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Although much is known about volitional and reflexive
smooth eye movements individually, much less is known
about how they are coordinated. It is hypothesized that
separate cortico-ponto-cerebellar loops subserve these
different types of smooth eye movements. Specifically,
the MT-MST-DLPN pathway is thought to be critical for
ocular following eye movements, whereas the FEF-NRTP
pathway is understood to be vital for volitional smooth
pursuit. However, the role that these loops play in
combined volitional and reflexive behavior is unknown.
We used a large, textured background moving in
conjunction with a small target spot to investigate the
eye movements evoked by a combined volitional and
reflexive pursuit task. We also assessed the activity of
neurons in the smooth eye movement subregion of the
frontal eye field (FEFsem). We hypothesized that the
pursuit system would show less contribution from the
volitional pathway in this task, owing to the increased
involvement of the reflexive pathway. In accordance
with this hypothesis, a majority of FEFsem neurons (63%)
were less active during pursuit maintenance in a
combined volitional and reflexive pursuit task than
during purely volitional pursuit. Interestingly and
surprisingly, the neuronal response to the addition of the
large-field motion was highly correlated with the
neuronal response to a target blink. This suggests that

FEFsem neuronal responses to these different
perturbations—whether the addition or subtraction of
retinal input—may be related. We conjecture that these
findings are due to changing weights of both the
volitional and reflexive pathways, as well as retinal and
extraretinal signals.

Introduction

Most people have had the experience of sitting on a
train with the landscape sweeping by. You notice
something of interest that you watch for a few seconds
until it is out of view. This probably happens many
times over the course of the ride, all seemingly
effortlessly.

This behavior, although it feels simple, actually
requires the coordination of both reflexive and
voluntary eye movements. The movement of a large,
textured background is known to evoke reflexive ocular
following eye movements, whether in a lab using a
digital display or on a train with the visual world
passing by (Miles, Kawano, & Optican, 1986; Gellman,
Carl, & Miles, 1990). In addition, primates are known
to be highly skilled at volitionally tracking a moving
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target with their eyes, a process called smooth pursuit
(for review, see Krauzlis, 2004). Reflexive and voli-
tional smooth eye movements likely rely on both
common and distinct brain regions (Figure 1).

The visual motion input for both types of eye
movements first travels through common retinal-
geniculo-striate pathways to dorsal stream areas
including the middle temporal area (MT) and the
medial superior temporal area (MST; Maunsell & Van
Essen, 1983; Ungerleider & Desimone, 1986; Tusa &
Ungerleider, 1988; Boussaoud, Ungerleider, & Desi-
mone, 1990). It is at this point that the pathways are
thought to diverge to form two distinct cortico-ponto-
cerebellar pathways (Nuding, Ono, Mustari, Büttner, &
Glasauer, 2008; Mustari, Ono, & Das, 2009). Visual
motion information for volitional pursuit is likely sent
from MST to the smooth eye movement subregion of
the frontal eye field (FEFsem) via dense reciprocal
connections (Tian & Lynch, 1996; Stanton, Friedman,
Dias, & Bruce, 2005). The FEFsem then projects to the
nucleus reticularis tegmenti pontis (NRTP) in the
brainstem (Leichnetz, 1989; Boussaoud, Desimone, &
Ungerleider, 1992; Tian & Lynch, 1996; Ono &
Mustari, 2009), which in turn sends information to
cerebellar vermal visual areas and, ultimately, brain-
stem oculomotor areas (Voogd & Barmack, 2006).
These pathways comprise the volitional cortico-ponto-
cerebellar pathway, which is thought to be involved in
volitional pursuit most often of smaller targets.
However, the pursuit system is capable of tracking
larger objects as well, which likely activates both the
volitional and reflexive pathways to varying extents
(Heinen & Watamaniuk, 1998).

MST is also the likely origin of the reflexive cortico-
ponto-cerebellar pathway. In addition to sending visual
motion information to the FEFsem, it also projects to
the dorsolateral pontine nucleus (DLPN) in the
brainstem (Leichnetz, 1989; Boussaoud et al., 1992;
Tian & Lynch, 1996; Ono &Mustari, 2009), which then
projects to the floccular complex in the cerebellum
(Voogd & Barmack, 2006). The floccular complex

projects to the final common pathway within the
brainstem oculomotor nuclei (Voogd & Barmack,
2006). The reflexive pathway is thought to be more
involved in ocular following movements, which are
most robustly elicited by large or full-field visual
stimuli. In these ways, some of the machinery that
underlies volitional and reflexive smooth eye move-
ments is common, and some distinct.

In this study, we used coplanar small target and
large-field (LF) motion to create a tractable version of a
combined reflexive-volitional pursuit task, as can often
happen in real-world pursuit of a target in a complex,
featured environment. Given the known importance of
the FEFsem in volitional smooth pursuit (Lynch, 1987;
MacAvoy, Gottlieb, & Bruce, 1991; Gottlieb, MacA-
voy, & Bruce, 1994; Morrow & Sharpe, 1995) and the
lack of involvement in pure optokinetic nystagmus
(Keating, Pierre, & Chopra, 1996), we sought to
investigate the response of the FEFsem in combined
reflexive-volitional eye movements.

Pursuit of a small target spot with concurrent LF
motion engages brain regions in the reflexive pathway
in addition to those involved in pursuit of a small spot
alone, as discussed above; we therefore predicted two
main findings. First, we predicted that the added drive
provided by the LF motion to the reflexive pathway
(including areas MT, MST, and DLPN) would serve to
increase the gain of the pursuit eye movements. We
found this to be true, which is in keeping with the
higher gain observed during pursuit of large patches of
random dot motion (Heinen & Watamaniuk, 1998).
Second, we further predicted that this added drive in
the reflexive cortico-ponto-cerebellar pathway would
be complemented by a decrease in the drive provided by
the volitional pathway, thereby maintaining accurate
tracking behavior. Specifically, we predicted that this
decreased drive would be evident in the lowered activity
level in the FEFsem for combined volitional-reflexive
pursuit, as compared with volitional pursuit of a small
target alone. This compensatory decrease in activity
could result from feedback connections that travel from

Figure 1. Schematic representation of pathways for volitional and reflexive pursuit. The two pathways have common beginnings and
ends but discrete cortico-ponto-cerebellar portions. The upper part of the schematic represents the likely neural pathways subserving
volitional pursuit, whereas the bottom portion represents the likely pathways underlying reflexive ocular following. MT ¼middle
temporal area; MST¼medial superior temporal area; FEF¼ smooth eye movement subregion of the frontal eye field; NRTP¼nucleus
reticularis tegmenti pontis; DLPN¼ dorsolateral pontine nucleus.
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the cerebellum to thalamic nuclei (e.g., the medial
dorsal nucleus and the most caudal portion of the
ventral lateral nucleus; Stanton, 1980; Asanuma,
Thach, & Jones, 1983a, 1983b), which, in turn, project
to the FEFsem (Tian & Lynch, 1997). This feedback
information from the reflexive pathway could dampen
the drive provided by the volitional pathway. We did
find such a decrease in many FEFsem neurons, but not
all. We contrast these results with findings from a target
blink task used to assess the relative contributions of
retinal and extraretinal components to FEFsem neu-
ronal activity during volitional pursuit. Some of the
neurons in our study were also part of the sample in
prior work (Bakst, Fleuriet, & Mustari, 2017; see the
Materials and methods section).

Materials and methods

Surgical procedures

Behavioral and neuronal data were collected from
three normal rhesus monkeys (Macaca mulatta, 5.5–
14.0 kg). Detailed descriptions of surgical procedures
can be found in earlier publications (e.g., Ono &
Mustari, 2010, 2012). Surgery was performed under
aseptic conditions using isoflurane anesthesia (1.25%–
2.5%) to stereotaxically implant a head stabilization
post and recording chambers (titanium; Crist Instru-
ments, Hagerstown, MD). In a second surgery, scleral
search coils were implanted underneath the conjunctiva
of both eyes (Judge, Richmond, & Chu, 1980). The
protocols were reviewed and approved by the Institu-
tional Animal Care and Use Committee at the
University of Washington, and all surgical procedures
were performed in strict compliance with the National
Institutes of Health Guide.

Data collection

During recording sessions, monkeys were seated in a
primate chair (Crist Instruments) with their heads
stabilized in the horizontal stereotaxic plane during all
experiments. All experiments were performed in a
lightproof, sound-attenuated room. Precision hardware
(CNC Electronics, Seattle, WA) and standard electro-
magnetic methods (Fuchs & Robinson, 1966) were used
to detect and calibrate eye movements. Prior to
digitization at 1 kHz with 16-bit precision using CED-
Power1401 hardware (Cambridge Electronic Designs,
Cambridge, UK), eye and target position feedback
signals were processed with anti-aliasing, six-pole
Bessel filters (200 Hz). Velocity and acceleration data
were filtered using an 80-point finite impulse response

digital filter with a bandpass of 50 Hz. Saccades were
removed from smooth pursuit traces using a custom
detection algorithm in MatLab (MathWorks, Natick,
MA). The removed saccades were replaced with a linear
interpolation.

Single-unit activity was recorded using modified
commercial glass- or epoxy-coated tungsten micro-
electrodes (Alpha-Omega, Alpharetta, GA; Frederick-
Haer Corporation, Brunswick, ME; impedance¼ 0.5 to
5 MX). Spike2 software was used for data acquisition
and initial offline analyses such as spike sorting
(Cambridge Electronic Designs). The neuronal re-
sponse was represented as a spike density function
generated by convolving spike times with a 5-ms
Gaussian function (Richmond, Optican, Podell, &
Spitzer, 1987).

Localization of FEFsem

We verified the location of our neurons using
stereotaxic location and functional criteria (including
directionally-tuned responses during volitional smooth
pursuit eye movements). Prior to surgery, the FEFsem
was localized using magnetic resonance imaging (T1
weighted, fast spin echo; Siemens 3T magnet). Re-
cording chambers were then stereotaxically implanted
over the FEFsem region. The location of the FEFsem
was also verified using depth measurements taken from
microdrive readings while neurons were recorded. The
depths corresponded to those expected from each
animal’s magnetic resonance image.

Behavioral paradigms

All visual stimuli were rear projected on a tangent
screen (91.4 cm 3 91.4 cm) that was 57 cm in front of
the monkey and delivered using appropriate optic
bench hardware and computer-controlled two-axis
mirror galvanometers (General Scanning, Watertown,
MA). Monkeys were trained to track a small-diameter
target spot (0.28; produced by a red laser light-emitting
diode) that moved in sinusoidal or step-ramp trajecto-
ries (Rashbass, 1961). The sinusoid task was used to
ascertain whether a neuron was sensitive to smooth
pursuit and determine its preferred direction, whereas
the step-ramp task was used for more in-depth analyses
(see below). Monkeys were also trained to perform
fixation and saccade tasks.

