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Abstract: Perceptual learning is typically highly specific to the stimuli and task used during training.
However, recently, it has been shown that training on global motion can transfer to untrained tasks,
reflecting the generalising properties of mechanisms at this level of processing. We investigated (i) if
feedback was required for learning in a motion coherence task, (ii) the transfer across the spatial
frequency of training on a global motion coherence task and (iii) the transfer of this training to a
measure of contrast sensitivity. For our first experiment, two groups, with and without feedback,
trained for ten days on a broadband motion coherence task. Results indicated that feedback was
a requirement for robust learning. For the second experiment, training consisted of five days of
direction discrimination using one of three motion coherence stimuli (where individual elements were
comprised of either broadband Gaussian blobs or low- or high-frequency random-dot Gabor patches),
with trial-by-trial auditory feedback. A pre- and post-training assessment was conducted for each of
the three types of global motion coherence conditions and high and low spatial frequency contrast
sensitivity (both without feedback). Our training paradigm was successful at eliciting improvement
in the trained tasks over the five days. Post-training assessments found evidence of transfer for the
motion coherence task exclusively for the group trained on low spatial frequency elements. For
the contrast sensitivity tasks, improved performance was observed for low- and high-frequency
stimuli, following motion coherence training with broadband stimuli, and for low-frequency stimuli,
following low-frequency training. Our findings are consistent with perceptual learning, which
depends on the global stage of motion processing in higher cortical areas, which is broadly tuned for
spatial frequency, with a preference for low frequencies.
Keywords: perceptual learning; transfer; specificity; global motion; frequency tuning; psychophysics;
contrast sensitivity; internal feedback; external feedback

1. Introduction
Perceptual learning has attracted much attention as a potential tool to aid recovery of lost
visual function for clinical populations [1]. Perceptual training (with or without non-invasive brain
stimulation) has also been successfully used with optical defects such as myopia [2–5], amblyopia [6–8],
presbyopia [8] and cortical damage [9–11]. This demonstrates the potential for sensory plasticity
in adulthood and suggests that sensory development is not restricted to a critical period early
in life [12,13]. Although it has repeatedly been established that training can improve perceptual
abilities [14], these benefits tend to be highly specific for both the perceptual features of the
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stimuli [15–17] and the behavioural task used in training [18]. This specificity limits the effectiveness
of perceptual learning as a general therapeutic tool. Resolving the conditions under which learning is
tied to the features and tasks used in training, and how much it can generalise to new tasks and stimuli,
is imperative for understanding the mechanisms of perceptual learning [14,19]. Our study aims to
explore the specificity or otherwise for spatial frequency when learning direction discrimination for
a motion coherence task. We do this by evaluating the spatial frequency tuning of improvements in
performance for trained and untrained stimuli and tasks.
1.1. Specificity
A hallmark finding of early perceptual learning research was its focus on rigid specificity to the
dimensions of the stimulus used for training. Specificity of perceptual learning for orientation has
been shown for tasks based on simple [16,20,21] and more complex features [22]. Furthermore,
specificity has also been found for spatial frequency [14,16,23], direction of motion [18], retinal
location [17,21,24–27] of stimuli and the eye to which they are presented [17,25,26]. On the basis
of these specific improvements, it was originally proposed that the underlying brain area responsible
for learning was likely to be the primary visual cortex (V1) [17]. The receptive fields of cells in V1
display a similarly high degree of specificity to orientation [28,29], spatial frequency [28,30] and
direction of motion [31,32]. The receptive fields in V1 are small and only respond to a limited area of
the visual field [33–35]. However, perceptual learning occurs for tasks that are more complex than
can be solved locally [36–39], which suggests that learning is not restricted to the initial encoding of
information in V1. In contrast, the receptive fields in higher cortical areas, such as those found in V3,
V4 and V5, are larger than those of V1, and their responses generalise more over stimulus dimensions,
for example being less dependent on the location and retinal size of stimuli, the viewpoint of the
observer and the prevailing lighting conditions [30,33,40–44]. The receptive fields of neurons in higher
cortical areas integrate and pool information across multiple V1 receptive fields [45–49].
1.2. Perceptual Learning and the Visual Hierarchy
The visual hierarchy is not organised in a simple feedforward network, consisting purely of
upward projections from lower to higher levels. Rather, while V1 sends most of its feedforward
output to V2, there are also direct feedforward connections to V3 and V5 [50]. Furthermore, there are
re-entrant feedback connections from higher to lower areas, which are argued to be fundamental to
efficient cortical organisation [51]. V1 receives strong feedback projections from V2 [50] and V5 [51].
These feedback connections play an important role in the perception of motion [52–54]. The reverse
hierarchy theory, a theoretical model of perceptual learning, proposed that learning occurs at higher
levels of processing and subsequently progresses backwards to the input levels, through top-down
guidance via re-entrant connections [55]. This theory predicts that an increase in sensitivity at lower
cortical areas would be as a result of the feedback connections from higher cortical areas. Thus,
paradigms that incorporate the higher stage (global) aspects of perception to evaluate the transfer of
learning may shed light on the nature of these learning mechanisms. In the case of motion coherence,
improvements would for example be predicted to be dependent on the spatial frequency tuning of the
higher stage motion detectors [56]. The broader frequency tuning found at this level, in comparison
with the local stage of motion processing [46], is characteristic of the generalising properties of higher
level processing [55].
Levi et al. [36] found broad generalisation of perceptual learning across tasks. Following training
on a higher level motion coherence task, they found post-training improvement for an unrelated
contrast sensitivity task [36]. This is a particularly notable result, in that training on a globally-processed
task improved contrast detection, which is known to rely on early visual locations such as the 4Cα layer
of V1 [23]. There is additional support for global motion coherence training improving sensitivity for
detection and discrimination from studies that have shown that this training can help recover some of
the blind field for cortically-blind subjects. Huxlin et al. [9] (p. 11) showed post-training improvements
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for V1 damaged subjects in their “blind field”. A key feature of the improvement was its specificity
to the trained location. Huxlin et al. suggested this may be explained by islands of activity along
the perimeter of the lesion, being stimulated or reactivated through the feedback connections from
higher to lower level visual processing areas. This proposal is consistent with the reverse hierarchy
theory [55]. As such, training using high-level coherence tasks may result in general improvements in
visual sensitivity [36]. This suggests that global motion coherence is an interesting task with which to
investigate transfer.
1.3. Low- and High-Level Perception of Motion
The spatial frequency tuning of motion detectors differs according to the level of the visual hierarchy
processing the sensory input, in a manner that is consistent with the generalising properties of higher
level neurons. At the lowest levels, motion signals are encoded locally within the relatively small
receptive fields of V1 neurons [32,47]. However, in order to process more complex motion, ambiguous
or conflicting signals from the first stage need to be integrated to provide a global representation of
motion [57,58]. This integration requires pooling and summation of the information across spatial
position, spatial frequency and orientation [46], such that the receptive fields of higher level neurons are
larger and more broadly tuned for spatial frequency and orientation. A number of areas within the visual
hierarchy play a functional role in processing motion. Areas V2 and V4 have a role in processing moving
orientation signals [59,60]. V3A also plays a role in several aspects of motion processing [40], with 76%
of neurons being selective for orientation and 40% showing strong direction selectivity. However,
evidence from lesion studies [61,62], extra-cellular recordings [63,64] and neuroimaging in humans [65]
support area V5 as a brain area that is heavily involved in processing global motion [61–64,66,67]. Most
neurons in V5 are strongly direction selective [65,68], and the evidence for the role it plays in spatially
integrating motion signals is well supported by non-human primate data and neuroimaging studies
in humans [33,64,69,70]. Receptive fields in V5 can be up to ten-times larger than those in V1 [43],
with broad spatial frequency and orientation tuning, allowing them to sum the responses of V1 neurons
across space, orientation and spatial and temporal frequency [35]. Given the differences in spatial and
temporal frequency tuning between the early and later stages of processing [28,64,69], measuring the
tuning of training for each of these dimensions allows us to understand the role of each level in global
motion learning. As hypothesised by the reverse hierarchy theory [56], transfer across features of a task
such as spatial frequency would be consistent with the tuning of higher stages of motion processing.
1.4. Studying Motion Perception
Global motion coherence is typically studied using random dot kinematograms, requiring
observers to make a direction judgement from a stimulus comprised of a pattern of moving dots.
A typical stimulus will often contain a proportion of signal dots moving in one direction and noise
dots moving in random directions [18,37,71] (Figure 1a). Difficulty is increased by reducing the ratio
of signal-to-noise dots; the more noise dots, the lower the coherence and the more difficult the task.
In order to perceive a coherent global motion, observers need to segregate the motion signals over
space and time [47]. Another method of investigating motion coherence is to use an equivalent
noise paradigm [36,72–74]. In these tasks, rather than having distinct populations of signal and noise
dots, all dots contribute to the signal and the noise by drawing the direction of motion for each dot
from a random distribution. Dots move the same distance between each frame, and the direction
travelled is independent of the directions of the other dots [74]. Difficulty is increased by manipulating
the standard deviation of the distribution of directions presented; thus, each dot contributes to the
signal [73] (Figure 1b).
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Figure 1. Schematic examples of global motion coherence tasks; both schematics represent dots in
motion. An observer would be required to make a left/right response based on his/her perceived
direction of motion. Black dots represent noise dots, and yellow dots with a black border represent
signal dots. The arrows represent the direction of motion of the dots. (a) is a typical stimulus comprised
of signal dots and noise dots (approximately 30% coherence). This task requires the observer to
segregate and ignore the noise and report the signal direction. (b) An equivalent noise stimulus where
all dots contribute equally to the signal and the noise (drawn from a distribution of approximately 90◦
out of a possible 360◦ ). In this task, there are no explicitly designated signal dots, and the direction
decision requires the observer to integrate all of the dots to infer the mean direction. In each case, the
correct response would be that the dots are moving rightwards.

