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Efficient sensory cortical coding optimizes pursuit
eye movements
Bing Liu1, Matthew V. Macellaio1 & Leslie C. Osborne1,2

In the natural world, the statistics of sensory stimuli fluctuate across a wide range. In theory,

the brain could maximize information recovery if sensory neurons adaptively rescale their

sensitivity to the current range of inputs. Such adaptive coding has been observed in a variety

of systems, but the premise that adaptation optimizes behaviour has not been tested. Here

we show that adaptation in cortical sensory neurons maximizes information about visual

motion in pursuit eye movements guided by that cortical activity. We find that gain

adaptation drives a rapid (o100ms) recovery of information after shifts in motion variance,

because the neurons and behaviour rescale their sensitivity to motion fluctuations. Both

neurons and pursuit rapidly adopt a response gain that maximizes motion information and

minimizes tracking errors. Thus, efficient sensory coding is not simply an ideal standard but a

description of real sensory computation that manifests in improved behavioural performance.
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I
n a rapidly changing world, neural systems can optimize their
representation of incoming stimuli by adjusting their sensi-
tivity as stimulus conditions change1–4. As individual sensory

neurons have a limited response bandwidth, how firing rates are
allocated across the range of stimulus values affects how much
information can be transmitted and, ultimately, how informative
commands for behaviour can be2,4–6. When a signal varies little
over time, a neuron can maximize its sensitivity by increasing its
response gain, the change in firing rate per unit change in
stimulus. When stimulus fluctuations grow large, lowering the
gain avoids information loss from saturation. In theory,
adaptation to variance, also known as temporal contrast, is an
optimal coding strategy, because it allows individual sensory
neurons to apply their full response bandwidth to encode
incoming signals2,3. If neurons could maintain an optimal gain
across changes in input statistics, the brain could theoretically
recover more sensory information with which to guide behaviour.
However, although the phenomenon of neural adaptation to
input variance has been demonstrated7–18, its impact on
information processing has only been reported in the fly visual
system3,5,6 and the consequence for behaviour is unexplored19.
To establish that gain adaptation at the neuronal level is
important to the accuracy of sensory-motor behaviour, we have
analysed the responses of sensory neurons and movement
behaviour in parallel. Here we show that rapid gain adaptation
to stimulus variance in visual cortical neurons optimizes
information and movement accuracy in a primate oculomotor
system.

In smooth pursuit behaviour, image motion on the retina is
translated into a command to rotate the eye along with the target,
to stabilize the retinal image20,21. Pursuit errors largely take
the form of misestimates of target motion, which persist for
B70–100ms until visual feedback cues an alteration of the eye
movement21,22. These errors result in image motion blur that
degrades visual acuity, impacting perception and other visually
driven behaviours23–26. Under natural conditions where target
motion is dynamic, the quality of feed-forward visual estimates of
target motion is critical to tracking acuity. The visual inputs for
pursuit arise in cortical area MT (middle temporal area) where
many neurons respond selectively to visual motion and responses
are tuned for motion direction and speed27,28. In theory, MT
neurons could maximize the information they transmit if they
adjust their response gain such that their dynamic range spans as
much of the range of current motion values as possible.
Information savings at the level of individual neurons might in
turn drive more accurate population-level motion estimates. For
pursuit to benefit from an information savings at the cortical
level, however, the adaptive gain changes must improve
population motion estimates and must happen on the B70–
100ms timescale of the eyes’ response to changes in target
direction.

To determine whether pursuit behaviour displays the
hallmarks of efficient coding, we measured the gain of the eye’s
response to fluctuations in target direction for different levels of
overall direction variance. We performed a parallel set of
experiments recording single units in MT to determine whether
the behavioural effects had a cortical sensory origin. We find that
both MT neurons, and pursuit behaviour as a whole, rapidly
adopt a response gain that maximizes information about motion
direction and minimizes tracking errors in pursuit. These data
provide direct evidence of a functional benefit for efficient sensory
coding.

Results
Experimental design. Our approach to testing for behaviourally
relevant efficient sensory coding is inspired by natural pursuit

behaviour, which is often called on to track targets with time-
varying motion profiles, such as the flight path of an insect
evading a fly swatter. We focus on direction fluctuations, creating
motion stimuli that have a constant motion speed and time-
averaged direction, with an added stochastic perturbation in
direction. We performed two types of experiments, illustrated in
Fig. 1 (see Methods). In the pursuit task, monkeys tracked targets
that translated across the screen (Fig. 1c). In the fixation task, the
same motion stimulus was presented within a stationary aperture
centred over the receptive field of an MT unit, while we made
extracellular recordings (Fig. 1a). In both cases, stimulus direc-
tions were randomly chosen from a uniform distribution every
two frames (20ms) and a new sequence was generated for each
trial (Fig. 1b,d). We chose to separate MT recording from the
pursuit experiments, to better control visual input for repeat-
ability and to minimize complications from stimulus motion
within the receptive field arising from eye movement. The bulk of
our physiology data was collected such that the central direction
of motion fell on the flank of each neuron’s direction tuning curve
and the direction range remained within the neuron’s response
range (Fig. 2a, inset). This configuration minimized changes in
the time-averaged firing rate across step changes in direction
variance, allowing us to isolate adaptive changes to direction
variance. Our emphasis on adaptation in response gain (sensi-
tivity to fluctuations) rather than magnitude (mean firing rate)
distinguishes this work from ‘after-effect’ studies using exposure
to constant stimuli, to manipulate firing rates and tuning
curves29–33.

For both the MT and pursuit experiments, trials were typically
divided into two or more segments (100–2,000ms) for which the
time-averaged direction remained constant, but the direction
variance stepped between lower and higher values, which we term
LTH (low to high) or HTL (high to low), to indicate an upward or
downward variance step, respectively (Fig. 1b,d). Although MT
neurons showed a transient response to motion onset, variance
steps rarely (1/87) elicited a second transient response. Rather,
the time-averaged firing rate remained fairly constant (Fig. 1b).
Other studies employing stimuli that alternately excited and
inhibited spiking have reported rate transients after variance
steps, for example, in the fly, salamander retina and cortical
slices5–8,11–15,34–38. In contrast, our stimuli were configured to
provide a time-varying firing rate without suppressing spiking
altogether (see Fig. 2a). Despite the lack of a firing rate or eye
velocity transient, we find that both MT neurons and pursuit
shift their sensitivity to motion direction fluctuations after
variance steps.

Response gain rescales with stimulus variance. How an MT
neuron or an eye movement responds to a motion fluctuation
depends on context. The simplest illustration of the variance
dependence of the neural (or behavioural) response is to plot
the firing rate (or eye direction) versus the stimulus direction
computed in short 20ms time windows. The steady-state
input–output relationships for a low- and high-variance direction
stimulus are shown in Fig. 2. We have time shifted the stimulus
and response values by the average response latency throughout.
For the MT neuron, Fig. 2a represents a portion of the direction
tuning curve. Symbol colour indicates low (black) or high (red)
variance conditions. The slope of the linear fit represents the
average change in response per unit change in stimulus and hence
the gain, g¼Dr/Ds (see Methods). For both MT neurons and
pursuit, gain is high when direction variance is low and low when
variance is high (Fig. 2a–d). We found this to be true across our
cortical and behavioural samples.

