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Variabilität neuronaler Antworten
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Modell für variable Antworten
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Reizdetektion
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Neuronale Antworten 
sind variabel

Wiederholte gleiche 
Reizung ruft variable 
Antworten hervor:

Limitierte 
Zuverlässigkeit: 
Schwankung der AP-
Anzahl

Limitierte Präzision: 
Schwankung der AP-
Zeitpunkte
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stimuli (consisting of moving random dots). The activity in the top panel
would typically be regarded as reflecting rate coding, and the activity in
the bottom panel as reflecting temporal coding. However, the identifica-
tion of rate and temporal coding in this way is ambiguous because it is not
obvious what criterion should be used to characterize the changes in r(t)
as slow or rapid.

2000150010005000

time (ms)

140

s
p
ik

e
s
/ s

Figure 1.19: Time-dependent firing rates for different stimulus parameters. The
rasters show multiple trials during which an MT neuron responded to the same
moving random dot stimulus. Firing rates, shown above the raster plots, were
constructed from the multiple trials by counting spikes within discrete time bins
and averaging over trials. The three different results are from the same neuron but
using different stimuli. The stimuli were always patterns of moving random dots
but the coherence of the motion was varied (see chapter 3 for more information
about this stimulus). (Adapted from Bair and Koch, 1996.)

One possibility is to use the spikes to distinguish slow from rapid, so that
a temporal code is identified when peaks in the firing rate occur with
roughly the same frequency as the spikes themselves. In this case, each
peak corresponds to the firing of only one, or at most a few action po-

Draft: December 17, 2000 Theoretical Neuroscience

PSTH und Rasterplot der Antwort eines MT-
Neurons eines Affen auf 3 verschiedene Reize

Dayan & Abbott ‘01 nach Bair & Koch ‘96  



Ratenkodes

a. rate - time average

c. rate - population average

b. rate - identical stimulation average

d. population vector

*1*2*3*4 *1*2*3*4

9 12

e. weighted rate

Greschner 
2005

Ratenkodes werden durch limitierte Zuverlässigkeit beeinflusst, 
durch limitierte Präzision nur bei kleinen Zeitfenstern.  



Kodierung durch 
Spike-Zeitpunkte

Greschner 
2005

1st

2nd

3rd

3rd

4th

2nd

3rd

1st

a. external latency

b. relative latency

c. phase-based

e. temporal pattern

d. temporal pattern - synchrony

Zeitpunkte-Kodes werden sowohl durch limitierte Zuverlässigkeit 
als auch durch limitierte Präzision beeinflusst, können aber 
prinzipiell mehr Information in kürzerer Zeit übermitteln.  



Wo kommt Variabilität her?

Signalrauschen

Transduktionsrauschen

Ionenkanalrauschen

Thermisches Rauschen

Synapsenrauschen

Hintergrundrauschen

Anteile je nach System:
z.B. Photonenrauschen ist unbedeutend im
photonischen Bereich aber groß im Dunkeln

Stochastische Vorgänge bei Transduktion. Anteil?

Stochastisches Öffnen spannungsabhängiger 
Kanäle bewirkt Schwankung der Anzahl. 
Unterschiedliche Schätzungen, (eher gering). 

Stochastische Ionenbewegung. Vernachlässigbar.

Stochastische Transmitterausschüttung etc.
Wichtig für alle Interneuronen, z.B. 25% bei 
Bipolarzellen, kortikal oft nur 10% Wahrsch.

Variabilität durch nicht an den Reiz gekoppelte 
Inputs. Wichtigste Quelle im Cortex!



Abschätzung von Rauschquellen

Kortikale Neurone antworten viel variabler in vivo als 
im Slice (APs und unterschwellig)

Effekt auch bei konstanter Strominjektion

Interpretation: Durch Netzwerkaktivität ausgelöstes 
Hintergrundrauschen ist entscheidend!