1.5. Feedback in Perceptual Learning
Despite the complicated assessment of an ever-changing environment, observers are able to
interpret incoming sensory data rapidly, even in novel environments [75]. Furthermore, it is argued that
there would be an evolutionary advantage to those organisms who are able to synthesis performance
feedback to produce a more efficient learning strategy [76]. Performance feedback is information that
notifies a learner about his/her performance and can be generated internally or be provided by an
external source [77]. In psychophysical experiments, this often takes the form of an auditory sound
that is presented after a trial to indicate a correct or incorrect response. Behavioural perceptual learning
studies have shown that using external feedback can improve learning and increase efficiency [78].
However, the role of feedback in perceptual learning is still unclear. Several studies have found
that feedback on performance has increased learning [79–81] or is a necessary factor [82]. There are also
those that find learning occurs without external feedback [83–85]. However, feedback is not usually
the primary area of interest in perceptual learning studies, the empirical findings cover a pattern of
differing methods, stimuli, and feedback usage [82].
In an early attempt to clarify the role of feedback in learning, Herzog and Fahle [79] tested
six groups of learners using a vernier acuity task. Feedback was manipulated for each groups as
follows. The first group was provided with trial-by-trial feedback, and all observers bar one displayed
significant improvement. The second group received no external feedback, and their results were
highly variable; there was no significant improvement, most with no change and some who performed
worse after training. The third group received end-of-block feedback, provided by percentage correct
after each block. Interestingly, improvements were similar to those found for individuals receiving
trial-by-trial feedback. The fourth group was provided with random trial-by-trial feedback. There was
no learning. The fifth group of observers received partial feedback, on 50% of their incorrect responses,
and showed some improvement; however, this was less than those receiving full feedback. The sixth
and final group received reverse feedback, and all but one observer adapted.
Herzog and Fahle [79] argued that correct feedback improves both the speed of learning and
overall improvement in performance. Furthermore, feedback played a role in reducing the variability
in responses over observers. Trial-by- trial feedback was more effective than 50% feedback on incorrect
responses. End of block feedback was as effective as trial-by-trial feedback. In the no feedback
condition, results were highly variable among observers, and on average, no learning was found
without feedback. Random (uncorrelated feedback) was found to prevent learning and thus is as
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reliable as no feedback at all. The lack of learning without feedback, they argued, suggests that learning
from exposure only is implausible. Finally, they suggested that external feedback has an important role
to play in learning that cannot be explained (exclusively) as a teaching signal, since block feedback had
no signal to individual stimuli, yet learning occurred at the same rate as trial-by-trial feedback [79].
Petrov et al. [86] suggested that feedback may be useful when the stimulus is difficult to detect
or discriminate, where it may increase confidence and make learning more efficient. When the
stimulus is difficult to detect, external feedback may be useful in increasing observer confidence
and increase learning efficiency [86]. Liu et al. [83] predicted that there was an interaction between
accuracy and feedback. When accuracy was high for a sufficient number of trials, Hebbian learning
predicts a high chance of learning; however, when accuracy is low, Hebbian learning alone is erratic.
Alternatively, when feedback (trial-by-trial) is provided, there should be less reliance on performance
accuracy. They tested this prediction in a six-day contrast sensitivity (with noise) paradigm using a
staircase method. Observers were divided into high and low accuracy training groups, half of whom
received trial-by-trial feedback and half of whom did not. They found an interaction between feedback
and accuracy; when accuracy was high, external feedback was not critical, but it was crucial when
accuracy was low. Furthermore, Liu et al. [83] replicated the study, finding that by mixing high- and
low-accuracy trials, learning also occurred without the need for external feedback.
Using two studies, Seitz et al. [82] also investigated if including easy exemplars could foster
perceptual learning in the absence of feedback. Firstly, a motion direction discrimination task with low
contrast dots and secondly, an orientation discrimination (masked with noise) task using off-cardinal
(obliquely) oriented bars. While both groups receiving external reinforcement displayed perceptual
learning effects, those that experienced no feedback failed to show learning. They concluded that
internal reinforcement was not enough to generate reinforcement signals.
Since the role of feedback is not a routinely tested paradigm, with only a handful of studies that
explicitly tested for differences in learning as a result of feedback, the role of external feedback in
perceptual learning remains unclear [82] (p. 972).
2. Our Study
The purpose of the current study was to determine how the spatial frequency tuning of the
neural mechanisms that underpin the perception of coherent motion influenced learning and transfer.
Specifically, we wished to establish whether this followed the broad, relatively low-pass tuning
properties of the higher stages of motion processing and the degree to which training on this task
generalised to a static contrast sensitivity task. This might be expected if global motion training
produces general improvements in visual perception [36]. However, prior to collecting the data to
understand the spatial frequency tuning of learning for motion coherence, we also questioned whether
trial-by-trial feedback was a requirement for learning. Therefore, we first investigated the necessity of
feedback for perceptual learning to occur for the specific stimuli used by [9,36].
2.1. Experiment 1
The specific nature of feedback and its role in perceptual learning is unclear. While external
feedback has been shown to improve learning and increase efficiency [79,81], some studies have
found that learning occurs without external feedback [14,18,27,83,85,86]. Recently, it was found
that interleaving high-accuracy (easy) trials and low-accuracy (difficult) trials resulted in perceptual
learning without the need for feedback, even on difficult trials [83]. Based on these results, we predicted
that we should find learning both with and without trial-by-trial feedback, as long as easy and difficult
trials were interleaved. As detailed in the following sections, our study found only minimal evidence of
learning when no feedback was provided, even with easy trials present. Robust learning only occurred
for the feedback condition. With this in mind, our design for Experiment 2 included trial-by-trial
feedback during training, but no feedback when testing.
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2.2. Experiment 2: Main Study
The purpose of this study was firstly to extend the pre- and post-training measures used by
Levi et al. [36], to assess the spatial frequency tuning of the mechanisms involved in perceiving and
learning motion coherence tasks and, secondly, to assess possible transfer of this learning to a contrast
sensitivity task. Improved contrast detection following training on a global motion task has been
reported for drifting targets primarily in the low spatial frequency range [36]. However, we questioned
how dependent improvement was on the specific temporal and spatial features of the training stimuli.
Thus, as well as testing for transfer to static contrast sensitivity tasks, we included measures of transfer
to the trained and untrained global motion spatial frequencies. Based on previous findings [36] and
the broad frequency tuning of the higher processing stages, we would expect learning and transfer
to be particularly strong for low-frequency stimuli. The narrow spatial frequency tuning of the early
visual processing stages is well established [46]; thus, transfer between conditions, or a bias towards
low spatial frequencies, would support the involvement of higher processing stages, including the
re-entrant feedback connections and the reverse hierarchy theory.
3. Methods and Materials
3.1. Participants
Twenty four observers for Experiment 1 and 30 (new) observers for Experiment 2 were randomly
and evenly assigned into groups. For Experiment 1, there was a feedback and a no-feedback group.
For Experiment 2, groups were categorised by the spatial frequency of training (broad, low, high).
As this is a novel experimental design, expected effects sizes required for precise power analysis
calculations were not possible. However, the sample size were chosen so as to be comparable
with similar published studies [36,82,83]. All observers were employees or students from the
University of Essex and self declared as having normal or corrected-to-normal vision. All work
was carried out in accordance with the Code of Ethics of the World Medical Association (Declaration
of Helsinki). The study procedures were approved by the University of Essex Ethics Committee
(JA1601). All observers gave informed written consent and were either paid or received course credit
for their participation.
3.2. Experiment 1
Stimuli were generated and presented with MATLAB 2015a using the Psychophysics Toolbox
extensions [87–89]. The broadband motion coherence stimuli were presented using a 2.7-GHz iMac
running OSX 1.9.5. The 27” monitor had a display resolution of 2560 × 1440 pixels and a 60-Hz refresh
rate. Viewing distance was 450 mm. The stimuli subtended a visual angle of 66.8◦ , and one pixel
subtended 1.77 arc minutes. Motion stimuli contained 100 Gaussian elements, each with a standard
deviation of 6.8 arc minutes (see Figure 2a). Motion stimuli were based on the task designed by
Williams and Sekuler [74], where the range of the direction of motion was drawn from a uniform
probability distribution, defined by the degree of the angle. The smaller the angle used for the random
walk, the fewer direction trajectories are available, which increases the coherence of motion (less
random). In contrast, increasing the angle used for the random walk increases the potential trajectories
and reduces the coherence (more random). This is illustrated in Figure 3a, which describes the random
walk for a single dot with a set level (degree of angle) of 180◦ , and Figure 3b shows the potential
trajectories as the degree of angle increases. Thus, for the purposes of this study, we define coherence
in terms of how random the motion appears where the lowest coherence 5◦ represents motion drawn
from a possible distribution of 355◦ . Levels (coherence) were determined using a pilot to establish an
even distribution of easy trials (85% accuracy and above) and difficult trials (65% accuracy and below),
with the balance around 75%, as defined by Liu et al. [83]. Accuracy was calculated as the average
percentage correct across participants at each level of coherence and is reported in Table 1.
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Table 1. Average accuracy across participants for direction detection of motion coherence.
Coherence ◦

