 

bootstrapped linear model’s predictions for horizontal (B) and vertical (C) eye speed 

during fixation for the subsampled population. Dotted traces show the middle 95% 

distributions generated by the bootstrap (n = 1,000 iterations). 
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Figure 31: Findings based on the optimal linear model are not the result of 

including multiple data points from each neuron in our pseudo-population.  

The pseudo-population we constructed for the analyses performed in Figures 5 

and 6 included multiple data points collected from the same neurons as if they were 

independent units, under assumptions described in the text. Here, we shown that this 

analytical choice had no impact on our findings. We have repeated our optimal linear 

model using a bootstrap approach, in which each neuron could contribute at most one 

data point. 140 of the 146 neurons were randomly sampled without replacement for 

each bootstrap. Data from a single experiment was then randomly chosen from each 

of the 140 neurons. In other words, each of the 140 units in the pseudo-population for 

each bootstrap is truly an independent neuron. The optimal linear model analysis was 

then performed as in Figures 5 and 6. A, B: Repeating the linear model analysis with 

this modified bootstrap approach yielded the same conclusion: FEFSEM preparatory 

activity predicts movement during fixation that is in the same direction as the 

upcoming target and eye motion. Solid traces plot the mean of the bootstrapped linear 

model’s predictions for horizontal (A) and vertical (B) eye velocity during fixation. 

Dotted traces show the middle 95% distributions generated by the bootstrap (n = 1,000 

iterations). 
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Figure 32: Repeating the optimal linear analysis in a manner more congruent 

to that used in Kaufman et al. 2014 produces the same conclusions.  

For reasons outlined in the text, we made several modifications in applying 

the optimal linear model analysis from the Kaufman et al. (2014) paper to ask the 

question: does preparatory activity evolve in a way that predicts movement? Here we 

present a supplementary analysis that is more congruent with the analysis performed 

in the Kaufman et al. paper. First, we used only the data from the single-direction 

blocks of trials, instead of fitting to the 8-direction blocks and predicting the data 

from the single-direction blocks as we had done before.  Second, we performed PCA 

on the neural data before fitting to movement parameters. In this way the W from 

equation (3) is now solved from the equation E=W×(N_1D ) ̃, where (N_1D )  ̃is the 
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lower-dimensional representation of the neural population response during the 

movement epoch obtained from PCA. E is the eye velocity (A and B) or eye speed (C 

and D) from the single-direction pursuit task. We are fortunate that the kinematics of 

the movement uniquely reflect the action of the extraocular eye muscles and are 

already low-dimensional (2-dimensional for velocity, 1-dimensional for speed). 

Therefore, we did not need to perform PCA on the movement data (E). In accordance 

with Kaufman et al. (2014) we chose the dimensions of N ̃ based on the movement 

dimensions in order to have an equal number of dimensions in the row and null 

space of the weight matrix. For fitting to eye velocity and speed, we chose the 

dimensionality of N ̃ to be 4 and 2, respectively. We then projected the low-

dimensional representation of the neural population response during the preparatory 

epoch of the single-direction pursuit task onto the row and null spaces of W. Because 

the curves in panels A and C deviated from zero systematically, our supplementary 

analysis reaches the same conclusion as Figures 5 and 6: preparatory activity evolves 

in a way that predicts movement when there is none. In the words of Kaufman et al. 

(2014), FEFSEM preparatory activity is not confined to the null space. A, B: Solid and 

dashed traces plot the projection of the low-dimensional representation of population 

preparatory activity onto the row (A) and null (B) spaces of the weight matrix 

obtained from fitting (N_1D ) ̃ to horizontal (solid) and vertical (dashed) eye velocity. 

C, D: Solid and dashed traces plot the projection of the low-dimensional 

representation of population preparatory activity onto the row (C) and null (D) spaces 

of the weight matrix obtained from fitting (N_1D )  ̃to eye speed. In both analyses, the 

magnitude of projection of preparatory activity onto the null space increase very early 

in fixation and decays back to zero as preparation progresses. In contrast, the 

projection onto the row space steadily increases as preparation progresses. 

Importantly, the prediction for eye velocity and speed obtained by projection onto the 

row space is in the direction of the ensuing target motion (0 degrees, right) and 

positive, respectively. 