Neurons were first tested for responses during
smooth pursuit or saccadic eye movements using the
sinusoid and saccade tasks. Only neurons that re-
sponded during pursuit of the target spot moving in a
sinusoidal pattern at low frequency (0.15–0.35 Hz) were
included. While the target moved in the eight cardinal
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directions, neuronal activity was recorded, and the
neurons were subsequently tested using step-ramp
motion in the preferred and antipreferred directions.

In the step-ramp task, the target was first stationary
at the center of the screen for 1000 ms. The target then
moved at a velocity of 158/s to an excursion of 158, at
which point it stopped and remained static and
illuminated for another 1000 ms. The preferred and
antipreferred directions for each neuron were randomly
interleaved. These step-ramp trials with the target spot
alone are referred to as ‘‘control’’ trials for all
subsequent tasks.

Neurons were also tested with an LF motion task.
The small target spot moved in the same step-ramp
trajectory as described above and was accompanied by
a large, textured, black-and-white background moving
with the same trajectory (.508 3 508; Supplementary
Figure S1). Motion was made coherent by projecting
the image of a random-dot pattern and the target spot
off the same galvanometers. Preferred and antipre-
ferred directions were randomly interleaved, but the LF
trials were not interleaved with control trials and were
instead delivered in blocks. Monkeys were rewarded
only for accurate tracking of the small target spot; they
were not rewarded for tracking other features of the LF
stimulus or other types of eye movements.

Neurons were additionally tested with a target blink
task (Newsome, Wurtz, & Komatsu, 1988; Tanaka &
Fukushima, 1998; Ono & Mustari, 2006). In this task,
the target spot alone moved in the same step-ramp
trajectory but was extinguished for 150 ms, starting 50,
100, 200, 300, 400, or 500 ms after target motion onset.
Blink trials were randomly interleaved with control
trials, and preferred and antipreferred directions were
interleaved as well. Blink trials comprised between 50%
and 70% of the trials during the blink task. These
neurons represent 20% (28/137) of the population in the
Bakst et al. (2017) article and 65% (28/43) of the
population in this article.

Most neurons were also tested for visual motion
sensitivity. Monkeys were required to fixate the small
target spot while it remained stationary at the center of
the screen and the LF stimulus moved in a sinusoidal
trajectory. This allowed us to assess whether neurons
respond to visual motion independent of pursuit and
determine if such sensitivity was in the same or opposite
direction of the preferred direction for pursuit.

Data analysis

Data taken from at least 10 trials were averaged and
used to calculate neuronal and behavioral latencies.
The times at which the neuronal response and eye
velocity exceeded three standard deviations above
baseline were designated the neuronal and eye move-

ment latencies, respectively. Baseline was defined as the
100 ms prior to target motion onset. The overall
neuronal latency was then expressed as the difference
between eye and neuron, where negative values
represent the latencies of neurons that began respond-
ing before eye movement onset.

To quantify the response to the addition of LF
motion during step-ramp tracking, the percentage
change from control was calculated. Negative changes
indicate less activity during the LF trials than control.
Two intervals were used for this calculation: initiation
(50–200 ms after target motion onset) and maintenance
(300–600 ms after target motion onset). The neuronal
responses to the LF motion during these intervals are
referred to as LFinit and LFmaint, respectively. Neurons
whose responses began after the initiation interval were
not included in these particular analyses. Thus, there
are fewer neurons included in analyses involving the
early part of the trial.

To quantify the response to the target blink, the eye
velocity and firing rate were averaged over a 150-ms
interval, delayed 60 ms from the onset of the blink to
allow for delays in visual processing (Newsome et al.,
1988; Tanaka & Fukushima, 1998). This average was
compared with averages over the same interval for
control trials, and the difference was expressed as
percentage change and called the blink response.
Negative blink responses indicate that the unit was less
active during the blink than during control trials,
whereas positive values indicate that the cell increased
its activity compared with control. Blink timings were
divided into early (50 and 100 ms) and late (300–600
ms) groups, to assess whether blink responses changed
throughout the time course of pursuit. Neurons whose
responses began after the early blink interval were not
included in this particular analysis.

Results

Smooth pursuit with LF motion

We assessed the effects of adding concurrent LF
motion to a step-ramp tracking task in three monkeys
(Figure 2). The onset dynamics were largely similar
between control trials without LF motion and LF trials
for all three animals. For Monkeys T and B, the
behavioral pursuit latency was slightly shorter for LF
trials as compared with control; however, Monkey F
actually showed the opposite effect (p , 0.001 for all
animals; Table 1). The gain in LF trials as compared
with control also showed similar results: Monkeys T
and B had gains greater than 1.0 during the initiation
interval along with significantly greater eye velocity
(50–200 ms after target motion onset, first gray shaded
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region Figure 2), and Monkey F had a gain of 0.8
(Table 1).

Following the initiation interval, the eye velocity in
LF trials briefly decreased before rebounding to control
levels again (Figure 2). Monkey B had only one such
decrease (Figure 2B), whereas monkeys T and F
arguably have two separate cycles of this behavior
(Figure 2A, C). For all monkeys, the eye velocity
overshot control levels at around 400–450 ms after
target motion onset (Figure 2). To quantify these early
decreases in eye velocity unique to LF trials, we found
the local maxima and minima for each peak-trough
cycle (Figure 3A) and calculated the differences
between the peak and subsequent trough (Figure 3B).
The peak-trough differences were all about 2.0–2.58/s,
and similar across animals and cycles of peak-trough
behavior.

Although this peak-trough behavior is present at the
very beginning of the maintenance interval (300–600 ms
after target motion onset, second gray shaded region
Figure 2), the gain during that interval is equal to
control levels because of the subsequent increase in eye
velocity for all monkeys (Table 1). This comparatively
greater eye velocity continues throughout the duration
of pursuit, becoming even more noticeable toward the
end of target motion and pursuit offset (Figure 2). This
is also demonstrated in the greater-than-1.0 gain and a
significantly greater eye velocity for LF trials compared
with controls for the whole pursuit interval for
monkeys T and B (p , 0.001 for both).

Response of individual FEFsem neurons during
pursuit with LF motion

We included a total of 43 FEFsem neurons recorded
from three monkeys in this study (Monkey B, n¼ 15;
Monkey F, n ¼ 6; Monkey T, n¼ 22). Only neurons
that responded to tracking of a small-diameter (0.28)
target spot during step-ramp tracking were included.
When tested for visual motion sensitivity (response to
LF motion during fixation), 20 neurons (47%) exhibited
a visual motion response, 19 (44%) did not, and 4 (9%)
were not sufficiently tested. Of those that were sensitive
to visual motion, 60% had the same preferred direction

Figure 2. Smooth eye movements in a combined volitional and
reflexive tracking task. (A) Average eye movement traces for
Monkey T. The gray trace represents control trials (n¼921) with
no LF motion, and the black trace represents trials with
concurrent LF motion (n¼ 532). Target motion onset and offset

!

 
at 0 and 1000 ms, respectively, indicated by the dashed vertical
lines. The gray shaded regions indicate the quantification
intervals used for initiation (50–200 ms after target motion
onset) and maintenance (300–600 ms). (B) Average eye
movement traces for Monkey B, same conventions as in (A).
Control trials n ¼ 752, LF trials n¼ 202. (C) Average eye
movement traces for Monkey F, same conventions as in (A).
Control trials n ¼ 978, LF trials n¼ 90.
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for visual motion and pursuit, whereas 35% exhibited
the opposite relationship. One neuron (5%) exhibited
visual motion sensitivity in both the preferred and
antipreferred direction of pursuit. Visual motion
sensitivity was not associated with differences in any
other tested variables, aside from neuronal latency in
control trials. Cells with visual motion sensitivity had
significantly shorter neuronal latencies (99.4 6 9.4 ms
[M 6 SEM]) compared with neurons without visual
motion sensitivity (160.5 6 22.6 ms, p¼ 0.01; data not
shown).

An example FEFsem neuronal response to step-
ramp tracking in both control and LF trials is shown in
Figure 4. The eye velocity and firing rate traces are
broadly similar between control (n ¼ 26, gray shaded
region) and LF trials (n¼ 19, black line). The latencies
are also similar for control and LF trials for both the
behavior and neuronal responses, at about 100 ms and
70 ms after target motion onset, respectively. The eye
velocity in LF trials is slightly higher than in control
trials, on average (11.58/s in LF trials compared with
11.18/s in control trials), although they exhibit similar
dynamics overall (Figure 4, top panel).

Interestingly, there are some notable differences in
the neuronal activity between control and LF trials
(Figure 4, middle panel). In the control trials (gray
shaded region), there is a gradual increase in firing rate
during the initiation phase of pursuit, followed by a
plateau that persists throughout the duration of
pursuit. In contrast, during LF trials (black line), there
is a sharp, transient peak in activity that coincides with
pursuit onset. The activity then drops to a level that is
just below the plateau seen in control trials, and this
level of activity is maintained throughout the duration
of pursuit. At pursuit offset, there is a similar sharp,

transient peak that coincides with the time the eyes stop
moving, following which the neuronal activity returns
to baseline levels. Although there are some similarities
between the control and LF neuronal responses, the
transient peaks featuring higher activity than control
and the sustained activity at levels lower than control
are conspicuous differences.

To investigate whether the observed differences in
neuronal activity (Figure 4) could be related to
differences in eye velocity (as seen in Figures 2 and 4),
we directly assessed the relationship between firing rate
and eye velocity in the initiation (Figure 5A1, B1) and
maintenance (Figure 5A2, B2) intervals. The neuron in
Figure 5A is the same one whose activity was shown in
Figure 4. Each point represents the average firing rate
and eye velocity over the interval (initiation: 50–200
ms, maintenance: 300–600 ms) on an individual trial.
Significant differences in eye velocity and firing rate

Monkey T Monkey B Monkey F

Gain (LF/control)
Initiation 1.1 (0.4) 1.3 (0.7) 0.8 (0.3)
Maintenance 1.0 (0.2) 1.0 (0.3) 1.0 (0.2)
Whole interval 1.1 (0.2) 1.1 (0.3) 1.0 (0.2)

Latency (ms)
LF 95 (21) 94 (27) 92 (13)
Control 101 (20) 122 (40) 84 (16)

n (trials)
LF 532 202 90
Control 921 752 992

Table 1. Gain and latency for trials with LF motion. Notes: Gain
is the ratio of the eye velocity for trials with LF motion
compared with the eye velocity in control trials, for three
intervals: initiation (50–200 ms after target motion onset),
maintenance (300–600 ms), and the whole interval (50–1100
ms). Standard deviations in parentheses. Average behavioral
latency for control trials and LF trials given as time following
target motion onset. n ¼ number of trials included for each
animal.

