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The Probl em: What do these spikes mean?
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Kriiger, J. and Aiple, F. (1988). Multimicroelectrode investigation of monkey striate cortex: spike train correlations in the infragranular layers. J. Neurophysiol., 60:798-828.



Rate Coding
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Figure 1.9: A Defintion of the mean finng rate wa a temporal average. B, Gain function,
schematic. The output rate 1 15 given as a function of the total mput .

Common underlying implicit assumptions:

- The nervous system is very noisy.

- Spikes are fast (faster than the computation time scale, T) and cheap.
- Robustness is achieve by redundancy (single spike trains).

- Neurons are integrators.



Evidence for Rate Codes: Mechanoreception

A Neural code of stimulus magnitude
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sensation produced by pressure on the hand increase linearly
as a function of skin indentation. The relation between a sub-
ject’s estimate of the intensity of the stimulus and its strength
resembles the relation between the discharge frequency of a
sensory neuron and the stimulus strength. These data suggest
that the neural coding of stimulus intensity is faithfully transmit-
ted from the peripheral receptors to the cortical centers that
mediate sensation.

Most sensory neural systems can be shown to follow a rate code
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What is the evidence for atime code?

- SensoryMotor systems generate/use precise timing information

- Echolocation (barn owl)

- Odor discrimination (insect)

- Speech generation/recognition

- Motor coordination (central pattern generators)

- Cognitive systems use (?) precise timing information Dt=tpostspike Lepsp
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Spike timing main coding schemes

Spike interval coding
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How precise is the timing of neural activity?
How much should you trust a spike (in vitro)?
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Fig. 1. Reliability of firing patterns of cortical neurons evoked by constant and fluctuating current. (A) In
this example, a superthreshold dc current pulse (150 pA, 900 ms; middle) evoked trains of action
potentials (approximately 14 Hz) in a regular-firing layer-5 neuron. Responses are shown superimposed
(first 10 trials, top) and as a raster plot of spike times over spike times (25 consecutive trials, bottom). (B)
The same cell as in (A) was again stimulated repeatedly, but this time with a fluctuating stimulus [Gaussian
white noise, p. = 150 pA, 0. = 100 pA, 7. = 3 ms; see (14)].

Mainen ZF, Sejnowski TJ (1995) Reliability of spike timing in neocortical neurons. Science 268:1503-1506.



How much should you trust a spike (in vivo, in insects)?

Stimulus Stimulus

5 »

0.02
0.00-
-0.02-

-100

Spike trains

Stimulus velocity (°/s)
Stimulus velocity (°/s)

Spike trains

2 = i = - — —
T T LS Il e ¥ TR PR ) e T N

Trial @ E

- [ .
i RETL T L) DR DL PR P

Trial
HETHIEH

i

THLLN

p)

2 sec

Time

Reproducibility and Variability in

Neural Spike Trains

Rob R. de Ruyter van Steveninck, Geoffrey D.
Lewen, Steven P. Strong,* Roland Koberle,
William Bialek

SCIENCE VOL. 275 21 MARCH 1997



Can reliability code for a stimulus feature (in vivo, in monkeys)?

Temporal Coding in Visual
Motion Area MT in Monkey
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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.)



Neurons are Reliable Signaling Devices: Frequency preferences
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Neurons are Reliable Signaling Devices: Frequency preferences
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Frequency content of somatic inputs influences reliability
(this is also true in CAl)

(Frequency preference depends on

(Fellous et al. 2000)



In Vitro: Reliabilities
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In Vitro: Reliabilities
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Clustering
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Clustering

- Real Data: No knowledge of the cluster struciueeu nsuper vi sed

- Find cluster centers, and cluster radii to minimize the number of outliers
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Clustering Method
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Applying the method In Vitro
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Going for more complex inputs...
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Going for more complex inputs...
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Reliability In Vivo: Cat LGN
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In Vivo: Anesthetized Cat, LGN
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In Vivo: Anesthetized Cat, LGN

2 spike patterns
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In Vivo: Behaving Monkey, MT

(Buracas, Zador, DeWeese, Albright, 1998)
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In Vivo: Behaving Monkey, MT
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In Vivo: Behaving Monkey, MT
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Spike patterns?
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Spike patterns

e What is a spike pattern?

- A short sequence of precisely timed spikes.

- Reliable (repeatable).

- A discrete way of responding to a stimulus (attractor).
-Anon-uni qgue ,temporal code® for

eWhy are spi ke patttuartnsv e, c?0 un

- Neurons receives hundreds of background (noise) synaptic

Inputs.
- Synaptic transmission is unreliable (p, ~= 0.3).
-The soma never ,sees” the same

presynaptic input trains are precisely reproduced.

Need to quantify Precision and Reliability




Ot her evidence for spike time coc



In Vivo: Behaving rat, hippocampus

Cells with selectivity to stimuli replay during period of quiet/sleep: Replay order is
precise (~20ms). Relative timing coding
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a single hippocampal place cell while the animal faced rightwards are shown in
red. ¢, Simultaneous recording of 128 cells, of which 26 cells had place fields on

the track. Nineteen cells with fields in the rightward direction were ordered by peak
to generate a probe sequence.

Reverse replay of behavioural sequences in hippocampal

place cells during the awake state.

Foster DJ, Wilson MA.Nature. 2006 Mar 30;440(7084):680-3.

b, Spikes are shown for each of the cells from Fig. 1c, in the same
sequential order. During the stopping period, coincident spiking
events are visible as narrow, vertical lines. ¢, A section from b with
the x axis expanded to reveal reverse replay. In blue, the
simultaneously recorded hippocampal EEG shows a co-occurring
ripple event.
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In Vivo: Behaving rat, ventral tegmental area

Cells with selectivity to stimuli replay during period of quiet/sleep: Replay order is
precise (~50ms). Relative timing coding
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In Vivo: behaving rat - Phase precession in hippocampus
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From multiple trials to multiple cells: Simulation of Cell Assemblies

Can the same method be used to detect neural asseimbyias?

|20 mV

200 ms




Detecting cell assemblies
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Performance of the algorithm

- Patterns of correlated firing can be formed by synaptic interconnections, or by
common external inputs

Connection Strength

Common Input Strength
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(Gunay et. al. 2008)



Conclusions and open questions

- In some conditions, spikes are precise and reliable.

- Spike precision and reliability may be needed and used in the brain.
how does a network control precision and reliability?

- Neurons in vivo can produce discrete patterns of spikes.
how can the same network produce 2-5 reliable and precise patterns
of spikes? How can it do so with pattern overlaps?
how do these pattern relate to the stimulus?

- How does a network decode multiple spike patterns? Are the generation
and decoding of ,spi ke patterns® ty

- On a technical note: what is the best distance between spike trains? Can
spike patterns be detected online?



Quantifying spike timing and reliability

-Analyzing spi ke timing: Rel i abi l
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- Step 1: histogram

bin size ?
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Quantifying spike timing and reliability
- Analyzing spike timing: Reliability and Precision

- Step 2: smoothing the histogram
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Smoothing window: ~bin size



Quantifying spike timing and reliability
- Analyzing spike timing: Reliability and Precision

-Step 3: Finding o0eventso

4 peaks found

J\ Threshold ? i
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- Step 4. Computing (average) Reliability and Precision

4 events, Reliability: 0.56, Precision: 13.12 (ms), Event-rel: 0.81
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Quantifying spike timing and reliability

- Analyzing spike timing: Reliability and Precision

0 Precision (average) jitter
P =
O Reliability
AN, N
R= e ith N, = number of spikes within event e
B N N= total number of spikes

a % With N, = number of trials/units
e