4.3.2 Partial reorganization of population activity from preparatory- to 
pursuit-related dimensions 

If preparatory and pursuit-related activity resided in orthogonal dimensions, 

then we would say that the population activity in FEFSEM reorganized completely in the 

transition from preparation to action. If they resided in parallel dimensions, then we 

would say that they did not reorganize at all. We now show that the truth lies between 

these two extremes by using principal component analysis to compare the neural 
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dimensions related to preparation and movement. The existence of a partial 

reorganization explains why we find that preparatory activity predicts movement and 

still allows the operation of our system to align to some degree with the operation of the 

arm movement system, where there is a full reorganization.   

After reducing the dimensionality of our preparatory- and pursuit-related 

population responses during the single-direction trial blocks, we analyze the first 

preparatory and pursuit PCs (PCPrep1 and PCPurs1), each of which captures more than 70% 

of the variance (Figure 33A), the same amount captured by the dimensionality reduction 

in Elsayad et al. (2016). We validated PCPurs1 by showing that the projection of pursuit-

related activity onto the PCPurs1 captures differences in both the speed of target motion 

and the contrast of the target: in parallel with the neural responses, the projections 

scaled with target speed and are larger in magnitude and shorter in latency for high- 

compared to low-contrast targets (Figure 33B). As expected, given the results in the 

previous section using the optimal linear model, the projection of preparatory activity 

onto PCPurs1 shows a ramp increase across fixation (Figure 33D). The main difference 
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between the preparatory and pursuit projections is that the preparatory projection 

ramps up more slowly to a smaller magnitude compared to the pursuit projections. 

 

Figure 33: Direct assessment of preparatory- versus pursuit-related neural 

dimensions in FEFSEM.  

A: Solid and open symbols plot the percentage of the total pursuit-related and 

preparatory response variances explained by each principal component. Beyond 

principal component 3, the open symbols obscure the filled symbols.  B: Different 

colored traces plot projection of pursuit-related population firing rates in response to 

low-contrast and high-contrast target motion of 20, 10, and 2 deg/s onto the first 

pursuit principal component. C: Histogram plots the distribution of the angle 

between the first pursuit-related and preparatory principal components across 1,000 



 

160 

bootstrapped iterations. D: Projection of population preparatory firing rates during 

fixation onto the first principal component of pursuit-related responses. 

We demonstrate a partial reorganization of population activity between 

preparation and pursuit-related activity by computing the angle between PCPrep1 and 

PCPurs1. We used a bootstrap approach that sampled trial-averaged neurons from our 

population, independently found PCPrep1 and PCPurs1 for the sampled population, and 

calculated the angle between them. We used a sampling procedure that created 1,000 

simulated population responses, each with 160 units having a uniform representation of 

preferred directions (see Methods for more details). We find that the mean angle 

between PCPrep1 and PCPurs1 is 65.2 degrees and is significantly different from both 0 and 

90 (Figure 33C, p < 0.001, two-sided bootstrap statistics, 95% bootstrap interval = 61.4-

69.2 deg, n = 1,000 iterations). Therefore, preparatory- and pursuit-related neural 

dimensions are neither aligned nor completely orthogonal in our population of FEFSEM 

neurons. As with the linear model, our findings were not influenced by our choice to 
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treat multiple data points from each neuron as independent units in our pseudo-

population (Figure 34). 

 

Figure 34: Findings based on the principal component analysis are not the 

result of including multiple data points from each neuron in our pseudo-population.  

The pseudo-population we constructed for the analyses performed in Figures 7 

and 8 included multiple data points collected from the same neurons as if they were 

independent units, under assumptions described in the text. Here, we show that this 

analytical choice had no impact on our findings. We have repeated our principal 

component analyses using a bootstrap approach, in which each neuron could 

contribute at most one data point. 140 of the 146 neurons were randomly sampled 

without replacement for each bootstrap. Data from a single experiment was then 

randomly chosen from each of the 140 neurons. In other words, each of the 140 units 

in the pseudo-population for each bootstrap is truly an independent neuron. The 

principal component analyses was then performed as in Figures 7 and 8. A: Repeating 

the principal component analysis with this modified bootstrap approach yielded the 

same conclusion: there is a partial reorganization of neural population dimensions 

between preparation and movement. The histogram shows the distribution of angles 

between the first preparatory- and pursuit-related principal components. B: 

Performing the principal component analysis using this modified bootstrap approach 

also unveiled the existence of a small subpopulation that’s predominantly 

responsible for the partial reorganization of neural dimensions between preparation 



 

162 

and movement. The solid line plots the distribution of PCPrep1/PCPurs1 ratios 

averaged across the 1,000 bootstraps. 