1.5 The Neural Code 33

ular and reproducible spike train (left panel). The same current injection

in vitro in vivo in vivo

20 mV

100 ms

current injection current injection visual stimulation

Figure 1.17: Intracellular recordings from cat V1 neurons. The left panel is the
response of a neuron in an in vitro slice preparation to constant current injection.
The center and right panels show recordings from neurons in vivo responding to
either injected current (center), or a moving visual image (right). (Adapted from
Holt et al., 1996.)

paradigm applied in vivo produces a highly irregular pattern of firing (cen-
ter panel) similar to the response to a moving bar stimulus (right panel).
Although some of the basic statistical properties of firing variability may
be captured by the Poisson model of spike generation, the spike generating
mechanism itself in real neurons is clearly not responsible for the variabil-
ity. We explore ideas about possible sources of spike-train variability in
chapter 5.

Some neurons fire action potentials in clusters or bursts of spikes that can-
not be described by a Poisson process with a fixed rate. Bursting can be
included in a Poisson model by allowing the firing rate to fluctuate to de-
scribe the high rate of firing during a burst. Sometimes the distribution of
bursts themselves can be described by a Poisson process (such a doubly
stochastic process is called a Cox process).

1.5 The Neural Code

The nature of the neural code is a topic of intense debate within the neuro-
science community. Much of the discussion has focused on whether neu-
rons use rate coding or temporal coding, often without a clear definition
ofwhat these terms mean. We feel that the central issue in neural coding is
whether individual action potentials and individual neurons encode inde-
pendently of each other, or whether correlations between different spikes
and different neurons carry significant amounts of information. We there-
fore contrast independent-spike and independent-neuron codes with cor-
relation codes before addressing the issue of temporal coding.

Draft: December 17, 2000 Theoretical Neuroscience

Intrazellulärableitungen 
von V1 der Katze

Holt et al., 1996



Abschätzung von Rauschquellen

Hohe Variabilität der Antworten auf konstante Stimuli, 
aber hohe Präzision bei fluktuierenden Stimuli

Interpretation: Ionenkanalrauschen bei AP-Erzeugung 
muss geringen Einfluss haben!

Intrazellulärableitungen von 
Antworten auf konstante und 
fluktuierenden Strominjektion 
in Cortex-Slices der Ratte

Mainen & Sejnowski, 1995



Messung der Zuverlässigkeit: 
Streuung der Rate

Standardabweichung der Rate

Fano Factor

bezieht sich auf Spike Rate

ff = Varianz / Mittelwert

Coefficient of Variation

bezieht sich auf Interspike Intervalle

CV = Standardabweichung / Mittelwert



Beispiel Kortex

CV = 1 und Fano Factor = 1 

Modellvorstellung: Antworten 
wie bei Poisson Prozess

Zufällige Spikezeitpunkte

Unabhängigkeit von 
Vorgeschichte

Spikewahrscheinlichkeit 
proportional zu Reizstärke 

30 Neural Encoding I: Firing Rates and Spike Statistics

that instant of time and not on its recent history. Models that allow for
a dependence of firing rate on stimulus history are discussed in chapter
2. In figure 1.13, the orientation angle increases in a sequence of steps.
The firing rate follows these changes, and the Poisson process generates
an irregular firing pattern that reflects the underlying rate but varies from
trial to trial.

Certain features of neuronal firing violate the independence assumption
that forms the basis of the Poisson model, at least if a constant firing rate
is used. We have already noted that there are periods of time, the abso-
lute and relative refractory periods, following the generation of an action
potential when the probability of a spike occurring is greatly or somewhat
reduced. Refractory effects can be incorporated into a Poisson model of
spike generation by setting the firing rate to zero immediately after a spike
is fired, and then letting it return to its predicted value according to some
dynamic rule such as an exponential recovery.

