Learning to Generate Temporal Sequences by Models of Frontal Lobes.
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�Abstract.

Possible architectures for the storage and retrieval of temporal sequences are investigated using a cartoon version of the frontal lobes (The ACTION net), based loosely on actual frontal architecture. A particular version of the architecture is developed which gives similar temporal patterns of single neurone activity as observed experimentally in monkeys [1], [2].  The underlying principles involved in the manner that chunking is achieved of these sequences is deduced in the final part of the paper.





1. Introduction  

We attack the problem of finding neural models of frontal lobes for temporal sequence learning and generation which have a level of neurobiological realism.  In particular we attempt to discover frontal lobe models which lead to chunking of temporal sequences in agreement with single cells measurements in monkeys.  The mammalian frontal lobes (including premotor and supplementary motor cortices, striatum, globus pallidus, and appropriate nuclei of the thalamus) are known, from numerous experiments, to be involved in learning sequences of movement [1], [2].  When these various modules are coupled together (with possible internal lateral connections as well) there is a considerable number of patterns of connectivity and learning styles. Including various models of the single neurone (mean firing rate, bistable) lead to a very large number of possible neural models.  To handle this we construct a ‘benchmark’ system able to learn sequences of length three with delays.  We then consider architectural variations around this system and their effect on temporal sequence learning and capabilities.  We thereby deduce several principles for how chunking is achieved by the frontal lobes.  





2. Task

The task follows that of the experimental studies [1], [2], to produce sequences of three movements in two ways: visually guided and internally generated.  In the visually guided task an initial auditory mode tone indicates the task is visually guided, each movement being instructed by a visual instruction cue and the time to perform the desired movement is indicated by an auditory GO signal.  The internal task is initiated by an internal auditory mode tone, no external information being given concerning which movement should be made; the timing of each movement is once again controlled by the auditory GO signal.  In both modes GO signal presentation occurs approximately 1.2 seconds after completion of the previous movement.  





3. Architecture

The ACTION net [3], [4] (figure 1) is based on the cortical and sub-cortical structures of the frontal lobes.  It models the cortex: the striatum (STR) and internal and external segments of the globus pallidus (GPi and GPe, respectively) which together form the basal ganglia; the thalamus (TH) and the sub-thalamic nucleus (STN).  The total effect of the basal ganglia regions is to act as a dis-inhibitor on TH.  This architecture leads to the following closed loops:

(1) cortico-thalamo-cortical (the ‘short’ loop);

(2) cortico-striatal-GPi-thalamo-cortical (the ‘long’ loop);

(3) cortico-(STN(GPe)-GPi-thalamo-cortical (the ‘first indirect’ loop);

(4) cortico-striatal-(STN(GPe)-GPi-thalamo-cortical (the ‘second indirect’ loop).
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Figure 1.  The ACTION network.  Excitatory connections are indicated by open arrowheads, and inhibitory weights by closed arrowheads.  

For the tasks described previously different regions of the motor cortex are preferentially activated.  During the visual task the pre-motor cortex (PMC) is preferentially activated [2], whilst for the internal task the supplementary motor area (SMA) is preferentially active.  Single-cell recordings of primary motor cortex (MI) during such tasks indicate its action is generally the same for both modes [2].  We include in our model all three motor areas each having its own corresponding ACTION net structure.  Figure 2 shows the complete architecture used with the visual (VIS) and auditory (AUD) inputs.  The PMC and SMA regions are each modelled as two regions, one receiving auditory input the other visual, leading to the sub-scripts a and v, respectively.  Each cortical region is modelled with its own ACTION net structure, with inhibitory connections between the striata connected to the same cortical region; the cortical region the STRs are connected to are indicated by the sub-scripts p, s and m representing PMC, SMA and MI, respectively.  This follows the argument of [5] that within the mammalian brain the loop structures connected to MI, PMC and SMA are largely separate.  In most of the models described in section 6 the connectivity is one-to-one apart from cortex to STR, connections between cortical regions and the inputs from VIS and AUD to cortex.  Where additional spreads are considered connections are made across the sub-cortical regions, visual and auditory sections.  The MI acts as the output deciding which movement should be made in response to inputs from PMC and SMA.  The only difference between the modelled PMC and SMA is that the PMC does not have lateral connections whilst SMA includes lateral connections.  
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Figure 2.  The complete wiring diagram for the model, with a total of 5 ACTION nets, each ACTION net has the structure shown in figure 1.  





4. Benchmark System

In all models the neurones are mean firing-rate leaky integrators, and the learning is by Hebbian/reinforcement rules with weights being normalised.  



The benchmark system has considerable learning: all weights from AUD and VIS to cortical and striatal areas are learnt, as are cortical to striatal, lateral connections in STR, and all cortico-cortico connections; all other weights are set at 1 and are one-to-one.  For this model the adaptable weights were initialised using the following rules: weights from VIS and AUD to cortex and STR are excitatory; weights from cortex to STR are excitatory; lateral weights in SMA are mixed inhibitory and excitatory; weights from PMC to SMA and MI are mixed inhibitory and excitatory as are those from SMA to MI.  For all the cortico-cortical connections a neurone has a 50% chance of having the above connections, i.e. a PMC neurone could have weights to all MI neurones but not to SMA, or vice versa, or connections to SMA and MI, or neither.  All non-cortico-cortical weights are initialised all to all.  





