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Chapterr  4 

Connectionistt  Model of a Dual Route 

Modell  of Fear  Conditioning with 

CALMM  Maps3 

Amongstt all psychological phenomena that have been subject to connectionist 
modeling,, affective processes seem relatively neglected. Neurobiological, and 
particularlyy animal, research has provided some conceptual models that may be 
excellentt starting points for such neural network modeling. The dual route model of 
LeDouxx (1986; 1996), in particular, has already served as inspiration for a neural 
networkk model by Armony et al. (1995). Though some may argue that classical 
conditioningg has littl e to do with affective processes and conscious emotions in 
humans,, LeDoux (1996) has taken animal fear conditioning as the model process for 
studyingg affective processes and emotions. He argues that, though conscious 
experiencee may certainly be an important part of emotions, there is much more than 
meetss the mind's eye in an emotional experience, and we should not confine our 
researchh to the conscious aspects. Animal studies may remain very relevant for the 
studyy of human emotions, because the brain systems involved in emotions seem well 
conservedd through many levels of evolution (LeDoux, 1996). 

Inn classical conditioning an affectively neutral conditioned stimulus (CS) (e.g., 
aa tone of a particular frequency) and a fear evoking unconditioned stimulus (US) (e.g., 
ann electric shock) are presented together, subsequently, isolated presentation of the CS 
alsoo evokes a fear response. The intensity of the fear response decreases with repeated 
presentationn of the CS without an US (i.e., extinction). 

Neurobiologicall  research, mainly lesion studies on rats, has shed some light on 
thee neural systems involved in classical conditioning. LeDoux, Sakaguchi, and Reis 
(1984)) showed that rats can still be conditioned to auditory stimuli even after total 
ablationn of the auditory cortex, but lesions to the thalamus and the midbrain totally 
preventedd conditioning. Apparently, some subcortical path, sprouting from the 
thalamuss was sufficient for conditioning. Anatomical tracing techniques, revealed a 
directt connection from the thalamus to the amygdala, which may be the central 

33 This chapter is based on Den Duik, Rokers and Phaf (1999) and Phaf, Den Dulk, Tijsseling and 
Lebert(2001). . 
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structuree for fear-related processing (LeDoux, 1996). Lesion studies of this direct 
route,, however, did not fully eliminate conditioning (Romanski & LeDoux, 1992). 
Thee path along which the CS is transmitted thus seems to branch at the level of the 
thalamus.. Further research suggested that the direct route between thalamus and 
amygdalaa is more important for learning relatively crude CS-US associations, whereas 
ann indirect route (from thalamus through the cortex to the amygdala) is necessary for 
learningg more detailed and specific associations. 

Anotherr difference between the two routes is that the effects of extinction are 
mainlyy caused by the indirect route, not the direct route. After lesioning the indirect 
routee even many presentation of the CS without the US seem to have no effect on the 
conditionedd response (LeDoux, 1996). Also, from behavioral experiments we know 
thatt some trace of the conditioned stimulus remains after extinction, because in a 
numberr of different situations relapse of the conditioned response can occur (Bouton 
&&  Swartzentruber, 1991). Apparently, extinction functions by an active inhibition via 
thee indirect route, of a still present CS-US association in the direct route. 

Thesee findings imply a control or regulation of more direct activation of 
affectivee processes by higher level mechanisms, which is also suggested by 
experimentss on affective processes in human subjects. Murphy and Zajonc (1993), for 
instance,, found that sub-optimal (i.e., presumably not consciously visible) 
presentationn of affective stimuli had more influence on the evaluation of an 
affectivelyy neutral Chinese character than optimal presentation. The smaller effect in 
thee optimal condition, can be explained by assuming an indirect control process, 
whichh needs an optimal presentation in order to regulate the affective response. This 
chapterr will be restricted to simulating conditioning data. Simulating this type of 
humann behavior will be the target of the next chapter. We will focus on the control 
processess by performing lesion studies in the model to identify the contribution of the 
pathways,, and by investigating the nature of extinction in the model. The first step 
wil ll  be to rebuild the Armony et al. (1995) model in a somewhat different competitive 
learningg framework (CALM Maps, Murre et al., 1992; Phaf et al., 2001). By 
replicatingg these results in another neural network paradigm a more general claim can 
bee made with respect to Armony's findings. Also, it may improve the neurobiologie al 
plausibilityy of the model and may improve its functionality because of some of the 
featuress of the CALM Map. Apart from this replication three extended simulations 
wil ll  be performed, showing either enhanced capabilities, for instance, latent inhibition 
emergess naturally as a consequence of the novelty detection property of CALM Maps, 
orr shortcomings of the current architecture, for instance, inhibition does not function 
ass observed in animal research. 

Thee Armony Model 

Thee Armony et al. (1995) model (the 'ASCL' model) consists of four modules 
representingg the amygdala, the cortex, and two substructures of the thalamus involved 
inn auditory processing: the medial division of the medial geniculate body combined 
withh the posterior intralaminar nucleus (MGm/PIN) and the ventral division of medial 
geniculatee body (MGv). MGm/PIN has direct connections to the amygdala, but it also 
hass connections to the cortex. MGv is part of the indirect path and only has 
connectionss to the cortex. The cortex module, in turn, is connected to the amygdala 
module.. There was full (unidirectional) connectivity between modules. The extent of 
processingg in the two pathways is reflected by the respective sizes of the modules 
(i.e.,, the number of categories distinguished in a module): 8 nodes in MGv and 8 
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nodess in the cortex (i.e., the indirect path), and 3 nodes in MGm/PIN (i.e., the direct 
path).. The amygdala consisted of 3 nodes. 