Figure 3. Quantification of behavior. (A) Eye velocity at peaks
and troughs during pursuit, as seen in Figure 2. Each line
represents data from an individual monkey. Both Monkeys T
and F had two quantifiable peaks and troughs, whereas Monkey
B exhibited only one. (B) Peak-trough differences in eye velocity
for each monkey.
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between LF and control trials for both intervals are
observed (p , 0.05), but there is no significant
relationship between eye velocity and firing rate for LF
or control trials, for either interval (control: R2¼ 0.056,
p¼ 0.25 for initiation and R2¼ 0.109, p ¼ 0.10 for
maintenance; LF: R2¼0.003, p¼0.82 for initiation and
R2¼ 0.148, p ¼ 0.11 for maintenance). This suggests
that the observed differences in firing rate between
control and LF trials are unlikely to have resulted from
differences in eye velocity.

In contrast, the neuron in Figure 5B does have a
significant relationship between eye velocity and firing
rate in control trials (R2¼ 0.243, p¼ 0.02 for initiation;
R2¼ 0.200, p¼ 0.04 for maintenance) with an increase
in firing rate with higher eye velocity. However, the
same relationship was not observed in LF trials (R2¼
0.002, p ¼ 0.85 for initiation; R2 ¼ 0.138, p¼ 0.14 for
maintenance). It is clear from this comparison that
differences in eye velocity do not underlie the signifi-
cant differences in firing rate between LF and control
trials (p , 0.001).

In addition, the effect of the added LF motion
changed throughout the time course of pursuit for both
neurons (Figure 5A3, B3). LF response was calculated
for both initiation (LFinit) and maintenance (LFmaint)
intervals. Both neurons showed a significant difference
between LFinit and LFmaint (Student’s t test, p , 0.001
for both neurons).

Because LF and control trials were not interleaved,
we also wanted to assess the firing rate across trials
within an LF block (Supplemental Figure S2). We
found that in the initiation interval, five of 39 neurons
(13%) had a significant relationship between trial
number and firing rate (e.g., Supplemental Figure S2B),
whereas in the maintenance interval, nine of 43 neurons
(21%) had a significant relationship (e.g., Supplemental
Figure S2A). Notably, of these neurons with significant
relationships, only one showed such a relationship
within both intervals. This analysis suggests that the
responses of our population of neurons would not
likely be different with interleaved conditions.

FEFsem population response during pursuit with
LF motion

Over the whole population of neurons, 10 of 39
(26%) had significant differences between LF and
control trials in both firing rate and eye velocity during
the initiation interval. Of those 10 neurons, only one
(Figure 5B) showed a significant correlation between
eye velocity and firing rate in control trials, and even
this correlation could not explain the observed differ-
ences in firing rate between LF and control trials. For
the initiation interval, we excluded any neuron whose
latency was sufficiently long so as to have little or no
response within the interval (four of 43 neurons).

In the maintenance interval, 15 of 43 neurons (35%)
had significant differences in both firing rate and eye
velocity. None of these neurons had significant
correlations between eye velocity and firing rate in
control trials, again suggesting that eye velocity alone is
not sufficient to explain the significant differences in
firing rate seen between LF and control trials.

To assess the distribution of FEFsem responses to
combined volitional and reflexive pursuit, we compared
the average activity for each neuron in LF trials to the
average activity in control trials (Figure 6). We
expressed the difference as a percentage change from
control levels. In this scheme, negative differences
represent neurons whose activity levels in LF trials were
less than in control trials. We assessed this LF response
in both the initiation interval (LFinit, Figure 6A; n¼ 39)
and the maintenance interval (LFmaint, Figure 6B; n ¼
43). In both cases, there is a broad range of responses
from highly negative to positive. The mean value for
initiation is 37% (dashed line, Figure 6A), whereas the
mean value for maintenance is "23% (dashed line,
Figure 6B). However, there is no significant difference
between these two distributions (Student’s t test, p¼
0.85).

To determine whether the LF response is consistent
over time, we compared the LFinit and LFmaint

responses (Figure 6C). There is a clear, positive

Figure 4. Example FEFsem neuronal activity during combined
volitional and reflexive pursuit. Top panel shows the target
velocity (dashed line), average eye velocity in control trials (gray
shaded region, n¼ 26), and LF trials (black line, n¼ 19). Middle
panel shows the average spike density function for control and
LF trials; conventions as in the top panel. Gray horizontal lines
represent the intervals used for initiation and maintenance.
Bottom panel shows a raster plot for the LF trials. Data from
Monkey T.

Journal of Vision (2017) 17(5):13, 1–14 Bakst, Fleuriet, & Mustari 7

Downloaded From: http://jov.arvojournals.org/pdfaccess.ashx?url=/data/journals/jov/936220/ on 06/05/2017



relationship between the two LF responses, indicated
by the best-fit line (dashed; R2¼ 0.392, p , 0.001). This
indicates that the LF response for the majority of
neurons is relatively reliable over time despite the fact
that some individual neurons show significantly dif-
ferent activity during initiation and maintenance (e.g.,
Figure 5A3, B3).

Comparison of FEFsem response during pursuit
with LF motion and pursuit with target blink

Given that the differences in tracking behavior
between LF and control trials are generated by
characteristics of retinal image motion, we wanted to
compare the effects of LF motion to another manip-
ulation of retinal input: the target blink. This compar-
ison can be seen in Figure 7. Target blinks that began at
either 50 or 100 ms after target motion onset were
considered to be ‘‘early’’ blinks, whereas target blinks
beginning at 300–500 ms after target motion onset were
considered ‘‘late’’ blinks. The blink response, similar to
the LF response, was expressed as the percentage
change in firing rate following the target blink
compared with control levels in the same interval.
Again, negative responses represent neurons that were

less active following the blink as compared with the
same interval in control trials.

We compared the LFinit response to the early blink
response (Figure 7A, n ¼ 20) and did not find a
significant relationship (dashed line, R2¼ 0.049, p ¼
0.35). However, a relationship was evident for the
maintenance interval (Figure 7B, n ¼ 30), with those
neurons exhibiting the most negative LF responses also
showing the most negative blink responses. In this case,
there is a significant, positive relationship between the
LFmaint response and the late blink response (dashed
line, R2¼ 0.220, p , 0.01). Somewhat surprisingly, this
suggests that neuronal responses to the removal of
retinal input are related to the responses to the addition
of retinal input.

Discussion

The generation of smooth eye movements is gener-
ally studied using either volitional smooth pursuit or
reflexive ocular following behaviors. In this study, we
sought to describe whether and how the behavior for
combined volitional and reflexive pursuit differs from
that of pursuit of a small spot alone. We also

Figure 5. Relationship of firing rate to eye velocity in two representative FEFsem neurons. The neuron in (A) is the same as from
Figure 4. (A1) Data from initiation interval. Average of firing rate and eye velocity from the initiation interval for control (gray, n¼ 26)
and LF (black, n¼ 19) trials. Dotted lines represent best linear fits. (A2) Data from maintenance interval, same conventions as in A1.
(A3) LF response for both intervals for each LF trial. Mean and 95% confidence intervals shown atop in black. Significant difference
between initiation and maintenance (p , 0.001). (B1–3) Same conventions as in (A1–3). Control trials (n¼ 21), LF trials (n¼ 17). Data
from Monkey T. Significant difference between LFinit and LFmaint, p , 0.001.
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investigated the response of FEFsem neurons to such
combined pursuit. We then compared the responses of
FEFsem neurons in the LF task to neuronal retinal and
extraretinal sensitivities.

Behavior in a combined volitional and reflexive
pursuit task

LF motion is known to evoke neuronal and
behavioral responses at shorter latencies than those
associated with motion of small visual targets alone
(Kawano & Miles, 1986; Miles et al., 1986; Gellman et
al., 1990). In addition, it has been shown that the gain
of reflexive ocular following is greater than in volitional
smooth pursuit eye movements (Kawano, 1999). We
found that combined volitional and reflexive pursuit
also induced shorter behavioral latencies than purely
volitional pursuit for two of the three animals, with the
mean latency decrease for the three monkeys being 9
ms. Beyond this, the eye velocity in LF trials is greater
than or equal to control eye velocity in eight of nine
intervals analyzed (three intervals for three monkeys).

Interestingly, there is less stability at the end of the
initiation phase in LF trials than control (Figures 2 and
3). There appears to be some sort of ringing dynamic
(e.g., underdamped oscillations) in the eye velocity
traces of all three animals as the eye velocity
approaches its peak, around 200–300 ms after target
motion onset. Compared with the control trials, it takes
longer for the eye velocity to settle and reach steady
state. This suggests that although the LF motion causes
the eyes to start moving faster and earlier than in
control trials, it induces more uncertainty as to the
actual movement of the target. This uncertainty could
result from the higher open-loop accelerations that are
seen during pursuit of large patches of random-dot
motion (Heinen & Watamaniuk, 1998), which is
somewhat similar to our combined volitional and
reflexive task. Increased open-loop acceleration could
contribute to the initial overshoot and subsequent
retinal velocity errors that the animal needs to override!

 
Figure 6. Distribution of neuronal responses across the FEFsem
population. (A) LFinit: each point represents an individual
neuron’s response (n ¼ 39). Difference in firing rate between
control and LF trials expressed as percentage change; significant
differences between LF and control shown by black points.
Mean of responses shown by dashed vertical line (37%). (B)
Same conventions as in (A) but for the LFmaint (n¼ 43). Mean¼
"23%. (C) Comparison of LFinit and LFmaint. Each point
represents data from one neuron. Dotted line represents unity,
and the dashed line is the line of best fit (R2 ¼ 0.392, p ,
0.001), with the equation: LFmaint ¼ 0.54(LFinit) – 3.17.
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through the use of extraretinal signals to achieve
accurate pursuit.

Following this instability, the animal maintains a
high steady-state eye velocity at levels greater than
control throughout the remainder of the pursuit
interval. In fact, some of the greatest differences in eye
velocity between LF and control trials are in the last
200–400 ms of target motion. This suggests that
although the animal is exerting volitional control to
keep the eyes on target, the added LF motion is quite
effective in increasing the eye velocity above control
levels, as would be expected of reflexive eye movements.

