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Supplementary Material
Extended Signature of Adaptation
The concept of a signature of adaptation can be extended to include changes in variability
of the perceptual estimate. More specifically, if we assume a gain-change model as the underlying mechanism for adaptation, and assume an appropriate noise model for the channel
responses, we can predict what the characteristic change in estimation variability should
be. For example, assuming the channels’ responses for a given stimulus to follow a Poisson
distribution, we can demonstrate with simulations that the relative change in variability of
the estimate is symmetric about the adaptor, typically increased at the adaptor and decreased
at adjacent values (see also [1]). Again, since the details are not important in the context of
this paper, we use a simple, single-parameter function (second derivative of a Gaussian) that
captures the main characteristics of the relative change in variability. Figure 1 shows the full
signature of adaptation, for the combined changes in the mean and variability of perceptual
estimates, here expressed as the difference in means (µ ∗ (v) − µ(v)) and the relative change

in standard deviation of the estimation distributions (log σ ∗ (v)/σ(v)).
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Extended signature of adaptation. (a) The gain-change model mechanism can be extended by considering

response variability [2]. (b) Decoding channel activity assuming Poisson noise statistics leads to an perceptual
signature in bias and in change in estimation variability. The signature for variability (here expressed as the relative
change of standard deviations log σ ∗ (v)/σ(v)) is symmetric around the adaptor, is increased at the adaptor and
decreased for stimuli that are further away in perceptual space.
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Fig. 2. Signal detection theory and the relationship between perception and estimation. The two gray-scale plots illustrate
the distributions of a subject’s estimate v̂(v) under adaptation and reference conditions over a broad range of
stimulus velocities v. Presumably, adaptation changes the mean µ∗ (v) as well as the standard deviation σ ∗ (v)
of these distributions as a function of the adaptor va and the stimulus velocity v. These changes in the subjects’
estimation of velocity are then expressed as changes in the point-of-subjective-equality vpse and discrimination
threshold vthres . Signal detection theory links these perceptual measures to estimator bias (µ(v) ∗ − µ(v)) and

relative change in variability (log σ ∗ (v)/σ(v)).

Linking estimation variability to perceptual 2AFC data
While the estimation bias can be directly measured from the shift of the psychometric
function under adapted versus control conditions, the changes in estimation variability are
only indirectly reflected in changes in perceptual discriminability as measured by the slope of
the psychometric function. This relationship is further complicated by our single-sided 2AFC
adaptation protocol (see Methods in the main text). Alternatively, discriminability could have
been extracted directly from a separate two-sided adaptation experiment in which both,
reference and test location, were adapted. However, this would have resulted in doubling
the length of the already extensive experiment because the single-sided adaptation condition
is still needed to compute the bias.
In the following, we use signal detection theory [3], [4] to extract the changes in variability
from the subjects’ psychometric functions. We assume that when performing a 2AFC motion discrimination task between a reference and a test stimulus with velocities v r and vt ,
subjects perform independent estimates v̂(v r ) and v̂(vt ) of each stimulus velocity, and then
take a decision accordingly [2]. Due to noise, these estimates will fluctuate over repeated
trials, leading to distributions of estimates. By approximating the distributions of estimates

4

with Gaussians of mean µ(v) and standard deviation σ(v), we can define the perceptual
discriminability between a reference and a test stimulus as
µ(vr ) − µ(vt )
d" (vr , vt ) = ! "
# .
1
2 (v ) + σ 2 (v )
σ
r
t
2

(1)

In general, the estimator for the test and the reference stimulus are different (see Fig.2). In
our single-sided adaptation experiment, the estimator of the reference stimulus was always
in the unadapted state, whereas the estimator of the test was in one of the four adaptation
conditions or the control condition. For each v t under each adaptation condition we fit the
subjects’ psychometric function with a cumulative Gaussian, and then extracted two values
of vr from the fit that correspond to two particular values of d " : the point-of-subjective-equality
vpse (vt ) for which d" = 0, and the discrimination threshold velocity v thres (vt ) that is associated

with a certain (arbitrarily chosen) cumulative probability α on the psychometric curve (here,
we use α = 0.875, with an associated value of d "α = 1.627). This is illustrated graphically in
Fig.2. For each adaptation condition (fully adapted, control adapted, unadapted), Eq. (1) may
be used to define these two special values of v r through implicit equations. For example, the
∗ (v ) and v ∗
values vpse
t
thres (vt ) for the fully adapted condition are determined by
∗
0 = µ0 (vpse
(vt )) − µ∗ (vt )

d"α =

! "
1
2

∗
µ0 (vthres
(vt ))

−

(2)
µ∗ (vt )