AA modification of the competitive learning algorithm by Rumelhart and Zipser 
(1985),, with the inclusion of continuous instead of discrete values for the activations, 
wass used by Armony et al. (1995). Within-module competition was, furthermore, 
implementedd by actual lateral inhibition between nodes in a module. Competitive 
learning,, generally, leads to the spontaneous emergence of different receptive fields 
onn the nodes of a module in response to a set of input patterns. The module, thus, 
categorizess the input. In these simulations a series of pure tones of contiguous 
frequenciess (and equal intensities) in an arbitrary scale served as input patterns to 
MGvv and MGm/PIN. The US was represented as an external binary input to all nodes 
off  MGm/PIN and amygdala modules, so that an equal amount of activation would be 
sentt to all nodes in these modules. The specificity of cell responses in all modules was 
firstt recorded after a familiarization phase of all input patterns without an US. 
Couplingg the US to one pure tone caused changes in receptive fields in the 
correspondingg modules of the model, which were similar to those observed 
experimentallyy in animals. The total activation of all nodes in the amygdala, 
moreover,, showed a clear increase for the selected tone, indicating successful 
conditioning. . 

AA Dual Route Model with CALM Maps 

Thee architecture of our network model mirrored the ASCL model, except that we 
appliedd CALM Maps as the competitive learning algorithm (see Appendix B for an 
extensivee discussion of CALM Maps). The connection scheme was identical to the 
ASCLL model (i.e., connections between modules were again all-to-all and 
unidirectional,, see Figure 14). 
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Figuree 14. The architecture of the dual route model with CALM Maps. 
Inputt is given through the bottom input module. All other rectangles 
representt CALM Maps, with Arousal-nodes and External-nodes 
indicatedd externally of the module. Activity bubbles around a winning 
nodee are depicted. 
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Parameterss in the model are mostly the fixed intramodular connections (e.g., 
thee connection weight from R- to V-node; see Appendix for the parameter set), which 
weree not fitted to the present experiments, but were taken from previous simulation 
workk (see Phaf et al., 2001; Phaf & Immerzeel, 1997). After the initial parameter 
choice,, no effort was spent here to adjust parameters to obtain optimal model 
behavior. . 

Thee value of s (see Equation 5) that determines the width of the gaussian 
distribution,, which varies with the size of the module, is determined by equation 6. 
Thee values are rounded to the nearest half, resulting in a s value of 2, 2, 3 and 3 for 
thee MGm/PIN, Amygdala, MGm and cortex, respectively. 

Becausee in CALM Maps the first and the last nodes in a module are 
connected,, all nodes have the same number of neighbors. In the Armony et al. (1995) 
simulationn neighboring frequencies were probably not represented on neighboring 
nodess in the module, because their competitive learning scheme did not allow for the 
orderingg of representations. Such a tonotopical ordering (i.e., tones close to each other 
inn pitch are represented on neurons next to each other in the brain), which can be 
foundd in the auditory pathways of many animals emerges automatically from the 
learningg procedure in CALM Maps. 

Replicationn of Conditioning 

Inn the first phase of the simple conditioning experiment, all patterns were 
familiarized.. The input patterns (potential CSs) represented 15 contiguous 
frequencies.. Each frequency-pattern consisted of two neighboring nodes, and had an 
overlapp of one active node with one pattern to either side (see Figure 15). The right-
andd left-most frequencies, only had overlap to one side. In the second phase, one tone 
(thee CS) was coupled to an US. We chose the same CS as Armony et al. (1995) (i.e., 
Frequencyy number 5). 
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Figuree 15. Input patterns, representing the consecutive frequencies. An 
activee input node had a clamped activation of 1.0, whereas the others 
weree zero. 

Thee CALM Map probably provides a more suitable way of administering the 
unconditionedd stimulus than the Rumelhart and Zipser (1985) type of competitive 
learning.. Novelty is often associated with fear responses, so the novelty detection in 
CALMM can be seen as one way of evoking fear responses. Direct activation of the 
Arousal-nodee can, therefore, be considered a fear response. The US-input (with 
activationn 1.0) was fed directly to the A-nodes of the two modules (MGm/PIN and 
Amygdala)) which also received the US in the ASCL model. 
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Inn the familiarization phase all 15 patterns were presented 150 times for 20 
iterationss (a cycle of calculating all activations and weights) each. In the conditioning 
phasee Frequency 5 was coupled to the US, thus making this pattern the CS. The US-
CSS pair was fed to the network for 10 presentations. Because CALM Maps contain a 
(state-dependent)) stochastic factor, the same network (after conditioning) was tested 
fivee times and average values were used as measure of performance (see Murre et al., 
1992;; Phaf et al., 2001). To examine the effects of conditioning we compared the 
receptivee fields of individual nodes before and after conditioning. Because amygdala 
activityy is assumed to result (via the hypothalamus, e.g., LeDoux, 1996) in various 
autonomicc and endocrine reactions, total amygdala activity can be seen as a measure 
off  autonomic activity. The summed activation in the amygdala was, therefore, also 
registeredd as a function of the frequencies presented, both before and after 
conditioning. . 

Figuree 16. Tonotopical organization in MGv. Because the CALM Map 
hass a 'ring' structure the starting node in the map is arbitrary. 

DevelopmentDevelopment of tonotopical organization. 

Thee CALM Maps produced a good tonotopical ordering in all modules (e.g., see 
Figuree 16). Such organization was probably not obtained in the ASCL model. 

ShiftShift in Receptive Fields. 

Becausee all modules have less nodes than there are input patterns, a receptive field 
generallyy contains more than one pattern. As a consequence of conditioning the 
receptivee field of the relevant MGm/PIN node (Figure 17) sharpens and shifts toward 
thee frequency of the conditioned stimulus (Frequency 5). The frequency-specific 
changes,, moreover, occurred only for nodes in which the CS evoked a non-zero 
responsee before conditioning. The receptive fields of the cortex and the amygdala 
moduless showed similar shifts. All three modules showed a substantial increase in 
theirr response to the CS. Only the representations in those modules that received input 
bothh from the CS and US showed these changes. 