Single neuron response to a combined volitional
and reflexive pursuit task

Neurons in the FEFsem are theorized to be involved
in the initiation of volitional smooth pursuit eye
movements as well as dynamic gain control for pursuit
(Tanaka & Lisberger, 2001, 2002; Ono & Mustari,
2009). However, FEFsem neurons are not understood
to play these roles for reflexive eye movements, which
are thought to be subserved by the MT-MST-DLPN
pathway. Thus, we hypothesized that the neurons in the
FEFsem would be less active for a task that combines
reflexive and volitional eye movements because of the
increased drive provided by the MT-MST-DLPN
pathway.

Although there were many overall similarities in the
firing rate dynamics for FEFsem neurons when
comparing volitional (control) and reflexiveþvolitional

(LF) pursuit, there were also notable differences.
Although eye velocity was at or above control levels,
the firing rate was often below control levels during
steady-state pursuit, with a mean response that was
23% less than control activity.

However, given the differences in eye velocity
between control and LF trials, we wanted to ensure
that the neuronal effects were not due to these increases
in eye velocity. Of the neurons that had significantly
different firing rates and eye velocities when comparing
control and LF trials, only one had a significant
correlation between eye velocity and firing rate within
control trials. This means that the vast majority of
FEFsem neurons exhibit limited eye velocity sensitivity
within the range of observed eye velocities, suggesting
that differences in eye velocity are not sufficient to
explain changes in firing rates between LF and control
tasks.

In addition to the influence of eye velocity, we also
wanted to assess the effects of LF motion on neuronal
activity across trials. Only one neuron showed a
significant relationship between firing rate and the
number of trials in both initiation and maintenance
intervals, whereas 13 other neurons (30%) had a
significant relationship in only one interval. These
relationships generally took the form of gradual
decreases in activity over the course of the block within
a given analysis interval (e.g., initiation).

In cases like these, it may be that the sudden presence
of LF motion provides a strong retinal signal to the
FEFsem in the beginning of the block, likely via
projections from MST (Tian & Lynch, 1996; Stanton et

Figure 7. Comparison of LF and blink responses in FEFsem neurons. (A) Comparison of LFinit (50–200 ms after target motion onset)
and the early blink response (110–310 ms). Each gray point represents data from one neuron (n¼ 20). Dashed line is the line of best
fit (R2¼ 0.049, p¼ 0.35), with the equation: Early Blink Response¼ 0.11(LFinit) – 6.86. (B) Same conventions as in (A) but for LFmaint

(300–600 ms) and late blink response (360–710 ms; n¼ 30). The line of best fit (R2¼ 0.220, p , 0.01) has the equation: Late Blink
Response ¼ 0.28(LFmaint) – 4.54.
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al., 2005). Then, some habituation or reweighting of
signals could occur to lessen the impact of this
continuously present LF background as the block
progresses, although this possible habituation does not
seem to correlate with visual motion sensitivity.
Whether such habituation, if it is indeed taking place,
follows from similar habituation in earlier structures
such as MST and MT or appears de novo in the
FEFsem is an open question. However, it is clear that
the majority of FEFsem neurons do not seem to be
affected by the block design of our study.

In addition, for some neurons, the presence of the
LF motion causes differential effects during the
initiation and maintenance intervals (two examples of
which can be seen in Figure 5A3, 5B3). According to
our central hypothesis, these changes in activity could
be due to changing weights of the drives from the MT-
MST-DLPN and FEF-NRTP pathways. Similarly, it
has been recently shown that the weights of retinal and
extraretinal signals in FEFsem activity are not static
throughout the time course of pursuit (Bakst et al.,
2017), as has been demonstrated previously for
behavior (Bogadhi, Montagnini, & Masson, 2013).
This could also contribute to the differential effects of
the LF motion during initiation and maintenance.
Below, we discuss the possible explanations for these
results in more detail.

FEFsem population response and comparison to
other neuronal sensitivities

Overall, the FEFsem neuronal response is greater in
LF trials than control during the initiation interval and
less than control during the maintenance interval, on
average. According to our main hypothesis, this result
would suggest that the voluntary drive from the
FEFsem is stronger during initiation than during
maintenance. These differential effects could be due to
the fact that, although the combined pursuit relies more
on reflexive pursuit pathways, the large pulse of image
motion during initiation provides a strong, transient
increase in activity to many neurons in the FEFsem.
Thus, the increased contribution from image motion
early in the trial masks the decreased involvement of
the FEFsem in the combined reflexive-volitional
behavior.

Surprisingly, the LF response is also moderately
correlated with the blink response. Although the results
from the initiation interval are not significant, they are
similar to the significant findings from the maintenance
interval. Both intervals show positive relationships
between the blink response and LF response with
similar slopes. Interestingly, this means that the
addition of retinal input from the LF motion induces a
similar response to taking away the visual target within

the same neurons. This could potentially be due to
neurons being sensitive to anything that perturbs the
expected step-ramp pursuit task, such as the removal of
the target or the addition of other visual stimuli.

In both tasks, the changes in activity could reflect the
weights of the signal from the rewarded target spot. For
neurons that increase their activity in response to both
perturbations, this could be a form of attention or
compensation. When the target is blinked, the retinal
signal, and therefore some of the drive for pursuit, is
removed. Thus, in order for the eyes to continue
moving in the absence of a visual target, some other
neurons must increase their activity to compensate, as
has been reported before (Tanaka & Fukushima, 1998;
Bakst et al., 2017). In the case of the LF motion, the
textured background is composed of many spots,
dispersed across the screen. These spots could ostensi-
bly be targets of pursuit, although only the red laser
spot is rewarded. It is therefore possible that some
neurons increase their activity to provide a stronger
attention or gain signal for the retinal input from the
rewarded target spot. To outcompete all of the other
possible visual targets, the system may increase the
weight of the signals coming from the target spot. Thus,
the same neurons could increase their activity in
response to both the addition and subtraction of retinal
stimuli.

In contrast, neurons may decrease their activity in
response to both types of perturbations, possibly
because of the lack of signals propagating from earlier
visual areas such as MT and MST or because of a
compensatory decrease in drive from the FEF-NRTP
pathway effected by cerebellar-thalamocortical feed-
back signals. In the case of the target blink, the retinal
signals are no longer present in areas dependent on
retinal input, such as MT, and this in turn decreases
the input to MST and FEFsem. In the case of the
additional LF motion, although there is a great deal of
retinal input, it may be flowing through reflexive
pathways that handle full-field stimuli rather than
small spots. In response to this increased reflexive
drive, the volitional pathway might decrease its drive
to maintain accurate eye movements in response to
feedback signals traveling from the cerebellum to the
thalamus and back to the FEFsem (Stanton, 1980;
Asanuma et al., 1983a, 1983b; Tian & Lynch, 1997).
These possibilities could explain the seemingly para-
doxical findings that both subtracting and adding
retinal stimuli have similar effects in individual
FEFsem neurons. These results are also in keeping
with prior findings suggesting that there are multiple
subgroups of neurons within the FEFsem that likely
play different functional roles in volitional smooth
pursuit eye movements (Bakst et al., 2017).
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Conclusions

This study assesses the role of the FEFsem in
combined volitional and reflexive pursuit. As expected,
the behavior during such a combined task begins
sooner and is executed at a higher gain than purely
volitional pursuit. Somewhat surprisingly, we also
found evidence that this addition of the LF motion
makes the transition to steady-state pursuit less stable,
possibly because of a diminished ability to use
extraretinal components to override early retinal image
motion or the difficulty in determining the appropriate
balance between volitional and reflexive drives.

We also found that the FEFsem as a whole
participates less in the combined behavior than in
purely volitional pursuit, again confirming our expec-
tations. We also show that these results are in
accordance with the findings from a target blink task,
indicating that there may be a subset of neurons that
compensate in the presence of perturbations such as the
removal of the target spot or the appearance of LF
motion.

Further work will be necessary to verify that the
introduction of LF motion into a volitional smooth
pursuit task lessens the information flow between MST
and FEF and increases the flow through the MT-MST-
DLPN pathway. Testing the response of MST and MT
neurons to this combined volitional and reflexive
pursuit task will likely help clarify the role(s) of these
cortical nodes of pursuit.

Keywords: smooth pursuit, FEF, ocular following,
retinal input
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ABSTRACT 6 

Successful decision making requires accurate predictions about uncertain future events. Prior 7 

work suggests that decision makers represent not only predictive point estimates but also the 8 

associated level of uncertainty, and studies of explicit predictive inference have shown that 9 

uncertainty has a role in governing belief updating in dynamic environments. However, it is 10 

unknown whether the same adaptive belief-updating dynamics occur spontaneously, outside the 11 

context of a task requiring predictions to be explicitly reported. Here, we introduce a predictive 12 

inference paradigm in which gaze position serves as an implicit index of both predictions and 13 

their precision. We found that (1) predictive inference manifests in spontaneous gaze dynamics; 14 

(2) the updating of gaze-based predictions reflects adaptation to environmental structure; and (3) 15 

anticipatory gaze variability reflects predictive uncertainty. This suggests that oculomotor 16 

behavior carries useful information about the full probability distributions that characterize 17 

internal predictive beliefs.  18 



 3 

INTRODUCTION 19 

Good decision making relies on the ability to make accurate predictions about future events. 20 

For instance, your choice of which bus to catch to make an early morning meeting will be guided 21 

by a prediction of the time you expect the bus to arrive. Your choice should depend not only on a 22 

point prediction (the average or most likely outcome) but also on the associated precision. If the 23 

bus’s timing is highly variable, you might want to take an earlier bus.  24 

Existing evidence supports the idea that decision makers cognitively represent information 25 

about the width and shape, not merely the central tendency, of the probability distribution that 26 

describes an uncertain future event. Bayesian theories of perception and action are premised on 27 

the idea that the brain encodes probability distributions to quantify the uncertainty in sensory, 28 

cognitive, and motor parameters (Knill & Pouget, 2004; Kording & Wolpert, 2004). Maintaining 29 

internal probability distributions at intermediate stages of processing can support the adaptive 30 

integration of multiple sources of information.  31 

Signatures of distributional knowledge are apparent in behavior even when internal beliefs 32 

must ultimately be collapsed to a point-estimate to select an action or express an overt prediction. 33 

In tasks that require explicit predictive estimates, variability across repeated responses is 34 

suggestive of a process of sampling from an internal distribution (Bonawitz, Denison, Griffiths, 35 

& Gopnik, 2014; Vul, Goodman, Griffiths, & Tenenbaum, 2014; Vul & Pashler, 2008). When 36 

people make predictions about an event's temporal duration, their responses reflect the accurate 37 

integration of a domain-specific prior belief distribution with partial information, such as 38 

learning the event has lasted "at least" a certain amount of time already (Griffiths & Tenenbaum, 39 

2006, 2011; McGuire & Kable, 2013).  40 



 4 

Internal representations of uncertainty have an important theoretical role in governing belief 41 

updating in environments where observations are noisy and the ground truth is volatile (Behrens, 42 