To understand what features of the neural responses caused the reorganization 

of the population response, we examined how the PCA component loadings, defined as 

the weights relating each neuron’s response to the principal component, changed 

between PCPrep1 and PCPurs1. The distribution of the ratios between the PCA component 

loadings of PCPrep1 and PCPurs1, generated from the bootstrap in Figure 3B, is significantly 

bimodal (Figure 35A, Hartigan’s Dip Test, Dip statistic = 0.0794, p = 0.001). One peak is 

at a positive ratio and a smaller peak is at a negative ratio. A positive ratio indicates that 

a given unit behaves in a similar manner during preparation and movement, whereas a 

negative ratio indicates a change in behavior between preparation and pursuit. We 

conclude that there are two subpopulations in FEFSEM, and that the one with negative 

PCPrep1/PCPurs1 ratios may be responsible for the partial reorganization of population 

activity between preparation and movement.  

To test our hypothesis about the role of neurons with negative PCPrep1/PCPurs1 

ratios, we separated our population into units with positive (Subpopulation 1) and 

negative (Subpopulation 2) ratios and compared a number of properties of the two 

subpopulations. (1) Preferred directions (Figure 35B): Subpopulation 1 consistently 

made up a larger proportion of units in our bootstrap analysis and contains a higher 

proportion of units with a preferred direction towards the direction of the single-

direction experiment. Conversely, Subpopulation 2 contains a higher proportion of units 
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with preferred directions away from the direction of the experiment. (2) Preparatory 

versus pursuit modulation: When we redid principal component analysis on the full 

(non-bootstrapped) data, neurons in Subpopulation 1 had statistically larger amplitudes 

of both preparatory- and pursuit-related modulation (compare red and black data points 

in Figure 8C; preparatory activity: p = 0.019, Cohen’s d = 0.34, pursuit activity: p = 2.7 x 

10-12, Cohen’s d = 0.95, 2-sided Wilcoxon rank sum tests). There is a significant positive 

correlation between preparatory and pursuit modulation in Subpopulation 1 (Figure 

35C, Spearman’s correlation coefficient = 0.59, p = 7.8 x 10-21, n = 207 samples from 130 

neurons) and a significant negative correlation in Subpopulation 2 (Figure 35C, 

Spearman’s correlation coefficient = -0.63, p = 3.8 x 10-11, n = 90 samples from 65 

neurons). (3) Principal component alignment: For Subpopulation 1 alone, the first 

principal components of pursuit and preparatory activity are separated by an angle of 

only 26.2 degrees. For Subpopulation 2 alone, the angle between PCPrep1 and PCPurs1 is 

151.2 degrees (Figure 35G). These facts suggest that Subpopulation 2 is responsible for 

the partial reorganization of population activity between preparation and movement, 

and that the large difference in response amplitudes between the two populations is at 
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least partly responsible for a lack of full reorganization between preparatory- and 

movement-related dimensions.  

 

Figure 35: Two subpopulations of FEFSEM neurons with different relationships 

between preparatory and pursuit-related activity.  

A: The distribution of PCPrep1/PCPurs1 ratios averaged across 1,000 

bootstrapped iterations. The dashed line indicates a ratio of 0, the point where we 

split our FEFSEM population into 2 subpopulations. B: Black and red symbols 

summarize the distributions of preferred directions relative to the direction of the 

single-direction experiment for units in Subpopulations 1 and 2 in the bootstrap 

analysis. Error bars represent the middle 95% distribution obtained from our 

bootstrap analysis (n = 1,000 iterations). C: Black and red symbols plot preparatory- 

versus pursuit-related firing rate modulations for Subpopulations 1 and 2 in our full 

FEFSEM data set (n = 207 data points from 130 neurons for Subpopulation 1 and n = 90 

data points from 65 neurons for Subpopulation 2). Panel C plots the same data from 

Figure 1D, except here it has been separated into Subpopulations 1 and 2 D: Black and 

red symbols plot data for subpopulations 1 and 2 and show the normalized 

preparatory modulation of firing rate versus the direction of the experiment relative 

to the preferred direction of the cell. Error-bars represent the middle 95% of the 

bootstrapped distribution (n = 1,000 iterations). E, F: Black, magenta, and blue traces 
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plot normalized modulation of preparatory firing rate as a function of time from 

fixation onset when experiments were run in the same, orthogonal, and opposite 

direction as the preferred direction of the neuron. Data were averaged separately 

across neurons in Subpopulations 1 (E) and 2 (F). For each direction, the middle trace 

is the average and the flanking traces border the middle 95% of the bootstrapped 

distribution, n = 1,000 iterations). G: Black and red histograms plot the distribution of 

the angle between the first pursuit-related and preparatory principal components for 

Subpopulations 1 and 2 across 1,000 bootstrapped iterations. 