Comparison with Data

The Poisson process is simple and useful, but does it match data on neural
response variability? To address this question we examine Fano factors,
interspike interval distributions, and coefficients of variation.
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Figure 1.14: Variability of MT neurons in alert macaque monkeys responding
to moving visual images. A) Variance of the spike counts for a 256 ms counting
period plotted against the mean spike count. The straight line is the prediction of
the Poisson model. Data are from 94 cells recorded under a variety of stimulus
conditions. B) The multiplier A in the relationship between spike-count variance
and mean as a function of the duration of the counting interval. C) The exponent
B in this relation as a function of the duration of the counting interval. (Adapted
from O’Keefe et al., 1997.)

The Fano factor describes the relationship between the mean spike count
over a given interval and the spike-count variance. Mean spike counts 〈n〉
and variances σ2

n from a wide variety of neuronal recordings have been

Peter Dayan and L.F. Abbott Draft: December 17, 2000

Varianz der Antworten von 
Neuronen in Area MT bei 
wachen Affen, Reizung mit 

verschiedenen Stimuli.
Dayan & Abbott, ‘01 nach O’Keefe et al. ‘97



 Interspike Intervalle (ISI) 
bei Poisson Prozessen

ISI-Verteilung von Poisson 
Prozessen: Prozentsatz 
nimmt exponentiell ab.

Für bessere Anpassung an 
Daten: Refraktärzeit 0 500 1000 1500 2000 25000
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Figure 1.15: (A) Interspike interval distribution from an MT neuron responding
to a moving random dot image. The probability of interspike intervals falling into
the different bins, expressed as a percentage, is plotted against interspike interval.
B) Interspike interval histogram generated from a Poisson model with a stochastic
refractory period. (Adapted from Bair et al., 1994.)

val, equivalent to 1/〈r〉. Except for short mean interspike intervals, the
values are near one, although they tend to cluster slightly lower than one,
the Poisson value. The small CV values for short interspike intervals are
due to the refractory period. The solid curve is the prediction of a Poisson
model with refractoriness.
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Figure 1.16: Coefficients of variation for a large number of V1 and MT neurons
plotted as a function of mean interspike interval. The solid curve is the result of a
Poisson model with a refractory period. (Adapted from Softky and Koch, 1992.)

The Poisson model with refractoriness provides a reasonably good de-
scription of a significant amount of data, especially considering its sim-
plicity. However, there are cases when the accuracy in the timing and
numbers of spikes fired by a neuron is considerably higher than would
be implied by Poisson statistics. Furthermore, even when it successfully
describes data, the Poisson model does not provide a mechanistic explana-
tion of neuronal response variability. Spike generation, by itself, is highly
reliable in real neurons. Figure 1.17 compares the response of V1 cells to
constant current injection in vivo and in vitro. The in vitro response is a reg-

Peter Dayan and L.F. Abbott Draft: December 17, 2000

MT neuron Poisson mit 
Refraktärzeit

Dayan & Abbott ‘01,
nach Bair et al ‘94



Poisson Annahme höchstens 
im Cortex gerechtfertigt

Variabilität hängt vom 
untersuchten Gebiet ab 
(je “höher”, desto 
variabler)

Poisson Annahme wird 
auch für den Cortex 
nicht von allen Studien 
bestätigt

Neuron
638

(Figure 4A). If the variance were proportional to the mean
count, as for a rate-modulated Poisson process, the FF
would be constant throughout the cycle. Instead, we
found that the FF varied throughout the trial (Figure 4B).

For the retinal and cortical cells shown, the variability
was lowest when the firing rate was highest, and vice
versa. Specifically, in the RGC, the mean spike count
changed gradually from 0 spikes to 3.4 spikes/50 ms
window (68 spikes/s), and the variability (FF) reached a
minimum of 0.08 during times of maximum firing. Simi-
larly, the cortical response reached a minimum FF of
0.23 in the time bin with the highest firing rate (mean
count, 2.4, or 48 spikes/s). LGN responses sometimes
deviated from such a smooth relationship between firing
rate and variability.

