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Perceptual learning improves efficiency by re-tuning
the decision ‘template’ for position discrimination
Roger W Li, Dennis M Levi & Stanley A Klein
Visual position discrimination improves with practice; however, the mechanism(s) underlying this improvement are not yet
known. We used positional noise to explore the underlying neural mechanisms and found that position discrimination improved
with practice over a range of noise levels. This improvement can be largely explained by an increasing efficiency with which
observers used positional information in the stimulus. In a second experiment, we tested the hypothesis that the improved
efficiency reflects a re-tuning of the observers’ perceptual ‘template’—the weightings of inputs from basic visual mechanisms—
to more closely match the ideal template required to perform the perceptual task. Using a new technique to measure which parts
of the stimulus influenced the observer’s performance, we were able to record the re-tuning of the decision template across
training sessions; we found a robust and steady increase in template efficiency during learning.

In vision, as in life, practice improves performance. This ‘perceptual
learning’ has been shown to improve contrast detection1, orientation
discrimination2, bisection3 and Vernier4 judgments, depth perception5, motion detection6, texture segregation7 and pattern recognition8. The learning effects are often specific to the trained visual tasks,
stimulus attributes, and eye and retinal location. Thus, it has been
suggested that the adult brain retains a large degree of neural plasticity.
What are the neural changes that occur during repetitious practice
of a visual task, and at what level of processing in the nervous system
do these changes occur? Many early studies addressed the issue of
whether learning takes place early or late in the visual system by
examining the specificity of learning (that is, whether improvement
transfers to a different task, orientation, eye, and so on). Later studies
used luminance noise (for example, adding dark and bright pixels to
the picture, like snow on a TV screen) to ask what is being learned9–11.
In the present study we used ‘positional noise’ (i.e., perturbation of
the positions of parts of the stimulus) to investigate what is learned
when practicing a position discrimination task. Position discrimination, the ability to distinguish changes in the relative position of two
features, is especially susceptible to perceptual learning in normal
foveal vision4,12–14, even in the absence of noise. Positional acuity is
limited by at least two different mechanisms15,16. For abutting or
closely spaced stimuli, position discrimination depends on target visibility, and is thought to be limited by the response properties of contrast-sensitive filters. An earlier study17 using one-dimensional
luminance noise at various orientations showed that perceptual
learning shrinks the range of orientations over which noise influences
position acuity for abutting lines. The authors conjectured that
improvement might occur because observers learn to ‘pay attention’
to the set of neurons that is most sensitive to the task. For separated

stimuli (like those used in the present study), position discrimination
shows little dependence on target visibility (reducing the target contrast from 99% to 50% has no effect on performance), but depends
strongly on spatial relations, and is thought to be limited by positional uncertainty15,18. Thus, we used positional noise to mimic the
putative limiting internal noise by rendering the positions of the samples uncertain (rather than by obscuring their visibility, as occurs
with luminance noise) and to explore the underlying neural mechanisms for position discrimination.
Our first experiment shows that practice improves performance
over a wide range of noise levels through more efficient use of the
stimulus information (increased efficiency). In the second experiment, we further investigated the improvement in efficiency by using
the trial-by-trial effects of noise (termed ‘molecular’ psychophysics19)
to quantify the influence of different parts of the stimulus on the
observers’ perceptual decisions and to record changes in the
observers’ decision template (which reflects the weightings of inputs
from basic visual mechanisms). The result is a ‘classification image,’
which is a map or spatial profile that shows which parts of the stimulus influence the observer’s performance. Using an efficient technique
for measuring the observers’ classification image in positional noise,
we were able to record the re-tuning of the decision template across
training sessions and found a robust and steady increase in template
efficiency during learning.
RESULTS
Experiment 1: position discrimination learning
By measuring performance at different noise levels and using an
influential model20,21, it is possible to attribute any changes during
learning to two important factors: a change in equivalent input noise
and/or an increase in the efficiency with which the stimulus informa-
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Figure 1 Three possible mechanisms for visual learning. The post-training
curve shows the effects of (i) improvement in efficiency, (ii) lowered
equivalent input noise levels with fixed efficiency and (iii) external noise
exclusion through learning.