Inn MGv there was no clear effect of conditioning. This is expected because 
MGvv is not activated, either directly or indirectly, by the US. The converging 
activationss of US and CS, could only arrive at the cortex through MGm/PIN. The 
changee of receptive field in MGm/PIN, therefore, led to a change of receptive field in 
thee cortex. The amygdala received US activation in three ways, direct from the US to 
itss Arousal-node, indirect activation from MGm/PIN to the amygdala, and indirect 
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activationn via the cortex to the amygdala. The architecture of this model is such that 
thee effect of conditioning converges on the amygdala. 

-pre-conditioning g 

-post-conditioning g 

66 7 8 9 

Frequenc y y 
111 12 13 14 15 

Figuree 17. Pre- and post-conditioning receptive fields in MGm/PIN of 
thee node most responsive to the CS before conditioning. 

BehavioralBehavioral Response. 

Afterr conditioning, the CS produced the highest total amygdala activation relative to 
thee other stimuli. As the distance of the frequency from the CS increased, moreover, 
thee quasi-autonomic response decreased and the response was smaller than before 
conditioningg (Figure 18). These results were similar to the simulation results found by 
Armonyy et al. (1995) and to experimental results obtained in fear conditioning of 
animalss (Desiderate, 1964; Mackintosh, 1983). 
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Figuree 18. Summed activation of all three nodes in the Amygdala as 
functionn of input frequency. 
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Inn sum, the actual competitive learning procedure used does not seem critical 
forr obtaining these conditioning results, because both Armony (1995) and we found 
thee same results with different neural network paradigms. They seem to arise 
primarilyy from the neurobiologically inspired network architecture. A possible 
advantagee of CALM Maps may be that it is prepared for administering unconditioned 
stimuli.. Activation of the Arousal-node appears to be a suitable way of eliciting fear 
responses.. At any rate, with this type of US, classical conditioning can be simulated 
successfully. . 

Latentt  Inhibitio n 

Latentt inhibition can be described as the lower susceptibility to conditioning of a 
familiarr stimulus than of an unfamiliar one. The model may provide an excellent 
opportunityy for simulating this, because both novelty and the US lead to fear 
responses.. With relatively novel stimuli the fear response during conditioning would 
bee larger than with familiar stimuli. To reflect this difference in experience, one half 
off  the frequencies was presented 100 times, and the other half 200 times in the 
familiarizationn phase. Stimuli from both groups were alternated. In one condition we 
chosee a CS that was previously presented 100 times (Frequency 4) and in the other 
conditionn a CS that had been previously presented 200 times (Frequency 5). 
Conditioningg again consisted of 10 presentations of the CS-US pair. 

- * -- pre-conditioning 

- o -- post-conditioning 

Frequenc y y 

Figuree 19. Total amygdala activation as a function of frequency in the 
latentt inhibition simulation. Frequency 4 was conditioned, after it was 
familiarizedd in 100 presentations. 

AA latent inhibition effect was found in the total amygdala activation, because 
conditioningg was larger for low-familiar (LF) stimuli than for high-familiar (HF) 
stimulii  (Figure 19 and Figure 20). It should be noted that latent inhibition was found 
despitee the fact that LF stimuli were represented less strongly in the network than HF 
stimuli.. Without such novelty-dependent elaboration learning, conditioning would 
probablyy be smaller for the LF than for the HF stimulus. A similar novelty detection 
mechanismm is not present in the ASCL model. The application of CALM Maps in this 
model,, therefore, extends the simulation opportunities to include latent inhibition of 
conditioning. . 
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Figuree 20. Total amygdala activation as a function of frequency in the 
latentt inhibition simulation. Frequency 5 was conditioned, after it was 
familiarizedd in 200 presentations. 

Extinction n 

Wee investigated whether repeated presentation of the CS, without the US, could lead 
too extinction of the conditioned response to the CS. Repeated presentation of a single 
stimuluss within a competitive learning framework will generally not lead to extinction 
butt to a strengthened representation for that stimulus and consequently higher 
activationss throughout the modules of the network. Only the total amygdala activation 
forr the CS may decrease somewhat due to the sharpening of the representation. We 
chosee to simulate extinction by assuming that it was caused by interference due to 
learningg of intervening material (e.g., noises in the environment). For this purpose we 
presentedd all other frequencies together with the CS during extinction. The other 
frequenciess were presented twice as often as the CS to ensure sufficient interference. 
Thee network state that resulted from conditioning in the previous simulation was 
exposedd 15 times (for 20 iterations) to a randomized pattern batch consisting of the 
CSS and two instances of all other frequencies. For comparison, we performed the 
samee extinction procedure on the network that resulted from the familiarization phase 
(i.e.,, before conditioning). 

Thee conditioned frequency showed a decrease in fear response over repeated 
presentationss (Figure 21), whereas the control stimulus lacked such a decrease. In 
fact,, it increased slightly. After 15 presentations the activation levels were about 
equal.. Though extinction can be interpreted as caused by interference, this is not 
suggestedd by animal research. In behavioral experiments on rats a relapse of the fear 
responsee can occur in a number of situations (Bouton & Swartzentruber, 1991). In our 
modell  such a relapse is not possible because the conditioning information was lost 
permanentlyy by interference. An adequate simulation of extinction in a network model 
probablyy also requires an active top-down control process, which can be eliminated by 
lesioningg the indirect route. 

-- pre-conditioning 

- o -- post-conditioning 



Connectionistt model of a dual route model of fear conditioning with CALM Maps 47 7 

conditionedd stimulus 

non-conditionedd stimulus 

Presentation n 

Figuree 21. Total Amygdala activation by the CS, both when it had and 
hadd not been conditioned. 

Lesioningg the Routes 

Too investigate the contributions of the individual routes to conditioning, we lesioned 
thee direct and indirect routes of the network both before and after conditioning. The 
lesionss to the indirect path were implemented by disabling the connections from the 
cortexx module to the amygdala module. In the direct path the connections between 
MGm/PINN and amygdala were disabled. Apart from the lesions, all features of this 
simulationn were identical to the first simulation. The simulation of lesions to the 
indirectt route before conditioning, is essentially a simulation of the kind of cortical 
lesionn studies by LeDoux et al. (1984), which led to the conclusion that the 
subcorticall  pathway alone, was also sufficient for conditioning. Our model could also 
bee conditioned without the cortical route (see Figure 22). The conditioning effect had 
aboutt the same size as the effect found with both routes intact. 

pre-conditioning g 

post-conditioning g 

Frequency y 

Figuree 22: Total pre- and post-conditioning amygdala activation as 
functionn of frequency, after lesioning the indirect route before 
conditioning. . 