Rescaling response gain with stimulus variance can maximize
information transmission5. If cortical and behaviour response
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gain compensates perfectly for changes in stimulus variance, then
if we express the stimulus in units of its s.d., the gain values we
compute across variance levels should coincide. We find this to be
the case for both MT neurons and pursuit behaviour. Re-plotting
the example data in Fig. 2 in units of the direction s.d. for both
low (L) and high (H) variance levels, we find close agreement
between the fitted gain values (Fig. 3a,b). Looking across
the cortical and behavioural samples, we also find that the
s.d.-normalized gain values for L and H high-variance conditions
are very similar, plotting near the unity line in Fig. 3c,d (compare
with Fig. 2c,d). For the MT sample (Fig. 3c), the s.d.-normalized
L variance gain (2.2±2.9, mean±s.d.) was not significantly
different from the s.d.-normalized H variance gain (1.5±1.3;
two-sided Wilcoxon rank-sum test, P¼ 0.35, n¼ 92).
The nine neurons in the sample with the highest firing rates
and, therefore, the largest gain normalization factors
appear to deviate from the linear relationship at the lowest
normalized gain values (Fig. 3c). Despite the apparent curvature
in neural gain scaling, a second-order polynomial fit accounts for
only 3% more of the variance than a linear fit (R2¼ 0.86 linear fit;
R2¼ 0.89 second-degree polynomial fit). For pursuit, the
normalized gains at high versus low variance levels were quite
similar (Fig. 3d): low gain: 0.53±0.16; high gain: 0.52±0.10, not
significantly different, two-sided Wilcoxon rank-sum test,
P¼ 0.61, n¼ 74 from 3 monkeys). Thus, the response gain
shifts to compensate for changes in stimulus s.d. nearly perfectly
on average.

To quantify the extent of gain adaptation in MT neurons and
pursuit behaviour, we created an index, Dg/Sg, to capture the
relative gain differences between low versus high variance con-
ditions, that is, Dg, in units of the sum, Sg¼ (gLþ gH). The gain
indices were distributed B0.72±0.13 (n¼ 92) for MT neurons
and 0.4±0.08 (n¼ 74) for pursuit, indicating that response gain
is strongly variance dependent. However, the s.d.-scaled gain
index for MT neurons and pursuit had an average value not

statistically different from zero (neurons Fig. 3e, solid red line,
one-sample t-test, two-tailed, P¼ 0.67; pursuit Fig. 3f, solid red
line, one-sample t-test, two-tailed, P¼ 0.68), indicating perfect
gain rescaling on average across our data samples.

Neither the neurons nor the behaviour showed a large
difference in response ranges for the stimulus variance levels we
tested. Rather, the gain shift appears to arise from a remapping of
the response bandwidth onto the current range of direction
inputs, potentially creating ambiguity in single-neuron direction
coding arising from the lack of a fixed relationship between input
and response, but maximizing sensitivity to direction changes6.
To ensure that the invariance in the response range did not arise
from saturation, we performed a control. The high (H) variance
stimulus has more high-frequency power than the low (L)
variance condition. If the system is insensitive to higher
frequencies, then saturation might result in an apparent gain
change without actual adaptation in the system39,40. We used the
response bandwidth of pursuit, essentially a low-pass filter with a
corner frequency of 20Hz, to filter out higher-frequency
components of the stimulus and then recalculated the gain
values for L and H conditions. If saturation to high-frequency
components were masquerading as a gain shift, the filtered L and
H stimuli would yield similar gain values. Rather, we found that
the gain values changed very little with the filtered stimuli.
The gain index values were positive for both the broadband
(black solid lines: neurons Fig. 3e, mean±s.d. 0.72±0.13, n¼ 92;
pursuit Fig. 3f, 0.40±0.08, n¼ 74) and low-pass filtered stimuli
(black dashed lines: neurons Fig. 3e, 0.56±0.34, n¼ 88; pursuit
Fig. 3f, 0.44±0.14, n¼ 74). Normalizing by the stimulus, s.d.
shifted the gain index distribution to a near zero mean, indicating
that the response gain scaled with stimulus variance, similarly for
both the broadband (grey solid lines: neurons Fig. 3e, 0.01±0.26,
n¼ 92; pursuit Fig. 3f, 0±0.07, n¼ 74) and low-pass stimuli
(grey dashed lines: neurons Fig. 3e, 0.17±0.33, n¼ 88; pursuit
Fig. 3f, 0.07±0.15, n¼ 74).
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Figure 1 | Experimental design and example data. (a) A fixation task kept motion stimuli centred on the receptive field. (b) Lower panel: stimuli

had a constant drift speed and a mean direction chosen to fall on a flank of neuron’s direction tuning curve. We added a stochastic direction perturbation,

updated every 20ms (black) that shifted from HTL (or LTH, not shown) variance during the trial (red). Upper panel: PSTH of an isolated MT neuron.

(c) Pursuit task design. Targets translated across the screen with identical direction statistics as for a but in a randomly selected mean direction to minimize

anticipation. (d) Upper panel: Horizontal and vertical components of eye velocity during a single trial with a HTL variance shift. Lower panel: target direction

(black) or direction variance (red) over time.
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Adaptation maximizes information in MT and pursuit.
Adaptation is beneficial for perception and movement if it serves
to maximize information about the incoming signal. To quantify
the impact of gain adaptation on sensory coding, we computed
the mutual information between spike counts and stimulus
directions over time across steps in direction variance.
The advantage of information theory is that it yields a
model-independent result that incorporates any response
nonlinearities41. We estimated the joint stimulus-response
distributions (stimulus direction versus spike counts or binned
eye direction) in overlapping 60ms time windows (see Methods).
The probability of observing stimulus-response pairings is a
function of the temporal separation between the stimulus and
response windows. Being careful to correct for sampling bias (see
Methods)42,43, we then estimated the mutual information at each
time delay between the stimulus and response, as a function of
time within the trial. As expected, the delay that maximized
information corresponded to the time to peak of the
spike-triggered average stimulus. Similarly, the optimal delay
for pursuit corresponded to the response latency. As shown in
Fig. 4a,b, information about motion direction is constant
throughout the trial until just after the direction variance step.
When the neuron begins to respond to the new direction
distribution, the information dips but then rapidly recovers as the
system adapts (Fig. 4a). The information recovery occurs after the
neurons have fired, on average, 3.8±2.5 spikes (n¼ 23) in
response to the new variance condition. As with MT neurons, the
mutual information between the eye and target direction shows a

drop and then a rapid recovery after a step in direction variance
(Fig. 4b). The similarity in neural and behavioural information
recovery suggests that adaptation at the neural level allows the
system as a whole to maintain performance across shifts in
motion statistics. Although the average level of encoded
information, I, differed across our cortical sample, the
percentage drop after a variance step was roughly consistent for
all neurons such that DI¼ a� I, where a is � 0.65 by linear
regression (R2¼ 0.88, n¼ 23; Fig. 4c). As visual estimates for
pursuit arise from a population of MT neurons43, it is perhaps
not surprising that we see less variable information levels in
pursuit behaviour. In pursuit, the scale of the dip is not strongly
dependent on the average level of information, with a¼ � 0.06
(Fig. 4d, linear regression, R2¼ 0.02, n¼ 11). To determine
whether the similarity of DI values in pursuit could be explained
by the MT data, we simulated a population response by averaging
the information time courses across units, plotting the resultant
mean and dip value in Fig. 4d (red star). Although our neural
sample is modest, there is close agreement between the predicted
population response and pursuit data. Units with diverse tuning
will contribute to behaviour, but our MT sample represents a
subpopulation with maximal sensitivity to direction fluctuations
and thus might contribute most strongly to behaviour44,
explaining the result. We did not observe information dips after
motion segment breaks without variance changes6.

If the goal of adaptation is to optimize internal motion
estimates and thereby motion-driven behaviours such as pursuit,
then altering the response gain of either MT neurons or pursuit
behaviour should degrade the mutual information between
stimulus and response. We tested this hypothesis by analysing
the dependence of the steady-state information on the response
gain. By numerically rescaling the response relative to the
stimulus, we simulated different gain levels (Fig. 5a) and
recomputed the information for each level (Fig. 5b)5. We found
that the true response gain (represented by the black line, Fig. 5a)
always maximized direction information, across our cortical and
behavioural data sets. This indicates that the information savings
by encoding motion efficiently at the cortical level is reflected in
ideal behaviour.