Woolrich, Walton, & Rushworth, 2007; McGuire, Nassar, Gold, & Kable, 2014; Nassar, Wilson, 43 

Heasly, & Gold, 2010; Yu & Dayan, 2005). The rate of learning from incoming information has 44 

been shown to be adaptively modulated by subjective uncertainty, environmental volatility, and 45 

the unexpectedness and predictive validity of new observations (Behrens et al., 2007; McGuire et 46 

al., 2014; Nassar et al., 2012, 2010; O’Reilly et al., 2013; Ossmy et al., 2013; Payzan-LeNestour 47 

& Bossaerts, 2011; Payzan-LeNestour, Dunne, Bossaerts, & O’Doherty, 2013). Learning rate 48 

can also be influenced by nominally irrelevant factors such as arousing stimuli and incidental 49 

rewards (McGuire et al., 2014; Nassar et al., 2012). 50 

Previous studies of dynamic predictive inference have used tasks in which participants were 51 

instructed to make discrete, explicit predictions or choices. It is unknown whether the same 52 

adaptive dynamics occur when predictions are implicit or spontaneous. Furthermore, although 53 

prior work has made strides by computationally inferring the precision of subjective beliefs, we 54 

lack methods for directly observing the width of the internal predictive distribution. The present 55 

investigation tackles both these shortcomings by introducing a dynamic predictive inference 56 

paradigm in which gaze position serves as an implicit index of moment-by-moment predictions. 57 

It is well established that gaze is predictive (Henderson, 2017). For example, eye movements 58 

can anticipate the trajectory of a bouncing ball in a manner that evinces a complex internal 59 

predictive model (Diaz, Cooper, & Hayhoe, 2013; M. M. Hayhoe, Mckinney, Chajka, & Pelz, 60 

2012; Land & McLeod, 2000). Microsaccades – saccades with amplitudes less than 0.5-1° 61 

(Poletti & Rucci, 2016) – are biased toward the direction of covert spatial attention (Hafed, 62 

Lovejoy, & Krauzlis, 2011; Yuval-Greenberg, Merriam, & Heeger, 2014), and also tend to 63 
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predict choice (Yu et al., 2016). Extensive evidence supports the general utility of gaze behavior 64 

for diagnosing internal dynamics of decision processes (Cavanagh, Wiecki, Kochar, & Frank, 65 

2014; M. Hayhoe & Ballard, 2005; Konovalov & Krajbich, 2016; Krajbich, Armel, & Rangel, 66 

2010; Manohar, Finzi, Drew, & Husain, 2017; Shimojo, Simion, Shimojo, & Scheier, 2003). 67 

We created an eye-tracking task that implicitly required participants to anticipate the spatial 68 

location of an upcoming visual target. As we hypothesized, gaze position just prior to stimulus 69 

onset was predictive of the upcoming stimulus position, and showed evidence for an adaptive 70 

learning rate across environments with different generative parameters. We next focused on gaze 71 

variability during a pre-stimulus interval, which we hypothesized would be associated with the 72 

precision of the predictive distribution. We found that pre-stimulus gaze variability was 73 

correlated with theoretical levels of uncertainty, both across trials and environments. Other 74 

aspects of oculomotor behavior (e.g. saccade amplitude and frequency) showed weaker 75 

associations with subjective uncertainty. Contrary to our expectations, a manipulation of reward 76 

availability had little effect on learning rate or oculomotor dynamics.  77 

Our results suggest that (1) predictive inference manifests in spontaneous gaze dynamics; (2) 78 

the updating of gaze-based predictions reflects adaptation to environmental structure; and (3) 79 

anticipatory gaze variability carries information about predictive uncertainty. Oculomotor 80 

behavior thus appears to provide a multidimensional readout of the internal belief distribution, 81 

demonstrating the flexibility with which the brain encodes and uses information about predictive 82 

uncertainty. 83 

METHODS 84 

Participants 85 



 6 

The study was preregistered with the Open Science Framework [https://osf.io/sh76b]. All 86 

procedures were approved by the Boston University Institutional Review Board, and informed 87 

consent was obtained for all participants. Participants were recruited from the Boston University 88 

community (N=56, 42 female, Age: mean = 20.4, SD=2.0, range 18-27). All participants had 89 

normal or corrected-to-normal vision. One additional participant was excluded based on the 90 

preregistered criterion of missing eye-tracking data for more than 100 trials in a given condition 91 

(see below). No participants were excluded based on the other preregistered criteria (all 92 

completed the full session and had >60% task accuracy). A second additional participant was 93 

excluded for a reason not anticipated in the preregistration: highly variable eye position in the 94 

vertical dimension (standard deviation >3.5°), which was suggestive of poor calibration or other 95 

oculomotor issues like nystagmus, given that task stimuli only varied horizontally.  96 

Task 97 

Participants performed an implicit spatial prediction task programmed in Python using 98 

PsychoPy (v1.85.1, Peirce, 2007). The nominal task was to report whether briefly presented 99 

digits were even or odd in order to earn reward. The horizontal position of the digit on the screen 100 

varied across trials.  101 

The digit appeared with two flanking Xs for 150 ms (Figure 1) before being backward-102 

masked by another X, and the participant had unlimited time to respond by pressing "1" for 103 

"Odd" or "0" for "Even." Accuracy feedback (a filled or empty circle) was then displayed for 500 104 

ms at the same location as the digit, followed by a 750-ms blank inter-trial interval (ITI). The 105 

task was designed to create an implicit incentive for participants to anticipate the location of the 106 

next digit during the ITI so they could use central vision to make the odd/even judgment.  107 
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The stimuli on each trial (digit, Xs, and feedback) were presented in either yellow or blue 108 

(randomly, with equal probability). One color (counterbalanced across participants) indicated 109 

that a correct response would earn one unit of reward ($0.04), whereas the other color indicated 110 

no reward was available. Trials were presented in blocks of 40. A horizontal bar at the bottom of 111 

the screen increased in length proportional to the cumulative reward earned in the current block. 112 

There were four types of blocks: No, Low, High, and Max Noise. In the Max Noise 113 

condition, each digit's horizontal location was drawn independently from a uniform distribution 114 

spanning 74% of the width of the display. For the No, Low, and High Noise conditions, each 115 

digit's horizontal location was drawn from a Gaussian distribution with a condition-specific 116 

standard deviation and a mean that was resampled from a uniform distribution at occasional 117 

unsignaled change points (cf. Nassar et al., 2010). The generative mean was not resampled 118 

during a two-trial refractory period after each change point, and was resampled with a 119 

probability of 0.125 thereafter, leading to an overall average change-point probability of 120 

approximately 0.1. In the No Noise condition, the standard deviation was essentially zero (s < 121 

0.01°). In the Low and High Noise conditions, s=1.67° and 4.14°, respectively. All stimuli were 122 

centered vertically. The condition assigned to the first block of the experiment was 123 

systematically counterbalanced across participants; otherwise, the four conditions were sampled 124 

in random order without replacement in sets of 4 blocks.  125 

Initial training consisted of instructions and four 10-trial practice blocks, one of each 126 

condition, in order of increasing noise. Participants then completed twenty 40-trial blocks for a 127 

total of 800 trials (200 per condition). Participants received no explicit instructions about the 128 

different conditions, nor were they told that pre-stimulus predictive gaze was of interest. 129 

Eye tracking acquisition and preprocessing 130 



 8 

Gaze data were collected monocularly at 1000 Hz with an EyeLink 1000+ desk-mounted 131 

video eye tracker (SR Research Ltd., Osgoode, Canada). Participants used a chin rest positioned 132 

57 cm from the display monitor (BENQ XL2430 with a resolution of 1920x1080). Gaze position 133 

data were decomposed into saccades, fixations, and blinks using the built-in EyeLink algorithm. 134 

Saccades were identified based on the conjunction of three thresholds: position (change > 0.15°), 135 

velocity (> 22°/s), and acceleration (>4000°/s2). Data from blink periods were excluded from 136 

analysis.  137 

Spatial prediction from eye position 138 

Our analyses focused on two summary measures extracted from each trial's gaze time course: 139 

(1) predictive gaze position and (2) gaze variability. Predictive gaze position was the horizontal 140 

gaze position at the time of digit onset. Because the feedback and ITI had a fixed, predictable 141 

duration, we hypothesized that gaze position at digit onset would correspond to a prediction of 142 

the digit's location. Gaze variability was the amount of eye movement during the 750 ms blank 143 

ITI that preceded each trial, which we hypothesized would reflect the degree of uncertainty 144 

associated with the upcoming prediction. We originally planned to quantify gaze variability in 145 

terms of the per-trial standard deviation of horizontal gaze position across samples. In a 146 

deviation from the preregistered plan, we subsequently developed a measure of per-trial gaze 147 

variability that factored out the net change in gaze position between the start and end of the ITI 148 

in order to avoid a confound between gaze variability and predictive gaze position. The analyses 149 

reported below quantify each trial's gaze variability in terms of the total absolute sample-to-150 

sample movement during the ITI minus the absolute value of the net position change (each 151 

restricted to the horizontal dimension). Using the originally planned standard deviation metric 152 

yielded similar results. 153 
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Trials with missing data at the time of digit onset were excluded from analyses of predictive 154 

gaze position (0–68 trials per participant, mean=6.3, median=0.5). Trials with missing data for 155 

more than half of the ITI were excluded from gaze variability analyses (0–83 trials, mean=10.9, 156 

median=3.0). The first trial of each block was also excluded, as participants had no basis for a 157 

spatial prediction. 158 

Reduced Bayesian theoretical model 159 

Previous research has shown that a reduced Bayesian model implemented as a delta rule 160 

captures key features of dynamic predictive inference (Nassar et al. 2010, 2012, 2019). In brief, 161 

the model generates each prediction based on its previous prediction, the prediction error 162 

associated with the previous observation, and a dynamically adapted learning rate. The learning 163 

rate is itself dependent on estimates of the trial-wise change point probability (CPP) and relative 164 

uncertainty (RU). CPP is the likelihood that the mean of the Gaussian distribution has been 165 

resampled, and RU is the fraction of total predictive uncertainty that is due to imprecise 166 

knowledge about the location of the generative mean. Higher values of CPP and RU are 167 

associated with higher trial-specific learning rates. (For details of the model see Nassar, 168 

