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Simple cell vs. Complex cell 

• A simple cell responds to visual stimulation in an approximately 

linear fashion. When responding to the temporal modulation of 

standing grating patterns, simple cells modulate their firing at the 

stimulus frequency and are sensitive to its spatial phase.  

 

• Simple cells are necessary for all of these functions because they are 

the visual cortical neurons that are able to respond monotonically to 

signed edge contrast.  



Simple cell vs. Complex cell 

• Complex cells are very nonlinear, modulating their firing at twice the 

stimulus frequency and showing little sensitivity to spatial phase. 

 

• Complex cells, being insensitive to spatial phase, cannot provide a 
cortical representation of signed contrast, but they are sensitive to 

texture, firing at elevated rates in response to stimuli within their 

receptive fields.  







A synfire chain 

• A synfire chain is essentially a feed-forward network of neurons with 
many layers (or pools).  

 

• Each neuron in one pool feeds many excitatory connections to 
neurons in the next pool, and each neuron in the receiving pool is 
excited by many neurons in the previous pool.  

 

• When activity in such a cascade of pools is arranged like a volley of 
spikes propagating synchronously from pool to pool it is called a 
synfire chain.  

 

 

 



The connectivity in a synfire chain. 

• Each neuron is depicted as a circle (the cell body), with a dendrite 
protruding to the left, and a branching axon to the right. Synapses 
are symbolized by small triangles. The bold- faced drawing at the top 
left depicts one neuron. The neurons of each pool are drawn one 
under the other.  

 

• The layout of the chain does not represent the anatomy, but rather 
the order of activation in time. 



The connectivity in a synfire chain. 

• The same neuron can be part of more than one pool: the two red 
neurons shown in the figure may be physically the same neuron. 
Repeated participation of the same neurons can occur up to the limit 
of the synfire chain’s memory capacity. 

 

• The mean number of neurons in each pool is the width (w) of the 
chain. The mean number of synapses that each neuron in one pool 
receives from neurons in the previous pool (or generate upon neurons 
in the next pool) is the multiplicity of connections (m). w=6 and m=4. 
In real cortical networks w and m are assumed to be much larger.  

 



The history of synfire chain 

• The term “synfire chain” was coined by Abeles (1982) to account for 
the appearance of precise firing sequences with long inter-spike 
delays which resisted explanation in terms of the known properties 
of cortical physiology.  

 

• This structure, with every neuron in one pool exciting all neurons in 
the second pool, was suggested by Griffith (1963) as a structure 
that can guarantee a fixed level of activity in a network of excitatory 
neurons. He called this structure a “complete transmission line”.  

 



The history of synfire chain 

• Similar structures were presumably used by Grossberg (1969) to learn 
and reproduce complicated space-time patterns.  

 

• Bienenstock (1995) suggested that the transmission delays need not 
be equal. In such a system a connection with a long delay may skip 
over one or more pools. He called such a network synfire braids.  

 

• The governing rule for synchronous transmission in such a braid is 
that for any two neurons along the braid, the sum of all delays along 
each of the multitude (multi-neuronal) trajectories, by which one 
neuron may excite the other, adds up to the same value.  

 

• Izhikevich (2006) termed the time-locked but not synchronous 
spiking activity within each braid polychrony.  

 



Activity in synfire chains  

• Activity along a synfire chain may propagate in either a synchronous 
or an asynchronous mode.  

 

• In the asynchronous mode, an elevated firing rate in one pool will 
summate over space and time and cause an elevation in the firing 
rate in the next pool.  

 

• In the synchronous mode, a synchronous volley in one pool will elicit 
a synchronous volley in the other after one synaptic delay.  

 

• It has been argued that the only stable mode of transmission is the 
synchronous mode. 

 

[Refereence] Abeles M. (1991) Corticonics: Neural Circuits of the 
Cerebral Cortex. Cambridge University Press, New-York.  

•   



Activity in synfire chains  

• In a multi-layered feed-forward network of spiking neurons, when 
each neuron fires at random times, the only stable mode of 
transmission is by synchronous volleys.  