Gain adaptation minimizes pursuit errors. Performance in a
tracking behaviour such as pursuit is defined by its accuracy: how
well the eye movement follows target movement over time. If gain
adaptation optimizes pursuit, then suppressing that adaptation
should lower the tracking accuracy. We simulated a non-adaptive
pursuit system by re-scaling the eye and target motions to
manipulate the response gain, holding it fixed across a range of
motion variance levels. For example, the gain value (G) measured
for a stimulus with a direction variance s.d.T¼ 1� is approximate
by the ratio G1�Es.d.E/s.d.T¼1.7, where the T and E subscripts
represent the target and eye direction, respectively, and the s.d.
describes fluctuations over time. If direction variance increases to
s.d.T¼ 2.5� (black trace, Fig. 6a), the pursuit gain adapts to a
lower value, G2.5�¼ 0.7 (green trace, Fig. 6a). We simulated fixed-
gain (non-adaptive) pursuit by multiplying the eye direction at
each time point by a factor G1�/G2.5�¼ 2.4 such that the gain
remained 1.7 (red trace, Fig. 6a). It is apparent in Fig. 6a–c that
tracking errors increase substantially without adaptation. We
define tracking errors in the two-dimensional plane as the
difference between the eye and target direction at each time step,
ð 1N

P
ðyTðt� tÞ� yEðtÞÞ2Þ1=2, where y represents the eye or

target direction, t the behavioural latency from the movement-
triggered average stimulus and N the number of time steps across
all trials. In the example data shown in Fig. 6a–c, tracking errors
with adaptation (data) have a root mean squared (r.m.s.) value of
2.5� (green lines, Fig. 6a–c), whereas non-adaptive pursuit has
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Figure 2 | Gain rescales with stimulus variance in MT neurons and

pursuit. (a) A single MT unit’s input output function for a low-variance (L,

s.d. 12�, black circles) and high-variance (s.d. 35�, red circles) motion

stimulus. Circles represent mean values in 20ms windows. Direction

fluctuations measured with respect to the mean (black arrow, inset). Black,

red lines correspond to the dominant mode of variation in the data and

represent the best estimate of the response gain. (b) Eye movements from

the same monkey: low variance (L, s.d. 5�, black circles) and high variance

(H, s.d. 15�, red circles). (c) MT population data showing linear gain for L

and H variance conditions in a (pop. mean L: 23±27; H: 3.0±2.1,

significantly different, two-sided Wilcoxon rank-sum test, Po10� 28,

n¼ 92). (d) Pursuit population data (pop. mean L: 0.28±0.13; H:

0.12±0.04, significantly different, two-sided Wilcoxon rank-sum test,

Po10� 22, n¼ 74, 3 monkeys).
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much larger errors, s.d.err¼ 9.0� (significantly different, paired-
sample t-test, two-tailed, Po10� 30, n¼ 20; red lines, Fig. 6a–c).
The negative impact of suppressing adaptation increases with
target direction variance (red versus green lines, Fig. 6d), such
that r.m.s. tracking errors increase more than sevenfold for
monkey Er (significantly different, paired-sample t-test, two-
tailed, Po10� 3, n¼ 10) and more than ninefold for monkey Ga
(significantly different, paired-sample t-test, two-tailed, Po10� 3,
n¼ 10) compared with (adaptive) data.

The simulations we performed are realistic, because pursuit at
different target direction variance levels is well described by a gain
rescaling. The difference between tracking errors in simulated
(that is, rescaled) versus actual data were small (B0.2* s.d.E)
compared with the inherent variation in pursuit (difference
between simulated pursuit and data: mean¼ 0.02�, s.d.¼ 0.58�,
n¼ 56)22,45,46.

Gain adaptation minimizes tracking errors across all direction
variance conditions. We used the re-scaling approach to relate
gain to r.m.s. direction errors for each target variance condition
(coloured lines, Fig. 6e). By rescaling the eye relative to the target
direction, we simulated lower and higher gain values, measuring
the r.m.s. tracking errors for each gain scale factor. The error
surfaces are concave and thus have a minimum value (coloured
lines, Fig. 6e). The minimum error values (open circles) lie close
to the errors observed in pursuit data (intersection of the dashed
line with each curve, Fig. 6e). The deviations from the minimum
values are small compared with the discrimination threshold for
direction fluctuations (red dashed line, Fig. 6f)22,45,46, suggesting
that the system is in fact minimizing tracking errors within the
constraint of its natural variability.

Dynamics of cortical and behavioural gain adaptation. The
dynamics of an adaptation process can be suggestive of the

underlying mechanism. For example, adaptation driven by
changes in a channel conductance can be slow, with a time
constant of seconds or longer6–9,14,15, whereas cortical synaptic
facilitation/depression occurs more quickly, with time constants
of B30–100ms (ref. 47). To resolve the time at which a variance
shift can be reliably detected from the response on each trial, we
used a change-point detection method48. Change-point detection
simulates an ideal observer who knows the distribution of
responses under the two different stimulus conditions and steps
through each time point within a trial to evaluate the likelihood
that the current response arises from the L versus H
conditions48,49 (see Methods). As the direction perturbation
sequence on each trial is randomly generated and the responses
are variable, the time at which the variance step can be detected
differs from trial to trial. We found that detection times for
LTH were shorter than for HTL transitions for both neurons
and behaviour (MT neurons: Po10� 30, n¼ 13,623; pursuit:
Po10� 30, n¼ 6,135, two-sided Wilcoxon rank-sum test). With
respect to their average latencies, MT neurons detect upward
(LTH) variance steps after 45±50ms (n¼ 13,623, 34 neurons)
and downward (HTL) steps after 61±30ms (n¼ 13,745 trials).
Pursuit responds to variance shifts slightly later: 53±44ms
(n¼ 6,135 trials, 9 data sets) for LTH and 71±38ms (n¼ 6,597)
for HTL variance transitions, again measured from response
latency. These times are quite close to the earliest possible
detection times, based on a statistical analysis of the stimulus on
each trial (see Methods). MT neurons detect variance steps on
average 1–2ms after an ideal observer with complete knowledge
of the stimulus distributions could (LTH 0.53±5.9ms,
n¼ 13,623 trials; HTL, 2.2±8.2ms, n¼ 13,745 trials,
34 neurons) and pursuit 4–6ms after (LTH 3.9±14.9ms,
n¼ 5,664 trials; HTL 6.1±15.6ms, n¼ 5,977 trials, 9 data sets).
The difference in detection times for upward versus downward

M
T

 n
eu

ro
n

R
at

e 
(m

ea
n)

420–2–4

0

2

4

6

L (s.d. 12°)
H (s.d. 35°)

Direction (s.d.)

a

Direction (s.d.)

–8 –4
–4

–2

0

2

4

L (SD 5°)
H (SD 15°)

0 4 8

b
P

ur
su

it
E

ye
 d

ire
ct

io
n 

(m
ea

n)

e

f

0 0.25 0.5 0.75 1
0

0.25

0.5

0.75

1
n =74

c

d

Normalized gain (L)

N
or

m
al

iz
ed

 g
ai

n 
(H

)

Normalized gain (L)

n =92

N
or

m
al

iz
ed

 g
ai

n 
(H

)

0.1

10

1

100

0.1 101 100

Gain index
Normalized gain index
Filtered
Normalized filtered

0

0.2

0.4

0.6

Δg /Σg

–0.5 0 0.5 1–1

F
ra

ct
io

n

0

0.1

0.2

0.3

0.4

Δg /Σg
–0.5 0 0.5 1–1

Gain index
Normalized gain index
Filtered
Normalized filtered

F
ra

ct
io

n

Figure 3 | Adaptation normalizes response gain across variance conditions. (a) Plotting the stimulus in units of its s.d., the neuron’s input–output

relationship is the same for both variances (same data as Fig. 2a). (b) Rescaled input–output data from the same pursuit experiment. (c) MT population

data, showing linear gain (red and black lines, a,b) recomputed for the normalized data (L: 2.2±2.9; H: 1.5±1.3, not significantly different, two-sided