The existence of two subpopulations of FEFSEM neurons allows for a directionally-

nonspecific component of preparatory visual-motor gain enhancement. In 

Subpopulation 1, preparatory modulation of firing rate has conventional direction 

tuning. It is large and positive when the upcoming target motion will be in the preferred 

direction of the cell, smaller when it will be orthogonal to the preferred direction, and 

negative when it will be opposite to the preferred direction of the cell (Figure 35D, E). In 

Subpopulation 2, preparatory modulation of firing rate has weaker and non-

conventional direction tuning. Modulation is positive when the upcoming target motion 

is orthogonal or opposite to the preferred direction and absent when target motion will 

be toward the preferred direction (Figure 35D, F). Together, the two subpopulations can 

explain two features of Figure 4A. The preparatory activity in Subpopulation 1 explains 

why preparatory enhancement of visual-motor gain is largest in the direction of the 

upcoming target motion. The smaller preparatory activity in Subpopulation 2 might 

explain the directionally-nonspecific, and smaller, component of preparatory visual-

motor gain enhancement in orthogonal and opposite directions relative to the upcoming 

target motion.  
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To further examine differences between the two subpopulations, we repeated the 

optimal linear model analysis from Figures 5 and 6 separately on each subpopulation. 

Linear models generated from the two subpopulations perform roughly the same in 

predicting eye velocity during the single direction block (Figure 36A, D). Subpopulation 

1 predicts eye movement during preparation in the same direction as the upcoming 

visual motion and eye movement (Figures 36B, C). Subpopulation 2 predicts no 

significant eye movement during preparation (Figure 36E, F). However, it is worth 

pointing out that the spread around zero for horizontal and vertical eye velocities is 

quite large. These features are consistent with Subpopulation 2 dialing up visual-motor 

gain in a directionally-nonspecific manner and they suggest that the nonspecific 

component of visual-motor gain is fairly uniform across directions. 
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Figure 36: Result of using optimal linear model to transform preparatory 

activity in the two subpopulations into a prediction of eye velocity during preparation 

for movement.  

A, D: The curves plot the horizontal eye velocity predicted during the single-

direction block of trials by the model for Subpopulation 1 (A) and Subpopulation 2 

(D) versus actual trial-averaged horizontal eye velocity. B, C, E, F: Solid traces plot the 

mean of the bootstrapped linear model’s predictions for horizontal (B, E) and vertical 

(C, F) eye velocity during fixation for Subpopulation 1 (B, C) and Subpopulation 2 (E, 

F).: Different colored traces in A and D differentiate among 6 combinations of target 

contrast and speed. Dotted lines in B, C, E, and F plot the middle 95% of the 1,000 

bootstrapped iterations. 

In our system, we not only characterize the population activity during 

preparation and movement, but also understand why it reorganizes in the way that it 

does and how that reorganization improves the performance of pursuit eye movements. 

A full analysis of FEFSEM neural responses during pursuit eye movements shows that (1) 

there is a partial reorganization of the population between preparation and movement, 
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(2) the reorganization is not complete enough to place the population activity in a 

movement-null dimension during preparation, (3) output control of the gain of visual-

motor transmission rather than of movement kinematics allows the reorganization to be 

incomplete without causing movement, and (4) the existence of two subpopulations of 

neurons explains the partial reorganization of population activity and allows the 

behavior to be preferentially prepared for target motion in an expected direction with a 

lower level of readiness for all directions of motion.    

4.4 Discussion 

4.4.1 Preparatory activity without movement 

Preparatory activity is ubiquitous in motor systems. In advance of all but the 

most short-latency and reflexive movements, preparatory activity appears at least in the 

primary motor cortex (Tanji and Evarts, 1976), the premotor cortex (Weinrich and Wise, 

1982), the frontal eye fields for both saccades and pursuit (Bruce and Goldberg, 1985; 

Mahaffy and Krauzlis, 2011; Tanaka and Fukushima, 1998), the parietal cortex (Mazzoni 

et al., 1996; Shadlen and Newsome, 2001), the cerebellum(Gao et al., 2018), the superior 

colliculus (Dorris et al., 1997; Glimcher and Sparks, 1992; Munoz and Wurtz, 1995; 

Wurtz and Goldberg, 1972), and even in last-order interneurons in the spinal cord (Prut 

and Fetz, 1999). It seems clear that preparatory activity plays a crucial role in setting the 

state of the nervous system leading up to movements. Many of the neurons that show 

preparatory changes in firing rate seem to play key roles in selecting, initiating, and/or 
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guiding movement. Yet, preparatory activity evolves without actually causing 

movement. Why? 

