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Where to get it

Where to find:
http://neuralensemble.org/trac/NeuroTools

Download:
svn co https://neuralensemble.kip.uni-heidelberg.de/svn/NeuroTools/trunk 
NeuroTools

Install:
python setup.py install
or
python setup.py install --prefix=/mypath



Overview

①  Organization of model parameters and scanning parameter spaces

• ParameterSet

• ParameterRange

②  Data analysis/plotting:

• spikes



Organization of model parameters and 
scanning parameter spaces

ParameterSet, ParameterRange and some other useful functions



ParameterSet
defining the parameters of the LGN model

from NeuroTools.parameters import ParameterSet
# defining a parameter set of for your model

# option 1
p = ParameterSet({‘size‘:10.})
p.Ac = 1.
p.As = 1./3.
p[‘K1‘] = 1.05
p.update({‘Ac‘:902,‘kl‘:‘89‘})

p.b = ParameterSet({‘c‘:34})

# option 2
p_dict = arbitrarily nested dict
p = ParameterSet(p_dict)

and the change in bandwidth is the difference, !bw " bw(tfinal) #
bw(tinitial).

Model structure. To investigate the contribution of feedforward mech-
anisms to SF tuning dynamics in cortical cells, we model LGN– cortical
connections with “push–pull” circuitry (Hubel and Wiesel, 1962; Jones
and Palmer, 1987; Ferster, 1988; Reid and Alonso, 1995; Hirsch et al.,
1998; Troyer et al., 1998). Other push-only models such as the structural
model described in Frazor et al. (2004) could have been used, but this
construction does not account for the sharpening in the low-frequency
limb of the SF tuning curve, nor is it consistent with pharmacological
experiments showing this sharpening involves inhibitory circuitry (Bau-
man and Bonds, 1991; Vidyasagar and Mueller, 1994; Pernberg et al.,
1998). Our model accounts for general aspects of cortical SF tuning,
although its scope is limited. We consider only responses of layer IV
simple cells, receiving excitatory input from nonlagged LGN cells with
central RFs and biphasic temporal structure. Simple cells are modeled as
having two dominant RF subregions that do not vary systematically in
position over time (i.e., nondirection selective). In addition, our model
does not include known structural and biophysical mechanisms, such as
expansive output nonlinearities, spike thresholds, or intracortical
correlation-based excitation. We exclude these factors to reduce the
number of free parameters and to keep the model as simple and inter-
pretable as possible. Previous work (Troyer et al., 1998) has demon-
strated that full incorporation of these mechanisms in a computational
model produces similar behavior to a more conceptual version. This
suggests that a more complex construction might alter the exact numer-
ical results in our simulations, but would not change the general
outcome.

For each simulation, we construct one excitatory and one inhibitory
cortical cell whose RFs are 180° out of phase. LGN inputs are combined to
form cortical cells using rules of connectivity between thalamic and cor-
tical simple cells (Alonso et al., 2001). For simplicity, cortical RFs are
modeled as having two primary subregions, although weaker flanking
subregions are also present because of LGN RF structure (see Fig. 9,
cortical RFs). Primary subregions are separated by 1°, the average dis-
tance between subregions from our own database of cortical RFs (data
not shown). Each subregion receives input from 15 LGN cells whose
positions are drawn from a normal distribution with mean equal to the
center of the subregion and an SD of 0.15° (Alonso et al., 2001). The sizes
of LGN RF centers are distributed around the widths of the subregions
(Alonso et al., 2001), described in greater detail below. In preliminary
simulations, we covaried input efficacy with the overlap of geniculate and
cortical RFs and also used a “same sign” rule with a probability of 70% in
accordance with Reid and Alonso (1995) (Alonso et al., 2001). However,
the small number of LGN inputs led to highly variable cortical RFs with
occasional atypical organization. Therefore, in the final version of the
model, all LGN cells contributing to a single subregion share the same
sign and have equal efficacy. Intracortical connections between cells with
similar RF structure, which are not included in this model, could func-
tion to increase stability and robustness of cortical cells, as has been
proposed previously (Troyer et al., 1998).