Wilcoxon rank-sum test, P¼0.35, n¼ 92). (d) Pursuit population data similar to c (L: 0.53±0.16; H: 0.52±0.10, not significantly different, two-sided

Wilcoxon rank-sum test, P¼0.61, n¼ 74). (e) To analyse gain changes across the population, we defined a gain difference index (see text), Dg/Sg, where
an index of 0 indicates perfect rescaling. We plot the distribution of MT neuron gain indices before (black solid line; pop mean±s.d.: 0.72±0.13, n¼92,

significantly different from 0, one-sample t-test, two-tailed, Po10� 30) and after normalization (grey solid line; 0.01±0.26, n¼92, not significantly

different from 0, one-sample t-test, two-tailed, P¼0.67). Low-pass-filtered motion stimuli (see text) yielded similar results (dashed lines). (f) Pursuit

population data as in e: original data (black solid line, mean±s.d.: 0.40±0.08, n¼ 74, 3 monkeys, significantly different from 0, one-sample t-test,

two-tailed, Po10� 30) and the rescaled input–output relationship (grey solid line, mean±s.d.: 0±0.07, n¼ 74, 3 monkeys, not significantly different

from 0, one-sample t-test, two-tailed, P¼0.68). Low-pass-filtered stimuli again yielded similar results (dashed lines).

NATURE COMMUNICATIONS | DOI: 10.1038/ncomms12759 ARTICLE

NATURE COMMUNICATIONS | 7:12759 | DOI: 10.1038/ncomms12759 |www.nature.com/naturecommunications 5

http://www.nature.com/naturecommunications


variance steps is expected, because small direction perturbations
are nearly as likely to arise from either distribution, whereas a
large direction fluctuation immediately identifies an increase in
variance. The rapidity of rescaling to upward variance transitions
may be why we do not observe an information transient for LTH
steps—essentially the transients are too narrow to detect5,6.

Gain shifts depend on the experienced direction sequence.
If the shifts in response gain do arise from adaptation, they
should occur only after observing a stimulus outlier. The
likelihood of observing a large direction change goes up after an
upward variance transition, but in any random sequence the time
at which the first outlier appears will vary from trial to trial. As a
control, we selected the subset of trials from an upward transition
experiment in which the first stimulus direction generated after
the transition from LTH variance (time bin 2, Fig. 7a) had a
value that could have arisen from the low direction variance
distribution (cyan trace Fig. 7a; cyan area Fig. 7b). We then
compared the gain state measured from those trials with the gain
state at the preceding time step (time window 1, Fig. 7a). The data
in Fig. 7c,e show the responses of an example neuron and
behavioural data set for the time windows and stimulus
distributions indicated in Fig. 7a,b. The best linear fit for the
response gain for the ambiguous T trials (cyan, Fig. 7c,e) was
statistically indistinguishable from the preceding L variance
response gain (black, Fig. 7c,e) and quite different from the
post-step (H) gain measured across all trials (red, Fig. 7c,e).

We found no difference between the L variance response gain and
the ambiguous (T) trial post-step gain across our cortical and
behavioural data samples (MT neurons Fig. 7d, 22±15 for L and
17±10 for T, P¼ 0.24, paired-sample t-test, two-tailed, n¼ 11
neurons; pursuit Fig. 7f, 0.17±0.08 for L and 0.16±0.09 for T,
paired-sample t-test, two-tailed, P¼ 0.6, n¼ 11 data sets). These
results allow us to confirm that the gain change we observe is
causally related to the experienced stimulus.

Discussion
The theory of efficient coding is linked to the idea that neural
systems maximize information relevant to behavioural perfor-
mance that can influence survival1–4. Observations of neural
responses in many organisms have demonstrated a capacity for
efficient coding7–18, but the consequences for motor behaviour
have not been explored19,50. These experiments break new
ground, because they demonstrate that the principle of efficient
coding applies to a neural system as a whole, improving the
accuracy of the movements it generates and not solely to
individual sensory neurons. We have exploited the close
connection between cortical motion estimates and smooth
pursuit eye movements22,45,46,51–54, to demonstrate parallel
adaptation effects in sensory neurons and movement behaviour.
Our experimental design separated the physiological and
behavioural recording, to create the controlled repetition
necessary to measure information in single neurons. Although
this design does mean that we cannot directly relate fluctuations
in each neuron’s rate to fluctuations in pursuit, the fact that we
observed parallel gain optimization in both neurons and
behaviour encourages us to think that the adaptation we
describe is a robust feature of sensory function. Adaptation is a
broad concept that might include any modulation in firing rate.
Here we specifically ask about adaptation to stimulus variance—a
statistical feature of the environment—rather than to stimulus
exposure per se such as studies of the motion after effect29–33. We
find that adaptation to motion variance optimizes the encoding of
motion information by MT neurons, with a behavioural impact of
optimizing information in pursuit eye movements, minimizing
visual tracking errors and thereby improving vision of moving
objects. Pursuit behaviour arises from a population of MT
neurons43. One could imagine that a sensory population could
have optimal sensitivity to motion fluctuations when individual
units do not. As it happens in the pursuit system, and perhaps
generally throughout sensory cortex, single neurons optimize gain
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Figure 4 | Rapid recovery of mutual information after variance step.

(a) Red trace: mutual information between stimulus direction and spike

count (firing rate) for a single MTneuron computed in a sliding 60ms time

window across a HTL variance step (s.d.¼ 35� to 12�); (black trace)

shuffled data. (b) Mutual information between eye and target direction

from a single data set across an HTL variance shift (s.d.¼ 15 to 5�). We

plotted DI, the difference between the minimum information value at the

dip and the time-averaged information level before the dip, that is, oI4,

against oI4 for the (c) MT data (n¼ 23) and (d) pursuit data (n¼ 11,

3 monkeys). Red lines represent linear regressions. For MT, the information

dip was a constant fraction of the average information value

(slope¼ �0.65, R2¼0.88, n¼ 23). For pursuit, the dip was less dependent

on the information level, 0.21±0.06 bits (slope¼ �0.06, R2¼0.02,

n¼ 11). The red star in d indicates the simulated neural population

prediction for pursuit, which is quite close to the observed data (see text).
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Figure 5 | Adaptation maximizes motion information in MT and pursuit.

(a) We artificially rescaled the response gain by a multiplicative scale factor

from 1/8 to 8 (coloured lines) and re-computed the steady-state mutual

information between neural (or pursuit) response and motion direction (see

text). (b) The mutual information was lower for all scale factors other than 1

(unscaled data) across our sample. Population data for MT neurons (black

line, n¼ 94) and pursuit (grey line, n¼ 7, 3 monkeys). Error bars are

defined as s.d.
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individually. Determining the impact of single-neuron gain
changes on population-level motion estimates will require large-
scale simultaneous recordings of the MT population, to measure
the structure of signal- and noise-driven correlations.

Two very different mechanisms have been proposed to explain
gain adaptation to velocity variance in fly H1 (refs 5,6). Bialek and
colleagues5,6,35 described the effect as adaptation, meaning a
rescaling of the system’s representation of visual motion signals.
Borst et al.39 and Sompolinsky and colleagues40 proposed that a
similar phenomenon could be elicited without a state change
from a correlation-based (Reichardt) motion detector with a
saturating nonlinearity at high frequencies. As variance in the
stimulus increases, the high-frequency response saturates sooner
than the low-frequency response, creating an apparent drop in
gain without any actual change in the system parameters.
Although subsequent work ultimately supported the adaptation
hypothesis, based on the failure of the static model to predict the
mixture of adaptation timescales observed in the fly, retina and
cortical slice recordings13–15,55, the static nonlinearity mechanism
remains an interesting possibility. The nature of recording from
behaving monkeys makes the identification of long adaptation
timescales quite difficult. Although cortical slice experiments
could use long sequences of variance changes in injected current
over many minutes, we were constrained by the monkey’s ability
to maintain fixation and we were unable to resolve differences in
adaptation dynamics as a function the duration of stimulus
presentation13. However, two features of results argue for
adaptation over a saturating nonlinearity model. First, we did
not observe saturation in either MT or pursuit responses (Figs 2
and 3). Second, we found that reducing the high-frequency
content of our stimulus to match pursuit’s frequency response

preserved gain rescaling (Fig. 3). We note that Bair and
Movshon56 did observe changes in MT neuron responses that
were consistent with a static nonlinearity model, but they
manipulated temporal frequency content of the stimulus rather
than variance, and so our results are not directly comparable.