48 8 Chapterr 4 

02 2 

0.18 8 
C C 
.22 6 

re re 
>> 0.14 

•pre-conditioning g 

•post-conditioning g 

Frequenc y y 

Figuree 23. Total pre- and post-conditioning activation as a function of 
frequency,, after lesioning the direct route before conditioning. 

pre-conditioning g 

post,, direct lesion 
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Figuree 24. Total pre- and post-conditioning amygdala activation as a 
functionn of frequency, after lesioning the indirect route or the direct 
routee after conditioning. 

Lesioningg the direct pathway before conditioning resulted in a large decrease 
inn autonomic response, though a slight conditioning effect remained (see Figure 23). 
Thiss seems at odds with the experimental finding that, without the direct path, 
conditioningg is still possible. Because there is an additional layer in the indirect 
pathway,, activations transported to the amygdala through this pathway are attenuated. 
Conditioningg effects may have been smaller as a result of this attenuation. Contrary to 
experimentall  findings, the contribution of the indirect pathway to conditioning in the 
modell  seems much smaller than the contribution of the direct pathway. 

Lesioningg the indirect path after conditioning revealed that almost the entire 
conditioningg effect remained, whereas it almost completely disappeared after 
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lesioningg the direct path (see Figure 24). This again strengthens the idea that the direct 
routee in the model is more important for conditioning than the indirect route. It is not 
clearr whether the ASCL model shows similar, unevenly balanced, conditioning 
effectss along the two routes, but it would not conform to the underlying biological 
model. . 

Discussion n 
Thee CALM Map implementation of the dual route model replicated the simulations of 
Armonyy et al. (1995) successfully. Characteristic changes in receptive fields and 
behaviorall  response were obtained with the model after conditioning. In addition, 
tonotopicall  ordering was achieved in the modules. Latent inhibition of conditioning 
followedd quite naturally from the novelty detection property of CALM Maps. 
Extinctionn could be simulated in the model provided it was implemented as an 
interferencee phenomenon. Lesion simulations showed that either pathway alone may 
supportt conditioning effects, but that the direct pathway was the main contributor to 
thosee effects. There were no clear indications that the direct pathway in this model is 
involvedd in more crude processing than the indirect pathway. 

Thee replacement of competitive learning in the ASCL model by CALM Maps 
showedd a number of advantages. Due to the gradient inhibition a tonotopic ordering of 
inputt frequencies arose automatically in all modules. Another advantage may be that 
thee network can easily be extended to include feedback connections between modules 
ass has been done in other multimodular models with CALM (Murre et al., 1992; Phaf 
ett al., 2001; Phaf & Immerzeel, 1997). The theoretical model (e.g., LeDoux, 1996) 
assumess bidirectional (but not symmetric) connections between amygdala and cortex. 
Thee most important advantage, however, is that CALM Maps are prepared for fear 
responses.. In the standard CALM Maps, novelty automatically leads to activation of 
thee Arousal-node which can be seen as a fear response. The assumption that the US 
directlyy activates all nodes in the amygdala and the MGm/PIN can be avoided in this 
way.. The combined operation of novelty and US, moreover, leads to a latent 
inhibitionn effect, which probably does not occur in the ASCL model. 

Somee improvements to the computational model enabling a better 
correspondencee with the conceptual model also present themselves from these 
simulations.. A clear problem is that the contribution to conditioning of the indirect 
pathwayy seems much smaller than of the direct pathway. The additional layer between 
inputt and amygdala in the indirect pathway attenuates its activation. This renders it 
difficultt to judge the conditioning effects along the indirect pathway. If the cortex 
activationn would be larger, the indirect pathway might well show a finer 
discriminationn of stimuli than the direct pathway. In subsequent simulations 
(Pallamin,, Den Dulk, & Phaf, Unpublished results), we multiplied the connection 
strengthss from MGv to the cortex by two, resulting in equally strong conditioning 
effectss in both pathways. Another way to obtain larger activations in the cortex may 
bee to incorporate bidirectional connections between thalamus and cortex, so that 
positivee feedback enhances the representations in the cortex. 

Thee model may also be incomplete at a conceptual level. Although the two 
pathwayss of our model differ in speed (and intensity) at which signals are processed 
(thee indirect route is slower and weaker), as well as in the processing capacity of the 
twoo routes (the indirect route has more nodes), there is no further distinction made in 
thee explicit functions of either pathway. LeDoux (1996; LeDoux et al., 1984), for 
instance,, has suggested that the direct pathway may be more important for fast 
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reactionss in unexpected dangerous situations, whereas the indirect path may be 
involvedd in more higher order behavior, such as control processes. A better way to 
modell  extinction of conditioning would probably be to incorporate such control 
processes.. Extinction appears to arise from the learning of regulatory control in the 
indirectt route, but not from interference per se. Appropriate modeling of the function 
off  the indirect route would require implementation of this regulatory control. Though 
theree are few ideas on how to implement (sequential) control processes in a 
connectionn ist framework, Sequentially Recurrent Networks (SRNs), which also show 
aa working memory function (see Phaf et al., 1994; Phaf & Wolters, 1997), may 
providee an opportunity for learning and executing sequential operations on items 
activatedd in working memory. The disruption of (the influence of) these control 
processess after extinction, for instance by lesioning the indirect route, could then 
restoree the initial conditioning. 

Regulatoryy control via the indirect route was obtained in simulations in a non-
learningg version of the model (Pallamin et al., Unpublished results). A new module of 
sizee 8 (representing the prefrontal cortex) was added to the indirect route, which 
receivedd input from the auditory cortex. This module had inhibitory connections to the 
amygdalaa which could fully block the conditioned response. Reinstatement of the 
initiall  fear response occurred after presentation of the US. 