Accuracy (%)

180
60
25
20
15
10
5

98.1
96.0
80.4
77.7
73.5
64.1
61.5

Figure 2. Global motion stimuli, at (a) broad, (b) low and (c) high spatial frequencies. For all stimuli,
the spatial frequency of the elements and speed of motion were held constant.

Figure 3. Equivalent noise global motion stimuli. (a) The random walk that creates the motion of dots
with a 90◦ arc (for descriptive purposes only). The arc defines the potential area of movement each dot
could take at that level. The higher the degree of the arc, the lower the range of potential directions.
The arrow indicates the actual trajectory and motion of the dot on each step. (b) Potential trajectories
for the random walk for levels with 270◦ 355◦ and 360◦ arc.

Elements were presented within a mid-grey rectangular region measuring 17.6◦ × 17.6◦ on a
mid-grey background. Elements were presented for 1 s, moving 5 pixels per frame and a total distance
of 8.8◦ . Dots wrapped around the edges of the rectangle. The seven levels of coherence were: 5◦ ; 10◦ ;
15◦ ; 20◦ ; 25◦ ; 60◦ ; 180◦ . Trials were presented in a random, interleaved order within each block or
session using the method of constant stimuli (MOCS) and requiring a two-alternative-forced-choice
(2AFC). There were 40 repetitions of each level, and responses were obtained via the left or right arrow
key associated with the perceived direction of coherent motion. Feedback (if present) consisted of
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an auditory beep immediately following each response, a high-pitched tone for a correct response
(2000 Hz for 10 ms) and a low-pitched tone for an incorrect response (200 Hz for 40 ms).
3.3. Experiment 2
A series of baseline measures was completed for motion coherence and contrast sensitivity.
Test (pre and post) stimuli were presented on a VIEWPixx/3D 23.6-inch monitor with a display
resolution of 1920 × 1080 pixels and a 120-Hz refresh rate, using a Dell Precision T3610 PC running
Windows 7. One pixel subtended 1.6 arc minutes, and stimuli were viewed for 1000 milliseconds
moving 5 pixels per frame (60 frames per second) from a distance of 570 mm. Head position for
testing was stabilised using a chin rest. Between these testing sessions, observers undertook five
consecutive days of global motion training in one of three spatial frequency groups (broad, low or
high). Training stimuli were presented on a 19” monitor with a display resolution of 1980 × 1080 pixels
and a 60-Hz refresh rate, using a PC running Windows 7. Stimuli and step size for the random walk
were adjusted to standardise the stimuli across the viewing conditions of the two monitors. One pixel
subtended 1.7 arc minutes. Observers were positioned with a viewing distance of 500 mm, which was
checked routinely with a measured piece of string. The stimuli were presented for 1000 milliseconds,
moving 10 pixels per frame (30 frames per second).
3.3.1. Training Stimuli
Global motion: Broadband stimuli were the same as previously described. For low-frequency
stimuli, the elements were circularly symmetric Gabor patches. The standard deviation of the
Gaussian window, σ, was 30.1 arc minutes, and the spatial frequency of luminance modulation,
f , was 1 cycle/degree. For each element, the luminance profile was defined as a function of horizontal
and vertical position ( x, y) as:
d( x, y) =
L(d) =

q

( x − x0 )2 + ( y − y0 )2
− d2

A
√ exp 2 cos 2π f d
2σ
σ 2π

(1)
(2)

where x0 and y0 is the central position of the element and A determines its contrast. Elements for the
high-frequency stimuli were defined in the same way, but had a standard deviation of 7.48 arc minutes
and a spatial frequency, f , of 4 cycles/degree. For all stimuli, the spatial frequency of the elements
and the speed of motion were held constant. Initially, all elements were uniformly and randomly
distributed within a region of 16.6◦ × 16.6◦ in the centre of the screen. A central black fixation dot
was presented at all times when stimuli were not being displayed. Examples of the stimuli are shown
in Figure 2a–c. Motion was created using the method previously detailed, and dots moved a fixed
distance of 8.5 arc minutes per frame.
3.3.2. Testing Stimuli (Pre and Post)
1.

2.

Global motion: Stimuli were identical to those described in the training session, with the following
exceptions. In order to standardise the stimuli across the viewing conditions of the two monitors,
the standard deviations of the testing elements were 6.4 arc minutes (broadband), 28.4 arc minutes
(low-frequency) and 7.0 arc minutes (high-frequency). Stimuli were presented within a mid-grey
rectangle measuring 15.9◦ × 15.9◦ , and each element moved a fixed distance of 8 arc minutes.
Contrast sensitivity: Stimuli were static oriented Gabor patches (see Figure 4), with a spatial
frequency of 1 cycle per degree (/◦ ) or 4 cycles/◦ , presented in the centre of the screen on a
mid-grey background, tilted either ±20◦ away from vertical. The Gaussian envelope of the Gabor
stimulus had a standard deviation of 1.1◦ . Seven levels of contrast (0.05, 0.1, 0.15, 0.175, 0.2, 0.3,
0.4% Michelson Contrast) were presented.
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Figure 4. Example of Gabor gratings used for contrast detection for stimuli with (a) 1 cycle per degree
at +20◦ (b) and 4 cycles per degree at −20◦ .

3.4. Procedure
For each observer, training was undertaken at one spatial frequency only, totalling 420 trials daily
for 5 continuous days. Based on the findings from Experiment 1, feedback was provided after each trial.
Testing (pre and post) measures were taken for motion coherence (for all frequencies) and contrast
sensitivity (high and low spatial frequency). Responses were captured on a DataPixx response box for
contrast sensitivity and left and right arrows on the keyboard for the motion task. The presentation
order of trials was randomised for direction and coherence (for global motion), spatial frequency and
orientation (for contrast sensitivity). There were 20 repetitions for each of the seven levels, for each
condition. Testing was performed in a darkened room, before and after training.
3.5. Statistical Methodology
Moscatelli et al. [90] proposed using the Generalised Linear Mixed Effects Model (GLMM) for
psychophysical data. The GLMM is an extension of the General Linear Model (GLM) and one that
provides a more robust statistical analysis where the data contain irregular response distributions.
The GLMM contains both fixed and random effects. The fixed component estimates are the effects of
interest, for example (a) the day (or session) of testing and (b) each level of the stimulus (coherence,
contrast or orientation). The modelling of random effects assesses the differences between related
groups (such as those from different observers) that allow inference to a larger population [91].
The strength in the model lies in the model’s flexibility to assign fixed or random parameters for the
slope and the intercept.
Learning is often measured through monitoring performance at a particular threshold, which is
expected to shift the psychometric function leftwards if performance is improved; see Figure 5a.
This threshold describes a change in performance (proportion correct) as a function of the strength
of the stimulus [92]. The leftward shift in the curve indicates an improvement in threshold (or the
midpoint). However, learning may differ across stimulus intensities. For example, an increase in slope
indicates an increase in the rate at which performance increases with increasing stimulus intensity (see
Figure 5b). The GLMM can fit these two types of learning within its two free parameter model.
However, the GLMM assumes that performance and intensity are positively correlated and
reaches asymptotic performance at the highest stimulus intensity [93]. Initial analysis using the GLMM
resulted in a poor psychometric fit of the observer response data, where some conditions did reach
perfect accuracy, asymptoting at a proportion of correct responses that was less than 1; this resulted
in a poor psychometric fit of the observer response data using the GLMM. To accommodate this,
a nonlinear generalised mixed effects model (NLME) was used. The NLME includes an additional
free parameter (asymptotic performance) to model the variability in responses [91]. An increase in the
asymptote indicates a significant change to the performance at the highest level of stimulus intensity
(Figure 5c). Allowing the asymptote to vary between observers allows the model to fit responses that
do not increase linearly with stimulus intensities. While accounting for asymptotic performance is
not new in perceptual learning studies [94–96], the NLME fits and analyses the dataset at the level of
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the sample, rather than the individual. Choosing which free parameters to include in the NLME is
complicated, and the strength of any model can only be compared by comparing other simpler fits.
We used the guidance from Agresti [91] (and others) by comparing our model to one that only contains
the fixed parameter, intercept. Due to the number of analyses we report, we chose to use the same
model across all comparisons.