Several classes of mechanisms have been proposed to account
for gain adaptation in other systems, including modulation of
channel conductances, synaptic facilitation/depression and circuit
effects. Intrinsic conductance changes have been implicated
in gain adaptation occurring on seconds-long timescales.
For example, sodium channel inactivation in salamander retinal
ganglion cells8, modulation of a slow Ca2þ -sensitive Kþ

after-hyperpolarization conductance in barrel cortex37,57 and
the balance of sodium and potassium currents in mouse
sensorimotor cortex18 have been implicated in adaptation to
input variance. In each of these systems, the timescales of
adaptation are substantially longer than the 40–70ms timescale
we observe in the primate.

Information flow in thalamocortical and corticocortical
pathways is gated by adapting metabotropic and ionotropic
glutametergic synapses that facilitate or depress respectively,
modulating the response gain of their targets. In the
visual system, Scanziani and colleagues58 demonstrated gain
modulation of LGN activity within B50ms by V1 layer 6 cortical
projecting neurons. The reported timescale of thalamocortical
and corticocortical synaptic facilitation/depression is B30-100ms47,
very similar to to the timescale we measured. While synaptic gain
changes alone are typically associated with large changes in firing
rate58 which we did not observe, recent studies have identified
network effects that might produce rapid gain changes without
affecting average firing rate59. For example, balanced barrages of
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Figure 6 | Adaptation optimizes pursuit by minimizing tracking errors. (a) Example pursuit trial showing target (black) and eye (green) over time for an

s.d.¼ 2.5� experiment. The simulated pursuit response without adaptation (red line, see text) is much less accurate. We have subtracted the average

latency to align the target and eye data for visualization. (b) Trial-averaged direction errors from the experiment and simulation in a: pursuit (‘data’, green,

stimulus s.d.¼ 2.5�, gain¼0.7) has smaller direction errors than simulated fixed-gain pursuit (‘no adapt’, red, gain¼ 1.7). The minimum error level from a

multiplicative rescaling of pursuit data is very close to the data itself (‘min error’, black, gain¼0.5). (c) Distribution of tracking errors at each millisecond

from the same data (green, s.d.err¼ 2.5�) and simulation: non-adapting (red, s.d.err¼9.0�), min. error, (black, s.d.err¼ 2.0�). (d) Tracking errors across

target variance levels: pursuit data (green), a fixed-gain (no adaptation) simulation (red) and the minimum error achievable from rescaling gain (black).

Plots represent mean values over ten data sets for each monkey. (e) Error curves generated from the rescaling simulation (coloured lines). We rescaled the

eye movement at each time step to simulate different response gains (from 0.1 to 2 times the actual pursuit gain), then computed the expected error

yerr(t)¼ ytarg(t� t)-scale_factor*yeye(t). The r.m.s. error level is a convex function of the gain scale factor. Circles indicate minima. The dotted black line

corresponds to actual pursuit gain and tracking errors at each variance level (data form monkey er). (f) The differences between minimum and actual

tracking errors as a function of target direction s.d. for two monkeys (er, red; ga, black). The differences are well below the perceptual threshold for direction

discrimination (red line, see text).
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excitatory and inhibitory synaptic activity rapidly increase neuronal
responsiveness on the timescale of tens of ms60. Interaction between
local recurrent circuit activity and non-linear dendritic properties
has also been proposed as a possible mechanism for cortical gain
adaptation that may operate on the fast timescales we observe61,62.
Recurrent activity among similarly tuned neurons could regulate
response gain, amplifying the response to thalamic input as well as
sharpening the response selectivity or increasing signal-to-noise
ratio62–64 which might account for the information maximization
we observe in individual MT neurons.

Given the diversity of adaptive mechanisms available to neural
systems, it seems likely that most if not all sensory systems have the
capacity to adaptively encode the stimulus features to which they
are most sensitive2,65,66. This study demonstrates that
the impact of adaptive coding reaches beyond information
representation of single neurons to the performance of behavior.
On longer timescales, the brain has the ability surpass the limits of

optimal sensory coding by building experience-based models of the
world67–71 that allow for predictive neural responses72,73,
anticipatory behaviours74–78 and motor learning79–81. The next
challenge will be to determine how neurons balance the benefits of
efficient sensory representation with other constraints82,83 such as
prediction in guiding behaviour.

Methods
Eye movement recordings and extracellular recordings from extrastriate cortical
area MT/V5 were made in two adult male rhesus monkeys (Macaca mulatta);
a third monkey participated in behavioural experiments only. Animals were
implanted with a scleral coil in one eye, a post for head restraint and a recording
chamber using sterile surgical technique under anaesthesia. All surgical and
experimental procedures were approved in advance by the University of Chicago’s
Institutional Animal Care and Use Committee and were in strict compliance with
the US National Institutes of Health Guide for the Care and Use of Laboratory
Animals. We trained animals in basic pursuit tasks before collecting these data. The
animals viewed bright targets against the dark screen of a Sony GDMFW950 fast
CRT display (100–120 fps, 1,024� 768 pixels) in a dimly lit room. Eye movements
were sampled every millisecond, filtered and digitized for future analysis45.
Experiments were organized into trials lasting 2–3 s. Animals were rewarded at the
end of a trial for keeping the eye within several degrees of the target during
specified periods. For pursuit tasks, animals were required to maintain fixation
within 2� of a stationary fixation spot at trial onset and to be within 3� of the target
during the final 200ms of pursuit. Gaze accuracy was not penalized during time
windows used for data analysis. During physiology experiments, animals had to
maintain fixation within 2� throughout the trial.

Horizontal and vertical eye positions were sampled at 1ms intervals, low-pass
filtered and differentiated. The velocity components were translated into
instantaneous eye direction, to allow comparison of stimulus and response in the
same units (degrees). Each trial was inspected and trials with blinks or saccades
during the motion interval were discarded from further analysis.

Magnetic resonance imagings of the monkeys were obtained before implantation
to guide chamber location. We recorded from visual cortex with an array of three
quartz-platinum/tungsten electrodes (TREC, Germany). We localized area MT
based on stereotactic coordinates, receptive field size, motion selectivity and other
physiological response properties in MT and in surrounding structures. We
sampled neural activity at 30 kHz (Plexon Omniplex) and stored waveforms for
offline spike sorting. We performed online analyses to map the direction and speed
tuning, and the size and location of each unit’s excitatory receptive field. We
identified single units through principal component analysis of spike waveforms in
tandem with inspection of interspike interval distributions.

Visual stimuli. Stimuli consisted of random dot patterns (2 dots deg� 2) that
moved in an aperture against the dark background of the monitor. In physiology
experiments, the dots moved within a stationary aperture, while the monkey
maintained fixation, but in behavioural experiments both the pattern and aperture
(4�) translated across the screen at a constant speed. Dots moved coherently such
that the direction and speed of each dot was identical at each time step, but the
pattern direction had an added stochastic perturbation that was updated every
20ms (two frames) from uniform distributions with different variances. Target
speeds were 20–25� s� 1 for pursuit and were typically set to the preferred speed of
each MT unit (2–96� s� 1, mean¼ 29� s� 1). Some pursuit experiments used 0.25�
spot targets with identical motion statistics. Trials were often configured to contain
one or more steps in direction variance at fixed times within the trial.