Different mechanistic explanations, all supported by data, have been proposed 

for different motor systems. The earliest solution, proposed for saccadic eye movements, 

is a “gate” or “switch” (Keller, 1974b). The neural circuit that implements the switch is in 

the brainstem (Cohen and Henn, 1972; Evinger et al., 1982; Luschei and Fuchs, 1972). It 

has known internal connectivity, documented by electrophysiology and anatomical 

tracing with horseradish peroxidase (Hikosaka et al., 1978; Langer and Kaneko, 1990). 

The connectivity leads to switching behavior in computational models and the output 

pathways from the brain’s switching circuit are appropriate to prevent saccades during 

preparation until it is time for the movement (Fuchs et al., 1985; Robinson, 1973).  

A more recent solution, proposed for arm movements, suggests that the 

population of neurons in the motor cortex operates as a dynamical system (Churchland 

et al., 2010, 2012). During the preparation of a movement, the population activity 

evolves within a set of dimensions that are “movement-null” in the sense that 

population output is orthogonal to a later set of states that exists in “movement-potent” 

dimensions (Elsayed et al., 2016; Kaufman et al., 2014). Analysis of population activity in 

the motor and pre-motor cortex supports the dynamical system explanation. 



 

170 

A third mechanism, based on our and others’ research in smooth pursuit eye 

movements, involves the use of motor cortical output signals not to drive movement, 

but instead to modulate the strength of sensory-motor transmission. In the pursuit 

system, several lines of evidence, most notably the effects of microstimulation, imply 

that the output from the FEFSEM modulates the gain of visual-motor transmission 

(Nuding et al., 2009; Tanaka and Lisberger, 2001). 

We imagine that all these mechanisms could be used in different blends by 

different motor systems. So, the challenge is to identify the mechanisms that prevent 

preparatory activity from causing movement in as many different movements as 

possible, explore the blend of mechanisms deployed by each motor system, and find the 

neural substrates of the different mechanisms.  

4.4.2 The use of FEFSEM output as a gain signal allows preparation to 
progress without causing movement 

In the present paper, we present evidence that the smooth pursuit eye movement 

system emphasizes gain-modulation as a mechanism to allow preparation to progress 

without causing movement. Even though preparatory activity in FEFSEM is movement-

potent in the sense that it shares dimensions with pursuit-related activity of the same 

population, preparatory activity fails to cause smooth eye movement because its role is 

to modulate the strength of movement-potent visual motion signals that are not present 

during preparation. Without the visual motion signal that it acts upon, gain can be 
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dialed up without causing movement. The smooth eye movement output of the system 

will remain zero. 

In contrast, our population analysis fails to support the dynamical systems 

explanation of orthogonal preparatory- and movement-related neural dimensions. The 

preparatory- and pursuit-related neural dimensions are neither completely orthogonal 

nor completely overlapping. Thus, there is a reorganization of the population activity in 

FEFSEM between preparation and pursuit, but the reorganization is not complete enough 

to push preparatory activity into a movement-null dimension. In our system, we are able 

to understand in terms of the responses of its constituent neurons why the population 

reorganizes partially rather than fully, and we have a functional explanation for why the 

system might operate in this regime. We identified two subpopulations of cells in our 

data and one of them (“Subpopulation 2”) seems to be responsible for the partial 

reorganization of neural dimensions between preparation and pursuit (Figure 4D). 

Because the reorganization is not sufficient to prevent movement during preparation, 

we propose that Subpopulation 1 creates a highly-directional enhancement of visual-

motor gain while Subpopulation 2 is responsible for a directionally non-specific 

component of preparatory visual-motor gain enhancement, in effect providing a rigid 

and fairly uniform prior for the direction of target motion. A potential benefit of the 

regime created by the two Subpopulations is that the system will be fully ready for an 
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expected direction of target motion and never be caught entirely flat-footed if target 

motion occurs in a completely unexpected direction. 

Previous work suggests that gating mechanisms play minor roles for pursuit. 

