








simulations do show that the former can affect the latter (see,
e.g., Fig. 1C)—but that other parameters such as C50 and Rmax

also can. On the other hand, while the adaptation bandwidth in
this particular simulation varied as the sole function of C50 or
Rmax, this does not mean that the adaptation bandwidth of the
system is solely dependent on these parameters either.

In the second series of simulations, we tested the converse
scenario, i.e., whether ensembles with different spatial fre-
quency parameters can produce similar adaptation bandwidths.
To do this, we constructed two different ensembles. In the first
ensemble, the spatial frequency tuning width � of each unit
was 1 cycle/°, and in the second ensemble, each unit had a �
of 4.0 cycle/°. The two ensembles were identical in all other
respects. Figure 3A shows the bandwidths of the two ensem-
bles for various values of adaptation gain m in Eq. 2A. The two
lines were not identical, indicating that spatial frequency tun-
ing of the individual units did affect the adaptation of the
ensemble in this case. Nonetheless, the two sets of bandwidths
were either largely similar or identical for many values of m, so
that the spatial frequency tuning width could not be unambig-
uously estimated from the corresponding adaptation band-
width. Similar results were obtained using the nonlinear adap-
tation gain in Eq. 3 (Fig. 3B) and when the Rmax values were
similarly changed instead (data not shown). Thus ensembles
with different spatial frequency parameters can produce simi-
lar, sometimes identical, adaptation bandwidths.

It is worth re-emphasizing that what this simulation demon-
strates is not that modulating the spatial frequency of the
underlying units has no effect on the adaptation of the ensem-
ble but only that there exist scenarios in which these modula-
tions have little substantial effect on the adaptation of the
ensemble. In the present case, the reason why this ensemble
produces similar bandwidths across a considerable range of
spatial frequencies is twofold (unpublished observations): first,
while the tuning width manipulations used in this simulation
substantially change the overlap between distant tuning curves
(i.e., tuning curves that peak at substantially different spatial
frequencies), they only modestly affect the overlap among
nearby units. Because adaptation bandwidth is a function of
(among other things) the overlap among units near the adap-
tation frequency, the tuning width manipulations have little
effect on adaptation bandwidth in this case. Second, the adap-
tation gain m (Eqs. 2A and 2B) was comparatively low so that
changes in the magnitude of Ri brought on by the changes in

the tuning width had a correspondingly smaller effect on the
overall adaptation of the ensemble. The point of this admittedly
selective manipulation of parameters is solely to demonstrate
that there exist scenarios where the adaptation bandwidth of the
network is not attributable to a unique tuning width of the
underlying units (see DISCUSSION).

In the third series of simulations, we tested whether our
ensemble can produce nonselective adaptation. To do this, we
systematically varied the correlation coefficient r between
�C50 and R in Eq. 2A, so that the degree of the adaptation of
the units was a noisy, or leaky, linear function of the respon-
siveness of the units to the adaptation stimulus. Because this
added noise was random across units, i.e., the �C50 value of a
given unit did not depend on its spatial frequency tuning
properties, the resulting CSF had random “dips” at spatial
frequencies corresponding to the neuron/s that happened to
have a comparatively high �C50 value (data not shown). These
dips, which occurred even in the unadapted ensemble, gave the
false impression that adaptation was occurring even when it
was not or was occurring at spatial frequencies other than the
adaptation frequency. Thus, in this ensemble, genuinely adap-
tation-related decreases in contrast sensitivity were confounded
by the noise-related decreases in contrast sensitivity. We there-
fore averaged out the noise-related effects using two ap-
proaches: 1) we determined the CSF as the average CSF over
1,000 independent rounds of adaptation, or 2) we increased the
number of units in the ensemble to 400 so that the CSF was
much less sensitive to the noisiness of individual neurons. Both
approaches yielded similar results (not shown). We present
here the results from the latter approach.

Figure 4 shows the CSFs of an ensemble with 400 units at
various values of r while all other parameters were held
constant (see legend for details). When �C50 and R were
perfectly correlated (r � 1.0), the adaptation was selective, as
expected (Fig. 4, far left). However, the adaptation of the same
ensemble was increasingly nonselective when the correlation
was lower, albeit still statistically significant (p �� 0.05; df �
398; Fig. 4, rightmost 3 panels). When the correlation was 0.7,
the ensemble still showed adaptation, but the adaptation was no
longer selective in any conventional sense (Graham 1989).
Varying the correlation between ��Rmax and R also yielded
similar results (not shown). Thus lack of selective adaptation at
the system level does not necessarily mean a lack of selective
units at the neural level.

A B

FIG. 3. Adaptation bandwidth of ensem-
bles with different spatial frequency param-
eters. The adaptation bandwidth (�CF) of 2
ensembles, in which the units had tuning
widths (�) of 1.0 and 4.0 cycle/°, respec-
tively, as a function of adaptation gain m in
Eq. 2A (panel A) or Eq. 3 (panel B).
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D I S C U S S I O N

Together, the results from the three series of simulations
demonstrate, for the first time, that the adaptation bandwidth of
the ensemble does not necessarily reflect the spatial frequency
tuning parameters of the underlying units, regardless of
whether a unit is an individual neuron, or a channel, or some
other entity. This is essentially because adaptation bandwidth
at the system level is confounded by parameters other than the
underlying tuning properties of interest. To the extent that such
confounds may apply to other system-level response measures
(see following text), our results imply, in a more general sense,
that pattern adaptation is not a reliable method for estimating
the properties of the underlying units. However, the implica-
tion of our study is not that pattern adaptation can serve no
useful purpose (see following text), but that its potential uses
are severely limited. Similarly, what our results warrant is a
thorough re-examination of the relevant previous psychophys-
ical results, and not a wholesale rejection of them.