Figure 5. Psychometric functions illustrating the three measures by which the non-linear regression
provides evidence of a change. (a) A leftward shift of the function indicates a general increase across
stimulus levels, which did not vary as stimulus intensity increased. (b) A steeper slope indicates an
increase in the number of correct responses as stimulus intensity increases. (c) An upward shift of the
asymptote indicates an increase in performance where stimulus intensity is at its highest. The midpoint
is the point where the proportion correct intersects the half-way point between a chance response
and perfect (in this schematic, it is 75%). These changes are independent aspects of the psychometric
function fit and may not necessarily always be congruent. For example, it is possible to obtain an
increase in one measure and a decrease (or no change) in another.

One disadvantage of the NLME is that there is no simple measure of significance provided after
the analysis. Significance is thus interpreted using confidence limits, which we have opted to portray
visually (see Figure 6i–iii). The 95% confidence intervals that cross (include) zero are not significantly
different. Those that are exclusively negative or positive indicate a significant change in that direction.

Figure 6. Plots show a visual report of the 95% confidence intervals for the change in (i) asymptote,
(ii) midpoint and (iii) slope after training. A positive change to the (i) asymptote or (iii) slope reflects
an improvement in performance, and conversely, a negative change indicates worsened performance.
Thus, any results that are exclusively in the shaded areas are indicative of a significant positive
change (improvement). Results in the unshaded areas show a significant negative change (worsening
performance). Any results that cross both zones (i.e., include zero) show no significant change.
In contrast, a positive change to the (ii) midpoint (or threshold) shows worsened performance, while a
negative change to performance indicates an improvement.

Interpreting the Changes to the Psychometric Function
The change in the upper asymptote can best be interpreted as a change in response gain: a change
in the maximum response to stimuli as a result of training [94,96,97]. This indicates an increase of
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performance when the stimulus is at its highest. This is predicted if an increase in weighting occurs
over a smaller range of stimulus positions and features (e.g., motion direction) than that used to define
the task. The midpoint (in this case 75%) summarises the point at which observers responded correctly
on 75% of trials. A reduction in the midpoint is predicted if an increase in the weighting of stimuli
occurs over a range of stimulus positions and features greater than that required for the psychophysical
task. Finally, a change to the slope parameter shows how the proportion of correct responses changes
as a function of stimulus strength.
Perceptual learning was modelled as a linear trend with time, so that we assumed that, if any of
these parameters changed as a result of learning, this would be at a constant rate. This linear trend is a
first-order approximation; while we would expect any changes as a result of learning to be monotonic,
we did not necessarily assume that they would be linear. It should be noted however that clear linear
improvements in thresholds were reported by Levi et al. [36]. Since our experiments are closely related
to this study, we used a linear model of performance as a simple first approximation.
4. Results
4.1. Statistical Methods
All analyses were conducted using a Nonlinear Mixed Effects Model (NLME) with MATLAB
(using the nlme function) and a logistic link function defined by the following model:
p = 0.5 +

( A + Ad (S − 1))
−(
K
+
Kd (S−1))(C −(C0 +C0d (S−1)))
1+e

(3)

where p is the proportion of correct responses, A determines the asymptotic level of performance,
K defines the slope and C0 defines the midpoint of the function. d is the post-training change in
performance, and Ad , Kd and C0d determine the change in asymptote, slope and midpoint, respectively.
C is the coherence level, and S is the day. Random effects were included for all parameters, and the
model was compared to a null model in which only the intercept was free to vary, using the chi-squared
statistic to test for a significant improvement in the log likelihood. The 95% confidence limits were
calculated for the estimated parameter values. These were plotted for each comparison as a nested
bar plot within each model fit (reported below). In the case of the contrast sensitivity task, the model
with the full random-effects structure did not converge, and a reduced model with random effects for
asymptote and slope, as well as the change in these two parameters between sessions was used instead.
4.2. Feedback and Perceptual Learning: Experiment 1
Results for the feedback and no-feedback conditions are plotted in Figure 7. To identify if either
trial-by-trial feedback or a combination of easy and difficult trials in the absence of feedback produced
learning, the response data for each condition (feedback and no feedback) were analysed independently.
The seven levels of coherence (5◦ , 10◦ , 15◦ , 20◦ , 25◦ , 60◦ , 180◦ ) were transformed to show the natural
log (coherence), to better show the results at low levels of coherence.
For the no-feedback group, there was a small reduction in the asymptote, a significant increase
in midpoint and an increase in slope as a result of training. However, the change by day was not
significant (Figure 7). In contrast, for the feedback group, there was a significant decrease in midpoint
and an increase in slope by day. There was a significant change by day to the asymptote; however,
this was a small change. The model fits are summarised in Table 2. All three of these effects indicated
an improvement in performance through training. Overall, there was consistent improvement in
performance with feedback, but little change when it was absent. These results demonstrate that,
for our training procedures, feedback was necessary for learning. Trial-by-trial feedback was thus
provided in all training conditions in the second experiment.
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Figure 7. Progress during the ten days of training for each feedback condition scaled to log units for
visualisation: (a) no feedback and (b) with feedback. Nested plots show the 95% confidence intervals for
the change for each measure of interest, namely (i) asymptote, (ii) midpoint and (iii) slope. Results that
are exclusively in the shaded region indicate a significant improvement in performance. Results wholly
in the unshaded areas show a significant worsening in performance. Results that cross both zones (i.e.,
include zero) show no significant effect of training on that parameter. The mini plots on the far right
illustrate the improvement.
Table 2. Goodness of fit tests for each model. A mixed-effects model with the intercept as the only free
parameter was compared with the model including the full psychometric function. The −2×difference
in log likelihood between the full and null model was calculated and tested for significance against a
chi-squared distribution, with degrees of freedom equal to the difference in the number of parameters
for the two models.
Feedback Condition

−2LL

∆DOF

p

Feedback
No Feedback

1528.96
1428.24

10
10

<0.0001
<0.0001

4.3. Feedback and Perceptual Learning: Experiment 2
4.3.1. Training Results
Results for the five days of training, with feedback, are shown in Figure 8. For the group trained
with low-frequency stimuli, there was an increase in asymptote, an increase in midpoint, and an
increase in slope. For the group trained with broad frequency stimuli, there was an increase in
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asymptote, a reduction in midpoint, and a change in slope. For the group trained with high-frequency
stimuli, there was a reduction in asymptote, a reduction in midpoint, and an increase in slope. As can
be seen in Figure 8, performance on the motion coherence task improved across the training session for
all three groups, showing perceptual learning for all spatial frequencies. The model fits are summarised
in Table 3.

Figure 8. Progress during the five days of training for each frequency trained group scaled to log units
for visualisation: (a) low, (b) broad and (c) high. Nested plots show the 95% confidence intervals for
the change for each measure of interest. Namely (i) asymptote, (ii) midpoint and (iii) slope. Any results
that are exclusively in the shaded area indicate a significant positive change (improvement). Results in
the unshaded areas show a significant negative change (worsening performance). Finally, results that
cross both zones (i.e., include zero) show no significant difference. The mini plots on the far right
illustrate the improvement.
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Table 3. Goodness of fit tests for each model. A mixed-effects model with the intercept as the only free
parameter was compared with the model including the full psychometric function. The −2× difference
in log likelihood between the full and null model was calculated and tested for significance against a
chi-squared distribution, with degrees of freedom equal to the difference in the number of parameters
for the two models.
Training Frequency

