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The classical model of I'TD coding




Jetfress Model (1948)
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Stochastic Synaptic Dynamics

Learning = 2
Activity-dependent modification of synaptic weights .J,,.

In(t) = Jn(t = T)
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can be written as a temporal average [mz. a5 [ at m'}] for input spike trains
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Temporal Averaging
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I he Learning Equation

n < 1= J, changes slowly in [t —T,t) and T can be taken large so that the dy
self-averaging with respect to the input process, e.g., inhomogenious Poisson.

Hence the Strong Law of Large Numbers leads to an ensemble- and time-averagec
equation [Kempter et al., Phys Rev E 59 (1999) 4498],
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and {‘&—1'.’} — %Jm a consequence of the separation of time scales.



—  The Poisson Neuron

membrane potential = linear superposition of weighted |
v(t) = Y Jpelt—tlI-A,) ZJn/dse(s) S, (¢
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Y01S50N process:

1. Prob{cell fires in [t,t + 0t)} = [vp + v(t)] 62
2. Prob{cell fires more than once in [¢,t -+ ét)} = o(dt)
3. spike events in disjoint time intervals are independent

= postsynaptic spike train S(t) = 3 (¢ — ().
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A Temporal Map
The dominating eigenvectors
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Inter-ear distance 3.5 cm
Phase locking < 1.5 kHz

Animal with small |
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VICAlpine‘s experiments
Steepest slopes
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Hypothesis: Information about azimuth is encoded through slope



Circuit for Computing Time Differences
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Temporal Summation Leads to
Asymmetric Tuning
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Asymmetry Induced by Synaptic Learning
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Gerstner et al. (1996) Nature 383
Kempter et al. (2001) PNAS 98 The work presented 1n this talk

Do barn owls and gerbils provide
special singular solutions,
or 1s there a generalization?



Ambiguities induced by increasing inter-ear
distance or frequency

Normalized rate

e.g.:
Humans: 200 mm /(330 m/s) = +\- 600 us

critical frequency ~> =800 Hz

Solution: Distribution of tuning maxima



How to produce a distribution of maxima:
Neuronal implementation of a dual coding architecture
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Axon-mediated
synaptic learning
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Realization of the dual coding principle
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Conclusion

1. STDP explains both excitatory and inhibitory
synaptic setup as well as temporal accuracy of
binaural ITD coding

2. Support by experimentally found inhibitory
plasticity during ontogeny

3. Interpolation between place code (barn owl) and
slope code (gerbil)