5. Training

All systems are trained to generate the correct movement initially in response only to the modelled visual input.  Then the GO signal is presented simultaneously with the visual instruction.  The time between visual instruction presentation and GO signal input is increased in stages to 1 second, with the correct movement being generated after GO signal presentation.  The initial mode tones are added to which no MI output should be generated.  The number of movements required to be made is built up successively to three.  At each stage of the training process the system can either improve and so move on to the next stage or if the current learning disrupts previously learnt information then the previous learning stage is repeated.  





6. Results

The benchmark system can learn to generate the correct length three sequence in response to the initial internal task mode tone.  It exhibits neuronal potentials which are similar to the neuro-biological single-cell recordings [1], [2].  The timings of the inputs are: internal mode tone presented at time-step 20, with the three presentations of the GO signal at (approximate) time-steps 380, 520 and 660.  Each time-step corresponds to 10ms, and each input is kept active for 10 time-steps.  Figure 3 shows some SMA neurone potentials during the internal generation of a sequence termed 123.  Figure 3(a) shows an initiator neurone: it is activated by presentation of the internal mode tone and turned off during the generation of the first movement.  The complex memory neurone of figure 3(b) also becomes initially active with presentation of the internal mode tone, but has maximum potential in the delay phase between the second and third movements.  The pre-movement/ movement neurone (figure 3(c)) is very active with the first presentation of the GO signal, and continues to be active during movement generation by MI; subsequent GO signal presentations cause minimal increase in potential as the required movement is not produced by this neurone.  The movement neurone of figure 3(d) is active shortly after Go signal presentation and continues to be active whilst MI generates the correct movement.  
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Figure 3.  Potentials of (a) an initiator neurone, (b) a complex memory neurone, (c) pre-movement/movement neurone for movement 1, (d) movement neurone for movement 1.  All figures are taken from [6].

The benchmark system was trained to generate 2 sequences internally (the sequences 123 and 231).  The results (figure 4) of this show the level of chunking achieved.  Figure 4(a) shows a complex memory neurone that is most active between movements 2 and 3; it is the same neurone that is maximally active between movements 2 and 3 of the sequence 123 of figure 3(b).  This neurone has linked together the movements 2 and 3 in a ‘chunk’.  Similarly figure 4(b) and 4(c) show a neurone, termed a transition neurone, active only between the movements 2 and 3 wherever that pairing occurs in the total sequence.  
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Figure 4.  Results of learning the sequences 123 and 231.  Neurone (a) is a complex memory cell for the sequence 231, the same neurone as shown in figure 6(b); (b) is a transition neurone between movements 2 and 3 for the sequence 123; (c) is the same neurone active again between movements 2 and 3 in the sequence 231.  All figures are taken from [6].





7. Modifications to the Benchmark System

The following changes to this benchmark model were made to determine what improvements can be achieved: 

(1) lateral connections in the STRs and SMA with a Mexican hat spread, either fixed or learning;  

(2) overlapping input regions for VIS and AUD to cortex and STR;  

(3) a random spread of adaptable connections from TH to cortex;

(4) removal of VIS and AUD weights to STR.  

(5) fixed weight spread from cortex to STN;  

(6) removal of the indirect route through STN and GPe;

(7) allowing the VIS and AUD regions to project to the same SMA and PMC regions;  

(8) having a reduced number of neurones in all sub-cortical regions, with approximately half the number of cortical nodes, coupled with learning of TH to cortex weights.



With these changes individually or in combination the results of the benchmark system could not be exceeded or even achieved.  The visual task could be learnt by many of the above systems, it being a simple sequence of 
delayed response tasks.  O
verlapping input areas for the VIS and AUD regions lead to difficulties for this task, as did removing their weights to the STRs.  Some models could generate length 2 sequences internally but models without the indirect route failed to manage this.  





8. Bifurcations

We now consider the asymptotic state of the system, to determine the origin of the extended temporal activations of neurones evident in figures 3 and 4. A recent mathematical analysis of neural activity for self-recurrent neurones has been given [7], and has also been given for other versions of the ACTION net [8].  We define a fixed point equation F(c) for cortical neurones using the system dynamics, where c is the cortical membrane activation
 of a typical neurone
 and F the recurrent map from cortex to STR and STN, then globus pallidus and TH, and 
finally 
back to 
the same 
cortex.  F(c) is then plotted for different values of c with different cortical to STR connection strengths (figure 5).  



For each curve of figure 5 there are two stable fixed points and one unstable fixed point.  The lower stable fixed point is always zero (because of the system dynamics).  The upper stable fixed point increases for increasing connection strengths.  In figure 5(c) TH is still being inhibited to some extent by GPi, although the dis-inhibition is strong enough to form an upper fixed point.  The effect of this inhibition is further reduced in figures 5(a) and 5(b).  



It is possible to find a positive value fo
r an external input I (from VIS
, AUD or other cortical neurones) such that the lower fixed point and the unstable fixed point form a reverse saddle-node bifurcation.  For values of I greater than this only the upper fixed point remains.  
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Figure 5.  The fixed of the cortical neurones for different weight values from cortex to STR.  For (a) connection strength is 1; (b) connection strength is 0.5; (c) connection strength is 0.3.  





8. Conclusions

General conclusions reached by the simulations were: 1) considerable flexibility through learning is necessary to achieve temporal sequence learning; 2) creation of
 working memory cells by cortex
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cortex loops is needed to learn timed internal transfer of patterns; 3) learning created cells with ‘chunking’ properties of initiation or of memory ‘holding’ during delays very similar to those observed experimentally; 4) the mathematical character of this ability is understood in terms of the detailed non-linear bifurcation character of the res
ulting closed neural circuits; 5) the chunking observed i
s beyond associative chaining, i
t allows tur
ning on and off of closed long and indirect loops in a learnable fashion to handle long delays.  
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