
Framework for testing biological utility hypotheses
Nicolai Petkov

Institute for Mathematics and Computing Science,
University of Groningen, PO Box 800, 9700 AV Groningen, The Netherlands

petkov@cs.rug.nl

Introduction

Various aspects of the visual system have been hypothe-
sized to have a certain biological role. The usual argument
is that a given neural mechanism would help an animal to
perform better a certain task. Such hypotheses are typi-
cally not verified by quantitative measurements and statis-
tical studies and remain speculative. For instance, non-
classical receptive field (non-CRF) inhibition (Fig. 1) has
been hypothesized to have as probable biological utility the
detection of texture boundaries [2] and object contours [3].
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Figure 1: Responses of a V1 visual neuron to various stim-
uli (from left to right): a single bar of optimal orientation
inside the CRF (delineated by a dotted rectangle), an op-
timal bar stimulus in the CRF surrounded by other bars of
the same orientation outside the CRF, an optimal bar in the
CRF surrounded by bars of orthogonal orientation, no stim-
ulus in the CRF (re-drawn from [2]). Surround stimuli of the
same orientation as the CRF stimulus have a stronger sup-
pression effect than stimuli of other orientations; 24% of the
cells exhibit this type of anisotropic inhibition.

Framework definition

The proposed computational framework for verification of
biological utility hypotheses includes the following steps:
1. define a hypothesis for the biological utility of a given neu-

ral mechanism,

2. create a computational model of the concerned subsys-
tem, in which the mechanism under investigation can be
either included or excluded,

3. define a measure that quantifies the performance of the
subsystem in a task related to the hypothesized biological
utility,

4. collect statistics on a reasonable number of stim-
uli (natural images) about the performance improve-
ment/degradation obtained by taking vs. not taking into
account the concerned mechanism in the computational
model,

5. confirm or reject the hypothesis using the distribution of
the performance improvement/degradation values.

A similar approach was previously deployed for the compar-
ison of biologically motivated contour detection algorithms
in a computer science context [1].

Step1: Define hypothesis

The biological utility of non-CRF inhibition includes the im-
proved detection of object contours.

Step2: Create computational model

Simple cell

A simple cell CRF is modelled by a Gabor function (Fig. 2a):

gλ,σ,θ,ϕ(x, y) = e−
x̃2+γ2ỹ2

2σ2 cos(2π
x̃

λ
+ ϕ)

x̃ = x cos θ + y sin θ, ỹ = −x sin θ + y cos θ,

where γ is the spatial aspect ratio, σ determines the size of
the receptive field, λ is the preferred wavelength, θ is the
preferred orientation, and ϕ determines the symmetry.
The response of a simple cell CRF to a stimulus f (x, y) is
computed by convolution, i.e. summation of f (x, y) over the
CRF, weighted by gλ,σ,θ,ϕ(x, y):

rλ,σ,θ,ϕ(x, y) = (f ∗ gλ,σ,θ,ϕ)(x, y) .

(a) (b)

Figure 2: Intensity maps of (a) a Gabor function
gλ,σ,θ,ϕ(x, y) modelling a CRF and (b) a weighting function
wσ(x, y) modelling the inhibition surround of that CRF.

Complex cell

The model response of a complex cell is computed from the
responses of a pair of simple cells with a phase difference
of π

2 :

Eλ,σ,θ(x, y) =
√

r2
λ,σ,θ,0(x, y) + r2

λ,σ,θ,−π
2
(x, y) .

Non-CRF inhibition

A weighting function wσ(x, y) is defined [3] on an annular
surround of the CRF (Fig. 2b),

wσ(x, y) =
1

||H(DoGσ)||1
H(DoGσ(x, y)) ,

H(z) =

{
0 z < 0

z z ≥ 0 ,

DoGσ(x, y) =
1

2π(4σ)2
e
−x2+y2

2(4σ)2 − 1

2πσ2
e−

x2+y2

2σ2 ,

and an inhibition term is computed by weighted summation
(over the annular surround) of the responses of complex
cells with a given preferred orientation θ, wavelength λ and
CRF size σ:

tAλ,σ,θ(x, y) = (Eλ,σ,θ ∗ wσ)(x, y) .

The response of a complex cell with anisotropic surround
inhibition is computed as the half-wave rectified difference
of the response of that cell to the stimulus in the CRF
Eλ,σ,θ(x, y) and the inhibition term tAλ,σ,θ(x, y):

b̃
A,α
λ,σ,θi

(x, y) = H(Eλ,σ,θ(x, y) − αtAλ,σ,θ(x, y)) .

The factor α controls the strength of inhibition.

Binarization

The outputs of the operators for different orientations are
superimposed and binarized using non-maxima suppres-
sion and hysteresis thresholding (see [1] for details). Typi-
cal results are shown in Fig.3.

stimulus CRF responses surround inhibited
responses

Figure 3: (left) Natural image stimulus. Responses of
two computational models: (middle) one that does not and
(right) another that does include non-CRF inhibition. The
operators are available on-line at www.cs.rug.nl/ ˜ petkov.

Step3: Define performance measure

Definition of desired output

stimulus subjectively defined
contours

Figure 4: (left) Natural image stimulus and (right) a corre-
sponding subjectively defined desired output of a contour
detection subsystem [1]. A database of such image pairs is
available at www.cs.rug.nl/ ˜ petkov.

Comparison of computed and desired output

subjectively defined CRF responses surround inhibited
contours P

(max)
CRF = 0.44 responses P

(max)
inh = 0.56

Figure 5: (left) A subjectively defined contour map is com-
pared with (middle and right) the computed contour maps.
The degree of coincidence of a computed map with the de-
sired output is quantified by the measure P. The relative
performance improvement achieved by the inclusion of non-

CRF inhibition is I =
P

(max)
CRF −P

(max)
inh

P
(max)
CRF

= 0.56−0.44
0.44 = 0.27.

The performance measure is defined as follows [1]:

P =
card(E)

card(E) + card(EFP) + card(EFN)
,

where card(E), card(EFP) and card(EFN) are the numbers
of points where the computed output correctly indicates,
falsely indicates and fails to indicate, respectively, the pres-
ence of a contour that is defined in the desired output map.
The relative performance improvement/degradation I due
to the inclusion of non-CRF inhibition in the model is de-
fined as follows (Fig.6):

I =
P

(max)
CRF − P

(max)
inh

P
(max)
CRF

,

where P (max) is the maximum performance value for a
given method obtained using an optimal threshold for bi-
narization.

Step 4: Collect statistics

Image database

A sample of 40 natural images (see www.cs.rug.nl/ ˜ petkov).

Results

Figure 6: Box plot of the relative performance improve-
ment due to non-CRF inhibition. Sample size n = 40,
µI = 0.18, σI = 0.34, P (I > 0) = 0.70, P (µI > 0) = 0.9996.

Step 5: Confirm/reject hypothesis

The original hypothesis that the biological utility of non-CRF
inhibition includes the improved detection of object contours
is translated to a hypothesis µI > 0 that is confirmed in a
t-test by rejecting a null-hypothesis µI = 0 with an alterna-
tive µI > 0 (p-value of null-hypothesis 0.0011). The original
hypothesis is thus confirmed.

Conclusions

• The proposed framework can be used to confirm or reject
hypotheses about the biological utility of neural mecha-
nisms using statistical tests.

• The biological utility of non-CRF inhibition includes the
improved detection of contours.
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