For the two LGN cells shown, the onset of firing in each
cycle coincided with very high, supra-Poisson variability
(peak FF ! 1.73 and 2.07; Figures 4A and 4B). This peak
in variability at response onset was found only for LGN
cells that fired bursts. Thalamic relay neurons fire bursts
of spikes due to low-threshold calcium spikes (Jahnsen
and Llinás, 1984; Steriade and Llinás, 1988; McCormick
and Feeser, 1990). These bursts are unitary firing events
that can be stimulus evoked (Sherman, 1996; Reinagel
et al., 1999). If we retained only the first spike of each
burst in our analysis (see Experimental Procedures), the
variability was sub-Poisson at all times in the trial. FF
then varied inversely with firing rate, as found for retinal,
cortical, and nonbursting LGN cells (data not shown).

Figure 3. Variability of Spike Count in One Stimulus Cycle We considered three specific ways that bursts could
(A) Variability (Fano factor [FF]) of responses from simultaneous have caused high variability: (1) the stimulus evoked a
recordings in retina, thalamus, and cortex. Symbols connected by burst in some trials, but single spikes in other trials, (2)
lines represent cells that were recorded simultaneously. Spikes were the number of spikes within the burst was variable fromcounted in a 250 ms window, comprising one cycle of the sinusoidal

trial to trial, and (3) the bursts occurred at different timesstimulus. With the exception of two thalamic (LGN) cells (open sym-
in each trial. The two LGN responses shown in Figurebols), variability at all three recording sites was much lower than
4 had a single burst at the onset of nearly every stimulusthat of a Poisson process (FF " 1).
cycle (92% and 89% of cycles). The numbers of spikes(B) FF of responses from simultaneous recordings in retina and

cortex, analyzed as in (A). Retinal cells were less variable than were in the identified bursts were also reliable (spikes per
simultaneously recorded V1 neurons. burst: 2.53 # 0.6 for LGN1 and 2.56 # 0.7 for LGN2,
(C) FF significantly increased (approximately doubled) from retina mean # SD). To test whether variable timing caused the
to thalamus (p " 0.005) and from thalamus to visual cortex (p " high variability, we aligned the responses by the first
0.0005). Vertical error lines represent standard deviations, and spike in each cycle. The first 50 ms of the aligned LGN
smaller horizontal error lines represent standard errors of the mean. response included the entire burst on each trial and had(D) The overall mean firing rate in spikes/s (Hz) significantly de-

sub-Poisson spike count variability for the two LGN cellscreased by !2-fold from retina to thalamus (p " 0.005) and from
shown (FF ! 0.14 and 0.16). Thus, response variabilitythalamus to cortex (p " 0.001). Error bars as in (C).
at the onset of the LGN response was primarily due to
the variable onset time of the burst. Despite this compli-
cation at the onset of firing, later in the trial these LGN

variability further by exploring whether variability changes responses followed the same trend as retinal and corti-
within the course of a stimulus cycle in the responses cal responses did. Variability decreased as firing rate
of individual cells. increased to its maximum (90 and 116 spikes/s) for a

minimum FF of 0.15 and 0.16 in the two LGN cells.
Thus, in general variability was inversely related to

Variability Is Anticorrelated with Firing Rate firing rate in individual neurons’ responses. In the previ-
Previous studies have observed that retinal cells fire ous section, we showed that the mean firing rate per
more regularly as their firing rate increases (Rodieck, stimulus cycle decreased from retina to LGN to cortex,
1967; Barlow and Levick, 1969; Frishman and Levine, while average variability increased from one stage to
1983). In our experiments, we used a drifting sinusoidal the next (Figure 3). To test if these differences in firing
grating stimulus, and the firing rate of each cell was rate were sufficient to account for the differences in
modulated through the course of the stimulus cycle (Fig- variability, we compared the variability of responses as
ure 2C). We therefore tested the dependence of reliabil- a function of firing rate (spike count). For each popula-
ity on firing rate by examining how the FF changed over tion of cells, we compared the variance in spike count
time within a trial as firing rate varied between zero and to the mean spike count in overlapping 50 ms windows
maximum firing. throughout the stimulus cycle (Figure 4C). In all three