LGN RF parameters. Spatiotemporal LGN RFs are modeled as in Cai et
al. (1997). Spatial profiles are described with a DOG, and temporal pro-
files are described as a difference of gamma functions, with distinct center
and surround components. The full expression is RF(x,t) " Fc(x)Gc(t) #
Fs(x)Gs(t), where

Fc$x% ! Ace#x2/ 2"c
2

,

and Fs(x) is defined analogously. The temporal filter for the center is as
follows:

Gc$t% ! K1

$c1$t # t1%%n1e#c1$t#t1%

n1
n1e#n1

# K2

$c2$t # t2%%n2e#c2$t#t2%

n2
n2e#n2

,

and Gs$t% ! Gc$t # td%.

Most parameters are fixed to the geometric means of their distributions
as reported in Cai et al. (1997): As/Ac " 0.3; K1 " 1.05; c1 " 0.14; n1 " 7;
K2 " 0.7; c2 " 0.12; n2 " 8. During simulations which do not include

space–time correlations (see Fig. 9 A, C), t1 and t2 are held constant at #6
ms. This set of parameters produces a biphasic temporal profile with a
fast, initial phase which peaks at 38 ms and a slower, weaker second phase
which peaks at 85 ms and decays fully by 150 ms. Because it is unlikely
that all geniculate inputs which converge onto a single simple cell have
identical temporal profiles (Alonso et al., 2001), we performed additional
simulations in which response latency was permitted to vary. As ex-
pected, this addition increases the variability in cortical output, but oth-
erwise yields results identical to those produced with a fixed t1 and t2.

The distribution of LGN RF sizes contributing to a single cortical cell is
based on previous reports (Alonso et al., 2001). These data show that
LGN RF centers are typically equal to or slightly greater than the subre-
gion width of the cortical cell, although geniculate cells with RF centers
larger than two times the subregion width also contribute input, al-
though with reduced frequency. To approximate this distribution for a
subregion separation of 1°, the RF center diameter is drawn from
N(0.8,0.36) $ 0.7° (i.e., a modified Gaussian distribution with mean 0.8°
and SD 0.6°, rectified &0.7°). The median of this distribution is 1.15°,
and '15% of inputs have a RF center that is more than two times the
cortical subregion width.

From the LGN RF center, we derive the size of the RF surround and the
temporal response function. The size of the surround is related to the size
of the center by "s " 1.5 ( "c ) 0.4, a linear relationship found in
previous model fits of LGN spatiotemporal RFs (Cai et al., 1997) (r 2 "
0.41; p & 10 #6, linear regression). To incorporate correlations between
thalamic RF size and response latency (Weng et al., 2005), we can delay or
advance the temporal profile by adjusting parameters t1 and t2. Note that
changing t1 and t2 corresponds to a simple shift along the time axis, not a
stretching or contracting of the curve. For each cell, the time shift is
computed by first finding the difference in RF center area (assuming
circularly symmetric RFs):

D ! %!dc

2 "2

# %!dm

2 "2

where dc is the center diameter of each LGN cell, and dm is the median
center diameter from the distribution, 1.15°. We multiply the difference
in area, D, by a space–time slope [in milliseconds per degree squared
(ms/deg 2)] to obtain the temporal shift, which is added to t1 and t2.
Space–time slopes are all negative, such that cells with larger RF centers
have shorter latencies. For reference, a space–time slope of #3.5 ms/deg 2

produces a population of LGN RFs with optimal latencies separated by
'10 ms. This separation is similar to the measured difference in peak
latencies between connected geniculate and simple cells, '5–15 ms
(Alonso et al., 2001).

Model simulations. To measure the SF tuning of our model cortical
cells, we calculate LGN responses to static sinusoidal gratings at different
SFs, ranging from 0.01 to 1.5 cycles (c)/deg, and four different phases.
Thalamic input to cortical cells is calculated as the sum of the rectified
firing rates of each LGN cell, with a geniculate spontaneous firing rate of
10 spikes/s. In addition to excitatory thalamic input, the cortical cell
receives input from the inhibitory cortical cell, which is antiphase inhi-
bition parameterized by a weight, W, and a time delay, &. The total input
to the excitatory cortical cell can be expressed as follows:

I( f,',t) " LGNe( f,',t) # W ( LGNi( f,',t # &),

where

LGN$ f,(,t% ! #
cell"1

30

*RFcell$x,t% ! S$ f,'% ) 10+)

is the combined output from all the LGN cells connecting to a cortical cell
in response to a sinusoidal grating, S, at SF, f, and phase '. LGNe repre-
sents the response from cells connecting directly to the excitatory cell (see
Fig. 8 A), whereas LGNi refers to responses from cells connected to the
inhibitory cell (see Fig. 8 B). For simplicity, we have treated the inhibitory
response as linear: the effective inhibitory current in the excitatory cell is
simply a weighted version of the output from LGN cells (LGNi), with an
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ParameterSet
addressing/iterating the content

# addressing
p[‘Ac‘]
p.Ac

p['b']['c']
p.b['c']
p.b.c
p['b.c']

# iterating
for key in p:
    ....
for value in p.values():
    ....



Scanning parameter spaces

p = ParameterSet({})
p.Ac = 1.
p.As = 1./3.
p.K1 = 1.05
...
p.td = 6.0 # time difference between ON-OFF
p.sigma_c = 0.4 # sigma of center



Creating parameter spaces by
for loops

p # ParameterSet from the LGN model

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF

td = [1,2,3,4]

for n in td:
p.td = n
x,t = space, time
kernel = RF(x,t,p)



Creating parameter spaces by
for loops

p # ParameterSet from the LGN model

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF
p.sigma_c # sigma of center

td = [1,2,3,4]
sigma = [2,5,6,8]
for n in td:
    for m in sigma:

p.update({‘td‘:n,‘sigma_c‘:m})
x,t = space, time
kernel = RF(x,t,p)



Creating parameter spaces by
for loops

p # ParameterSet from the LGN model

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF
p.sigma_c # sigma of center
...
td = [1,2,3,4]
sigma_c = [2,5,6,8]
sigma_s = [29,387,4]
for n in td:
    for m in sigma_c:
       for o in sigma_s:

p.update({‘td‘:n,‘sigma_c‘:m,‘sigma_s‘:o})
x,t = space, time
kernel = RF(x,t,p)



Creating parameter spaces by
for loops

p # ParameterSet from the LGN model

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF
p.sigma_c # sigma of center

td = [1,2,3,4]
sigma_c = [2,5,6,8]
sigma_s = [29,387,4]
Ac = [3,4,5]
for n in td:
    for m in sigma_c:
       for o in sigma_s:
           for q in Ac:

p.update({‘td‘:n,‘sigma_c‘:m,‘sigma_s‘:o,‘Ac‘:q})
          x,t = space, time



Creating parameter spaces by
ParameterRange

p # ParameterSet from the LGN model
from NeuroTools.parameters import ParameterRange

you want to change certain parameters e.g.: 
p.td # time difference between ON-OFF
p.sigma_c # sigma of center

p.td = ParameterRange([1,2,3,4])

p.range_keys() # list of parameters that contain a range

for experiment in p.iter_inner():
x,t = space, time
kernel = RF(x,t,experiment)



Creating parameter spaces by
ParameterRange

p # ParameterSet from the LGN model
from NeuroTools.parameters import ParameterRange

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF
p.sigma_c # sigma of center

p.td = ParameterRange([1,2,3,4])
p.sigma_c = ParameterRange([2,5,6,8])

for experiment in p.iter_inner():
x,t = space, time
kernel = RF(x,t,experiment)



Creating parameter spaces by
ParameterRange

p # ParameterSet from the LGN model
from NeuroTools.parameters import ParameterRange

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF
p.sigma_c # sigma of center

p.td = ParameterRange([1,2,3,4])
p.sigma_c = ParameterRange([2,5,6,8])
p.sigma_s = ParameterRange([29,387,4])

 
for experiment in p.iter_inner():

x,t = space, time
kernel = RF(x,t,experiment)



Creating parameter spaces by
ParameterRange

p # ParameterSet from the LGN model
from NeuroTools.parameters import ParameterRange

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF
p.sigma_c # sigma of center

p.td = ParameterRange([1,2,3,4])
p.sigma_c = ParameterRange([2,5,6,8])
p.sigma_s = ParameterRange([29,387,4])
p.Ac = ParameterRange([3,4,5])
 
for experiment in p.iter_inner():

x,t = space, time
kernel = RF(x,t,experiment)