The discharge of the neurons involved in the switch for saccades is incompatible with 

the idea that pursuit might use the same switch circuit (Missal and Keller, 2002). The 

firing of omnipause neurons pauses completely during the execution of saccades of any 

direction and amplitude but exhibits directionally-tuned decrements of firing rate that 

are graded according to eye speed during smooth pursuit eye movement. While one 

could argue that the use of an absolute versus a dynamic gate to prevent activity from 

causing movement is a matter of semantics, we are suggesting something fundamentally 

different in this paper: movement is not prevented during modulation of FEFSEM activity 

by the action of an inhibitory gate, rather FEFSEM output is controlling the gate. Indeed, it 

is possible that FEFSEM output interacts with omnipause neurons. Omnipause neurons 

are anatomically connected to at least the saccadic frontal eye fields and their responses 

during pursuit align closely with properties of visual-motor gain (Langer and Kaneko, 

1990; Missal and Keller, 2002; Schwartz and Lisberger, 1994).  

Our findings are not due to the trivial conclusion of a lack of importance of 

FEFSEM in the generation of pursuit eye movement. Lesioning and inactivating FEFSEM 

results in large decrements of pursuit speed and an increase in the number of catch-up 

saccades (Keating, 1991; Shi et al., 1998). The output of FEFSEM (and possibly partner 
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areas such as the Supplementary Eye Fields (Missal and Heinen, 2001)) is necessary to 

allow visual motion signals to drive the oculomotor machinery (Tanaka and Lisberger, 

2001). Furthermore, there are trial-by-trial correlations between FEFSEM activity during 

pursuit and eye velocity (Schoppik et al., 2008). The fact that micro-stimulation of FEFSEM 

causes smooth eye movement seems to contradict our conclusion that the output from 

FEFSEM is modulatory. We suspect that the artificial situation created by micro-

stimulation will drive activity in brainstem oculomotor neurons simply because FEFSEM 

is anatomically connected to the motor system. Beyond general anatomical connectivity, 

micro-stimulation-generated smooth eye movements may say little about how FEFSEM 

output is actually used downstream. 

4.4.3 Comparative advantages of different mechanisms for preventing 
movement during preparation 

We suggest that the brain uses multiple mechanisms to prevent preparatory 

activity from causing unwanted and premature movement, and that the primary 

mechanism used by any particular movement system will depend on the organization of 

that particular system. Further, a system could use multiple mechanisms at the same 

time, perhaps emphasizing one or another.   

The short latency and sensory-driven features of pursuit may mitigate in favor of 

a system where preparatory activity is used to modulate sensory-motor transmission. In 

pursuit, movement initiation is driven directly, with relatively short latencies, by 
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sensory inputs from extrastriate visual area MT (Komatsu and Wurtz, 1989; Newsome et 

al., 1988). Outputs from MT and FEFSEM converge downstream in the pursuit circuit to 

control the activity of motoneurons (Lisberger, 2010; Mustari et al., 2009). Importantly, 

preparatory modulation of visual-motor gain is a genuine preparatory signal. FEFSEM 

preparatory responses encode the expected speed and direction of the upcoming target 

motion and FEFSEM seems to set the state of the pursuit system during preparation in a 

way that sculpts the subsequent visual motion signals (Darlington et al., 2018).  

In the arm movement system and the motor cortex, it may be difficult to prevent 

activity in the motor cortex from affecting the firing of motoneurons, and so it is ideal to 

nullify the preparatory activity by contriving for it to reside in a movement-null 

dimension. Here, the link from sensory input to motor output is less direct than for 

pursuit and the output from the primary motor cortex and the premotor cortex affect the 

firing of motoneurons directly, over monosynaptic and disynaptic pathways (Dum and 

Strick, 1991; Griffin et al., 2015; Kuypers and Brinkman, 1970). That said, it is possible 

that gain control mechanisms also operate in arm movements, both to implement the 

essential function of adjusting to different contexts, and to allow preparatory activity 

without movement. Just as we think that FEFSEM is responsible for the preparatory 

aspects of pursuit and area MT is responsible for the movement drive, recent work in the 

mouse motor system revealed subpopulations of motor cortex neurons with distinct 

roles in preparation and movement (Economo et al., 2018). Furthermore, last-order 
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interneurons in the spinal cord show arm-movement-related preparatory activity that 

could reflect motor cortical modulation of the gain of spinal reflex circuits (Prut and 

Fetz, 1999).  