McGuire, Ritz, & Kable, 2019).  169 

We estimated normative per-trial values of CPP and RU from the theoretical model on the 170 

basis of the sequence of stimulus locations. We then tested the influence of model-derived 171 

factors (CPP, RU) as well as model-unrelated factors (reward availability, condition-specific 172 

fixed learning rate) on both belief updating and gaze variability, using a linear regression 173 

framework described previously (McGuire et al., 2014). For analyses of belief updating, the 174 

dependent variable was the trial-to-trial change in predictive gaze position, and each explanatory 175 

factor was tested in terms of its multiplicative interaction with the previous prediction error. The 176 
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estimated regression coefficients therefore represented associations between the explanatory 177 

factors and learning rate. For analyses of gaze variability, coefficients represented the direct 178 

association of each explanatory factor with the empirically observed per-trial gaze variability. 179 

Regression models were fit for each participant separately using only data from the Low and 180 

High Noise blocks, with coefficients then tested against zero at the group level using Wilcoxon 181 

signed rank tests. The belief updating regression model included nuisance terms to account for 182 

left-right bias (mean = 0.003, p = 0.074) and edge avoidance (mean = 0.011, p < 0.001).  183 
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Figure 1. Implicit spatial prediction task. (A) A digit was displayed between flanking Xs for 150 184 
ms, before being masked with a third X. The participant had unlimited time to indicate with a 185 
button press whether the digit was even or odd. Feedback then appeared for 500 ms: a filled 186 
circle indicated a correct response and an unfilled circle indicated incorrect. The ITI was 750 ms. 187 
Total reward for each block of 40 trials was represented by the width of the bar at the bottom of 188 
the screen. (B) The generative mean was selected from a uniform distribution 22.14° wide. 189 
Gaussian generative distributions in the No, Low, and High Noise conditions had widths of 190 
s<0.01°, s=1.67°, and s=4.14° respectively. Digit locations were selected from these 191 
distributions, and the mean was resampled with a probability of 0.1. In the Max Noise condition, 192 
digit locations were selected from the uniform distribution on every trial. 193 

  194 

RESULTS 195 

We used a free-viewing implicit spatial prediction task to test whether eye movements 196 

carried information about the central tendency and width of internal predictive probability 197 

distributions. Participants (N=56) were required to make even/odd judgments for briefly 198 

presented digits (Figure 1A-B). The horizontal position of the digit was selected from a Gaussian 199 

distribution on each trial. The mean of the Gaussian distribution was resampled at occasional 200 

unsignaled change points, whereas the standard deviation (noise) varied across 40-trial blocks. 201 
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Three levels of noise were used for the Gaussian distribution, resulting in block types that ranged 202 

from No Noise (and minimal uncertainty) to High Noise (and high uncertainty). In a fourth 203 

condition, Max Noise, digit locations were drawn from a uniform distribution on each trial, to 204 

create a maximally unpredictable context. Greater noise theoretically increased the width of the 205 

internal predictive distribution by reducing the precision with which the generative mean could 206 

be estimated from sequential observations.  207 

Figure 2. Behavioral performance. (A) Left: Proportion of correct trials for each participant by 208 
block type (grey circles, N=56). Group average (±SEM) shown in black. All block types were 209 
significantly different in pairwise comparisons (all p <= 0.001, Wilcoxon signed rank test). 210 
Right: Reaction time (RT) by block type. Within-subject means shown in grey circles, group 211 
average (±SEM) shown in black. All pairwise differences were significant (all p <= 0.028, 212 
Wilcoxon signed rank test) except High versus Max (p = 0.296). (B) Average performance as a 213 
function of distance between predictive gaze position and the digit. Left shows decreasing 214 
accuracy with increasing eye-to-digit distance; right shows increasing RT with increasing eye-to-215 
digit distance. Bins used for eye-to-digit distance were: 0-1°, 1-2°, 2-3°, 3-5°, 5-7.5°, 7.5-10°, 216 
10-15°, 15°+. 217 
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The overall proportion of correct responses ranged from 0.72 to 0.94 (mean 0.84). 218 

Participants tended to respond more accurately and faster when digit locations were highly 219 

predictable, and worse, though still above chance, when there was no predictability (Figure 2A). 220 

Accuracy depended on the distance between digit and gaze position similarly in all conditions 221 

(Figure 2B). 222 

Saccade timing suggested participants learned the task’s temporal structure (Figure 3). In 223 

addition to the saccades evoked by visual stimulus onsets (digit and feedback), saccade 224 

frequency increased about 150-200 ms after the beginning of the ITI (highest for Max Noise and 225 

lowest for No Noise), and then steadily decreased for the remainder of the ITI until digit onset, 226 

consistent with anticipatory stabilization of gaze. 227 

Figure 3. Saccades were tallied throughout the trial for each participant, aligned on keypress 228 
response time (feedback time). The saccade histogram was then averaged across the group and 229 
smoothed using a 25-ms moving average. The tallies were performed separately for each block 230 
type. Analyses of predictive gaze position used gaze at digit onset (1250 ms). Gaze variability 231 
analyses used the ITI (500 to 1250 ms). Mean RT (873 ms) over all participants and block types 232 
is shown.  233 
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Anticipatory gaze position corresponded to a point prediction 234 

Because digits were presented briefly with crowding and backward masking, the task created 235 

an implicit incentive to predict the spatial location of each upcoming digit. Gaze position at the 236 

time of digit onset appeared to correspond to a point prediction (Figure 4A). We refer to the 237 

horizontal difference between predictive gaze position and the subsequent actual digit location as 238 

the "prediction error," and we refer to the difference between predictive gaze position and the 239 

true generative mean as "belief error."  240 

We evaluated the mean belief error in each condition against a hypothetical experience-241 

independent strategy of always directing gaze to the center of the screen (Figure 4B). 242 

Participants consistently outperformed the experience-independent strategy in the No, Low, and 243 

High Noise conditions, implying predictive gaze position was dynamically updated on the basis 244 

of recent observations. Participants underperformed the experience-independent strategy in Max 245 

Noise blocks (Figure 3B), implying they dynamically updated their predictions even when it was 246 

not optimal to do so.  247 
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Figure 4. Predictive gaze position. (A) Predictive gaze position was defined as the horizontal 248 
gaze position at the time of digit appearance. Example data are shown for each block type from a 249 
representative participant. Dashed line shows the mean of the generative distribution. Black 250 
points show actual digit locations. Blue triangles show predictive gaze position. Red squares 251 
indicate change points (changes in the generative mean). (B) Belief error by block type. Each 252 
grey point indicates the mean difference between the eye and generative mean for each 253 
participant. For the Max Noise condition, belief error was equivalent to prediction error (the 254 
difference between eye and digit). Group means ± SEM are shown in black. All block types were 255 
significantly different (p <= 0.001, Wilcoxon signed rank test). Red points show the mean 256 
expected belief error if the gaze were directed at the screen center. (C) Lagged regression to 257 
assess the influence of prior digit locations on the current prediction for each participant. 258 
Average coefficients ± SEM are shown for five previous trials separated by block type (indicated 259 
by hue). All were significantly greater than zero at the group level (all p <= 0.004, Wilcoxon 260 
signed rank test), except No Noise at lag 4 (p = 0.062).  261 
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Predictive gaze position showed evidence of adaptive learning 262 

We next tested whether participants showed evidence of adaptive learning, as distinct from a 263 

simple, non-adaptive strategy such as merely leaving their eyes at the location of the previous 264 

digit. Adaptive learning can be assessed by testing the relative influence of multiple previous 265 

observations on the current prediction (e.g. Corrado, Sugrue, Seung, & Newsome, 2005). We 266 

hypothesized that noisier conditions would favor a prediction that integrated a larger number of 267 

observations (Behrens et al., 2007). A lagged regression of predictive gaze position on the five 268 

previous observations, pooled across conditions, showed that the greatest weight was given to 269 

the most recent digit location but that all five previous trials had decreasing, significantly non-270 

zero weights (all p < 0.001, Wilcoxon signed rank test). 271 

Condition-specific lagged regression analyses showed that participants differentially 272 

weighted previous observations depending on the block type, indicative of adaptive learning 273 

(Figure 4C). The most recent observation had lower weight in higher-noise conditions than in 274 

lower-noise conditions, indicated by significant effects of lag, condition, and their interaction 275 

(repeated measures ANOVA, all F >= 179.830, all p < 0.001). Examining each lag separately, 276 

significant effects of condition were seen at lags 1, 2 and 4 (all F >= 5.371, all p <= 0.024), but 277 

not at lags 3 and 5 (all F<= 1.877, all p >= 0.176). This suggests predictive gaze position 278 

reflected an adaptively weighted integration of multiple previous observations. 279 

Our next set of analyses examined single-trial learning rates, quantifying the degree to which 280 

predictive gaze position was updated relative to the previous prediction error. These analyses 281 

focused on the High Noise and Low Noise conditions, which included both random noise and 282 

true change-point structure, similar to environments tested in previous studies of overt 283 

predictions (McGuire et al., 2014; Nassar et al., 2010). In an initial exploratory analysis, we 284 
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quantified the condition-specific average learning rate in terms of the slope of belief update 285 

(current minus previous prediction) as a function of prediction error. There were substantial 286 

individual differences in learning rate (Fig. 5A–B), but learning rates were systematically higher 287 

in the Low Noise condition (p < 0.001, Wilcoxon signed rank test) and were positively correlated 288 

between the two conditions across individuals (Spearman r = 0.677, p < 0.001). This result was 289 

indicative of block-level adaptation of belief updating, consistent with the results of the lagged 290 

regression analysis described above.  291 
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Figure 5. Blockwise and trialwise adaptive learning. (A) Association between prediction error 292 
and update (learning rate) in two example participants, for High Noise blocks (dark grey) and 293 
Low Noise blocks (light grey). Learning rate could show evidence of adaptation between the 294 
High and Low Noise conditions (Example 1) or could be highly linear and non-adaptive 295 
(Example 2). Lines were fit separately for the High and Low Noise condition for each 296 
participant. Slopes are plotted in (B), with the two examples from Panel A shown in dark grey 297 
(Example 1: square, Example 2: triangle). Low Noise slopes were systematically greater than 298 
High Noise slopes (p < 0.001, Wilcoxon signed rank test), and there was a significant positive 299 
correlation between the two conditions (0.677 Spearman correlation, p < 0.001). (C) Coefficients 300 
from theoretical model-based regression. Fixed learning rate represents a linear relationship 301 
between prediction error and update for Low and High Noise conditions separately. CPP (change 302 
point probability) and RU (relative uncertainty) calculated from the reduced Bayesian model (see 303 
Methods). Value represents whether or not the prior trial was rewarded. The fixed-learning-rate 304 
coefficients differed from zero (both p < 0.001, Wilcoxon signed rank test), and from each other 305 
(Low mean = 0.64, High mean = 0.52; p < 0.001). CPP was slightly negative and significantly 306 
different from zero (p = 0.004), while RU and reward were not (both p >= 0.117).   307 
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To assess trial-by-trial adaptive learning, we applied an existing theoretical model of 308 

dynamic predictive inference (Nassar et al. 2010, 2012, 2016, 2019). The approximately 309 