Receptive field mapping. Visual stimuli were tailored for each neuron to span the
classical receptive field and to fall on particular portions of the direction tuning
curve. We mapped tuning curves with full-field patterns (56� by 38�) whose
direction spanned the circle with 15� spacing and plotted the tuning curve. We
then determined the speed tuning curve using preferred direction motion and log2
speed spacing. Receptive fields were localized using 2–5� patterns that appeared in
different spatial locations. We selected a centre direction for the fluctuation stimuli
based on each unit’s direction tuning curve, testing on one or both flanks. Values
for the size of our sample (n) represent the number of experiments rather than the
number of neurons. We recorded from a total of 44 MT neurons (n¼ 26 monkey 1;
18 monkey 2) for this study.

Linear fitting. We fit linear relationships between input (stimulus direction) and
output (spike count or eye direction), to define the response gain (see Figs 2 and 3).
We used principal component analysis to determine the dominant mode of var-
iation in the data sample by minimizing the summed perpendicular distance
between the data points and the fit.

Mutual information estimates. We used the direct method to compute the
mutual information between stimulus and response41. We divided the trial into
overlapping time windows of 60ms. In each time window, T, we adaptively binned

–60 –30 0

L

T

H

–100

0

100

200

300

400

Direction (degree)

30 60

a

c d

G
ai

n 
(s

pi
ke

s 
s–1

 d
eg

re
e–1

)

Direction s.d. (degree)

10 20 30 40
0

25

50

L to T

L to H

f

M
T

 n
eu

ro
n

F
iri

ng
 r

at
e 

(s
pi

ke
s 

s–1
)

P
ur

su
it

E
ye

 d
ire

ct
io

n 
(d

eg
re

e)
LTH 1 2

Time (ms) 

–100 –50 0 50 100

D
ire

ct
io

n 
(d

eg
re

e)

–60

–30

0

30

60

P
ro

ba
bi

lit
y

Direction (degree)

HH

–60 6020–20

T

b

L

Direction (degree)

–80 –40 0
–20

–10

0

10

20

40 80

L

T

H

e
0.6

n=11

L to T

L to H

G
ai

n

0

0.2

0.4

Normalized s.d.

L H

Figure 7 | Gain adaptation depends on experienced stimulus values.

(a) Using an example neuron, we analysed data just before (‘1’, grey

shading) and after (‘2’, pink shading) a variance step (LTH, s.d.¼ 12� to
s.d.¼ 35�) to determine how shifts in response gain depended on the actual

stimulus direction sequence. (b) We separated trials based on whether

time bin 2 direction values fell in the area of overlap between the L and H

stimulus distributions (T, cyan shading). (c) Stimulus and response values

in ‘bin 1’ (L, black circles) and ‘bin 2’ (H, red circles) for all trials. We have

highlighted data from the ambiguous T subset of trials (‘bin 2 T’, cyan

circles). Linear gain values computed as in text (lines). (d) MT population

data (n¼ 11), gains measured in time bin 1 and time bin 2 on all trials (red)

or only on ambiguous T trials (cyan). (e,f) Same as c,d, but for pursuit

behavioural data. The response gain rescales with stimulus variance only if

the animal sees an outlier value (n¼ 11).
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the values of stimulus, y(T), and response (either spike count n(T) or the eye
direction yE(T)) such that equal numbers of examples occurred in each bin. We
then formed the joint probability distribution between the stimulus and response,
for example, P(n(T), y(T� t)) for neurons or P(yE(T), y(T� t)) for pursuit for
each time delay, t. Information values peaked at a delay equal to the response
latency, which was somewhat stimulus-variance dependent. Simplifying the
notation to PT(n, y), the mutual information is defined as

IT n; yð Þ ¼
X

y

X

n

PT ðn; yÞlog2
PT ðn; yÞ

PT ðnÞPT ðyÞ
ð1Þ

where IT(n, y) quantifies in bits the amount of information that a single observation
of a spike count of n in the time window T provides about the direction of motion.
PT(n) is the total probability of observing n spikes after counting over the time
interval, T, averaged over all stimuli. In our case, all stimuli occurred with roughly
equal probability, PT(y). The equation is identical for computing information from
eye movements, exchanging PT(yE,y) for PT(n,y) and summing over the number of
bins (20) used to discretize the eye direction.

Finite sample bias correction. We used a procedure to minimize the effects of
finite sample size on our estimates of information, following the methods of
refs 42,43. By randomly drawing different numbers of samples (N) from our total
trial set for each neuron (or pursuit dataset), we looked for the expected systematic
behaviour as follows:

Iest ¼ I1 þ a
N

þ b
N2

þ � � � ð2Þ

and extracted IN as our best estimate. The number of repeats in our data set gave
reasonable linear behaviour keeping first-order terms in N only. It is noteworthy
that the extrapolated estimate of information for an infinite data set is always
smaller than the value measured from a finite data set.

Change point detection. To quantify adaptation dynamics from the spike trains
themselves, we used a log-likelihood method. We time shifted the responses by the
average latency, found the total spike count or time-averaged eye direction and the
stimulus direction in successive 20ms time windows. We pooled windows over
each motion segment to measure the joint distribution of binned counts and target
directions, P(r, y), or binned eye and target directions, P(yE, yT), for low- and
high-variance conditions. We then stepped through the response on each trial and
computed the cumulative likelihood that the series of response values came from a
low-variance or high-variance stimulus condition. We defined the cumulative
likelihood at time T, C(T), for an HTL variance step trial as

CðTÞ ¼
XT

t¼0

logðPðr tð Þ; sðtÞÞL
Pðr tð Þ; sðtÞÞH

Þ ð3Þ

where r(t) represents the response in time window t, s(t) the stimulus in the same
time window, the subscript L indicates a low-variance condition and H represents a
high-variance condition. For each data set, we defined a threshold from the s.d. of
C(T) over all time steps (and all trials) before the variance shift. We then started
integrating the likelihood from the time of the shift and computed the cumulative
likelihood over time for each trial48. Negative C-values were reset to 0. We defined
the change point as the time at which C exceeded the threshold.

Data availability. The data that support the findings of this study are available
from the corresponding author upon request.

References
1. Attneave, F. Some informational aspects of visual perception. Psychol. Rev. 61,

183–193 (1954).
2. Barlow, H. B. in Sensory Communication (ed. Rosenblith, W. A.) 217–234

(MIT Press, 1961).
3. Laughlin, S. A simple coding procedure enhances a neuron’s information

capacity. Z. Naturforsch. C 36, 910–912 (1981).
4. Wainwright, M. J. Visual adaptation as optimal information transmission.

Vision Res. 39, 3960–3974 (1999).
5. Brenner, N., Bialek, W. & de Ruyter Van Steveninck, R. R. Adaptive rescaling

maximizes information transmission. Neuron 6, 389–403 (2000).
6. Fairhall, A. L., Lewen, G. D., Bialek, W. & de Ruyter Van Steveninck, R. R.

Efficiency and ambiguity in an adaptive neural code. Nature 412, 787–792
(2001).

7. Kim, K. J. & Rieke, F. Temporal contrast adaptation in the input and output
signals of salamander retinal ganglion cells. J. Neurosci. 21, 287–299 (2001).

8. Kim, K. J. & Rieke, F. Slow Naþ inactivation and variance adaptation in
salamander retinal ganglion cells. J. Neurosci. 23, 1506–1516 (2003).

9. Rieke, F. Temporal contrast adaptation in salamander bipolar cells. J. Neurosci.
21, 9445–9454 (2001).

10. Dean, I., Harper, N. S. & McAlpine, D. Neural population coding of sound level
adapts to stimulus statistics. Nat. Neurosci. 8, 1684–1689 (2005).