−2LL

∆DOF

p

Low
Broad
High

641.53
618.32
765.47

10
10
10

<0.0001
<0.0001
<0.0001

4.3.2. Pre- and Post-Test Results for Motion Coherence
(a) Low-Frequency Training:
Results for the group trained with low-frequency stimuli are shown in Figure 9a. The model
fits are summarised in Table 4. When tested with low-frequency stimuli, there was an increase in
asymptote and a reduction in midpoint, but a reduction in slope. Overall, the results showed an
improvement in performance, particularly at high coherence levels. When tested with broad frequency
stimuli, there was an increase in asymptote and an increase in slope, but no change in midpoint. Again,
these results showed an improvement in performance, most notably at high coherence levels. Finally,
when tested with high-frequency stimuli, there was a reduction in asymptote, a reduction in slope and
no change in midpoint. There was no improvement in the perception of motion coherence in this case,
rather a slight reduction in performance.
(b) Broad Frequency Training:
Results for the group trained with broad frequency stimuli are shown in Figure 9b. The model fits
are summarised in Table 4. When tested with low-frequency stimuli, there was an increase in slope and
asymptote, but no change in midpoint. As can be seen in Figure 9b, performance improved following
training for low-contrast test stimuli in the way of training. When tests had broad frequency stimuli,
there was a reduction in asymptote, no change in midpoint and an increase in slope. Unexpectedly,
these results showed a reduction in performance at high coherence levels. Finally, when tested with
high-frequency stimuli, there was a reduction in asymptote, an increase in slope and no change in
midpoint. Again, these results showed an unexpected reduction in performance at high coherence
levels after training.
(c) High-Frequency Training
Results for the group trained with high-frequency stimuli are shown in Figure 9c. The model fits
are summarised in Table 4. Performance on the low-frequency stimuli test showed a reduction in slope,
but no change in asymptote or midpoint. There was little evidence for any change in performance
following training. When tested with broad-frequency stimuli, there was a reduction in asymptote,
no change in midpoint and an increase in slope. Again, there was little evidence for any change
in performance following training. Finally, when tested with high-frequency stimuli, there was a
reduction in asymptote and slope, but no change in midpoint. As with the other two test frequencies,
there was little evidence for any change in performance.
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Figure 9. Pre- and post-test motion coherence results following after the five days of training for
each frequency trained group scaled to log units for visualisation: (a) low, (b) broad and (c) high.
Nested plots show the 95% confidence intervals for the change for each measure of interest, namely
(i) asymptote, (ii) midpoint and (iii) slope. Any results that are exclusively in the shaded are indicate a
significant positive change (improvement). Results in the unshaded areas show a significant negative
change (worsening performance). Finally, results that cross both zones (i.e., include zero) show no
significant difference.
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Table 4. Motion coherence: goodness of fit tests for each model. A mixed-effects model with the
intercept as the only free parameter was compared with the model including the full psychometric
function. The −2× difference in log likelihood between the full and null model was calculated
and tested for significance against a chi-squared distribution, with degrees of freedom equal to the
difference in the number of parameters for the two models.
Training Frequency

Tested Frequency

−2LL

∆DOF

p

Low
Low
Low
Broad
Broad
Broad
High
High
High

Low
Broad
High
Low
Broad
High
Low
Broad
High

123.29
146.17
176.96
161.96
158.93
168.91
98.04
207.56
197.53

10
10
10
10
10
10
10
10
10

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

4.3.3. Pre- and Post-Test Results for Contrast Sensitivity
(a) Low-Frequency Training:
Results for the group trained with low-frequency stimuli are shown in Figure 10a. The model
fits are summarised in Table 5. When tested with low-frequency stimuli, there was an increase in
asymptote and a reduction in midpoint, but no change in slope. Overall, the results showed an
improvement in performance, particularly at high coherence levels. When tested with high-frequency
stimuli, there was a reduction in asymptote, a small increase in midpoint and no change in slope.
These results reflected an overall worsening of performance.
(b) Broad Frequency Training:
Results for the group trained with broad frequency stimuli are shown in Figure 10b. The model
fits are summarised in Table 5. When tested with low-frequency stimuli, there was an increase in
asymptote and an increase in midpoint, but no change in slope. Improvement was evidenced at high
stimulus intensities only. When tested with high-frequency stimuli, there was a very small increase in
asymptotic performance, an increase in midpoint and no change in slope. These results again reflect
an improvement in performance as a result of training, particularly at the higher contrast levels.
(c) High-Frequency Training:
Results for the group trained with high-frequency stimuli are shown in Figure 10c. The model
fits are summarised in Table 5. When tested with low-frequency stimuli, there was an increase in
asymptote and a change in midpoint, but no change in slope. These results reflect a very modest
improvement in performance following training. When tested with high-frequency stimuli, there was
a reduction in asymptote and a reduction in midpoint, but no change in slope. These results represent
a slight worsening of performance following training.
Table 5. Contrast sensitivity: goodness of fit tests for each model. A mixed-effects model with the
intercept as the only free parameter was compared with the model including the full psychometric
function. The −2× difference in log likelihood between the full and null model was calculated,
and tested for significance against a chi-squared distribution, with degrees of freedom equal to the
difference in the number of parameters for the two models.
Training Frequency

Tested Frequency

−2LL

∆DOF

p

Low
Low
Broad
Broad
High
High

Low
High
Low
High
Low
High

234.87
161.14
268.60
206.31
276.63
209.01

8
8
8
8
8
8

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
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Figure 10. Pre- and post-test contrast sensitivity (low and high spatial frequency) results following
the five days of training for each frequency trained group scaled to log units for visualisation: (a) low,
(b) broad and (c) high. Nested plots show the 95% confidence intervals for the change for each measure
of interest, namely (i) asymptote, (ii) midpoint and (iii) slope. Any results that are exclusively in the
shaded area indicate a significant positive change (improvement). Results in the unshaded areas show
a significant negative change (worsening of performance). Finally, results that cross both zones (i.e.,
include zero) show no significant difference.

5. Discussion
The first experiment assessed the need for trial-by-trial feedback for perceptual learning in a
motion coherence task. We found robust learning only when feedback was provided. These results
contrast with other studies, in which learning was found to occur without feedback, provided that a
combination of both easy and difficult trials was presented [83]. “Easy” trials were defined as those that
could be discriminated with 85% accuracy and “difficult” trials those that could be discriminated with
65% accuracy. While the overall accuracy level in our study was very similar, our procedure differed
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in that we used the method of constant stimuli, so that we presented stimuli at seven different levels,
rather than just two. This may have made it harder to generate accurate metacognitive judgements
of confidence in perceptual performance [98], which in turn would have adversely affected the
appropriate weighting of trials in guiding perceptual learning [99]. These results suggest that the
inclusion of easy and difficult trials is not sufficient to ensure robust perceptual learning. Rather, it
appears necessary that easy and difficult trials can also be readily discriminated. This would facilitate
an efficient, adaptive approach to reweighting. Petrov et al. [86] argued that observers can use their
own decision as the training signal to support Hebbian-like learning; if this is correct more often
than not, it can be used to guide reweighting in order to improve performance. Learning can be
improved by selectively reweighting those trials that can be identified as easy and therefore more
likely to support accurate perceptual decisions [99]. When multiple levels of difficulty are presented
within an experiment, observers tend to be overconfident in difficult trials and under-confident in easy
trials [98]. Such an inaccuracy in meta-perceptual judgements might explain the lack of perceptual
learning without feedback in our experiment. These results demonstrate the need for trial-by-trial
feedback for robust learning for our stimuli and task.
In the second experiment, participants were tested on all motion coherence conditions (for low-,
broad and high-frequency stimuli) and contrast sensitivity (low- and high-frequency Gabor patches).
They were then trained on a motion coherence task, with either low-, broad or high-frequency elements,
before retesting on all tasks.
Main Findings
When trained with low-frequency stimuli, there was improvement for the low- and broad frequency
conditions, but not the high spatial frequency condition. This pattern of learning is consistent with the
broad, but relatively low-frequency tuning properties of global motion detectors.
For those trained using broad frequency stimuli, improvement at the testing stage was restricted to
the untrained low-frequency condition. Based on the frequency tuning properties of global motion
detectors, we would also have predicted a similar pattern of learning for broadband test stimuli. With
learning, nonetheless driven by the low-frequency content of the stimuli
Finally, when trained on high-frequency stimuli, the relatively weak responses of global motion
mechanisms to high spatial frequency stimuli may account for the general absence of improvement in
performance across all frequencies at the test stage.
When testing for transfer of learning to the contrast sensitivity task, an improvement was found
for both low- and high-frequency contrast stimuli following training with broad frequency stimuli.
Following training with low-frequency stimuli, there was an improvement on low-frequency contrast
stimuli. These results are again broadly consistent with the spatial frequency tuning of global motion
processing, but with broader transfer effects than for improvements in motion. Thus, the small
improvement in asymptotic performance in contrast sensitivity for both low and high frequencies
following training with broad frequency stimuli may also reflect the frequency-tuned mechanisms that
respond to these stimuli, albeit to a lesser extent than for low-frequency stimuli. In contrast, the lack
of improvement for high-frequency stimuli is likely to reflect the fact that these narrowband stimuli
will not have created sufficiently strong responses in global mechanisms to generate learning. These
results are consistent with those of Levi et al. [36], who noted that the broad improvement in contrast
sensitivity following training with random dot stimuli reflects the broadband content of these stimuli.
We have shown that this learning can be more restricted when training with narrowband stimuli
and that transfer did not require the test and training stimuli to have the same temporal properties.
We found improvements in performance on our motion coherence task, following training with
trial-by-trial feedback, for all spatial frequencies. These improvements did not in all cases transfer
to our post-training testing, without feedback, even when testing with the same stimuli as used for
training. In related experiments [36], post-training assessment without feedback was not investigated,
so it is not possible to directly compare this aspect of our results. Herzog and Fahle [79] found that,
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when trained on a vernier acuity task, improvements in performance from training with feedback
persisted when feedback was removed. In that study, a single level of stimulus was presented, set to
be just below each participants’ midpoint prior to training. One possible difference in our study was
that the combination of multiple stimulus levels and the removal of feedback would have adversely
affected participants’ metacognitive confidence judgements, which may in turn have lowered their
performance on the task [98]. While a full investigation of this is beyond the scope of this project, we
can conclude that the strongest and most robust learning occurred following training and testing with
the stimuli comprised of low-frequency elements. This is consistent with the spatial frequency tuning
of global motion processing.
Overall, we tended to find improvements in performance characterised by a changing asymptote,
rather than a reduction in the midpoint of the psychometric function. These results suggest that,
in this case, learning acts to increase the response gain, rather than contrast gain. In our version of
the global motion task, pooling over the whole of the stimulus, and the full range of directions, will
contribute to task performance. The change in asymptote is therefore consistent with a change in input
weighting over a more narrowly-defined range of stimulus positions or directions and, thus, a partial,
but incomplete, recruitment of the information potentially available.
The spatial frequency tuning of the transfer of learning suggests an important role for the higher
level, global stage of motion processing. This result is consistent with reverse hierarchy theory [55],
in which learning operates through top-down guidance via re-entrant connections. A critical role for
these top-down connections between the global and local stages of motion has been shown through
studies using transcranial magnetic stimulation (TMS), which has shown that the feedback connections
from V5 to V1 are adaptable [54]. TMS applied asynchronously to V1 and V5 was to enhance the
perception of coherent motion, such that thresholds were lower after TMS application. Critically,
this was dependent on the timing and direction of stimulation. Motion perception was found to be
strengthened when TMS was applied first to V5 then to V1, strengthening the re-entrant connection
from V5 to V1, but not when applied first to V1 then to V5 or when stimulation was simultaneous.
This asymmetry shows that re-entrant connections play a role in perceptual learning in global motion
coherence tasks. Chiappini et al. [100] used a similar paired cortico-cortical paired TMS protocol
(ccPAS) to induce a direction-selective improvement in performance by combining sub-threshold
stimulation with the simultaneous presentation of direction-specific moving stimuli. This provides
accumulating evidence that the re-entrant connections from direction-tuned neurons play a role in
perceptual learning in global motion coherence tasks. These results are also consistent with the effects
of high-frequency transcranial random noise stimulation (hf-tRNS) in improving perceptual learning
in an orientation discrimination task [101]. hf-tRNS has also been shown to improve visual acuity,
but not contrast sensitivity, in amblyopia [102,103]. The facilitation of learning by hf-tRNS is believed
to reflect the repeated sub-threshold stimulation of cortical neurons [101].
6. Conclusions
We assessed the transfer of learning from training on a motion coherence task across spatial
frequency and to a static contrast sensitivity task. The transfer of learning reflects the spatial frequency
tuning of global motion mechanisms, which are tuned to relatively low spatial frequencies [46].
These results demonstrate the important role played by these global mechanisms in perceptual learning,
as predicted by the reverse hierarchy theory [55]. Consistent with this theory, the transfer of learning to
a static contrast sensitivity task is likely to reflect the influence of changes from higher stage feedback
connections to earlier stages of visual processing.
Author Contributions: Conceptualization, J.M.A., P.B.H. and V.R.; methodology, J.M.A. and P.B.H.; software,
J.M.A. and P.B.H.; formal analysis, J.M.A.; data curation, J.M.A.; writing, original draft preparation, J.M.A.;
writing, review and editing, J.M.A., P.B.H. and V.R.; visualization, J.M.A.; supervision, P.B.H. and V.R.; project
administration, J.M.A.