Thee full implementation of the dual route model may offer the possibility to 
simulatee recent experimental results with human subjects in the field of emotion (e.g., 
LeDoux,, 1996). Affective priming, for instance, is the remarkable phenomenon that 
affectivee stimuli, such as faces with emotional expressions (both positive and 
negative)) have a larger influence on the evaluation of neutral stimuli (e.g., Chinese 
ideographs)) when the affective prime is not consciously perceived than when it is 
(Murphyy & Zajonc, 1993). There are even indications that the priming effect reverses 
inn conscious conditions. This is at odds with non-affective priming results where 
consciouss influences are, generally, larger than non-conscious ones. Such results may 
emphasizee the importance of emotions (and emotion research) for human behavior, 
becausee it indicates that the human organism has been evolutionary prepared to 
performm direct emotional reactions, above which a good deal of regulatory control has 
developed.. Such a view seems to contradict the idea that subjective (conscious) report 
mayy provide a good means of researching emotions (see LeDoux, 1996). Consciously 
experiencedd emotions probably only give a 'controlled' and biased picture of 
emotions.. The best way to further our knowledge of emotions, would be to do both 
neurobiologicall  and human experimental research and to bridge the gap between the 
twoo with connectionist models. 

Appendixx A 

Thee parameters used in the simulations (for explanation Murre et al., 1992; Phaf et al., 
2001;; Phaf & Immerzeel, 1997) were the following: Connection weights: Up-weight 
0.5,, Flat-weight -1.0, High-weight -2.0, Low-weight 0.4, AE-weight 1.0, ER-weight 
(Strange)) 0.1, Initial learning weight value 0.5. Activation and learning rule 
parameters:: Grossberg K-parameter 1.0, Grossberg L-parameter 1.0, Base rate 
learningg 0.005, Virtual weight from the E-node to n 0.0005. Parameters for the 
Gaussiann inhibition gradient: A 8.8, B 10.0, s was; 3.0 for MGv, 3.0 for Cortex, 2.0 
forr MGm/PIN, 2.0 for Amygdala, test 



Connectionistt model of a dual route model of fear conditioning with CALM Maps 51 1 

Appendixx B 
Self-organizationn is usually accomplished in neural networks with competitive 
learningg procedures. Such procedures are characterized by a selection among 
alternativee (competing) winner-take-all's and, therefore, invariably perform 
categorizationn or classification on the basis of regularities in the input. Features of two 
differentt and independently developed competitive learning procedures are combined 
heree in a new procedure. This revealed a tendency to stretch its representations as far 
apartt as possible, while maintaining the similarity gradient of the input space, and to 
createe intermediate representations of input patterns. It also proved suitable as a 
buildingg block for multi-modular networks, which could learn more subtle distinctions 
thann a single module. 

Onee procedure, called CALM, from Categorizing And Learning Module 
(Murree et al., 1992), has been proposed as a building block for modular network 
models.. It develops local representations on specific nodes at a modular level, but 
semi-distributedd representations at a global network level (which is assumed to consist 
off  many interconnected modules). CALM implements competitive learning by lateral 
inhibitionn between nodes and it incorporates a psychologically motivated, novelty 
dependent,, attentional mechanism which leads to a random search for new 
representationss and increased learning of these representations (i.e., elaboration 
learning). . 

Disadvantagess of this approach are that the learned representations do not 
matchh the topology of the input space, and that increasing amounts of overlap 
betweenn patterns may severely impair categorization performance. If a new pattern 
differss sufficiently from the already represented patterns, a new representation is 
selectedd at random from the remaining uncommitted nodes (i.e., nodes that do not 
havee a representation). Though it shows some ability to separate correlated patterns, 
itss performance breaks down for highly correlated patterns. Particularly in larger 
moduless and with larger patterns, even a large distance between patterns may not be 
sufficientt for a stable distinct categorization. 

Suchh a problem is not found in the more classical self-organizing procedure of 
Kohonenn (1982; 1988; 1995). In the initial version of these self-organizing feature 
mapss activations of the representational nodes are determined by the Euclidean 
distancee between the input vector and the weight vector to the node. The 
computationall  procedure selects the node with the highest activation together with a 
neighborhoodd of nodes (the 'activity bubble') for weight change. Neighborhood size 
andd learning rate are adjusted during successive learning of the patterns. In this 
manner,, similar patterns will be represented on neighboring nodes, whereas dissimilar 
patternss remain far apart. The preservation of the order in the input space by the 
representationss of patterns is generally referred to as topological self-organization. 

Thiss study develops a combination of the CALM module and the Kohonen 
map.. The CALM procedure provides a powerful mechanism for internally adjusting 
thee learning rate as a function of novelty. Following Murre (1992), we modified 
CALMM to stretch representations along the module according to the similarity gradient 
off  the inputs by introducing a gradient in the lateral inhibition within a module. The 
formationn of feature maps on the basis of explicitly simulated inhibitory dynamics 
betweenn nodes has previously been studied by Miikulainen (1991), but this model still 
neededd control of the 'activity bubble' radius by hand during learning and was also 
quitee sensitive to boundary conditions (see also Murre, 1992). 
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Thee new map adheres to the principles described by McClelland (1993). He 
did,, to our knowledge, not present a general learning procedure for his theoretical 
frameworkk (called GRAIN, standing for Graded Random Adaptive Interactive 
(nonlinear)) Network). Although both types of CALM modules have some additional 
mechanismss not specified by McClelland, both modules seem to qualify as learning 
proceduress within such a framework. Probably due to the difficulty of regulating the 
differentt maps and of handling bi-directional connections, to our knowledge, 
Kohonenn maps have not been applied to this kind of, interactive, multimodular, 
networks.. Because CALM Map is intended as a building block for such networks, we 
wil ll  focus here on the comparison of CALM Maps and CALM modules and consider 
thee Kohonen Maps as a useful heuristic for improving CALM. 