 

• Within each volley there is a small random dispersion of spike-times 
but this dispersion does not increase as the volleys propagate along 
the chain.  

 



Experimental evidence  

• Direct experimental support for the existence of synfire chains 
requires ‘simultaneous recording of several neurons from one pool 
and several from the next pool’ under conditions in which the synfire 
chain is repeatedly activated.  

 

• Using current techniques, one can simultaneously record up to ~100 
neurons; however these will be dispersed over a few cortical hyper-
columns. This is far too diluted a sampling. Thus, the most one can 
hope for is to record a few neurons from the same chain 
simultaneously.  

 

• In this case, whenever this chain is activated, one expects to see a 
precise firing sequence of these neurons. Indeed there have been 
multiple reports in the literature about observations of precisely 
repeating firing patterns (Abeles and Gat, 2001).  

 



Experimental evidence  

• It should be noted that activity in synfire chains must result in 
precisely repeating firing patterns, but the existence of such patterns 
does not prove that activity is organized along synfire chains.  

 

• There could be other networks that produce precise firing patterns.  

 



Memory capacity for synfire chains  

• Bienenstock (1995) and Herrmann et al. (1995) examined how many 
synfire pools can be embedded in a network of N neurons without 
interfering with the reproducibility of the activation.  

 

• Although they used two very different approaches, both came to 
similar conclusions; namely, the number of pools (P) is proportional 
to the network size (N), it decreases when the average firing rate in 
the network increases, and it depends on the width (w) of the pools.  

 

• A cortical network with N neurons, an average firing rate of 5 spikes 
per second, and with w=100, may sustain N synfire pools (P=N). 
This means that each neuron can take part in 100 synfire pools(!).  

 



Memory capacity for synfire chains  

• These pools can be concatenated into one huge synfire chain or into 
many shorter chains.  

 

• Any structure that can be wired from individual neurons could, just as 
easily, be composed of synfire pools. The advantages would be more 
reliable operation, shorter input-output delays, and immunity to 
fallout.  

 

• [Example] Thus an average cortical hyper-column of 20,000 pyramidal 
neurons may contain 200 synfire chains, each 100 pools long and 100 
neurons wide. At 5 spikes per second per neuron, this column would 
have 300 neurons firing every 3 ms.  

• If the average transmission time between two pools is 3 ms, there 
could be 3 synfire waves active concomitantly. These may be 
distributed over 3 synfire chains or confined to repeated activation of 
one chain.  

 



Memory capacity for synfire chains  

• The problem of synchronous oscillations does not exist in spiking 
networks with conduction delays: even if a few neurons fire 
synchronously, their spikes arrive to the targets asynchronously 
thanks to different delays.  

• As a result, such spiking networks can have more synfire braids than 
the number of neurons or even the number of synapses in the 
network.  

 

• When the same neuron participates in several pools within the same 
synfire chain, the chain is not a strictly feed-forward network any 
more.  

• At some level of such feedback connections, activity may start to 
reverberate within the synfire chain. But here too, the reverberating 
activity is organized in synchronous volleys.  

 



Experimental evidence  

• With the synfire memory capacity, each neuron may take part in up 
to 100 chains within a hyper-column, which contains 200 chains. 
Thus, the chances that a given neuron will participate in a given 
chain is approximately 0.5. The chances that 3 neurons will 
participate in this chain are 0.125.  

 

• Considering the fact that there are many different synfire chains and 
that one can record from more than 3 neurons simultaneously, there 
could be numerous different precise firing sequences in any 
recording site.  

 

• This was reported to be the case in the slice (Ikegaya et al 2004) and 
in behaving monkeys: some of these patterns were strongly related 
to the monkey’s behavior, but never in a one-to-one fashion. A 
weaker, but still clear, association of pair-wise patterns with 
behavior.  

 



Immunity of random networks to 
spontaneous background activity 



Computing with synfire chains  

• There have only been a few applications using synfire chains. The 
main application seems to lie in Bienenstock’s suggestion (1996) to 
use synfire chains for implementing “compositional” systems. 