tion is used. Equivalent input noise is the noise that must be added to
the stimulus to mimic the limiting noise in the visual system.
Efficiency reflects the computation underlying the use of the information (samples) of the stimulus21.
Three of the possible post-training outcomes (threshold versus
noise curves) based on an early noise model20,21 are illustrated in
Figure 1: (i) A pure improvement in efficiency would shift the curve
downward. This type of improvement has been reported for learning
faces and complex patterns9. A mostly downward shift also occurs for
learning orientation discrimination in peripheral vision10,11. (ii) A
pure decrease in equivalent input noise would shift the ‘knee’ point of
curve down and to the left. We have seen this type of change in the
fovea of amblyopes during learning (R.W.L. and D.M.L., unpublished
data). (iii) Another pattern of learning that has been found10,11 for
learning simple foveal discrimination tasks is a rightward shift of the
curve, produced by a combination of improved efficiency and
increased equivalent input noise. This type of learning has also been
modeled10,11 in terms of improved exclusion of external noise with
fixed equivalent late noise.
In the first experiment, observers practiced a position discrimination task in which they were asked to judge which of three pairs of
lines was misaligned (top, middle or bottom in Fig. 2). We chose this
simple task because even three-year-olds can pick the ‘odd man
out’22, and we plan to use the same test to study perceptual learning in
children. We introduced positional noise by perturbing the positions
of the individual patches of each segment according to a Gaussian
probability function, with the mean offset of the jittered segments set
to zero. Equivalent input noise and efficiency were estimated by systematically manipulating the stimulus positional noise in each training session. A learning session consisted of 750 responses and took
about two and a half hours (including rest breaks). Each observer
provided more than 6,000 responses over eight learning sessions.
We found that position discrimination gradually improved during
practice at all levels of noise (Fig. 3a). The most notable change was
the downward shift in the curves, which are the model fits to the data;
there was also a very subtle leftward shift of the knee points across the
measurements for eight of the ten observers. The mean improvement
in position discrimination was about 23% for all noise settings. The
threshold data are replotted as a function of session in Figure 3b to
illustrate the time course of learning. A bi-linear regression model
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(y = a(x – x0) + y0 for x < x0 and y = y0 for x > x0) was used to fit the
data. The position discrimination thresholds for all noise settings
decreased (improved) steadily, reaching asymptotic performance
after about five sessions. The slopes (a) of the regression lines were
found to be significantly different from zero for all five noise levels
(see Fig. 3 legend).
We used a position averaging model20 to parse the improvement into
changes in equivalent input noise (Fig. 4a) and efficiency (Fig. 4b).
Since performance reached an asymptote in the last three sessions, the
statistical test was performed based on the first and the mean of the last
three sessions. We found a small and non-significant decrease (about
11%) in mean equivalent input noise of the last three sessions compared to that of the first session (paired t = 1.30; P = 0.23), but a substantial and significant increase (about 35%) in mean efficiency (paired
t = 2.68; P = 0.03). The 1.35-fold increase in average efficiency predicts
—––
an approximately 1.16-fold (√1.35 ) improvement in average threshold, slightly lower than the 1.23-fold improvement that we observed.
There are important individual differences in learning: most
observers showed markedly increased efficiency and slightly reduced
noise, although two observers showed reduced equivalent input noise
but did not show any change in efficiency (Fig. 4c).
Experiment 2: classification image
Our aim in the second experiment was to better understand the components that contribute to improved efficiency. For example,
improvement in efficiency might reflect improved use of the stimulus
samples (patches) through re-tuning the template for position discrimination. We approached this question by computing the classification image during learning. Classification images provide an
important tool for measuring the ‘template’ an observer uses to
accomplish a task23–26. By keeping track of both the pattern of noise
and the observer’s responses on each trial, it is possible to compute
the correlation between the noise and the observer’s response, and
thus map which parts of the stimulus influence the observer’s performance. In other words, this spatial template reveals the subjective
weighting of each stimulus sample for positional judgments. Thus,
the classification image may be thought of as a behavioral receptive
field27.
Previous studies have used luminance (pixel) noise and reverse correlation to determine the classification image for position discrimination23. However, these methods are not ideal for studying learning
because they require many thousands of trials to compute the classifi-