11. Maravall, M., Petersen, R. S., Fairhall, A. L., Arabzadeh, E. & Diamond, M. E.
Shifts in coding properties and maintenance of information transmission
during adaptation in barrel cortex. PLoS Biol. 5, 0323–0334 (2007).

12. Maravall, M., Alenda, A., Bale, M. R. & Petersen, R. S. Transformation of
adaptation and gain rescaling along the whisker sensory pathway. PLoS ONE 8,
e82418 (2013).

13. Wark, B., Lundstrom, B. N. & Fairhall, A. Sensory adaptation. Curr. Opin.
Neurobiol. 17, 423–429 (2007).

14. Lundstrom, B. N., Higgs, M. H., Spain, W. J. & Fairhall, A. L. Fractional
differentiation by neocortical pyramidal neurons. Nat. Neurosci. 11, 1335–1342
(2008).

15. Lundstrom, B. N., Fairhall, A. L. & Maravall, M. Multiple timescale encoding of
slowly varying whisker stimulus envelope in cortical and thalamic neurons
in vivo. J. Neurosci. 30, 5071–5077 (2010).

16. Sharpee, T. O. et al. Adaptive filtering enhances information transmission in
visual cortex. Nature 439, 936–942 (2006).

17. Nagel, K. I. & Doupe, A. J. Temporal processing and adaptation in the songbird
auditory forebrain. Neuron 51, 845–859 (2006).

18. Mease, R. A., Famulare, M., Gjorgjieva, J., Moody, W. J. & Fairhall, A. L.
Emergence of adaptive computation by single neurons in the developing cortex.
J. Neurosci. 33, 12154–12170 (2013).

19. Webster, M. A. Visual adaptation. Annu. Rev. Vis. Sci. 1, 547–567 (2015).
20. Rashbass, C. The relationship between saccadic and smooth tranking eye

movement. J. Neurophysiol. 159, 326–338 (1961).
21. Lisberger, S. G. & Westbrook, L. E. Properties of visual inputs that initiate

horizontal smooth pursuit eye movements in monkeys. J. Neurosci. 5,
1662–1673 (1985).

22. Osborne, L. C., Lisberger, S. G. & Bialek, W. A sensory source for motor
variation. Nature 437, 412–416 (2005).

23. Krauzlis, R. J. Recasting the smooth pursuit eye movement system.
J. Neurophysiol. 91, 591–603 (2004).

24. Lisberger, S., Morris, E. & Tychsen, L. Visual motion processing and
sensory-motor integration for smooth pursuit eye movements. Annu. Rev.
Neurosci. 10, 97–1292 (1987).

25. Collewijn, H. & Tamminga, E. P. Human smooth and saccadic eye movements
during voluntary pursuit of different target motions on different backgrounds.
J. Physiol. 351, 217–250 (1984).

26. Westheimer, G. & McKee, S. P. Visual acuity in the presence of retinal-image
motion. J. Opt. Soc. Am. 65, 847–850 (1975).

27. Maunsell, J. H. & Van Essen, D. C. Functional properties of neurons
in middle temporal visual area of the macaque monkey. I. Selectivity for
stimulus direction, speed, and orientation. J. Neurophysiol. 49, 1127–1147
(1983).

28. Groh, J. M., Born, R. T. & Newsome, W. T. How is a sensory map read Out?
Effects of microstimulation in visual area MT on saccades and smooth pursuit
eye movements. J. Neurosci. 17, 4312–4330 (1997).

29. Kohn, A. Visual adaptation: physiology, mechanisms, and functional benefits.
J. Neurophysiol. 97, 3155–3164 (2007).

30. Kohn, A. & Movshon, J. A. Adaptation changes the direction tuning of
macaque MT neurons. Nat. Neurosci. 7, 764–772 (2004).

31. Dragoi, V., Sharma, J. & Sur, M. Adaptation-induced plasticity of orientation
tuning in adult visual cortex. Neuron 28, 287–298 (2000).

32. Glasser, D. M., Tsui, J. M. G., Pack, C. C. & Tadin, D. Perceptual and neural
consequences of rapid motion adaptation. Proc. Natl Acad. Sci. USA 108,
E1080–E1088 (2011).

33. Gardner, J. L., Tokiyama, S. N. & Lisberger, S. G. A population decoding
framework for motion aftereffects on smooth pursuit eye movements.
J. Neurosci. 24, 9035–9048 (2004).

34. de Ruyter Van Steveninck, R. R., Bialek, W., Potters, M. & Carlson, R. in
Proceedings of IEEE Conference on Systems, Man and Cybernetics 302–307 (1994).

35. Smirnakis, S. M., Berry, M. J., Warland, D. K., Bialek, W. & Meister, M.
Adaptation of retinal processing to image contrast and spatial scale. Nature
386, 69–73 (1997).

36. Kvale, M. N. & Schreiner, C. E. Short-term adaptation of auditory receptive
fields to dynamic stimuli. J. Neurophysiol. 91, 604–612 (2004).

37. Dı́az-Quesada, M. & Maravall, M. Intrinsic mechanisms for adaptive gain
rescaling in barrel cortex. J. Neurosci. 28, 696–710 (2008).

38. Dı́az-Quesada, M., Martini, F. J., Ferrati, G., Bureau, I. & Maravall, M.
Diverse thalamocortical short-term plasticity elicited by ongoing stimulation.
J. Neurosci. 34, 515–526 (2014).

39. Borst, A., Flanagin, V. L. & Sompolinsky, H. Adaptation without parameter
change: dynamic gain control in motion detection. Proc. Natl Acad. Sci. USA
102, 6172–6176 (2005).

40. Safran, M. N., Flanagin, V. L., Borst, A. & Sompolinsky, H. Adaptation
and information transmission in fly motion detection. J. Neurophysiol. 98,
3309–3320 (2007).

41. Bialek, W., de Ruyter van Steveninck, R., Rieke, F. & Warland, D. Spikes:
exploring the Neural Code (MIT Press, 1997).

NATURE COMMUNICATIONS | DOI: 10.1038/ncomms12759 ARTICLE

NATURE COMMUNICATIONS | 7:12759 | DOI: 10.1038/ncomms12759 |www.nature.com/naturecommunications 9

http://www.nature.com/naturecommunications


42. Strong, S. P., Koberle, R., de Ruyter van Steveninck, R. R. & Bialek, W. Entropy
and information in neural spike trains. Phys. Rev. Lett. 80, 197–200 (1998).

43. Osborne, L. C., Bialek, W. & Lisberger, S. G. Time course of information
about motion direction in visual area MT of macaque monkeys. J. Neurosci. 24,
3210–3222 (2004).

44. Purushothaman, G. & Bradley, D. C. Neural population code for fine perceptual
decisions in area MT. Nat. Neurosci. 8, 99–106 (2005).

45. Osborne, L. C., Hohl, S. S., Bialek, W. & Lisberger, S. G. Time course of
precision in smooth-pursuit eye movements of monkeys. J. Neurosci. 27,
2987–2998 (2007).

46. Mukherjee, T., Battifarano, M., Simoncini, C. & Osborne, L. C. Shared sensory
estimates for human motion perception and pursuit eye movements.
J. Neurosci. 35, 8515–8530 (2015).

47. Sherman, S. M. Thalamocortical interactions. Curr. Opin. Neurobiol. 22,
575–579 (2012).

48. Ratnam, R., Goense, J. B. M. & Nelson, M. E. Change-point detection in
neuronal spike train activity. Neurocomputing 52-54, 849–855 (2002).

49. Pillow, J. W., Ahmadian, Y. & Paninski, L. Model-based decoding, information
estimation, and change-point detection techniques for multineuron spike
trains. Neural Comput. 23, 1–45 (2011).

50. Dahmen, J. C., Keating, P., Nodal, F. R., Schulz, A. L. & King, A. J. Adaptation
to stimulus statistics in the perception and neural representation of auditory
space. Neuron 66, 937–948 (2010).