Creating parameter spaces by
ParameterRange (even nested parameters)

p # ParameterSet from the LGN model
from NeuroTools.parameters import ParameterRange

you want to change certain parameters e.g.:
p.td # time difference between ON-OFF
p.sigma_c # sigma of center

p.td = ParameterRange([1,2,3,4])
p.sigma_c = ParameterRange([2,5,6,8])
p.sigma_s = ParameterRange([29,387,4])
p.Ac = ParameterRange([3,4,5])
p.weight.LGN.Cortex = ParameterRange([1,2])
 
for experiment in p.iter_inner():

x,t = space, time
kernel = RF(x,t,experiment)



demo

from LGN_receptive_field import *

p = default_parameters()
p.td = ParameterRange([0.,6.,20.])
p.sigma_c = ParameterRange([0.1,0.4,0.8])

for experiment in p.iter_inner():
   plot_receptive_field(p=experiment)
    



NeuroTools.sandbox
make_name

make_name 
‘‘‘creates a string of the parameters in an experiment that have a range
it orders the parameters alphabetically 
and attaches the actual value behind the parameter name‘‘‘

from NeuroTools.sandbox import make_name
...

for experiment in p.iter_inner():
        name = make_name(experiment,p.range_keys())
        plot_receptive_field(p=experiment,label=name)



NeuroTools.sandbox
check_name

check_name 
‘‘Takes a name and checks if name+'_running' exists on the filesystem.
If it does not it touches the name+'_running' and returns True.
If it exists it returns False‘‘‘

from NeuroTools.sandbox import check_name
...

for experiment in p.iter_inner():
        name = make_name(experiment,p.range_keys())
        still_to_simulate = check_name(name)

   if still_to_simulate:
plot_receptive_field(p=experiment,label=name)

   else:
load data, analyze data ...



ParameterRange
dimension,labels of the parameter space

p = default_parameters()
p.td = ParameterRange([0.,6.,20.])
p.sigma_c = ParameterRange([0.1,0.4,0.8])

dim, labels = p.parameter_space_dimension_labels()

results = numpy.empty(dim)



ParameterRange
index in the parameter space

p = default_parameters()
p.td = ParameterRange([0.,6.,20.])
p.sigma_c = ParameterRange([0.1,0.4,0.8])

dim, labels = p.parameter_space_dimension_labels()

results = numpy.empty(dim)

for experiment in p.iter_inner():
index = p.parameter_space_index(experiment)
simulate
data = load data
results[index] = data



Complete setup
very simple

p = default_parameters()
p.td = ParameterRange([0.,6.,20.])
p.sigma_c = ParameterRange([0.1,0.4,0.8])

dim, labels = p.parameter_space_dimension_labels()
results = numpy.empty(dim)
for experiment in p.iter_inner():

name = make_name(experiment, p.range_keys())
still_to_simulate = check_name(name)
    if still_to_simulate:

   index = parameters.parameter_space_index(experiment)
    simulate
    data = load data(name)
    results[index] = data
else:
    data = load data(name)
    results[index] = data

variable

fixed



Data analysis/plotting

Using the SpikeTrain and SpikeLists for easy data visualization



NeuroTools.spikes

Tool for analyzing and plotting

• spikes

• membrane traces

• current traces

• conductance traces 



Get the spikes into the SpikeList

import numpy
import NeuroTools.spikes as spikes

neurons = numpy.arange(1,160)

start = 0. # ms
stop = 10000. # ms
dt = 0.1 # ms
filename = 'example_spikes'

spike_data = spikes.loadSpikeList('example_spikes',neurons,dt,start,stop)

from here on it gets even more simple



# raster plot
spike_data.raster_plot()

Raster Plots



# plotting psth
spike_data.spike_histogram(time_bin=5.,display=True)
# just analyze
psth = spike_data.spike_histogram(time_bin=5.,display=False)

PSTH



# mean firing rate
spike_data.mean_rate()

# fano factor
spike_data.fano_factor(2.)

# isi distribution
spike_data.isi(display=True)

...

you miss a function??? feel free to contribute and share your code

Mean rate, fano factor ...



NeuroTools.spikes
membrane, conductance traces

spikes.loadMembraneTraceList

spikes.loadConductanceTraceList

spikes.loadCurrentTraceList

still under development, but feel free to contribute



Summary

• NeuroTools.parameters:

• organize your parameters

• easy scanning of parameter spaces

• some functions to avoid re-simulating data 

• NeuroTools.spikes:

• analyzing/plotting

• of spike trains, membrane/conductances/current traces

• still under development, feel free to contribute and share code