Competitivee modules 
Inn Kohonen's self-organizing feature map (Kohonen, 1982; 1988; 1995) nodes are 
arrangedd according to some type of 1, 2, or 3 dimensional neighborhood of 
connectivityy (e.g., a line, grid, or cube). Starting from a random pattern of weights, 
inputt patterns are compared to the weight vector associated with each node using an 
Euclideann distance measure, resulting in the selection of a best-matching or "winning" 
node.. Weights on links to nodes that are neighbors of the winning node are also 
modified.. As a result, similarity between input patterns will be mapped into proximity 
off  activated nodes. In this manner, representations will be forced in an order 
dependingg on the dimension with the largest range of variation in the whole data set. 
Smalll  variations tend to be ignored or play only a minor role in the ordering process, 
dependingg on the available representation space. 

Too obtain maximal stabilization in the Kohonen map during learning, usually 
twoo parameters are regulated according to a fixed schedule. First, the neighborhood 
sizee of activated nodes is reduced monotonously with repeated presentation of the set 
off  input patterns, and second, the learning parameter is decreased gradually. This 
regulationn requires prior knowledge about the presentation schedules according to 
whichh the neighborhood and the learning parameter have to be adjusted and may be 
hardd to reconcile with the unsupervised character of learning in self-organizing maps. 
Itt seems, therefore, desirable to implement processes capable of automatically self-
adjustingg global network parameters such as the size of the neighborhood and the 
learningg rate. CALM seems well suited for this purpose, because it already 
incorporatess a novelty dependent learning rate, which automatically decreases when 
competitionn in the module levels off (i.e., when patterns become more familiar and 
havee a better match with stored representations). If moreover, contrary to the 
Kohonenn map, competitive learning is implemented by a gradient of inhibitory 
connections,, the size of the winning (i.e., activated) neighborhood of nodes no longer 
needss to be specified externally, but will be dependent on the range of activations in 
thee module, which will be tuned more finely due to the increasing match between 
weightt pattern and input pattern. In this manner, both the winner-take-all behavior and 
thee 'activity bubble' arise from the incorporation of actual inhibitory connections. 

AA standard CALM (see Figure 25) is a competitive learning module, in which 
thee competition process is performed by intramodular interactions between excitatory 
RepresentationRepresentation nodes (R-nodes) and inhibitory Veto nodes (V-nodes). Nodes with 
excitatoryy and inhibitory effects have been explicitly separated in the module. Every 
R-nodee has an excitatory connection to a single (matched) V-node. The strongly 
inhibitoryy weights from V-nodes to all other (nonmatched) R-nodes have an equal 
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valuee and impose a strong veto effect on these R-nodes. Incoming signals arrive along 
modifiablee intermodular connections at the R-nodes. An Arousal node (A-node), 
receivingg connections from both R and V-nodes, weighs the amount of competition, 
whichh is then a measure of the novelty of the presented pattern. When an input pattern 
closelyy resembles the weight pattern to a particular R-node there will be littl e 
competitionn and the total amount of excitation from the R-nodes to the A-node will be 
suppressedd by the inhibition from the V-nodes. When many R-nodes have weight 
patternss that match the input pattern about equally well, there will be much 
competitionn and due to the inhibition between V-nodes, the A-node will receive more 
excitationn from R-nodes than inhibition from V-nodes. The A-node activates an 
ExternalExternal node (E-node), which spreads random activations among the R-nodes, and 
controlss the learning rate in the module. In the case of much competition, the E-node 
wil ll  be highly active and will generate relatively large random pulses to prevent 
potentiall  "deadlocks" in the competition. This is not necessary, of course, when there 
iss littl e competition, because a winning pair of R and V-nodes has already been 
selected. . 

Figuree 25. A CALM module with node types and connection names (in 
italics).. The three internal node types, V-nodes (Veto nodes), R-nodes 
(Representationn nodes), and A-node (Arousal node), as well as the E-
nodee (External node) are shown. An excitatory Up weight connects a 
R-nodee to its matched V-node. In a standard CALM module the 
inhibitoryy Cross weights from a V-node to nonmatched R-nodes are 
equal,, and the Down weight to the matched R-node is somewhat 
higher.. The A-node receives activations from both R and V-nodes via 
Loww and High connections, respectively. The AE weight connects the 
A-nodee to the E-node, which inputs random activations through the 
Strangee connections to the module. Note that only intermodular 
connectionss are modifiable. 

Thee equation governing the activation states (real values between 0 and 1) of 
alll  nodes in CALM is: 

aaii(t(t + l) = (l-k)al(t) + -^-[l-(l-k)ai(t)] w) 
ll  + ei 

iff  the input e, > 0, and 
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aaii(t(t + ï) = (\-k)ai(t) + -$-(l-k)ai(t) (2) 
l~el~ei i 

iff  the input e, < 0 where a is the match between inputs and the modifiable 
intermodularr weights determined by the inner product of both vectors, and k is a 
decayy parameter. 

Inn these equations three components may be distinguished. The first 
componentt (1 - k)cn(t), represents autonomous decay, and for e, > 0 the second part e, 
/ll  + et is (half of) a sigmoid function between zero and one. The third part of the rule 
[11 - (1 - k)a((t)] ensures that the increase in activation due to net excitatory input 
approachess the maximum activation asymptotically. Similarly, for a < 0, e, /ll  - e, 
squashess the negative excitation (inhibition) between minus one and zero. The (1 -
k)a,(f)k)a,(f) component then ensures an asymptotic approach to the minimum activation 
value.. It should be noted that in CALM, contrary to the Kohonen map, activations are 
nott determined by an Euclidean distance measure but by a shunting equation (e.g., 
Grossberg,, 1973; 1988), where the input term e, is determined by the more common 
weightedd summation rule. 