∗
(σ 0 (vthres
(vt )))2 + (σ ∗ (vt ))2

# ,

(3)

for each test velocity v t under each condition, where the superscripts {∗, 0} indicate the

adaptation state (fully adapted, and unadapted, respectively). In order to solve for µ ∗ (vt )

and σ ∗ (vt ), we make the following assumptions: (i) Without loss of generality, we assume
that the estimator for the reference stimulus is veridical, i.e. µ 0 (vr ) = vr . (ii) Furthermore,
we also assume that the variability of the estimator changes smoothly, i.e. it remains roughly
constant over the velocity range of the discrimination threshold.
∗ (v ). Thus, we can extract the
Under assumption (i), Eq.(2) implies that µ ∗ (vt ) = vpse
t

estimation bias directly as the difference in the measured point-of-subjective-equality under
full adaptation and control adaptation conditions:
∗
c
µ∗ (vt ) − µc (vt ) = vpse
(vt ) − vpse
(vt ).
∗ (v ) for µ∗ (v ) in Eq.(3)
We can solve for the estimation variability, σ ∗ (vt ), by substituting v pse
t
t

and rewriting as
σ ∗ (vt ) =

1
d"α

! "
#
"
#2
∗
∗ (v ) 2 − σ 0 (v ∗
2 vthres
(vt ) − vpse
.
t
thres (vt ))

(4)
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Fig. 3. Changes in estimation variability due to adaptation. Plotted points indicate the adaptation-induced changes
in estimation variability under all adaptation conditions and all three subjects. Note, that they are not equivalent
to, but rather extracted from the measured perceptual discrimination thresholds using the analysis as discussed
in the text. Changes are shown as the log-ratio of the standard deviations in adaptation and control conditions.
As in the case of bias, the change in variability typically increases in amplitude with increasing adaptor speeds.
Bold red lines represent fits according to our model. Gray shaded area indicates the 5-95 % quantile over 1000
bootstrap samples of the data.

An analogous expression may be derived for the control condition (superscript {c}), and the

two may be combined to compute the relative change in estimation variability log (σ ∗ (vt )/σ c (vt )).
A second control experiment measured discrimination thresholds under unadapted conditions, and provided the estimates of σ 0 (v) that are required in Eq. (4). We assume the

unadapted variability at the test location to be approximately equal to that at the reference
location when evaluated at the threshold velocity:
0
σ 0 (vthres
(vt )) ≈ σ 0 (vt )

for all vt . Substituting this into Eq. (1), and again assuming that µ 0 (v) = v gives
σ 0 (vt ) ≈

0
vthres
(vt ) − vt
.
d"α

(5)

The values of σ 0 (v) required in Eq. (4) are obtained by linear interpolation.
Figure 3 shows the adaptation-induced changes in estimation variability under all adaptation conditions and for all three subjects, extracted with above analysis. Signal detection

6

change in
variability

vai

6
subject 1
subject 2

A vb

+

i
*
WND

non-directional
R vb sND

i

A vb WD *

4

directional
R vb sD

2

=
a
Fig. 4.

subject 3

0

b

Rvb Avb

Superposition of directional and non-directional mechanism. (a) For each subject, we used the parameter

values for signature amplitudes and widths over all adaptation conditions that were fit to the estimation bias
(values shown in Fig.3 in the main text). Again, the non-directional signature was centered at zero motion, while
the directional signature was centered at the adaptor velocity. (b) To account for potential overall scale differences
in signature width and amplitude, we allowed two extra parameters Rvb and Avb .

theory allowed us to extract both estimation bias and changes in variability from a single
one-sided adaptation experiment (see also Fig. 2), where the bias directly follows from the
measured point-of-subjective-equality v pse(vt ) , but the extraction of the estimation variability
requires both, measurements of v pse(vt ) and vthres(vt ) .
Model prediction and fit for changes in variability
In order to test whether the superposition of signatures also extends to estimation variability, we predicted the expected relative changes in estimation variability based on the model
parameters fit to the bias data alone (Fig.2 in main-text), and then compared this prediction to
the measured variability data shown in Fig. 3. More specifically, we applied the same linear
superposition of signatures as for the bias (Fig. 4), allowing only two additional parameters
that account for potential scale differences in amplitude and size between the signatures for
bias and relative change in variability. The fit in Fig.3 (red curves) shows that although the
data are rather noisy, they are in agreement with the prediction from our model.
We have shown in previous work [5], [2], that it is important to account for both, estimation
bias and variance in order to validate and constrain perceptual models with data. In this
regard, it is reassuring that our hypothesis of a superposition of two isomorphic adaptation

7

adaptation: gain change
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Simulated estimation variability of the cascade model. (a) The first stage consists of two non-directional

channels, tuned for low and high speeds. Adaptation changes the relative response gain of the channels based
on which channel is responding more strongly to the adapting stimulus. These channels provide input to a
second processing stage containing more narrowly tuned direction-selective velocity channels, which inherit the
adaptation-induced gain changes of the first stage, and also undergo additional (directional) gain changes in
response to the adapting stimulus. (b) Simulation results for biases and changes in variability for the case of
inherited gain reduction from the first stage only (blue), as well as the full model with gain changes in both stages
(red). The mean response of each channel is determined by its tuning curve (shown in (a)) and response variability
was assumed to follow a Poisson process. The population response was decoded by a simple population average
read-out (i.e., the sum of responses, weighted by the preferred speed of each channel).

mechanisms is supported not only by the measured bias but also the changes in subjects’
variabilities.
Simulation of the cascade model including estimation variability
We consider the same two-stage cascade model as described in the main text, expanding
it to include response variability in the channels. We assume that each channel response
follows a Poisson distribution with rate determined by the associated tuning curve. As shown
in Fig.5, not only bias but also estimation variability of the simulated model are in close
agreement with the proposed extended signature (Fig.1).
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