Figure 2 Stimuli with positional noise. The observer’s task was to indicate
the position of the ‘test’ stimulus (top, middle or bottom). The top stimulus
is misaligned: the right segment is higher than the left segment.
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ance28, and, to the extent that it is possible to
obtain classification images in low noise, this
provides a closer match to task performance in Figure 3 Effect of learning on position discrimination. (a) Mean position discrimination thresholds as
a function of positional noise across training sessions. (b) The threshold data with standard errors are
the absence of external noise and thus may proreplotted with sessions; note that the ordinate scale and range are the same as that in a. A bilinear
vide some insights into learning with no noise. regression model was used to fit the data. The slopes (standard errors) of the regression lines were
Two observers (LM and KP) were tested with –0.037 (0.010), –0.029 (0.007), –0.024 (0.010), –0.033 (0.016) and –0.024 (0.033) for 0–0.67
low positional noise (a standard deviation (s.d.) min noise levels, respectively (P = 0.003 for 0.33 min noise; P < 0.0005 for the other four cases; the
of 0.17 arcmin), and the other two (LN and SG) probabilities were obtained from Monte-Carlo simulations based on the mean and standard deviation
were tested with high noise (s.d. = 0.67 arcmin). of each datum using 2,000 randomly generated runs).
Our classification image calculations show
that the observer’s spatial templates did
indeed change gradually over the four learning sessions (Fig. 5); only
We compared our human observers’ templates to that of an ideal
the first (s1) and the last (s4) sessions are shown for clarity. The abscissa observer (i.e., a machine that knows the precise details of the stimulus
in Figure 5 shows the patch position (corresponding to the patch posi- and task; see inset in Fig. 5) to assess the efficiency of the human temtions shown in Fig. 2). Patches 8 and 9 are the inner end of each of the plate during the course of learning. The ideal observer uses all of the
two target segments. The main result is that for each observer the tem- stimulus samples with equal weighting. Note that the templates used
plate was broader after practice (blue) than at the start (red). In general, by human observers are far from ideal, even after practice; we are not
the gains of patches of the left segment and the right segment increased surprised that the outer patches carried much less weight than those
in opposite directions (becoming more negative and more positive patches in the central part of stimulus because of overall orientation
respectively) with learning. After practice, more samples were being uncertainty.
used by our observers for position judgments.
We quantified template efficiency by computing the squared correTo provide a quantitative description of template, we fitted the lation between the human and ideal templates24. Both ‘measured’
template coefficient cx with an exponential function: cx = A/2 *sign(x) (circles and squares in Fig. 5) and ‘fitted’ templates (continuous lines
*exp(–|x|/w) (continuous lines in Fig. 5). In all four observers, in Fig. 5) were used to calculate template efficiency. We quantified
the template tuning width w increased during the course of learning human efficiency by calculating the squared ratio of ideal threshold to
(Fig. 6a). Note that the larger the w, the broader is the template tuning. human threshold. There was a robust and steady increase in both
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Figure 4 Effect of learning on equivalent noise and efficiency. (a,b) Equivalent input noise (a) and efficiency (b) across training sessions; the curve fitting
was based on the mean thresholds in Figure 3a. (c) The post-training/pretraining ratio for individual observers. The error bars indicate one standard error.
The red unfilled circle shows the mean ratios.
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formance. This observer had the least efficient template initially (see LN red symbols
in Fig. 5), but surprisingly good performance.
The measured template (circles and
squares in Fig. 5 and red symbols in Fig. 6b,c)
may give a biased estimate of the true template efficiency. Our simulations show that if
the true template varies as a smooth function
of separation (as shown by the lines in Fig. 5),
adding variation on a trial-by-trial basis will
bias the estimated template efficiency downward (i.e., using the measured template
would underestimate the true template efficiency when the template is extremely noisy,
as was the case for LN in the initial data).
Using the fitted template (smooth fits to the
template in Fig. 5) provides a higher estimate
of template efficiency, particularly in the initial trials (green symbols in Fig. 6b,c) and
bring LN’s template efficiency close to the
prediction line. We note that if the true template is indeed bumpy, the process of
smoothing will cause an upward bias in the
efficiency. We suspect that the true value of
the template efficiency lies between the
smooth and the bumpy templates (red and
green solid symbols in Fig. 6b,c).