Thee adaptation of the intermodular weights (all other weights are fixed) is 
governedd by an extension of a learning rule published by Grossberg (1982). 

kwkwl]l] (t(t + X)=val (K(K - Wy (t))aj - Lw{j ( f )£ wlf (t)aj 
f*j f*j 

(3) ) 

wheree /*v)i s a parameter which controls the learning speed. The value of this 
parameterr depends on the activation of the E-node according to: 

}i(t)}i(t)  = d + w^aE(t) (4) 

wheree d is a constant with a small value determining base rate learning, w Ê 

iss a virtual weight from E to fi(t) (from the E-node to the learning parameter), and aE 

iss the activation of the E-node. The E-node also sends random activation pulses to all 
R-nodess in the module which are uniformly distributed over the interval [0,a£(?)] 
wheree aE(t) stands for the activation of the E-node at time t. Because all intermodular 
weightss start out at exactly the same value, the random activations are required to 
breakk the symmetry, but are also useful in later phases when there may be many 
nearly-matchingg nodes. A more extensive description of CALM can be found 
elsewheree (Murre, 1992; Murre etal., 1992; Phaf et al., 1994). 

CALMM incorporates two modes of learning: elaboration learning and 
activationn learning. The elaboration process is dependent upon the amount of 
competitionn among the R-V node pairs. If a pattern is not yet represented in the 
modulee it will generally elicit much competition, because many nodes are 
simultaneouslyy activated by the pattern. This gives rise to a high arousal level at the 
A-nodee and the E-node, yielding an increased learning rate, and relatively large 
randomm pulses facilitating the resolution of competition. A well-established pattern 
activatess its corresponding node without much competition and only strengthens its 
representationn through activation learning, which is characterized by a relatively low 
learningg rate. Learning in CALM, thus, has the effect of reducing the competition 
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withh repeated presentation of the pattern set, whereby elaboration learning is 
graduallyy replaced by activation learning. 

Thee implementation of this attentional modulation of learning was motivated 
byy a psychological theory of memory and learning (Mandler, 1980; see also Murre et 
al.,, 1992; Phaf et al., 1994), which was first used to explain results from recognition 
experimentss and which was later applied to dissociations between implicit (e.g., 
thresholdd identification, word stem completion) and explicit (e.g., free recall, 
recognition)) memory performance (see also Bower, 1996; Graf & Mandler, 1984). An 
examplee of such a dissociation is that implicit memory performance is generally 
preservedd in severely anterograde amnesic patients, whereas explicit memory 
performancee is often completely absent. A similar dissociation can sometimes be 
observedd in normal subjects when the to-be-remembered material is presented outside 
off  attention (e.g., in a divided attention task). This dissociation can be accounted for 
byy assuming that elaboration learning has been impaired in these patients (and is 
dependentt on attention in normal subjects), but that activation learning still serves to 
consolidatee existing representations. A simulation of this dissociation has been 
performedd in a multimodular CALM network (Phaf et al., 1994) by disabling 
elaborationn learning (lesioning the connection to the External node). After this lesion, 
thee network lost its ability to form new representations (in the short time available 
duringg single trial presentation), but still revealed consolidation of existing 
representations. . 

Thoughh such an account of the functioning of the hippocampus is probably too 
simplistic,, there is some neurophysiological evidence to support dual learning 
processess of which one (elaboration learning) is dependent upon the hippocampus (the 
Externall  node in our model). On the one hand cells have been found in the 
hippocampuss that selectively respond to novelty and on the other hand the dentate 
gyruss (the lowest level) of the hippocampus seems to be involved in oscillatory 
activityy which may be gated by subsequent layers (CA3 and CA1) and relayed to 
manyy areas of neocortex. The hippocampus also seems to be damaged in anterograde 
amnesicc patients. The fact that in these patients the formation of new memories is 
affectedd more than the preservation of old memories further suggests that the 
hippocampuss is not itself the actual storage system but plays a role in the binding 
processess that lead to storage at other locations in the cortex. We do not want to 
presentt the psychological and neurophysiological backgrounds of dual learning 
processess in great detail here, but we want to argue that novelty-dependent learning 
(seee also Tulving & Kroll, 1995) is not merely a convenient method for adjusting 
parameterss in topological maps, but also has some relevance on the macroscopic 
(behavioral)) and microscopic (neural) levels. 

CALMM  Map 

Ann early approach to implement a neighborhood of activated nodes in CALM, 
CALSOMM (Murre, 1992), had a linearly decreasing gradient of inhibition from the 
winningg node. Murre did, however, not obtain maximal separation of representations. 
Inn his simulations (with single module networks) adjacent input patterns were 
sometimess represented on the same node and boundary nodes tended not to be 
occupiedd by particular patterns. A further problem concerned the fact that, though a 
topologicall  ordering was achieved, subgroups were sometimes inverted (i.e., 'twists'). 
CALMM Maps differ from CALSOM due to the incorporation of a Gaussian, instead of 
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aa linear inhibition gradient (or a 'Mexican hat' gradient, as was the case with 
Miikulainen,, 1991) as a solution to boundary problems. 

Inn the approach presented here a convex inhibition gradient (i.e., part of a 
Gaussiann function) is applied, for which it hass been proven in terms of Kohonen Maps 
that,, when the "full width at half height" of the Gaussian equals the number of 
neurons,, convergence is optimal (Erwin, Obermayer, & Schuiten, 1992). Only one-
dimensionall  topologies will be considered here (e.g., a line or a ring). Though there 
aree ways of circumventing boundary problems in a line topology (i.e., by reducing the 
nett inhibition to the boundary nodes), we have chosen to avoid the problem by 
eliminatingg boundaries altogether (i.e., in a ring topology in which the first node is a 
neighborr of the last node in a module). 
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high h 

low w 

AE E 

strange e 
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Description n 

fromm R-node to matched V-node 

Gaussiann inhibition factor 

Gaussiann inhibition constant 

interconnectss V-nodes 

connectss V-node to A-node 

connectss R-node to A-node 

Connectss A-node to E-node 

connectss E-node to R-nodes 

initiall  value of learning intermodular weights 

decayy of activation 

learningg competition factor 

maximumm learning weight value 

basee rate of learning 

virtuall  weight from E-node to learning rate 

value e 

0.5 5 

8.8 8 

10.0 0 

-1.0 0 

-0.7 7 

0.3 3 

1.0 0 

0.25* * 

0.5 5 

0.25 5 

1.0** * 

1.0 0 

0.00011 ** * 

0.0005 5 

**  In the conditioning simulations this parameter was set to 0.1. 

***  In the conditioning and implicit memory simulations this parameter was set to 2.0. 

** **  In the conditioning simulations this parameter was set to 0.005. 

Tablee 1. Fixed weight values and parameters in CALM Map (see also 
Murreetal.,, 1992). 