Vision 2019, 3, 44

20 of 24

Funding: This research was funded by a University of Essex Doctoral studentship and grants from ESSEXLab
and PsyPAGto J.M.A.
Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; nor in the decision to
publish the results.

References
1.
2.
3.

4.

5.

6.
7.
8.
9.
10.

11.

12.
13.
14.
15.
16.
17.
18.
19.
20.

Campana, G.; Maniglia, M. Editorial: Improving visual deficits with perceptual learning. Front. Psychol.
2015, 6, 491. [CrossRef] [PubMed]
Tan, D.T.; Fong, A. Efficacy of neural vision therapy to enhance contrast sensitivity function and visual
acuity in low myopia. J. Cataract Refract. Surg. 2008, 34, 570–577. [CrossRef]
Camilleri, R.; Pavan, A.; Ghin, F.; Battaglini, L.; Campana, G. Improvement of uncorrected visual acuity
(UCVA) and contrast sensitivity (UCCS) with perceptual learning and transcranial random noise stimulation
(tRNS) in individuals with mild myopia. Front. Psychol. 2014, 5, 1234. [CrossRef] [PubMed]
Camilleri, R.; Pavan, A.; Ghin, F.; Campana, G. Improving myopia via perceptual learning: Is training with
lateral masking the only (or the most) efficacious technique? Atten. Percept. Psychophys. 2014, 76, 2485–2494.
[CrossRef] [PubMed]
Camilleri, R.; Pavan, A.; Campana, G. The application of online transcranial random noise stimulation
and perceptual learning in the improvement of visual functions in mild myopia. Neuropsychologia 2016,
89, 225–231. [CrossRef] [PubMed]
Hess, R.F.; Hayes, A.; Field, D.J. Contour integration and cortical processing. J. Physiol. Paris 2003, 97, 105–119.
[CrossRef] [PubMed]
Levi, D.M.; Li, R.W. Perceptual learning as a potential treatment for amblyopia: A mini-review. Vis. Res.
2009, 49, 2535–2549. [CrossRef] [PubMed]
Polat, U. Making perceptual learning practical to improve visual functions. Vis. Res. 2009, 49, 2566–2573.
[CrossRef]
Huxlin, K.R.; Martin, T.; Kelly, K.; Riley, M.; Friedman, D.I.; Burgin, W.S.; Hayhoe, M. Perceptual relearning
of complex visual motion after V1 damage in humans. J. Neurosci. 2009, 29, 3981–3991. [CrossRef] [PubMed]
Sahraie, A.; Trevethan, C.T.; MacLeod, M.J.; Murray, A.D.; Olson, J.A.; Weiskrantz, L. Increased sensitivity
after repeated stimulation of residual spatial channels in blindsight. Proc. Natl. Acad. Sci. USA 2006,
103, 14971–14976. [CrossRef] [PubMed]
Trevethan, C.T.; Urquhart, J.; Ward, R.; Gentleman, D.; Sahraie, A. Evidence for perceptual learning with
repeated stimulation after partial and total cortical blindness. Adv. Cogn. Psychol. 2012, 8, 29–37. [CrossRef]
[PubMed]
Sagi, D. Perceptual learning in Vision Research. Vis. Res. 2011, 51, 1552–1566. [CrossRef] [PubMed]
Seitz, A.R.; Watanabe, T. A unified model for perceptual learning. Trends Cogn. Sci. 2005, 9, 329–334.
[CrossRef] [PubMed]
Fahle, M. Perceptual learning: Specificity versus generalization. Curr. Opin. Neurobiol. 2005, 15, 154–160.
[CrossRef] [PubMed]
Ahissar, M.; Hochstein, S. Task difficulty and the specificity of perceptual learning. Lett. Nat. 1997,
387, 401–406. [CrossRef] [PubMed]
Fiorentini, A.; Berardi, N. Perceptual learning specific for orientation and spatial frequency. Nature 1980,
287, 43–44. [CrossRef] [PubMed]
Karni, A.; Sagi, D. Where practice makes perfect in texture discrimination: Evidence for primary visual
cortex plasticity. Proc. Natl. Acad. Sci. USA 1991, 88, 4966–4970. [CrossRef]
Ball, K.; Sekuler, R. A specific and enduring improvement in visual motion discrimination. Science 1982,
218, 697–698. [CrossRef]
Lu, Z.L.; Hua, T.; Huang, C.B.; Zhou, Y.; Dosher, B.A. Visual perceptual learning. Neurobiol. Learn. Mem.
2011, 95, 145–151. [CrossRef]
Fahle, M. Specificity of learning curvature, orientation, and vernier discriminations. Vis. Res. 1997,
37, 1885–1895. [CrossRef]

Vision 2019, 3, 44

21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44.
45.
46.
47.