In saccadic eye movements, the need for high degrees of accuracy and precision 

in a totally open-loop movement probably requires the preparatory activity that exists at 

least in the frontal eye fields, the superior colliculus, and the parietal cortex, but also 

requires an absolute brake on movement until all the brain’s ducks are in a row 

(Glimcher and Sparks, 1992; Hanes and Schall, 1996; Mazzoni et al., 1996). Here, the 

switching circuit in the brainstem prevents any movement until the activity that guides 

the direction and amplitude of the impending saccade is fully prepared to make a 

movement that is at the same time really quick and accurate (Robinson, 1973). For 

example, a monkey executes a 20 deg saccade in 40 ms with accuracy of better than 5% 

(Fuchs, 1967). By contrast, pursuit eye movements are much slower and less accurate, 

and arm movements rely partly on feedback to achieve maximum accuracy.  

Preparatory activity is ubiquitous, but the different features of different motor 

systems may require different mechanisms to prevent movement during preparation. A 

switching circuit could exist for movements other than saccades, perhaps in a softer, 

more compliant form. Gain control, may be an ideal way to establish context sensitivity 

and adjust the responsiveness to descending signals in systems with short latencies and 

graded responses. The dynamical system regime may be specialized for neural systems 
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where the neurons involved in preparation make synaptic connections directly onto 

final motor pathways.  
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5. General Discussion 

5.1 Main findings 

This dissertation makes several major advancements in our knowledge of motor 

preparation in the smooth pursuit eye movement system. In Chapter 2, we reveal that a 

major component of motor preparation in pursuit is expectation based on experience. 

Eye speed and direction on a given trial is biased according to the recent history of 

target motion experience. The pursuit system incorporates these priors into behavior in a 

rational manner: the priors have larger effects for low-contrast targets that create less-

reliable visual motion related signals in the brain.  

Our computational modelling of the behavioral results from Chapter 2 show that 

visual-motor gain manipulation can account for the effects of rapidly-adaptable priors 

on pursuit behavior. Previous studies show that the output of FEFSEM causally 

contributes to visual-motor gain control in the pursuit system. Therefore, we targeted 

FEFSEM to study how rapidly-adaptable priors for target motion are implemented in the 

pursuit neural circuitry. It is notable that previous behavioral studies show that visual-

motor gain is set according to the velocity of target motion. This implies that FEFSEM 

estimates target motion to appropriately set the gain of visual-motor transmission.  

We uncover the neural correlates of the decoding computation in FEFSEM in 

which target speed is estimated to set visual-motor gain during pursuit initiation. FEFSEM 

preparatory activity adapts in parallel with the behaviorally-defined prior for target 



 

178 

speed. There is greater modulation of FEFSEM preparatory activity when faster target 

motion is expected. After the target starts moving, FEFSEM combines preparatory activity 

and target motion related signals according to their reliability. Therefore, one major 

function of FEFSEM preparatory activity is to incorporate expectation-related signals into 

the gain that is ultimately set during pursuit initiation. 

Finally, we show that all of the information needed to update expectation of 

target speed is contained within FEFSEM responses during pursuit initiation, suggesting 

that the updating computation could occur locally. As noted above, FEFSEM responses are 

the result of a combination of expectation-related preparatory activity and visual motion 

related input. We can account fully for the behavioral features of speed prior adaptation 

with a model in which we treat this combination of preparatory activity and visual 

motion as a comparison between expectation and reality that is used to update future 

expectation. Therefore, we conclude that beyond setting visual-motor gain during 

pursuit initiation, the computation performed in FEFSEM by combining preparatory 

activity and visual motion input also serves to update expectation of target speed. 

In addition to influencing the visual-motor gain that is set during pursuit 

initiation, we show that FEFSEM preparatory activity dials up visual-motor gain in 

advance of any visual motion or eye movement. This result connects 2 previous 

independent findings. First, FEFSEM neurons exhibit preparatory activity (Tanaka and 

Fukushima, 1998; Mahaffy and Krazulis, 2011). Second, visual motion perturbation 
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studies have shown that there is a preparatory-related modulation of visual-motor gain 

(Kodaka and Kawano, 2003; Tabata et al., 2006). Our analyses directly connect these 

findings and builds substantially on them. We show that expectation of target direction 

and speed have striking parallel effects on both FEFSEM preparatory activity and 

preparatory modulation of visual-motor gain. Both preparatory modulation of firing 

rate in FEFSEM and behavioral responses to brief pulses of visual motion are larger when 

expectation of target speed is fast. Furthermore, behavioral responses to brief pulses of 

motion are largest when given in the direction of the upcoming, expected target motion. 

However, responses to visual motion pulses in other directions are enhanced as 

preparation progresses. In parallel to these behavioral effects of direction expectation 

and preparation, we find that the FEFSEM population preparatory response has both a 

directionally specific and nonspecific component. 

