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Krüger, J. and Aiple, F. (1988). Multimicroelectrode investigation of monkey striate cortex: spike train correlations in the infragranular layers. J. Neurophysiol., 60:798-828. 

The Problem:  What do these spikes mean? What is ónoiseô and what is ósignalô?
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Rate Coding

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

Most sensory neural systems can be shown to follow a rate code

(exceptions?: smell in insects…)



What is the evidence for a time code?

- Sensory-Motor 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

- Spike Timing Dependent Plasticity (cortex)

- Phase Precession (hippocampus)

- Reactivation (hippocampus, cortex é)

(Bi and Poo, 2001)

Dt=tpostspike- tepsp

How ótrustworthyô is an action potential ?



Spike timing main coding schemes
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How precise is the timing of neural activity? 

How much should you trust a spike (in vitro)?

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



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

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

2 sec 2 sec

Time Time



Temporal Coding in Visual 

Motion Area MT in Monkey

Can reliability code for a stimulus feature (in vivo, in monkeys)?
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Neurons are Reliable Signaling Devices: Frequency preferences
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Infra-limbic cortex (prefrontal)
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Frequency content of somatic inputs influences reliability

(this is also true in CA1) 

(Frequency preference depends on the óneuromodulatory stateô)

Neurons are Reliable Signaling Devices: Frequency preferences



In Vitro: Reliabilities
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In Vitro: Reliabilities



In Vitro: Reliabilities

1 2 3 4 5 6 7
0

100

Time (s)

tr
ia

ls

1 2 3 4 5 6 7
0

100

Time (s)

tr
ia

ls

5 Hz

2.5 Hz

2.5 Hz



Surrogate dataset: Finding ógroupsô of similar spike trains
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Recoding: óEverything is Relativeô
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Clustering
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- Real Data: No knowledge of the cluster structure ïóunsupervised learningô
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- Find cluster centers, and cluster radii to minimize the number of outliers

- Find cluster centers {C}, and cluster radii {R} to maximize an óobjective functionô
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Clustering Method

Reshaping Fuzzy

Clustering
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(Fellous, Tiesinga, Thomas, Sejnowski, 2004)



Applying the method In Vitro
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Going for more complex inputs...
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Reliability In Vivo: Cat LGN

(Reinagel & Reid 2002)

Different 

animals!

Visual 

Stimulation

å 4 ms precision

órate codeô



In Vivo: Anesthetized Cat, LGN
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In Vivo: Anesthetized Cat, LGN



In Vivo: Behaving Monkey, MT

(Buracas, Zador, DeWeese, Albright, 1998)

Visual 

Stimulation

å 6 ms precision

órate codeô



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

●What is a spike pattern?

- A short sequence of precisely timed spikes.

- Reliable (repeatable).

- A discrete way of responding to a stimulus (attractor).

- A non-unique „temporal code‟ for a stimulus.

●Why are spike patterns „counter-intuitive‟?

- Neurons receives hundreds of background (noise) synaptic 

inputs.

- Synaptic transmission is unreliable (p0 ~= 0.3).

- The soma never „sees‟ the same current twice, even if the 

presynaptic input trains are precisely reproduced. 

Need to quantify Precision and Reliability



Other evidence for spike time coding and spike patterns….



In Vivo: Behaving rat, hippocampus

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. 

Cells with selectivity to stimuli replay during period of quiet/sleep: Replay order is 

precise (~20ms). Relative timing coding

a. The position of a rat during one recording session is shown in grey as a function 

of time. Stopping periods at each end could exceed one minute. Spikes emitted by 

a single hippocampal place cell while the animal faced rightwards are shown in 

red. c, 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. 

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. c, 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. 



In Vivo: Behaving rat, ventral tegmental area

Reactivation of VTA neurons during a rewarded task. A: Raster plot of 10 reward sensitive neurons simultaneously recorded during the entire duration of 

the non-spatial rewarded task (”FP”). The upper panel shows the pattern of activity of these 10 neurons during the rest period (Rest-1) immediately 

before the task, no clear population-wide pattern of activity can be observed. The middle panel shows the activity of these same 10 neurons during the 

task. Notice the different patterns in response to different events: “e” empty tweezers, “f”: 25 mg regular food pellet, “s”:25 mg sugar pellet, “q”: 25 mg 

quinine pellet. The lower panel corresponds to the activity of these cells during the resting period immediately after the task; notice the similarity of some 

of these patterns with the task period (arrows). (Valdes, McNaughton, Fellous, 2009, submitted)

food
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Cells with selectivity to stimuli replay during period of quiet/sleep: Replay order is 

precise (~50ms). Relative timing coding



In Vivo: behaving rat - Phase precession in hippocampus

(Maurer, Cowen, Burke, Barnes, McNaughton 2006)

1 cycle: 125 ms

Phase precession: 360 deg

~6 cycles per field traversal

å 22 ms precision

(OôKeefe and Recce 1993)

Spike patterns?



From multiple trials to multiple cells: Simulation of Cell Assemblies

Can the same method be used to detect neural assemblies in vivo?



Detecting cell assemblies
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- Patterns of correlated firing can be formed by synaptic interconnections, or by 

common external inputs

(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 „spike patterns‟ types of „neural computations‟

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

spike patterns be detected online?



Quantifying spike timing and reliability

-Analyzing spike timing: Reliability (órepeatabilityô) and precision (ótightnessô)
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- Step 1: histogram

bin size ?
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- Step 2: smoothing the histogram
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- Analyzing spike timing: Reliability and Precision

Smoothing window: ~bin size

Quantifying spike timing and reliability
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- Step 3: Finding óeventsô

- Analyzing spike timing: Reliability and Precision
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- Step 4: Computing (average) Reliability and Precision

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

(average) jitter

Quantifying spike timing and reliability