DISCUSSION
Our results show that position discrimination can be significantly improved by repetitive training. The improvement in
performance can be mainly attributed to
increased efficiency; repetitive practice
boosts the brain’s ability to use the relevant
stimulus information more efficiently. In
contrast, equivalent input noise remains
almost unchanged (or very little changed) with learning.
The classification image shows that the increased efficiency
(Fig. 6c) was mainly a consequence of re-tuning the spatial template
for position discrimination, which enabled observers to use the stimulus information more efficiently. The increased amplitude and
breadth of the template allows extraction of more samples (patches).
Our results also provide an explanation for the narrowing of orientation tuning reported previously17. Our calculations (see Methods)
show that the broadening of the template results in a decrease in the
orientation tuning width, on average, from 32.0° to 26.5° (17%) over
the course of learning. The change in the template shows that practice
with feedback enables the observer to use the stimulus information
most relevant to the task more efficiently.
Several previous studies have used luminance noise to reveal the
template for position discrimination23,24. We combined positional
noise with relatively few moving parts with an efficient linear regression technique, enabling us to document changes in the classification
image during learning of position discrimination. In contrast, several
thousands of trials are needed to compute the classification image
using the standard method with luminance noise and reverse correlation29. Interestingly, our explanation for learning in position discrimination may hold across other visual tasks. In a simple Gaussian blob
detection task30, there was a marked increase in template correlation

Figure 5 The changing templates across training sessions. The patch position is shown as in Figure 2.
Note that patches 8 and 9 are the end of each segment. Because our jittered stimulus had zero mean,
the calculations were based on the assumption that the mean coefficient of the last four patches in
each segment is zero. (We calculated the template of the middle eight patches without zero mean
adjustment, and obtained almost the same template as in the calculations with adjustment.) The
mean improvement in threshold (%) from the last two sessions is shown at the lower-right corner. The
fitting curve s1 for observer LN was arbitrarily shifted by –0.1 for ease of viewing. For comparison, the
template for the ideal observer is included in the top-left panel (inset).