Thee parameter values (mostly fixed intramodular weight values) were 
generallyy the same as in the standard CALM module (Murre et al., 1992 see also 
Tablee 1). Simulations have shown that these parameters can be varied over large 
rangess to preserve global behavior of CALM Maps and modules. Though this set was 
chosenn after some preliminary simulations, it cannot be excluded that better values 
cann be obtained. The parameter values have to obey some global rules. To enable a 
transitionn from elaboration to activation learning, for instance, the inhibitory weights 
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fromm the V-nodes to the A-node have to be larger in absolute value than the excitatory 
weightss from the R-nodes to the A-node. Because there is generally more than one 
nodee active in the activity bubble, the weights to the A-node in the CALM Map had to 
bee adjusted to the new proportions of excitation and inhibition. Relative to the CALM 
modules,, the activations of A- and E-nodes were reduced in the CALM Maps, so that 
theree would be enough noise to break symmetry but ordered representations would 
nott be disturbed. To allow for a smooth distribution of representations, furthermore, 
thee learning rate was reduced. Finally, two old (inhibitory) parameters were replaced 
byy two new parameters for the inhibition gradient, which had the following form: 

==  Ae 
U-JY U-JY 

B B (5) ) 

wheree hy denotes the inhibitory weight from the y'-th V-node to the i'-th R-
node,, A > 0, B > 0, and o determines the width (standard deviation) of the inhibition 
gradient.. Note that B > A, so that all h,s values are negative with maximum value A-B 
(thee inhibition to the matched R-node in CALM) and the minimal values approach B 
(thee cross-weight in CALM). The value of a may be kept dependent on module size, 
n,, according to the following empirical formula: 

(6) ) 

Thee values of a are rounded to the nearest half. Smaller values than those 
prescribedd by this formula tend to induce frequent twists. The parameters of the 
Gaussian,, furthermore, do not change during presentation of a pattern set, nor does 
anyy other parameter. 
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Figuree 26. Trace of categorization of pattern set (pl...p9) in CALM 
Mapp of size 11. 

Too illustrate the ordering process in the CALM Map, nine patterns (the same 
sett was used by Murre, 1992), were presented 100 times for 25 iterations each to a 



58 8 Chapterr 4 

modulee of size 11 (ring topology) from a number of clamped input nodes. Patterns 
weree presented in random order. Between presentations all activations, but not the 
connectionn weights, were initialized (to zero). In Figure 26 the pattern set and the 
categorizationn results are shown. After about 30 presentations the patterns are 
properlyy ordered on a one-dimensional scale. Due to the absence of twists and multi-
committedd nodes, the results seem somewhat better than in a similar simulation by 
Murree (1992). 

Itt may be interesting to consider the ordering process in CALM Maps. For the 
firstt presentations, the representations generally lie around an initially selected central 
node.. Because the activity bubble at the start extends over the full ring for every 
pattern,, learning a specific pattern on a node has the effect of attracting all input 
patternss around this node. The activity bubble subsequently narrows due to further 
learningg of this pattern. The competitive learning rule decreases the connection 
weightss from non-overlapping patterns (with inactive connections) to nodes within the 
activityy bubble. Patterns that are disjunct with the pattern causing the bubble, 
therefore,, tend to be represented outside the activity bubble. Because the weights to 
nodess farthest away from the (shrinking) bubble are reduced the least, these nodes 
wil ll  represent patterns that have the least overlap with the pattern responsible for the 
activityy bubble. The competitive learning mechanism, in combination with the 
activationn gradient, leads to the 'stretching' property of CALM Maps (i.e., dissimilar 
patternss will be represented as far apart as possible). The distance of such 
representationss of course depends on the size of the module and the presence of other 
inputt patterns that are even more dissimilar. This causes the patterns to organize 
accordingg to their degree of similarity. 

Thee random activations ensure the selection of a 'central' node and help to 
breakk symmetry when many patterns are represented close together, which is for 
instancee the case when initially all representations are around the central node. In fact, 
becausee differences in activations are smallest between neighboring nodes, the 
randomm activations will favor the separation of representations. In the beginning, the 
randomm activations will help the spreading out of representations, but later on they 
mayy disturb the ordering. The amplitude of the random activations, however, depends 
onn the E-node activation, which in turn depends on the size of the activity bubble. The 
internall  regulation of the activity bubble thus also reduces the random activations 
whenn they are no longer useful for the organization process. Eventually, the 
representationss will settle in an organized state with minimal competition and low E-
nodee activation, so that ordering is not disrupted by the random activations. 

Inn the Kohonen map only the initial weights are chosen at random and there is 
noo further (state-dependent) random process at work during processing. Consequently, 
thee representations start out at random positions without apparent ordering and then 
formm small clusters from which representations are gradually reordered according to 
theirr mutual relationships. It may be noted that the start from a core representation in 
CALMM Maps (and CALSOM), as compared to many random representations may 
leadd to a considerable shortening in separation times relative to the Kohonen map. In a 
comparisonn of CALSOM and Kohonen maps in the classification of wave 
spectrogramm data from the ESA GEOS satellite mission the former indeed appeared to 
arrivee at a slightly better categorization in an appreciably shorter time than the latter. 
Thee reordering of an initial random order is thus omitted in CALM Maps (and 
CALSOM),, which may be an advantage for practical applications of topological self-
organization. . 