51. Medina, J. F. & Lisberger, S. G. Variation, signal, and noise in cerebellar
sensory-motor processing for smooth-pursuit eye movements. J. Neurosci. 27,
6832–6842 (2007).

52. Osborne, L. C. & Lisberger, S. G. Spatial and temporal integration of visual
motion signals for smooth pursuit eye movements in monkeys. J. Neurophysiol.
102, 2013–2025 (2009).

53. Osborne, L. C. Computation and physiology of sensory-motor processing in eye
movements. Curr. Opin. Neurobiol. 21, 623–628 (2011).

54. Stephens, G. J., Osborne, L. C. & Bialek, W. Searching for simplicity:
approaches to the analysis of neurons and behavior. Proc. Natl Acad. Sci. USA
108, 15565–15571 (2011).

55. Wark, B., Fairhall, A. & Rieke, F. Timescales of inference in visual adaptation.
Neuron 61, 750–761 (2009).

56. Bair, W. & Movshon, J. A. Adaptive temporal integration of motion in direction-
selective neurons in macaque visual cortex. J. Neurosci. 24, 7305–7323 (2004).

57. Higgs, M. H., Slee, S. J. & Spain, W. J. Diversity of gain modulation by noise in
neocortical neurons: regulation by the slow afterhyperpolarization conductance.
J. Neurosci. 26, 8787–8799 (2006).

58. Olsen, S. R., Bortone, D. S., Adesnik, H. & Scanziani, M. Gain control by layer
six in cortical circuits of vision. Nature 483, 47–52 (2012).

59. Chance, F. S., Abbott, L. F. & Reyes, A. D. Gain modulation from background
synaptic input. Neuron 35, 773–782 (2002).

60. Shu, Y., Hasenstaub, A., Badoual, M., Bal, T. & McCormick, D. A. Barrages of
synaptic activity control the gain and sensitivity of cortical neurons. J. Neurosci.
23, 10388–10401 (2003).

61. Takahashi, H. & Magee, J. C. pathway interactions and synaptic plasticity in the
dendritic tuft regions of CA1 pyramidal neurons. Neuron 62, 102–111 (2009).

62. Hay, E. & Segev, I. Dendritic excitability and gain control in recurrent cortical
microcircuits. Cereb. Cortex 25, 3561–3571 (2014).

63. Lien, A. D. & Scanziani, M. Tuned thalamic excitation is amplified by visual
cortical circuits. Nat. Neurosci. 16, 1315–1323 (2013).

64. Chance, F. S., Nelson, S. B. & Abbott, L. F. Complex cells as cortically amplified
simple cells. Nat. Neurosci. 2, 277–282 (1999).

65. Simoncelli, E. P. & Olshausen, B. A. Natural image statistics and neural
representation. Annu. Rev. Neurosci. 24, 1193–1216 (2001).

66. Machens, C. K., Gollisch, T., Kolesnikova, O. & Herz, A. V. M. Testing the
efficiency of sensory coding with optimal stimulus ensembles. Neuron 47,
447–456 (2005).

67. Barlow, H. B. in NPL Symposium on the Mechanisation of Thought Processes
535–539 (HM Stationery Office, 1959).

68. Barlow, H. B. Conditions for versatile learning, Helmholtz’s unconscious
inference, and the task of perception. Vision Res. 30, 1561–1571 (1990).

69. Bialek, W., Nemenman, I. & Tishby, N. Predictability, complexity, and learning.
Neural Comput. 13, 2409–2463 (2001).

70. Stocker, A. A. & Simoncelli, E. P. Visual motion aftereffects arise from a cascade
of two isomorphic adaptation mechanisms. J. Vis. 9, 1–14 (2009).

71. Wei, X.-X. & Stocker, A. A. A Bayesian observer model constrained by efficient
coding can explain ‘anti-Bayesian’ percepts. Nat. Neurosci. 18, 1509–1517 (2015).

72. Hosoya, T., Baccus, S. A. & Meister, M. Dynamic predictive coding by the
retina. Nature 436, 71–77 (2005).

73. Palmer, S. E., Marre, O., Berry, M. J. & Bialek, W. Predictive information in a
sensory population. Proc. Natl Acad. Sci. USA 112, 6908–6913 (2015).

74. Kowler, E. Cognitive expectations, not habits, control anticipatory smooth
oculomotor pursuit. Vision Res. 29, 1049–1057 (1989).

75. Kowler, E. Eye movements: the past 25 years. Vision Res. 51, 1457–1483 (2011).
76. Barnes, G. R. & Asselman, P. T. The mechanism of prediction in human

smooth pursuit eye movements. J. Physiol. 439, 439–461 (1991).
77. Heinen, S. J., Badler, J. B. & Ting, W. Timing and velocity randomization

similarly affect anticipatory pursuit. J. Vis. 5, 493–503 (2005).
78. Hayhoe, M. M., McKinney, T., Chajka, K. & Pelz, J. B. Predictive eye

movements in natural vision. Exp. Brain Res. 217, 125–136 (2012).
79. Shadmehr, R., Smith, M. A. & Krakauer, J. W. Error correction, sensory

prediction, and adaptation in motor control. Annu. Rev. Neurosci. 33, 89–108
(2010).

80. Wolpert, D. M. & Flanagan, J. R. Computations underlying sensorimotor
learning. Curr. Opin. Neurobiol. 37, 7–11 (2016).

81. Carey, M. R., Medina, J. F. & Lisberger, S. G. Instructive signals for motor
learning from visual cortical area MT. Nat. Neurosci. 8, 813–819 (2005).

82. Salinas, E. How behavioral constraints may determine optimal sensory
representations. PLoS Biol. 4, 2383–2392 (2006).

83. Wilson, R. I. in The Cognitive Neurosciences (eds Gazzaniga, M. & Mangun, G.)
261–270 (MIT Press, 2014).

Acknowledgements
We thank P. Stinson for early contributions to this project, J. Maunsell and S. Lisberger
for comments on an early version of the manuscript, and T. Mukherjee and the veter-
inary staff of the University of Chicago Animal Resources Center for support. This study
was supported by grants to L.C.O. from the Alfred P. Sloan Foundation, Whitehall
Foundation, Brain Research Foundation and NEI EY023371.

Author contributions
B.L. and L.C.O. contributed to all aspects of experimental design, data collection, analysis
and manuscript preparation. M.V.M. collected data and provided helpful feedback.

Additional information
Competing financial interests: The authors declare no competing financial interests.

Reprints and permission information is available online at http://npg.nature.com/
reprintsandpermissions/

How to cite this article: Liu, B. et al. Efficient sensory cortical coding optimizes pursuit
eye movements. Nat. Commun. 7:12759 doi: 10.1038/ncomms12759 (2016).

This work is licensed under a Creative Commons Attribution 4.0
International License. The images or other third party material in this

article are included in the article’s Creative Commons license, unless indicated otherwise
in the credit line; if the material is not included under the Creative Commons license,
users will need to obtain permission from the license holder to reproduce the material.
To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/

r The Author(s) 2016

ARTICLE NATURE COMMUNICATIONS | DOI: 10.1038/ncomms12759

10 NATURE COMMUNICATIONS | 7:12759 | DOI: 10.1038/ncomms12759 | www.nature.com/naturecommunications

http://npg.nature.com/reprintsandpermissions
http://npg.nature.com/reprintsandpermissions
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/naturecommunications

	Efficient sensory cortical coding optimizes pursuit eye movements
	Introduction
	Results
	Experimental design
	Response gain rescales with stimulus variance
	Adaptation maximizes information in MT and pursuit
	Gain adaptation minimizes pursuit errors
	Dynamics of cortical and behavioural gain adaptation
	Gain shifts depend on the experienced direction sequence

	Discussion
	Methods
	Visual stimuli
	Receptive field mapping
	Linear fitting
	Mutual information estimates
	Finite sample bias correction
	Change point detection
	Data availability

	Additional information
	Acknowledgements
	References