We calculated the FF in a 50 ms sliding window (see populations of cells, many 50 ms windows had variance
Experimental Procedures). The mean spike count in this well below the mean count, and therefore FF " 1. RGC

responses approached the minimum possible variancewindow represents a smoothed version of the PSTH

Simultane Ableitungen aus 
Retina, Thalamus und 
Cortex bei Stimulation mit 
visuellen Mustern

Kara et al 2000



Messung der Präzision:
Spike Jitter

Standardabweichung von Spikezeitpunkten

bezieht sich auf einen Zeitpunkt der 
Reizung (oft Reizbeginn)

kann nur angewandt werden, wenn 
regelmässig überhaupt eine Antwort 
auftritt

vernachlässigt weitere APs

Korrelationsmaße

PSTHs mit feinen Zeitfenstern



Reizdetektion

Erste Aufgabe eines Nervensystems: 
Entscheiden, ob ein Reiz da ist oder nicht.

Einfach, wenn es keine Spontanaktivität und 
zuverlässige Antworten gibt.

Normalfall: Trennung                            
von Wahrscheinlich-            
keitsverteilungen

Finde die optimale                         
Schwelle zwischen                             
den Bedingungen                                       0 10 20 30 400
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Reizdetektion
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Entspricht      
two-alternative-
forced-choice 
Experimenten

in Psychophysik
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Antworten ohne Reiz Antworten mit Reiz
Richtige Seite
der Schwelle
Falsche Seite
der Schwelle
Gesamtwahr-
scheinlichkeit
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Reizdetektion
Maximum Likelihood Schwelle

Methode, um die optimale Schwelle zwischen 
zwei Normalverteilungen zu finden:

Für jeden Wert wird angenommen, dass die 
Bedingung mit der größten Antwortwahrschein-
lichkeit (maximum likelihood) vorgelegen hat.

Bei zwei Normalver-                                
teilungen ergibt das                             
eine Schwelle genau                              
am Schnittpunkt der                   
Verteilungen.
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Reizdetektion
Maximum Likelihood Schwelle

Die optimale Schwelle wird auch bei Normal-
verteilungen mit unterschiedlichem Mittelwert 
und / oder unterschiedlicher Varianz gefunden.

Voraussetzung: Beide Bedingungen kommen gleich 
Häufig vor.
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Methode: ROC-Diagram 
(Receiver Operating Characteristic) 

Maß für die Separationsgüte 
zweier Verteilungen

Finden der optimalen Schwelle 
bei nicht normalverteilten 
Daten

Verfahren:
variiere die Schwelle
Bestimme für jeden 
Schwellwert das Verhältnis 
zwischen richtigen Positiven 
und falschen Positiven

Quelle:
Wikipedia

=> Fläche unter der ROC-Kurve

=> Max. Abstand zu Diagonale



Beispiel: ROC-Diagram 
(Receiver Operating Characteristic) 

     

P1: ARK/ary P2: ARK/plb QC: ARK

January 2, 1998 10:26 Annual Reviews AR050-09
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Figure 3 (A) Two probability distributions [pulse number distributions (PNDs)] of neural spike

counts in cat retinal ganglion cells from Barlow et al (1971): The left-hand distribution represents

the condition where no stimulus is presented (0 quanta), the right-hand distribution represents the

condition where a weak flash of light was presented (5 quanta on average). Owing to the overlap of

the two distributions, it is inevitable that if the cat were to rely on the output of this cell to detect the

flash, it would sometimes make the wrong decision. (B) The same probability distributions as in

A, but transformed to a receiver-operating characteristic (ROC) curve. The probability of incorrect

detections when no stimulus is presented is shown on the abscissa as P(c |R)—the probability
of achieving a given count of spikes (c) from the random background firing of the neuron (R).