 

• He posits that only a few cross links between two synfire chains that 
obey appropriate timing constraints are necessary to assure that both 
synfire chains will act as a wider and more stable synfire chain. This in 
turn could lock-in to activities of other synfire chains, etc..  

 

• Thus a large structure of synfire chains can be dynamically generated 
to represent binding of many simple components into a meaningful 
composite mental representation.  

 



The expected number of  
active neurons in netlets 



Dynamic, vertical synfire chains 

• This type of binding is dynamic, so that a single synfire chain 
may, under different conditions, lock-in to a number of other 
chains and therefore be part of numerous distinct composite 
representations.  

 

• In Bienenstock’s view, the most important feature of such 
dynamic binding is that it can be “vertical”, where a higher- 
level concept binds to the lower level elements that compose 
it.  

 



Computing with synfire chains: STDP  

• Abeles et al. (1993), have shown by way of simulations that two 
synfire chains with random connections may learn to lock-in to each 
other if activated synchronously several times, and if the synaptic 
modifications follow a ‘time dependent synaptic plasticity’ (i.e. 
synapses are strengthened if the pre synaptic spike precedes the post 
synaptic, and weakened if the time order is reversed). 

 

• Such learning rules were experimentally reported and are dubbed 
STDP!!!! 

 

• It should be noted that to a limited extent even a single neuron can 
learn to recognize specific spatio-temporal firing patterns, as was 
demonstrated by the “tempotron” (Gutig and Sompolinsky, 2006).  

 



Limitations of this model 

• The claim that the reported precise firing patterns were real was 
challenged by several experimental studies. These studies argued 
that the statistics used to detect such a pattern were flawed.  

 

• An elegant solution was provided by Bienenstock and Geman 
(Hastopuolos et al. 2003). According to their approach, the null 
hypothesis, to be tested, is that there is nothing precise about 
spike timing to within a time window of W ms.  

 

• If true, then any statistic derived from the spike trains should not 
be significantly different from the same statistic derived after 
teetering each spike at random within W ms.  

 



• In order to test the null hypothesis, we randomly teeter the spike 
trains many times, compute our preferred statistic after each 
teetering, and build a histogram of the statistics.  

 

• If the statistic of the real data falls in the a percentile of the teetered 
values, then we can reject the null hypothesis with a significance 
level.  

 

• This method also allows for estimating the time precision of the 
spikes. By making the teetering window W smaller and smaller we 
reach a critical W at which the null hypothesis can no longer be 
rejected.  

 

• This critical W is an upper bound for precision. Potentially, with 
another statistic, better precision could be found.  

Synfire chain test 



Estimating the precision of spikes. 

• A statistic based on the most prominent peaks in cross-correlations 
was extracted to describe the time precision in the data sets.  

 

• Left – the distribution of 5,000 estimations of the statistic when times 
were teetered within 10 ms and the statistic of the actual data. 
Clearly the probability of obtaining the statistic for real data by 
chance is less than 1/5000.  

• Right - the probability that the statistic was obtained by chance as a 
function of the teetering window for 5 recording days 



Limitations of this model 

• A synfire chain is a very oversimplified structure. There might be 
other structures, with less specific connections, which can generate 
precise firing sequences.  

 

 

• Indeed, any network that can produce and recognize precise firing 
sequences would have all the advantages of a synfire chain.  

 

 



In summary 

• Classical anatomy and physiology of the cortex sustain the idea that 
activity may be organized in synfire chains.  

 

• Synfire chains generate and can learn to recognize sequences of co-
activated neurons.  

 

• Therefore, one can create compositional systems from synfire 
chains.  

 

• It remains for future work: to show if, when, and where cortical 
activity is organized in synfire- like modes, and whether real world 
problems can be solved by synfire chains.  

 

• [Reference] Abeles M. (1982) Local Cortical Circuits: An 
Electrophysiological study. Springer, Berlin.  

 

 



Homework #2 

• Construct simple synfire chains (w=2 and m=2) and 
show that it can be timely lock-in.  

 

• Produce various firing patterns by changing parameter 
values. (particularly synaptic connects: excitatory and 
inhibitory coupling distributions) 

 

• Due: April 26 (Thursday) at the classroom 


