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What determines the shape of the psychometric function for detection and discrimination?

In reality, both factors likely
influence psychometric slope.
Increasing extrinsic uncertainty 
should produce higher thresh-
olds and steeper slopes    .
The rate of change of threshold
and slope should constrain our 
estimate of intrinsic uncertainty.

For a given transducer exponent, we can then estimate the level of intrinsic uncertainty

Average data across three observers

Thresholds increase with uncertainty

Greater change for discrimination

Slopes get steeper with uncertainty

Lines are best fit regressions either
minimising the slope error (dashed),
the threshold error (dotted) or both
(solid). Grey shading gives the
envelope of the 95% confidence
limits on these three fits.

A nonlinear transducer 
will produce steeper 
functions the greater the 
nonlinearity (left panel).
The e!ective transducer
is typically lower for
contrast discrimination
than contrast detection.

High uncertainty will also produce 
steep functions (right panel). This 
could be uncertainty about target 
properties such as orientation, 
spatial frequency or position. Some 
uncertainty is intrinsic (i.e. a property 
of the system), but we can also
introduce uncertainty experimentally.

Manipulate spatial uncertainty

Central fixation

Always two targets presented

Rings surround possible locations

Either 1, 2, 4 or 8 pairs of locations

Pedestal contrast of 0% or 30%

Pedestals in all 16 locations

4c/deg horizontal Gabor targets

2IFC paradigm

100ms stimulus duration, 400ms ISI

Method of Constant Stimuli

3 observers, 8 repetitions each

CRS ViSaGe and Nokia monitor

Fit Weibull functions to MCS data

DHB

U = 1 U = 2 U = 4 U = 8

D
etection

D
iscrim

ination

Fit psychometric function
to data from each session

Average the threshold and
slope estimates across reps

Thresholds are around 6dB higher for 
contrast discrimination, but slopes 
are shallower (" # 2 for discrimination, 
" # 4 for detection)

We consider a simple model 
consisting of three components:

static nonlinear transducer (p)

N noisy channels, where N = U*M, 
U being the level of extrinsic 
uncertainty and M the level of 
intrinsic uncertainty

a MAX operation across all 
N channels (1 signal channel,
N-1 uninformative channels)

Left panel below shows model
predictions for a range of 
transducer (p) values and fixed 
intrinsic uncertainty (M = 10). 
Right panel below shows 
predictions for a linear transducer 
and a range of intrinsic uncertainty 
levels (M). Both parameters a!ect 
how threshold and slope vary with
extrinsic uncertainty (U). Black lines
are the best fit lines through the
empirical data, normalized to the
threshold for U=1.

N = 3

Threshold error
Slope error

Com
bined error

No consistent pattern
of threshold di!erence
across spatial position
for the U=1 condition.

Very small advantage
along the horizontal
axis (when stimulus
orientation is the same
as position relative to
fixation).

Detection

Discrimination

Detection

Reasonable nonlinear transducer values (2<p<3) at threshold imply relatively little intrinsic 
uncertainty (M<10)

For a linear transducer (p=1), uncertainty would be much greater (M>1000)

If intrinsic uncertainty is minimal, uncertainty reduction cannot explain facilitation e!ects

Our discrimination results produce steeper slopes than expected, perhaps because
of peripheral presentation, or maybe ‘distraction’ e!ects

RMS errors for the detection
data are shown for a range of
p values (symbols) and levels
of intrinsic uncertainty (M).
Errors are small for thresholds
when p$2, but are smallest
for slopes when p is either
small or M is low. The combined
error (lowest panel) is calculated
using the Euclidean distance
between data and model. This
closely approximates the slope
error function.
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Panel below shows the data with a 
normalized threshold axis (normalized to 
U=1) along with model predictions for 
both detection and discrimination. It is 
clear that the change in threshold and 
slope is close to that predicted for 
transducer exponent between 2 and 3, 
and minimal uncertainty.

The yellow squares are the model 
prediction for a Legge/Foley   equation 
(C     /(Z+C  )), with an e!ective overall 
exponent of 0.4 and no intrinsic
uncertainty when on a pedestal. This 
model predicts shallower slopes, but a 
similar rate of change as found empirically.
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Panel above demonstrates the
generic model behaviour,
picking the MAX of a range of
noisy channels. For discrimination,
the pedestal raises the active
channels above the noise level.
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Target and pedestal contrasts shown above
are illustrative, and do not represent those 
used in the experiments
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