Taken together, these findings suggest that the pursuit system uses a visual-

motor gain signal, implemented by FEFSEM, to incorporate expectation-related signals 

into preparation for impending visual motion and smooth pursuit eye movement. This 

preparatory signal both dials up gain in advance of any visual motion or eye movement 

and influences the gain that is set during initiation of pursuit in a Bayesian-like manner. 
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5.2 Future directions 

5.2.1 Integration of explicit and implicit factors in pursuit motor 
preparation 

The studies presented here have utilized experience-based expectation to 

modulate motor preparation in the pursuit system. However, many other factors can 

influence motor preparation. Another study in the pursuit system utilized two targets 

moving in orthogonal directions (Joshua and Lisberger, 2012; Ragavan and Joshua, 

2017). By using color to indicate the size of the reward they were able to bias both the 

initiation of pursuit and eventual target selection toward the target that provided the 

higher reward. By displaying the two targets for 800-1200 ms before motion onset they 

allowed for explicitly cued motor preparation to occur. Interestingly, they revealed 

changes in the offset of the firing rate of FEFSEM neurons during this preparatory period 

but no changes in the magnitude of the ramps of activity.  

In real life we prepare our movements using a combination of implicit and 

explicit cues. Therefore, an important next step in understanding motor preparation in 

the pursuit system would be to study how implicitly and explicitly cued influences on 

motor preparation interact at both the behavioral level and in the activity of FEFSEM 

neurons. Starting simple, you could simply use one target, with color to indicate reward 

size, and insert this into the speed context paradigm used in the studies we present in 

this dissertation. Furthermore, you could deliver the color cue at different times of 

fixation. In addition to the effects on target selection and vector averaging, the work by 
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Joshua and Lisberger (2012) showed that reward size for a single target caused large 

changes in pursuit initiation: faster eye speeds for high reward targets. One might 

expect that the explicit reward cue would override the prior-related expectation of 

upcoming target speed. Additionally, this change in preparation would probably 

depend on how long into preparation and how long before target motion the color cue 

was presented. It would be really interesting to see how this would be represented in the 

activity of FEFSEM neurons. 

5.2.2 Integration of visual motion and visual-motor gain components 
in the pursuit neural circuit 

Many neurophysiological studies of the pursuit system have focused largely on 

one of the two components of the smooth pursuit eye movement system: visual motion 

and visual-motor gain. While the field has advanced our knowledge of each component 

independently, we have much to learn about how these two components are combined 

within the pursuit circuit to ultimately drive eye movement. One logical starting point in 

trying to understand the integration of visual motion and visual-motor gain is the 

pontine nuclei. Both area MT and FEFSEM send direct projections to the pons (May and 

Anderson, 1986; Brodal, 1978,1982; Fries, 1990; Glickstein, 1990; Distler et al., 2002). 

Specific nuclei of interest are the dorsolateral pontine nucleus (DLPN) and nucleus 

reticularis tegmenti pontis (NRTP). These nuclei contain mixtures of visual and visual-

motor signals related to smooth pursuit eye movement (Mustari et al., 1988; Mustari et 

al., 2009; Crandall and Keller, 1985; Suzuki et al., 1990; Glickstein, 1972; Glickstein et al., 
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1990, 1994). Importantly, there are very large deficits associated with lesioning or 

inactivating these areas (Suzuki et al., 1999; May et al., 1988; Ono and Mustari, 2007). 

Micro-stimulation of DLPN or NRTP is sufficient to produce smooth pursuit eye 

movements. These areas project to various areas of the cerebellum including the 

flocculus and oculomotor vermis, as well as other downstream brainstem oculomotor 

areas (Brodal, 1980, 1982; Glickstein, 1994. 

One specific question that is a direct extension of the work presented in this 

dissertation is what role does preparation play in visual-motor processing in the pons. 

For example, our FEFSEM data suggests that preparatory activity propagates 

downstream. First, preparatory activity evolves along output-potent dimensions. 

Second, waveform analysis suggests that both cortical interneurons and projection 

neurons display preparatory activity. It would be important to confirm that this 

preparatory activity does propagate to the brainstem and to study how it effects 

processing of visual motion signals during pursuit initiation. This is a project that we’re 

currently finishing data collection on. Indeed, we have already confirmed the existence 

of preparatory activity in NRTP and are in the process of analyzing how this 

preparatory activity effects visual motion processing in the pons to guide smooth 

pursuit eye movement. 
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