The probability of correct detections is shown on the ordinate as P(c | S+R)—the probability of
achieving a given count of spikes (c) from the firing of the neuron due to the stimulus plus the

randombackground influence (S+R). Each point on the curve corresponds to a value of the criterion
number of spike counts (c). The area under the ROC curve yields a measure of the detectability of

the stimulus (see Green & Swets 1966). The Roman numerals and crosses on the curve show the

performance of a theoretical ideal observer that can exploit a fixed fraction (18%) of the quanta

arriving at the cornea (see Barlow et al 1971, for details). (Reproduced with permission of Elsevier

Science Ltd.)

farther apart on the abscissa, and their overlap will decrease (not illustrated).

The cat could adopt a criterion level that separates the two distributionsmore ef-

fectively, so the probability of making correct decisions would increase. These

relationships define the basic sigmoid shape of the psychometric and neuromet-

ric detection functions, where the probability of detection rises smoothly with

stimulus intensity, because the separation of the “stimulus” and “no stimulus”

distributions steadily increases with flash intensity.
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Wahrscheinlichkeitsverteilung der Spikeanzahl und ROC-
Kurve für die Antworten einer retinalen Ganglienzelle 
(Katze), auf einen schwachen Lichtreiz (S+R), bzw bei 
Spontanaktivität (R).                                           Barlow et al 1971



Reiz-Schätzung bzw
 -Rekonstruktion

Zweite wichtige Aufgabe eines Nervensystems: 
aus den gegebenen neuronalen Antworten auf die 
Eigenschaften des Reizes zu schliessen 

Grundidee ist gleich wie bei Signaldetektion, 
allerdings mit mehr Klassen

Wichtig: Apriori Wahr-
scheinlichkeiten können 
unterschiedlich sein.
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Reiz-Schätzung bzw
 -Rekonstruktion

Zweite wichtige Aufgabe eines Nervensystems: 
aus den gegebenen neuronalen Antworten auf die 
Eigenschaften des Reizes zu schliessen 

Grundidee ist gleich wie bei Signaldetektion, 
allerdings mit mehr Klassen

Apriori Wahrscheinlich-                          
keiten können verschieden                        
sein.
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Methode: 
Bayes’sche Rekonstruktion

Idee: Bestimme Wahrscheinlichkeit, dass eine 
Antwort von einem bestimmten Stimulus ausgelöst 
wurde
Definiere Stimulus- und Antwortklassen
Bayes’ Formel:

Bestimme:
P(stim)        => Versuchsdesign
P(resp)        => Experimentell bestimmen
P(resp|stim)  => Experimentell bestimmen

Wähle die Stimulusklasse mit dem höchsten          
P(stim|resp) als Schätzung (maximum likelihood)

P(stim|resp) =
P(stim)  P(resp|stim)

P(resp)



Beispiel: 
Bayes’sche Rekonstruktion

Geschwindigkeit eines visuellen Musters kann aus den 
Spikeraten einer Population Retinaler Ganglienzellen 
geschätzt werden

Bewegungsrichtung wird meistens richtig mitgeschätzt

Tatsächliche 
Mustergeschwindigkeit

Aus der neuronalen Aktivität
geschätzte Geschwindigkeit

Thiel et al.
(submitted)



Zusammenfassung

Variabilität neuronaler Antworten

Quellen der Variabilität

Modell für variable Antworten

Maße für Variabilität

Reizdetektion

Reizschätzung

Synapsenrauschen und Hintergrundrauschen überwiegen

Zuverlässigkeit: Spike Anzahl, Präzision: Spike Zeitpunkte

Poisson Prozess reproduziert kortikale Antworten

Zuverlässigkeit: CV und Fano Faktor, Präzision: Spike jitter

Optimale Schwelle zwischen Antworten mit und ohne Reiz

Finden des mit höchster Wahrscheinlichkeit beantworteten Reizes