Bayesian delta-rule model generates a prediction on each trial by integrating the likelihood that a 310 

change point just occurred (change point probability, CPP) with the fraction of total predictive 311 

uncertainty due to imprecise knowledge about the location of the generative mean (relative 312 

uncertainty, RU) to identify a trial-specific learning rate. The model provides trial-wise 313 

normative estimates of CPP and RU on the basis of the sequence of previously observed digit 314 

locations, independent of participant behavior. We used a previously developed regression-based 315 

approach (McGuire et al., 2014) to estimate the influence of CPP and RU on empirically 316 

observed trial-specific learning rates. The regression model also estimated terms for a fixed 317 

learning rate for High and Low Noise conditions separately, and the effect of reward (Figure 318 

5C).  319 

The results yielded evidence for block-level but not trial-level adaptation of learning rates. At 320 

the group level, the fixed-learning-rate coefficients for the High Noise and Low Noise conditions 321 

significantly differed from zero and from one another (High Noise mean=0.52, Low Noise 322 

mean=0.68, p < 0.001, Wilcoxon signed rank test). Coefficients for CPP were slightly negative 323 

on average (and significantly different from zero, p = 0.004), whereas coefficients for RU and 324 

reward did not differ from zero (both p >= 0.117).  325 

Reward has previously been found to influence not only learning rate (McGuire et al., 2014) 326 

but also saccade latency and velocity (Manohar et al., 2017). Here, however, a trial's reward 327 

potential did not influence the velocity or latency of the first saccade within 300 ms after digit 328 

onset, nor did it influence the duration or dynamics of the subsequent fixation (Supplemental 329 

Figure 1).  330 
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Gaze variability reflects uncertainty at the block and trial level 331 

We next examined whether gaze variability carried information about the precision of the 332 

subjective predictive distribution. We hypothesized that gaze variability during the 750-ms blank 333 

ITI prior to each digit's appearance would be elevated (1) in higher-noise blocks relative to 334 

lower-noise blocks; and (2) in trials immediately following change points, when participants had 335 

the fewest samples of the current generative mean. Gaze variability was quantified in terms of 336 

the total horizontal distance traveled from sample to sample, minus the absolute value of the net 337 

distance traveled between the start and end of the ITI.  338 

Gaze variability was greater during higher-noise blocks (Figure 6A-B). All pairwise 339 

differences between conditions were significant at the group level (all p < 0.001, Wilcoxon 340 

signed rank test). The same finding held if gaze variability was alternatively quantified in terms 341 

of the sample-to-sample standard deviation of gaze position within the ITI (p < 0.001 for all 342 

pairwise comparisons, Wilcoxon signed rank test). 343 

The effect of condition was largely driven by gaze variability during the first half of the ITI, 344 

consistent with the higher frequency of saccades in that period (Figure 3). To assess this, we 345 

calculated gaze variability separately for each half of the ITI (1-375 ms and 376-750 ms). In the 346 

first half of the ITI, gaze variability increased across conditions (p <= 0.044 for all pairwise 347 

comparisons, Wilcoxon signed rank test), whereas the effect was not apparent in the second half 348 

of the ITI (all adjacent pairwise comparison p >= 0.209; Supplemental Figure 2). The linear 349 

slope across conditions (e.g. Figure 6A) was significantly greater for the first versus second half 350 

of the ITI (Figure 6C; p < 0.001, Wilcoxon signed rank test). 351 

We decomposed gaze variability into four potential contributors—saccade frequency, median 352 

saccade amplitude, median microsaccade amplitude, and fixational variability—and found that 353 
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the first three saccade-related measures increased with noise level across conditions 354 

(Supplemental Figure 3), whereas fixational variability did not (Supplemental Figure 4). 355 

Figure 6. Gaze variability as a readout of predictive precision. (A) Example participant data. 356 
Grey circles represent trialwise gaze variability during the ITI. Means ± SEM are in black. 357 
Dashed line is linear fit. (B) Gaze variability for all participants. Individual data shown in grey, 358 
group mean ± SEM in black. All conditions were significantly different in pairwise comparisons 359 
(all p <= 0.001, Wilcoxon signed rank test). (C) Linear slopes fit to each participant’s gaze 360 
variability across the four conditions, for each half of the ITI separately. The slope from the 1st 361 
half of the ITI was significantly greater than from the 2nd (p < 0.001, Wilcoxon signed rank test). 362 
(D-E) Gaze variability aligned on change points. (D) Gaze variability ± SEM separated by noise 363 
level (indicated by the hue), aligned on change points. Gaze variability on trial zero was 364 
calculated before the digit appeared in the resampled location. Max Noise blocks lacked true 365 
change point structure; data are shown aligned to arbitrarily designated change point trials for 366 
comparison. (E) Effect size for each post-change-point trial relative to trial zero. Cohen’s D was 367 
calculated for each participant for each noise level, and the average ± SEM is shown. For the No, 368 
Low, and High Noise levels, all effect sizes were significantly different from zero for the first 369 
two trials (all p <= 0.014, Wilcoxon signed rank test). All effect sizes in the Max Noise condition 370 
were not significantly different from zero (all p >= 0.320), consistent with the lack of change-371 
point structure in that condition.  (F) Coefficients from theoretical model-based regression with 372 
gaze variability as dependent variable. The coefficients for both intercepts, RU, and CPP were 373 
significantly different from zero (all p <= 0.027, Wilcoxon signed rank test). The intercept terms 374 
differed between the Low-Noise and High-Noise conditions (Low mean = 10.81, High mean = 375 
11.36, p < 0.001, Wilcoxon signed rank test).  376 
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Gaze variability also transiently increased after change points in the generative mean. Gaze 377 

variability increased on the first post-change-point trial in the No, Low, and High Noise 378 

conditions, followed by a slow return to baseline over the following trials (Figure 6D). We 379 

calculated the Cohen’s D effect size for each post-change-point trial for each participant, using 380 

the last pre-change-point trial (trial 0) as a baseline (Figure 6E). For the No, Low, and High 381 

Noise levels, all effect sizes for the first two trials were significantly different from zero (all p <= 382 

0.014, Wilcoxon signed rank test). Post-change-point increases in gaze variability were more 383 

strongly apparent in the first half than the second half of the ITI (Supplemental Figure 2). 384 

We conducted an exploratory analysis using the regression framework introduced above to 385 

test trial-by-trial associations between gaze variability and theoretical model-derived factors in 386 

the High Noise and Low Noise conditions. The analysis showed a substantial effect of RU 387 

(Figure 6F, mean=7.50, p < 0.001, Wilcoxon signed rank test), consistent with the post-change-388 

point increase in gaze variability identified above. We found a small negative effect of CPP 389 

(mean=-0.38, p = 0.027) and no effect of the prior trial’s reward (mean=-0.12, p = 0.254). The 390 

Low Noise and High Noise conditions had significantly different intercept coefficients (Low 391 

Mean = 10.81, High Mean = 11.36, p < 0.001). 392 

Optimality and strategy differences across individuals 393 

Previous studies have observed large individual differences in participants' tendency to adopt 394 

successful strategies for adaptive learning (McGuire et al., 2014; Nassar et al., 2016, 2012, 395 

2010). We tested whether the optimality of participants' belief-updating strategies was related to 396 

three indices of gaze variability: (1) average overall gaze variability; (2) gaze variability slope 397 

across block types (e.g. Figure 6A); and (3) Cohen’s D effect size for the first post-change-point 398 

trial versus baseline in the Low Noise condition (e.g. Figure 6E). 399 
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We had originally hypothesized that the three indices of gaze variability would be associated 400 

with two indices of the optimality of gaze-based predictions. The first optimality index was 401 

overall learning rate, calculated as the slope of update as a function of prediction error across all 402 

trials (e.g. Figure 5A); based on previous work, we predicted that lower learning rates would 403 

track better performance (McGuire et al., 2014; Nassar et al., 2010). In fact, however, the 404 

relationship between average learning rate and predictive accuracy in our data set was less 405 

straightforward, and accordingly the average learning rate showed no significant associations 406 

with gaze variability indices (all p >= 0.151). The second planned optimality index was the sum 407 

of the CPP and RU coefficients from the theoretical model-based regression analysis of belief 408 

updating (Figure 5C). Consistent with the null effects of trial-level factors on learning rate, that 409 

index also showed no associations with gaze variability (all p >= 0.104). 410 

Figure 7. Individual differences in optimality. The average absolute prediction error for each 411 
participant was compared to three indices of gaze variability: (1) Left: Average overall gaze 412 
variability within the ITI (R2 = 0.124, p = 0.008), (2) Center: Slope of a line fit to gaze variability 413 
across conditions (R2 = 0.039, p = 0.143), (3) Right: Cohen’s D effect size for the first trial after 414 
the change point in the Low Noise condition (R2 = 0.090, p = 0.025). 415 

 416 

We performed an exploratory analysis in which we compared average absolute prediction 417 

error, a direct measure of the optimality of gaze-based predictions, with the three gaze variability 418 

indices (Figure 7). We observed positive correlations with overall variability and post-change-419 

point effects (all R2 >= 0.090, all p <= 0.025), while the slope of gaze variability across 420 
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conditions was positive but not significant (R2 = 0.039, p = 0.143). This pattern implies, contrary 421 

to our original hypothesis, that larger uncertainty-related changes in gaze variability were 422 

associated with less successful performance.  423 

DISCUSSION 424 

The present study investigated whether implicit, gaze-based predictions would show the 425 

same adaptive learning dynamics that have previously been observed for explicit predictions 426 

