1 Introduction

Recently there has been a huge increase in experiments that imply that neurons communicate with syn-
chronous volleys. Evidence from slice recordings shows that neurons fire with millisecond reliability when
stimulated with realistic simulated input [MS95]. In the retina, the efficacy of synchronous codes has
been noted as a way of retinal encoding [Mei96]. Meister shows how retinal ganglion synchronous codes
trade off communication rate with increased signal fidelity. Reid, Alonso and Usrey have observed pre-
cise timing in cortico-thalamic connections[RA95, AmURY96, URRY8]. Additional evidence that volleys
might be generated comes from experiments by [SJGW94]. In anesthetized cats, neuron outputs in the
LGN were correlated in the presence of the cortex, but uncorrelated (even though their firing rates were
undisturbed), when the cortex was removed. In a tour de force experiment, Casteo-Branco et al[CBNS98]
observed correlations between the retina LGN and cortical areas 17 and 18 in the anesthetized cat.

To interpret this data in a general way requires a theoretical framework. Recently progress has been
made with predictive coding models[OF97, Fie87, RB96, RB98]. The brain has to have a way of assuring
the usefulness of its representations; one check as to usefulness is whether or not the representations can
predict the current input. In such models the the synapses of cells are driven by the statistics of natural
scenes. Adjustment of synaptic strength is based on the ability of a set of neurons to predict its input.
Such models have been able to predict the distribution of cell properties such as receptive field size with
impressive accuracy. The critical feature of the predictive coding formulation is that the structure of
receptive fields can be predicted by assuming that the cortical memory costs metabolically in terms of
spikes and synapses. This allows the general interpretation that the cortex trades off the accuracy of its
computations with the amount of circuitry used to carry them out.

Predictive models have had a significant drawback in that they relied on the classical rate code
interpretation of neural signaling. Our research extended predictive coding so that it could use volleys
of synchronous spikes instead of a rate code[BRZ99]. The studies reported herein extend this work by
showing that, in a detailed LGN model, the features of the extended model account for features observed
in experimental data, but provide a different interpretation: We think that temporal features of receptive
fields reflect the convergence of predictive coding rather than signaling motion features.

2 Predictive Coding Using Timed Volleys of Spikes

Consider the problem of learning specific models of image data. We suppose that the task is to have a
predictive model that can reconstruct incoming data. This has already been developed in the context
of a rate model[RB98]. In a synchronous firing model, given a set of volleys {B1, Bs,...Br}, the goal
of the model is to produce answering feedback volleys {Bl+A,BQ+A, BT+A} such that B = Bl+A
and so on. We do this by using an internal model consisting of units r; with the goal that

Bt = U’l"t

Here U is a matrix of synapses connecting the units 7; to the units that produce the {B;}. The value
of 7y may be 1 or 0 reflecting spike or no spike respectively.

Following [RB98] one can use the Minimum Description Length principle to trade off reconstruction
error cost with the cost of the reconstruction units. This leads to minimizing an error of the form

E =S5 {|Be— Ury)|* + allrd*} + BIIUII°

in the above expression, the first term measures reconstruction error and the next two measure the cost
of the machinery doing the reconstruction. The term ||r;||> measures the cost of producing spikes and
the term ||U||> measures the cost of the synaptic memory. The appropriate synaptic weights may be
found by training on an image data set. For purposes of simulation, each eight-bit gray level image is



converted to a set of eight volleys. The i-th volley consists of the i-th bits in the gray level code. These
B; are then used repeatedly in training. The MDL-based learning algorithm computes a stable set of
responses 7; by using a form of gradient descent on F.

To train the synapses, sets of binary images were used in a repeated sequence. The synapses were
shared between all the images so that they have to work for each volley from each image in the set. Note
that the input is assumed to be appropriately interlaced. that is, for the k-th image, the input volleys
appear in a repeated sequence of what we term packets. Thus for image k,
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.., B1, By, B3, ..., Bg, B, By, B3, ..., By, By, ...

This is done for a time that simulates the time that the k-th image would be on the retina.
Results reported in [BRZ99] showed clearly that after training, the network can generate feedback
volleys that cancel the incoming binary images.

3 Simulation Results

To illustrate these principles using natural images, a network of 12x12 ON-center and 12x 12 OFF-center
input units and 36 coding units was trained on approximately 1000 natural images. The volleys were
artificially created by using the binary encoding of the image, that is for an ON-center cell Bf(:v, y) =
the i-th bit of [I*(z,y)]*.

The sampling strategy from [RB98] was used. Patches from natural images will be filtered using
the high pass filter described therein. Next that result was converted to volleys by thresholding the
resultant image. Image samples greater than zero were each assigned to an ON-center LGN model cell
and image samples less than zero were each assigned to an OFF-center cell. This input was used to train
the network by using the algorithm described above.

Figure 1 shows the receptive fields from a sample of four model LGN cells from the trained network
determined by reverse correlation(see figure text). The results show striking agreement with actual LGN
recordings done by[RA95, AmUR96, URR98]. In addition we can compare the correlations that are
observed after training in the network with actual correlations observed in the LGN. These comparisons
are shown in Table 1.

Reid, Usrey exptl results Our results
Overlap of Per cent Strength of Per cent Strength of
RF centres positively positive positively positive
correlated correlations correlated correlations
No overlap 0% (0/73) - 5.09% (1584/31104) 2.33%
Partial overlap 17% (28/167) 1.9% 10.09% (813/8056) 5.8%
Total overlap 48% (20/42) 10% 38.61% (837/2168) 44.97%
and same sign
and similar size | 79%(10/13) 23% 82.71%(837/1012) 96.35%

Table 1: Comparison of experimental results from Reid/Usrey to results generated by our model




Figure 1: Reverse Correlation Results Once the network has been trained, it can be tested using random images as
input. For each LGN model cell, the set of images that produced its spikes are saved as a function of different time delays.
These are then summed and averaged to provide an indication of the cell’s spatio-temporal receptive field. Above, four cells
are shown in vertical rows. For each cell the temporal response is shown every 20 milliseconds.

4 Conclusion

The comparisons in Table 1 show excellent agreement between the simulation and experiment. The
“strength of positive correlations” may appear to be different but the methods of determining strength
were not commensurate. The reader can verify that the two columns are in appropriate ratio. In addition
our overlap test is slightly less stringent than that of Reid et al so a small number of “no overlap” cells
show positive correlations. The major consequence of the good fit is that the temporal dynamics observed
experimentally may reflect the convergence of a predictive coding circuit.

Our synchronous predictive model requires that cortico-thalamic feedback create repeated volleys in
the feedforward pathway. The evidence for this comes from developmental experiments on ferrets[WK99].
These experiments show that cortico-thalamic connections produce synchronous firing and that severing
these connections eliminates the synchrony between left and right eye signals. In addition we know that
in cortical area V1, the time to experience feedback can be as long as 100-200 milliseconds[ZLS97]. This
is much longer than the theoretical time to propagate the signal through the neurons themselves. The
suggestion is that the delays are planned and serve a computational purpose, as also suggested by our
model.
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