The notion that pattern adaptation has potential problems is
not altogether surprising because the simple mathematical
considerations noted in INTRODUCTION indicate as much. The
significance of our study lies in demonstrating, using simple
and transparent methods, how potentially serious these prob-
lems are. Our results show not only that pattern adaptation can
be a poor estimator of the underlying neural properties but also
that it can readily produce seriously misleading estimates in
ways that are not clear from first principles alone. Thus what is
surprising about the problems with pattern adaptation is how
plausible and varied they are. Judging by the continued use of
this technique, the plausibility of these problems has not been
fully appreciated heretofore.

Factors that confound pattern adaptation

To the extent that the adaptation bandwidth of the system is
confounded by factors other than the spatial frequency param-
eters of the units, the problem of using the former to measure the
latter is underconstrained or “ill-posed.” This raises the question
of whether, in the future, this measurement procedure can be
constrained so that the adaptation behavior of the system does
reflect the underlying spatial frequency parameters. There are
substantial obstacles to doing this as illustrated by the specific
problem of estimating the spatial frequency tuning width � of
the units from adaptation bandwidth � of the system. First, as

our results demonstrate, � is a multivariate parameter affected
by confounding variables other than �. Therefore, the con-
founding variables and the nature of their relationship to �
need to be determined independently of pattern adaptation
(e.g., using neurophysiological methods), so that the confounds
can be quantitatively accounted for. It must be noted in this
regard that the confounds demonstrated by our minimalistic
model likely represents but a small subset of the actual con-
founds. Second, even after all the confounds are accounted for,
discerning the relationship between � and � is not straightfor-
ward, and involves at least two steps: step a, estimating the
adaptation-dependent changes in the CGF parameters � (so
that � �{C50, Rmax, . . .}) of individual units from a given value
of �. Because, as our models indicate, each � parameter can
affect � on its own, the relative weight of each � parameter
must be independently determined before � can be regressed
on �. This still leaves step b, which involves estimating � from
the observed changes in �. The neurophysiological relationship
between � and � is largely unknown, and the few available
studies (Albrecht et al. 1984; Van Wezel and Britten 2002)
indicate that � and � are largely unrelated. Thus carrying out
step b requires not only that the relationship between � and �
be studied for all relevant visual areas/regions but also that the
� and � be substantially correlated for all relevant stages of
visual processing. Third, note that although � values were
identical across the ensemble in our models, this is unlikely to
be the case in the visual system, so that the � values of
individual units (i.e., neurons, channels, etc) must be deter-
mined from the point estimate of � resulting from the preced-
ing exercise. Finally, note that although our results focus, as
many pattern adaptation studies do (see Graham 1989), on the
problems of estimating � from �, these concerns likely apply
in general to discerning any given neuronal parameter from any
given pattern adaptation parameter at the psychophysical level.
At the very least, it remains to be demonstrated that they do
not.

The preceding considerations mean that pattern adaptation
cannot be used to reliably estimate the spatial frequency tuning
properties of the underlying units. More generally, they help
illustrate the larger principle that system-level response mea-
sures cannot be used to estimate the corresponding neuronal
parameters, absent compelling evidence that the given system-
level measure is a univariate function of the intended neuronal
parameter.

FIG. 4. Adaptation bandwidth as a function of the “leakiness” of adaptation. The correlation r between Ri and �C50,i in Eq. 2A was systematically varied,
while all other parameters (400 units, each with � � 2.0 cycle/°; m � 2) were held constant. CSFs for representative values of r are shown.
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Possible future directions

An important issue not addressed by our study is whether it
is feasible to use the pattern-adaptation technique to address
the more general question of whether the underlying units are
tuned at all to begin with, e.g., whether channels exist. Two
lines of evidence indicate that this is also unfeasible. First, we
demonstrate that tuned units can produce nonselective adapta-
tion (Fig. 4), so that a lack of selective adaptation cannot be
taken to imply a lack of tuned units. But this leaves open a
second possibility that when selective adaptation does occur,
one can infer that the underlying units are tuned because we
were unable to obtain selective adaptation without tuned units
(unpublished observations). However, Sawamura et al. (2006;
also see Crowder et al. 2006) have demonstrated that in
macaque inferotemporal (IT) neurons, adaptation to one stim-
ulus can induce adaptation to a different stimulus. Such cross-
adaptation straightforwardly means that the presence of selec-
tive adaptation cannot be reliably taken to infer the existence of
tuned units (or channels) either.

To the extent our results indicate that adaptation at the
system level does not reliably reflect of the properties of the
underlying neurons, the use of adaptation in fMRIa experi-
ments (see Grill-Spector and Malach 2001; Grill-Spector 2006)
for this purpose needs to be re-evaluated. We emphasize,
however, that our results raise questions about interpreting
fMRIa results in neuronal terms but not about the technique per
se (qv. Crowder et al. 2006; Krekelberg et al. 2006; Sawamura
et al. 2006).

Also, while our models do not address the channel theory
(Blakemore and Campbell 1969; Braddick et al. 1978; Klein
1992) itself, they do indicate that the support for this theory
from pattern adaptation needs to be re-evaluated. To be sure,
the channel theory is supported by evidence from many other
established psychophysical techniques, including masking and
subthreshold summation (Braddick et al. 1978; De Valois and
De Valois 1988; Graham 1989; Wandell 1995). However, our
results raise the possibility that these techniques are also
subject to similar concerns as pattern adaptation. It is conceiv-
able that these potentially shared confounds can be resolved by
using these techniques independently of each other to estimate
a particular neural parameter of interest, e.g., the tuning width
of the spatial frequency channel with a peak at 8 cycle/°.
However, the tenability of this approach also remains to be
demonstrated, much like the tenability of the pattern adaptation
technique by itself.
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