21 of 24

Schoups, A.A.; Vogels, R.; Orban, G.A. Human perceptual learning in identifying the oblique orientation:
Retinotopy, orientation specificity and monocularity. J. Physiol. 1995, 483, 797–810. [CrossRef] [PubMed]
Campana, G.; Casco, C. Learning in combined-feature search: Specificity to orientation. Percept. Psychophys.
2003, 65, 1197–1207. [CrossRef] [PubMed]
Sowden, P.T.; Rose, D.; Davies, I.R.L. Perceptual learning of luminance contrast detection: Specific for spatial
frequency and retinal location but not orientation. Vis. Res. 2002, 42, 1249–1258. [CrossRef]
Fahle, M.; Edelman, S. Long-term learning in vernier acuity: Effects of stimulus orientation, range and of
feedback. Vis. Res. 1993, 33, 397–412. [CrossRef]
Fahle, M.; Edelman, S.; Poggio, T. Fast perceptual learning in hyperacuity. Vis. Res. 1995, 35, 3003–3013.
[CrossRef]
Poggio, T.; Fahle, M.; Edelman, S. Fast perceptual learning in visual hyperacuity. Science 1992, 256, 1018–1021.
[CrossRef]
Shiu, L.P.; Pashler, H. Improvement in line orientation discrimination is retinally local but dependent on
cognitive set. Percept. Psychophys. 1992, 52, 582–588. [CrossRef]
DeValois, R.L.; Albrecht, D.G.; Thonrell, L.G. Spatial Frequency Selectivity of Cells in Macaque Visual Cortex.
Vis. Res. 1982, 22, 545–559. [CrossRef]
Hubel, D.H.; Wiesel, T.N. Receptive fields, binocular interaction and functional architecture in the cat’s
visual cortex. J. Physiol. 1962, 160, 106–154. [CrossRef]
Movshon, J.A.; Thompson, I.D.; Tolhurst, D.J. Spatial and temporal contrast sensitivity of neurones in areas
17 and 18 of the cat visual cortex. J. Physiol. 1978, 283, 101–120. [CrossRef]
Livingstone, M.; Hubel, D.H. Segregation of Form, Color, Movement, and Depth: Anatomy, Physiology,
and Perception. Science 1988, 240, 740–749. [CrossRef] [PubMed]
Movshon, J.A.; Newsome, W.T. Visual response properties of striate cortical neurons projecting to area MT
in macaque monkeys. J. Neurosci. 1996, 16, 7733–7741. [CrossRef] [PubMed]
Furlan, M.; Smith, A.T. Global Motion Processing in Human Visual Cortical Areas V2 and V3. J. Neurosci.
2016, 36, 7314–7324. [CrossRef] [PubMed]
Lamme, V.A.F. Recurrent corticocortical interactions in neural disease. Arch. Neurol. 2003, 60, 178–184.
[CrossRef] [PubMed]
Simoncelli, E.P.; Heeger, D.J. A Model of Neuronal Responses in Visual Area MT. Vis. Res. 1998, 38, 743–761.
[CrossRef]
Levi, A.; Shaked, D.; Tadin, D.; Huxlin, K.R. Is improved contrast sensitivity a natural consequence of visual
training? J. Vis. 2015, 14, 1158. [CrossRef]
Ball, K.; Sekuler, R. Direction-specific improvement in motion discrimination. Vis. Res. 1987, 27, 953–965.
[CrossRef]
McGovern, D.P.; Webb, B.S.; Peirce, J.W. Transfer of perceptual learning between different visual tasks. J. Vis.
2012, 12, 4. [CrossRef]
Garcia, A.; Kuai, S.G.; Kourtzi, Z. Differences in the time course of learning for hard compared to easy
training. Front. Psychol. 2013, 4, 110. [CrossRef]
Felleman, D.J.; Van Essen, D.C. Receptive field properties of neurons in area V3 of macaque monkey
extrastriate cortex. J. Neurophysiol. 1987, 57, 889–920. [CrossRef]
Hubel, D.H.; Wiesel, T.N. Receptive fields and functional acrhitecture in two nonstriate visual areas (18 and
19) of the cat. J. Neurophysiol. 1965, 28, 229–289. [CrossRef] [PubMed]
Mikami, A.; Newsome, W.T.; Wurtz, R.H. Motion selectivity in macaque visual cortex. II. Spatiotemporal
range of directional interactions in MT and V1. J. Neurophysiol. 1986, 55, 1328–1339. [CrossRef] [PubMed]
Sillito, A.M.; Cudeiro, J.; Jones, H.E. Always returning: Feedback and sensory processing in visual cortex
and thalamus. Trends Neurosci. 2006, 29, 307–316. [CrossRef] [PubMed]
Zeki, S. Functional organization of a visual area in the posterior bank of the superior temporal sulcus of the
rhesus monkey. J. Physiol. 1974, 236, 549–573. [CrossRef] [PubMed]
Amano, K.; Edwards, M.; Badcock, D.R.; Nishida, S. Spatial-frequency tuning in the pooling of one- and
two-dimensional motion signals. Vis. Res. 2009, 49, 2862–2869. [CrossRef] [PubMed]
Bex, P.J.; Dakin, S.C. Comparison of the spatial-frequency selectivity of local and global motion detectors.
J. Opt. Soc. Am. 2002, 19, 670–677. [CrossRef] [PubMed]
Burr, D.; Thompson, P. Motion psychophysics: 1985–2010. Vis. Res. 2011, 51, 1431–1456. [CrossRef]

Vision 2019, 3, 44

48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.

60.
61.
62.
63.
64.
65.
66.
67.

68.

69.

70.
71.
72.

22 of 24

Gilbert, C.D.; Sigman, M.; Crist, R.E. The Neural Basis of Perceptual Learning Review. Neuron 2001,
31, 681–697. [CrossRef]
Nishida, S. Advancement of motion psychophysics: Review 2001–2010. J. Vis. 2011, 11, 11. [CrossRef]
Sincich, L.C.; Horton, J.C. The Circutrly of V1 and V2: Integration of Color, Form, and Motion. Annu. Rev.
Neurosci. 2005, 28, 303–326. [CrossRef]
Rockland, K.S.; Knutson, T. Feedback Connections From Area Mt Of The Squirrel-Monkey To Areas V1
And V2. J. Comp. Neurol. 2000, 425, 345–368. [CrossRef]
Pascual-Leone, A.; Walsh, V. Fast Backprojections from the Motion to the Primary Visual Area Necessary for
Visual Awareness. Science 2001, 292, 510–512. [CrossRef] [PubMed]
Silvanto, J.; Cowey, A.; Lavie, N.; Walsh, V. Striate cortex (V1) activity gates awareness of motion. Nat. Neurosci.
2005, 8, 143–144. [CrossRef] [PubMed]
Romei, V.; Chiappini, E.; Hibbard, P.B.; Avenanti, A. Empowering Reentrant Projections from V5 to V1
Boosts Sensitivity to Motion. Curr. Biol. 2016, 26, 2155–2160. [CrossRef] [PubMed]
Hochstein, S.; Ahissar, M. Hierarchies and reverse hierarchies in the Visual System. Neuron 2002, 36, 791–804.
[CrossRef]
Ahissar, M.; Hochstein, S. The reverse hierarchy theory of visual perceptual learning. Trends Cogn. Sci. 2004,
8, 457–464. [CrossRef] [PubMed]
Adelson, E.H.; Movshon, J.A. Phenomenal coherence of moving visual patterns. Nature 1982, 300, 523–525.
[CrossRef]
Wilson, H.R.; Ferrera, V.P.; Yo, C. A Psychophysically Motivated Model for 2-Dimensional Motion Perception.
Vis. Neurosci. 1992, 9, 79–97. [CrossRef] [PubMed]
An, X.; Gong, H.; Qian, L.; Wang, X.; Pan, Y.; Zhang, X.; Yang, Y.; Wang, W. Distinct Functional Organizations
for Processing Different Motion Signals in V1, V2, and V4 of Macaque. J. Neurosci. 2012, 32, 13363–13379.
[CrossRef]
Li, P.; Zhu, S.; Chen, M.; Han, C.; Xu, H.; Hu, J.; Fang, Y.; Lu, H.D. A Motion direction preference map in
monkey V4. Neuron 2013, 78, 376–388. [CrossRef]
Newsome, W.T.; Britten, K.H.; Movshon, J.A. Neuronal correlates of a perceptual decision. Nature 1989,
341, 52–54. [CrossRef] [PubMed]
Rudolph, K.; Pasternak, T. Transient and permanent deficits in motion perception after lesions of cortical
areas MT and MST in the macaque monkey. Cereb. Cortex 1999, 9, 90–100. [CrossRef] [PubMed]
Britten, K.H.; Shadlen, M.N.; Newsome, W.T.; Movshon, J.A. The analysis of visual motion: A comparison of
neuronal and psychophysical performance. J. Neurosci. 1992, 12, 4745–4765. [CrossRef] [PubMed]
Newsome, W.T.; Park, B.; York, N.; Brook, S. A Selective Impairment of Motion Perception Following Lesions
of the Middle Temporal Visual Area (MT). J. Neurosci. 1988, 8, 2201–2211. [CrossRef] [PubMed]
Rees, G.; Friston, K.; Koch, C. A direct quantitative relationship between the functional properties of human
and macaque V5. Nat. Neurosci. 2000, 3, 716–723. [CrossRef] [PubMed]
Braddick, O.J. Segmentation versus integration in visual motion processing. Trends Neurosci. 1993,
16, 263–268. [CrossRef]
Cowey, A.; Campana, G.; Walsh, V.; Vaina, L.M. The role of human extra-striate visual areas V5/MT and
V2/V3 in the perception of the direction of global motion: A transcranial magnetic stimulation study.
Exp. Brain Res. 2006, 171, 558–562. [CrossRef]
Hedges, J.H.; Gartshteyn, Y.; Kohn, A.; Rust, N.C.; Shadlen, M.N.; Newsome, W.T.; Movshon, J.A.
Dissociation of neuronal and psychophysical responses to local and global motion. Curr. Biol. 2011,
21, 2023–2028. [CrossRef]
Lui, L.L.; Bourne, J.A.; Rosa, M.G.P. Spatial and temporal frequency selectivity of neurons in the middle
temporal visual area of new world monkeys (Callithrix jacchus). Eur. J. Neurosci. 2007, 25, 1780–1792.
[CrossRef]
Pasternak, T.; Merigan, W.H. Motion Perception following Lesions of the Superior Temporal Sulcus in the
Monkey. Cereb. Cortex 1994, 4, 247–259. [CrossRef]
Vaina, L.M.; Sundareswaran, V.; Harris, J.G. Learning to ignore: Psychophysics and computational modeling
of fast learning of direction in noisy motion stimuli. Cogn. Brain Res. 1995, 2, 155–163. [CrossRef]
Dakin, S.C.; Mareschal, I.; Bex, P.J. Local and global limitations on direction integration assessed using
equivalent noise analysis. Vis. Res. 2005, 45, 3027–3049. [CrossRef] [PubMed]