template efficiency and human efficiency (Fig. 6b) across training sessions, reflecting the re-tuning of the human templates during learning (i.e., they became more ideal). With practice, the weightings of the
patches were adjusted, the tuning width was broader (Fig. 6a), and for
two observers (LN and LM), the amplitude between patches 8 and 9
was substantially increased (Fig. 5). We note that whereas template
efficiency was similar at low and high noise levels, human efficiency
was much lower with low noise than with high (open triangles, Fig.
6b), presumably because of the dominant effects of internal noise.
The results of both experiments are summarized by comparing the
improvement in performance (threshold ratio – ordinate) to the
improvement in efficiency (efficiency ratio – abscissa) for each
observer (Fig. 6c). The data (gray open circles) from experiment 1 are
replotted in the figure for comparison. The gray line shows the
improvement of thresholds predicted by the increased efficiency (the
threshold ratio is the square root of the efficiency ratio (equation 1)).
For both experiments, the improvement in performance falls close to
the prediction. Interestingly, for three of the four observers in experiment 2, the performance improvement is also well predicted by the
improvement in their template efficiency (solid symbols). The one
clear outlier (shown by the red solid circle) is observer LN, who
showed about a 5-fold change in template efficiency (using measured
rather than fitted template) and only a 1.3-fold improvement in per-
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Figure 6 Template retuning. (a) Template tuning width from an exponential fit to the template in each session. (b) Template and human efficiency across
sessions. We used both ‘measured’ (circles and squares in Fig. 5) and ‘fitted’ templates (continuous lines in Fig. 5) for the calculations of template
efficiency. The true value of the template efficiency is expected to lie between the measured and the fitted templates. The upright and inverted triangles
show the data for high and low noise, respectively. (c) The comparison of improvement between threshold and efficiency. The data (gray open circle) from
experiment 1 is replotted in the figure; note that the ratios for experiment 1 are based on the first and the mean of the last three sessions, and the
threshold ratio represented the mean threshold ratio of three high noise levels (0.33, 0.5 and 0.67 arcmin). The ratios for experiment 2 were based on the
means of the first and the last two sessions.

across a block of trials, and it has been reported that the template for
face recognition also changes during learning29.
There is evidence for neural plasticity in the adult visual nervous
system. For example, receptive fields in cortical area V1 of adult cats
reorganize following abnormal visual experience because of retinal
injury31,32. Learning effects can be observed in evoked potentials of
brain activity in humans33,34. However, the evidence for low-level
neural effects in perceptual learning is mixed. For example, it has been
suggested that orientation tuning functions are sharpened after orientation discrimination practice in the primary visual cortex of monkeys35. Other investigators, however, have failed to find physiological
correlates of orientation discrimination learning and attribute the
performance improvement to more central pooling and decision
processes36. Brain imaging has been used to demonstrate a decrease in
neuronal activity in the task-related cortical regions following practice37,38; this could occur through increased efficiency of processing
and the narrowing of neuronal responses to the specific trained tasks
but might also reflect top-down influences.
To summarize, we have characterized the limits, time course and
mechanisms of improvement in position discrimination in normal
foveal vision. It is clear that in vision, as in life, practice is effective in
improving performance. Learning operates at all noise levels as an
improvement in the efficiency with which the observer uses the
positional information in the stimulus. This improved efficiency is a
consequence of re-tuning the observer’s perceptual template,
such that it becomes closer to the ideal template required by the
perceptual task.
METHODS
Experiment 1. The stimulus comprised two line segments with a 17-arcmin
gap between the two segments (Fig. 2). Each segment consisted of eight Gabor
patches (carrier spatial frequency, 10 c.p.d.), and the patch separation was
10.67 arcmin. The patches were constructed to have an aspect ratio of 1/3: the
Gaussian envelope standard deviation was 1.25 and 3.75 arcmin for the horizontal and vertical orientations, respectively. Positional noise was produced by
distributing the position of each Gabor patch in the vertical direction according to a Gaussian probability function. The average offset of each jittered segment was made to be zero by uniformly shifting the eight patches. One of the
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advantages of using zero mean noise is that no ‘wrong’ feedback would be provided to observers. Previous studies have shown that manipulated feedback
can modify the learning patterns39. An offset was produced by randomly shifting the right segment up or down. Observers were tested and trained at five
noise levels (including zero); the positional noise was barely visible at
0.17 arcmin. The three neighboring stimuli were separated by 80 arcmin vertically. The stimuli were presented on a flat 21-inch Sony F520 monitor at a 90Hz refresh rate. The mean center luminance of the stimuli was 55 cd/m2, and
the contrast of each Gabor patch was 99%. The monitor was viewed directly at
a distance of 4 m.
A three-alternative forced-choice protocol was used to measure position
discrimination in experiment 1. On each trial, the position of the misaligned
stimulus was randomly chosen (top, middle or bottom). The observer’s task
was to indicate the position of the ‘test’ stimulus. Stimuli remained on the
monitor screen until the observer had given the response. Trial-by-trial feedback was provided. Observers had their heads steadied by a chin rest and forehead bar. A modified interleaved staircase method was used to track the
individual thresholds22. The experimental trials were divided into triplets:
three correct responses decreased the offset magnitude by a unit step, two correct responses in a triplet made the position offset unchanged and only one or
zero correct response increased the offset by two unit steps. The staircases
started with about double the predicted threshold and converged to 72%. A
Weibull analysis (with a free-floating exponent) was performed to fit the psychometric curve with the response data. The position discrimination threshold was defined as the offset at which 66% correct responses was obtained. A
session consisted of 750 responses (150 responses for each noise setting) in
2.5 h (including rest breaks). The task was self-paced and a break was given
whenever the subjects requested one.
A positional averaging model20 was used to quantify the effects of external
positional noise (σe) on the threshold (σth):
1 –—
1  (σ2 + σ2)
σth2 = 2d'2 —
e
i
k n
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(1)