(McGuire et al., 2014; Nassar et al., 2012, 2010; O’Reilly et al., 2013). We found evidence that 427 

anticipatory gaze position corresponded to the central tendency of participants' predictive beliefs, 428 

whereas gaze variability during the pre-stimulus interval corresponded to belief precision. We 429 

found evidence that participants adapted their learning rate across blocks but not on a trial-by-430 

trial basis as seen in previous studies of explicit prediction. However, gaze variability showed 431 

evidence of both block-level and trial-level adaptation.  432 

Point predictions 433 

Gaze position at the time of digit onset appeared to reflect the central tendency of 434 

participants’ internal predictive probability distribution. The prediction showed evidence of 435 

learning (Figure 4B), and integrated multiple previous observations using an adaptive learning 436 

rate across conditions (Figure 4C). Gaze-based predictions showed no evidence of trial-level 437 

adaptation of learning rate (Figure 4C and 5A-C), which differed from previous results in the 438 

context of explicit prediction (McGuire et al., 2014). 439 

One possible explanation for the difference is that trial-by-trial adaptive learning does not 440 

occur for implicit, spontaneous predictions in the same manner as for predictions elicited 441 

explicitly. An alternative explanation would attribute the absence of evidence for trial-by-trial 442 

adaptive learning to other task characteristics, such as the duration of individual trials or blocks. 443 
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Each trial in our task lasted approximately 2 s, which might have provided insufficient time for 444 

adaptive learning rate modulation. The present task used relatively short 40-trial blocks, and 445 

included one condition (Max Noise) that lacked change point structure. It is possible more 446 

sustained experience with stable generative statistics would be necessary for trial-by-trial 447 

learning rate dynamics to emerge, especially in the absence of explicit instructions about the 448 

generative mechanism.   449 

Gaze variability 450 

Gaze variability during the pre-stimulus interval was inversely related to predictability at the 451 

scale of both blocks (Figure 6B) and trials (Figure 6D). A potential interpretation is that 452 

oculomotor behavior carries information about the width of the underlying internal predictive 453 

distribution. The result raises several questions worth investigating in future research. 454 

First, what is the mechanistic link between gaze variability and predictive uncertainty? 455 

Recent work on the link between attention and the variability of neuronal activity suggests one 456 

potential explanation. Attention tends to decrease the variability of activity in single neurons 457 

(Luo & Maunsell, 2018; Nandy, Nassi, & Reynolds, 2017; von Trapp, Buran, Sen, Semple, & 458 

Sanes, 2016). In our task, participants directed overt attention to the predicted location of the 459 

next digit, and perhaps covert attention to a range of locations proportional to the uncertainty in 460 

the prediction. A wider attentional window could be associated with greater variability in neural 461 

activity, which could propagate to the generated oculomotor commands and result in a more 462 

variable eye position. 463 

Increased gaze variability could also be a strategy in its own right. It could represent a 464 

process of sampling before converging on a single location to fixate. If the system initially 465 

sampled a region proportional to the amount of uncertainty, gaze variability would be expected 466 
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to increase with uncertainty, especially at early time points. Accordingly, we found that the 467 

correspondence between gaze variability and uncertainty was observed primarily in the first half 468 

of the ITI (Figure 6C).  469 

A second question has to do with which specific cognitive factor is most strongly reflected in 470 

gaze variability. Gaze variability appeared to decouple from learning rate, and tracked trial-by-471 

trial changes in uncertainty that were not reflected in learning dynamics. High gaze variability in 472 

the Max Noise condition suggests gaze variability indexed uncertainty either in the generative 473 

mean or in the predicted location of the upcoming target. A potentially incongruous observation 474 

is that gaze variability increased after change points in the No Noise condition when beliefs and 475 

predictions should have been relatively precise. The fact that the post-change-point increase in 476 

gaze variability was smallest in the No Noise condition suggests gaze variability was not merely 477 

related to the size of the previous prediction error. An increase in uncertainty on those trials 478 

could have come about if participants inferred an imprecise model of the task structure. For 479 

instance, participants might have interpreted the task as involving an element of continuous drift. 480 

Determining which mental models participants spontaneously adopt, and how those models are 481 

influenced by early experiences in the task, is an important goal for future research. 482 

Individual differences 483 

Prior work has shown that individuals vary in the extent to which they exhibit optimally 484 

adaptive learning (McGuire et al., 2014; Nassar et al., 2012, 2010). Contrary to our expectations, 485 

more optimal behavior in our task was generally associated with weaker oculomotor effects 486 

(Figure 7). Because the four conditions differed considerably in their governing statistics, 487 

participants might have optimized their behavior for only a subset of the conditions they 488 

experienced, making it challenging to identify and detect overall signatures of optimal behavior. 489 
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For example, although participants adapted their learning rates between the High Noise and Low 490 

Noise conditions, learning rates in the two conditions also showed substantial shared variance 491 

(Figure 5B).  492 

Reward processing 493 

We hypothesized that the availability (or receipt) of reward would influence both learning 494 

rate and saccade dynamics. Higher-value stimuli tend to elicit saccades with higher peak velocity 495 

(Manohar et al., 2017; Takikawa, Kawagoe, Itoh, Nakahara, & Hikosaka, 2002) and shorter 496 

latency (Takikawa et al., 2002). However, none of our selected oculomotor features (saccade 497 

latency, peak velocity, fixation duration, and fixation gaze variability) showed effects of reward 498 

availability (Supplemental Figure 1). It could be that the fast-paced timing of our task caused 499 

participants to ignore reward information in favor of consistent performance across trials. 500 

Irrespective of reward, we observed non-hypothesized patterns of decreasing saccade latency 501 

and increasing peak velocity in higher-noise conditions. Greater peak velocity could relate to 502 

larger prediction errors (and therefore larger saccades) in higher-noise blocks, but this does not 503 

explain the finding of shortening latencies. This suggests that although participants could not 504 

plan the saccade trajectory prior to stimulus appearance, they exhibited some ability to prepare 505 

for the saccade execution.  506 

Conclusions 507 

We found that oculomotor behavior carried information about both the central tendency and 508 

precision of internal predictive distributions during a free-viewing, implicit spatial prediction 509 

task. Predictions were updated using a learning rate that was adapted to environmental statistics 510 

across task blocks, but did not show the fine-scale trial-level adaptation previously reported for 511 

explicit prediction. Gaze variability during the pre-stimulus interval was associated with the 512 
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theoretical level of predictive precision. The findings raise important questions for further 513 

investigation relating to how people infer an environment's statistical structure from sequences of 514 

experiences, and how reward information influences spontaneous belief updating. Our results 515 

suggest eye tracking is a promising approach for investigating the full probability distributions 516 

that characterize internal predictive beliefs. 517 
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Supplemental Figure 1. Reward and oculomotor behavior. A-C: Saccade dynamics. (A) 652 
Latency and peak velocity of the first saccade following digit appearance for trials with reward 653 
available compared to not. Averages for each participant are indicated by grey circles; mean ± 654 
SEM shown atop in black (p = 0.060 for latency, p = 0.525 for peak velocity, Wilcoxon signed 655 
rank test). (B) The latency of the first saccade separated by block type. A significant difference 656 
was only seen between rewarded and unrewarded trials for the High variance condition (p = 657 
0.049, all other p >= 0.063). (C) Same conventions as in B for peak velocity. No significant 658 
differences between rewarded and unrewarded trials (all p >= 0.151). D-F: Fixation dynamics. 659 
(D) Average duration of the first fixation following digit onset and its gaze variability for each 660 
participant on trials with and without reward available. Gaze variability is the standard deviation 661 
of gaze position during the first fixation after digit onset. No significant differences between 662 
rewarded and unrewarded trials (p = 0.864 and 0.503, respectively). (E) Average fixation 663 
duration separated by block type. No significant differences except for the Max condition (p = 664 
0.011, all other p >= 0.203). (F) Average standard deviation of the gaze position during the first 665 
fixation after digit onset, separated by block type. No significant differences were observed (all p 666 
>= 0.184).  667 
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Supplemental Figure 2. Evolution of the prediction throughout the ITI. (A) Gaze variability for 668 
all participants for the 1st half of the ITI. Conventions as in Figure 6B. All pairwise comparisons 669 
are significantly different (all p <= 0.044, Wilcoxon signed rank test). (B) 2nd half of the ITI. 670 
Conventions as in B. No adjacent pairwise comparisons were significantly different (all p >= 671 
0.209, Wilcoxon signed rank test). Other pairwise comparisons were significantly different (all p 672 
<= 0.009). (C) Average gaze variability from the 1st half of the ITI aligned on change points. 673 
Same conventions as in Figure 6D. (D) Average gaze variability from the 2nd half of the ITI 674 
aligned on change points. Same conventions as in C. The Cohen’s D effect size for first trial in 675 
the No, Low, and High Noise conditions were all significantly greater than zero in the 1st half of 676 
the ITI (all p <= 0.001, Wilcoxon signed rank test), whereas they were not different than zero in 677 
the 2nd half (all p >= 0.392).  678 
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Supplemental Figure 3. Saccades and microsaccades in the ITI. (A) Grey lines are median 679 
saccade amplitudes during the ITI for each participant, with group means ± SEM in black. All 680 
pairwise comparisons were significantly different (all p <= 0.012, Wilcoxon signed rank test) 681 
except for No and Low Noise (p = 0.389). (B) Same conventions for microsaccades. All pairwise 682 
comparisons were significantly different (all p <= 0.002, Wilcoxon signed rank test), except for 683 
the High and Max comparison (p = 0.899). (C) Number of saccades per trial during the ITI. 684 
Violin plots of the average number saccades observed during the ITI per participant, separated 685 
by noise level. Triangles show the group mean. Number of saccades increases with noise level. 686 
Pairwise comparisons revealed that all distributions were significantly different (all p <= 0.001, 687 
Wilcoxon signed rank tests). All three saccade-related factors showed a significant linear 688 
increase across conditions (mean slope: saccade amplitude=0.193, microsaccade 689 
amplitude=0.019, frequency=0.110; slopes tested against zero all p < 0.001, Wilcoxon signed 690 
rank test). These effects of condition on all three factors were significant in both the first and 691 
second half of the ITI. (D) Lines were fit to each participant’s saccade amplitude data for the 1st 692 
half and 2nd half of the ITI separately and plotted against each other. The dotted line represents 693 
unity. The correlation between the two slopes is 0.416 (Spearman’s correlation, p = 0.002) and 694 
each half’s slopes are significantly greater than zero (p < 0.001, Wilcoxon signed rank test). (E) 695 
Same conventions as in D for microsaccade data. The correlation is 0.298 (p = 0.026), and each 696 
half’s slopes are significantly greater than zero (p < 0.001). (F) Same conventions as in D for 697 
saccade frequency. The correlation is 0.573 (p < 0.001), and each half’s slopes are significantly 698 
greater than zero (p < 0.001).  699 
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Supplemental Figure 4. Fixational gaze variability. (A) Example of the desaccading procedure 700 
in the ITI. We identified and removed all of the saccades (dotted black line) from the ITI and 701 
zeroed each remaining segment (green lines) to remove the effects of the saccade. (B) Fixational 702 
gaze variability across block types, conventions as in Figure 6B. Removing all saccades from the 703 
ITI nullifies the behavioral correlate of subjective uncertainty. Pairwise comparisons all not 704 
significant (all p >= 0.073, Wilcoxon signed rank test), except for No versus Low, and No versus 705 
Max comparisons (p <= 0.006). (C) Fixational gaze variability aligned on change points, 706 
conventions as in Figure 6D-E. Trialwise uncertainty effects are not seen. 707 
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