Vision 2019, 3, 44

73.
74.
75.
76.
77.
78.
79.
80.

81.
82.
83.
84.
85.
86.
87.
88.
89.
90.
91.
92.

93.
94.
95.
96.
97.
98.
99.

23 of 24

Tibber, M.S.; Kelly, M.G.; Jansari, A.; Dakin, S.C.; Shepherd, A.J. An inability to exclude visual noise in
migraine. Investig. Ophthalmol. Vis. Sci. 2014, 55, 2539–2546. [CrossRef] [PubMed]
Williams, D.W.; Sekuler, R. Coherent global motion percepts from stochastic local motions. Vis. Res. 1984,
24, 55–62. [CrossRef]
Scarfe, P.; Glennerster, A. Humans Use Predictive Kinematic Models to Calibrate Visual Cues to
Three-Dimensional Surface Slant. J. Neurosci. 2014, 34, 10394–10401. [CrossRef] [PubMed]
Shibata, K.; Yamagishi, N.; Ishii, S.; Kawato, M. Boosting perceptual learning by fake feedback. Vis. Res.
2009, 49, 2574–2585. [CrossRef] [PubMed]
Herzog, M.H.; Aberg, K.C.; Frémaux, N.; Gerstner, W.; Sprekeler, H. Perceptual learning, roving and the
unsupervised bias. Vis. Res. 2012, 61, 95–99. [CrossRef]
Herzog, M.H.; Fahle, M. A recurrent model for perceptual learning. J. Opt. Technol. 1999, 66, 836. [CrossRef]
Herzog, M.H.; Fahle, M. The Role of Feedback in Learning a Vernier Discrimination Task. Vis. Res. 1997,
37, 2133–2141. [CrossRef]
Maniglia, M.; Pavan, A.; Sato, G.; Contemori, G.; Montemurro, S.; Battaglini, L.; Casco, C. Perceptual
learning leads to long lasting visual improvement in patients with central vision loss. Restor. Neurol. Neurosci.
2016, 34, 697–720. [CrossRef]
Dobres, J.; Watanabe, T. Response feedback triggers long-term consolidation of perceptual learning
independently of performance gains. J. Vis. 2012, 12, 9. [CrossRef] [PubMed]
Seitz, A.R.; Nanez, J.E.; Holloway, S.; Tsushima, Y.; Watanabe, T. Two cases requiring external reinforcement
in perceptual learning. J. Vis. 2006, 6, 9. [CrossRef] [PubMed]
Liu, J.; Lu, Z.L.; Dosher, B.A. Mixed training at high and low accuracy levels leads to perceptual learning
without feedback. Vis. Res. 2012, 61, 15–24. [CrossRef] [PubMed]
Petrov, A.A.; Dosher, B.A.; Lu, Z.L. The dynamics of perceptual learning: An incremental reweighting model.
Psychol. Rev. 2005, 112, 715–743. [CrossRef] [PubMed]
Vaina, L.M.; Belliveau, J.W.; des Roziers, E.B.; Zeffiro, T.A. Neural systems underlying learning and
representation of global motion. Proc. Natl. Acad. Sci. USA 1998, 95, 12657–12662. [CrossRef] [PubMed]
Petrov, A.A.; Dosher, B.A.; Lu, Z.L. Perceptual learning without feedback in non-stationary contexts:
Data and model. Vis. Res. 2006, 46, 3177–3197. [CrossRef] [PubMed]
Brainard, D.H. The psychophysics toolbox. Spat. Vis. 1997, 10, 433–436. [CrossRef] [PubMed]
Kleiner, M.; Brainard, D.; Pelli, D.; Ingling, A.; Murray, R.; Broussard, C. What’s new in Psychtoolbox-3.
Perception 2007, 36, 1–16. [CrossRef]
Pelli, D.G. The VideoToolbox software for visual psychophysics: Transforming numbers into movies.
Spat. Vis. 1997, 10, 437–442. [CrossRef]
Moscatelli, A.; Mezzetti, M.; Lacquaniti, F. Modeling psychophysical data at the population-level:
The generalized linear mixed model. J. Vis. 2012, 12, 26. [CrossRef]
Agresti, A. Categorical Data Analysis, 2nd ed.; Wiley-Interscience: New York, NY, USA, 2002.
Gold, J.I.; Law, C.T.; Connolly, P.; Bennur, S. Relationships Between the Threshold and Slope of Psychometric
and Neurometric Functions During Perceptual Learning: Implications for Neuronal Pooling. J. Neurophysiol.
2010, 103, 140–154. [CrossRef] [PubMed]
Swanson, W.H.; Birch, E.E. Extracting thresholds from noisy psychophysical data. Percept. Psychophys. 1992,
51, 409–422. [CrossRef] [PubMed]
Ling, S.; Carrasco, M. Sustained and transient covert attention enhance the signal via different contrast
response functions. Vis. Res. 2006, 46, 1210–1220. [CrossRef] [PubMed]
Herrmann, K.; Montaser-Kouhsari, L.; Carrasco, M.; Heeger, D.J. When size matters: Attention affects
performance by contrast or response gain. Nat. Neurosci. 2010, 13, 1554–1561. [CrossRef] [PubMed]
Donovan, I.; Carrasco, M. Exogenous attention facilitates location transfer of perceptual learning. J. Vis.
2015, 15, 1–16. [CrossRef]
Reynolds, J.H.; Heeger, D.J. The Normalization Model of Attention. Neuron 2009, 61, 168–185. [CrossRef]
Zylberberg, A.; Roelfsema, P.R.; Sigman, M. Variance misperception explains illusions of confidence in
simple perceptual decisions. Conscious. Cogn. 2014, 27, 246–253. [CrossRef]
Talluri, B.C.; Hung, S.C.; Seitz, A.R.; Seriès, P. Confidence-based integrated reweighting model of
task-difficulty explains location-based specificity in perceptual learning. J. Vis. 2015, 15, 17. [CrossRef]

Vision 2019, 3, 44

24 of 24

100. Chiappini, E.; Silvanto, J.; Hibbard, P.B.; Avenanti, A.; Romei, V. Strengthening functionally specific neural
pathways with transcranial brain stimulation. Curr. Biol. 2018, 28, R735–R736. [CrossRef]
101. Fertonani, A.; Pirulli, C.; Miniussi, C. Random Noise Stimulation Improves Neuroplasticity in Perceptual
Learning. J. Neurosci. 2011, 31, 15416–15423. [CrossRef]
102. Campana, G.; Camilleri, R.; Pavan, A.; Veronese, A.; Giudice, G.L. Improving visual functions in adult
amblyopia with combined perceptual training and transcranial random noise stimulation (tRNS): A pilot
study. Front. Psychol. 2014, 5, 1–6. [CrossRef] [PubMed]
103. Moret, B.; Camilleri, R.; Pavan, A.; Lo Giudice, G.; Veronese, A.; Rizzo, R.; Campana, G. Differential
effects of high-frequency transcranial random noise stimulation (hf-tRNS) on contrast sensitivity and visual
acuity when combined with a short perceptual training in adults with amblyopia. Neuropsychologia 2018,
114, 125–133. [CrossRef] [PubMed]
c 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