where k denotes the number of samples extracted, n is the total number of
samples and σi is the equivalent input noise. The term 1/n is present in equation 1 because of the zero mean adjustment of each line. In this study, each segment consisted of eight Gabor patches and hence n was equal to 8. For 66%
correct response probability, the detectability (d′) was 1.1 (ref. 40). Sampling
efficiency (E) was defined as:
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k . 100%
E=—
n

(2)

Ten normal adult observers were tested. All of them had corrected to normal visual acuity (20/20 or better) in each eye. Position discrimination was
tested in the dominant eye only, the other eye being occluded with a standard
eye patch. The data collection for each observer was completed in about 3
weeks. All observers were naive to the purpose of experiment and had no prior
experience in psychophysical experiments. The experiments were undertaken
with the understanding and written consent of each observer and all procedures were approved via institutional review at the University of California,
Berkeley.
Experiment 2. Four new observers participated in this experiment; they were
inexperienced with psychophysical experiments and naive to the purpose of
this experiment. The stimulus was essentially the ‘test’ stimulus of experiment
1, briefly presented (200 ms) in the center of monitor. The observers’ task was
to rate the offset direction with a confidence level. There were four response
categories: two ‘up’ and two ‘down’. We used a rating scale technique for the
classification image measurements24,41. Two observers were tested with high
positional noise (s.d. 0.67 arcmin) and the other two observers with low positional noise (s.d. 0.17 arcmin). We used the method of constant stimuli with
five offset levels; the offset levels were chosen to be around the estimated
threshold of the individual observer. Runs were paired in each experimental
session, with stimuli in the second pass having identical positional noise configurations as the stimuli in the first pass. Each pass consisted of 375 responses,
with 75 responses for each offset level. An alternative hypothesis, other than
template improvement, could be random noise reduction. With this doublepass design9, we found that all four observers showed no significant changes in
response consistency with learning.
To keep track of an observer’s template across training sessions, we used a
linearity assumption to compute the classification image cx as follows:
16

Y=

Σc

x=1

x

Nx + 

(3)

where Y is observer response rating on a given scale, N is the noise on that trial
and  is the residual error. The subscript x specifies the 16 Gabor patches.
Because each eight-patch segment had zero mean, the classification image of
each segment is defined up to an arbitrary constant offset. Each half of the
classification image was shifted vertically so that the outer four patches had
zero mean. We calculated the classification image of the middle eight patches
without zero mean adjustment, and obtained almost the same template as in
the calculations with adjustment.
The orientation tuning function (see Discussion) was obtained by computing the template responses (inner products of the classification image and a
Gaussian bar with standard deviation of 10.67 arcmin) at a range of orientations; the orientation at which half the maximum template response was
reached represented the tuning width.
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