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1 IntroductionA prominent feature of attractor neural networks (ANN) as models for associative memoryis their robustness, i.e. their ability to maintain performance in face of damage to theirneurons and synapses. Robustness of biological systems is due, however, not just to theirdistributed structure, but depends also on compensatory mechanisms which they employ.In a recent paper [Horn et al., 1993], we have shown that while some of the synapses aredeleted, compensatory strengthening of all the remaining ones can rehabilitate the system,and that di�erent compensation strategies can account for the observed variation in theprogression of Alzheimer's disease. The ANN we examined represented an isolated corticalmodule, receiving its input as an initial state into which the network is `clamped', after whichit evolves in an autonomous manner.In this work, we study an ANN representing a cortical module receiving input patterns aspersistent external �elds projecting on the network (as, for example, in [Parisi and Nicolis,1990]), presumably arising from other cortical modules. We examine the network's potentialto compensate for the weakening of the external input �eld. It is shown that, to a cer-tain limit, memory performance may be preserved by strengthening the internal synapticconnections and by increasing the noise which stands for other, non-speci�c external connec-tions. However, these compensatory changes necessarily have adverse side e�ects, leading tospontaneous, stimulus-independent, retrieval of stored patterns.Our interest in studying synaptic deletion and compensation in an external-input drivenmodel is motivated by Stevens' recent hypothesis concerning the possible role of such synapticchanges in the pathogenesis of Schizophrenia [Stevens, 1992]. Schizophrenia is a devastatingpsychiatric disease, whose broad clinical picture ranges from `negative', de�cit symptomsincluding pervasive blunting of a�ect, thought, and socialization, to `positive' symptoms suchas 
orid hallucinations and delusions. Its worldwide prevalence is approximately 1 percent,and even with the most up-to-date treatment the majority of patients su�er from chronicdeterioration. While the introduction of relatively objective criteria has improved diagnosticuniformity, and dopamine-blocking neuroleptic drugs have enhanced symptomatic relief, thediagnosis still remains phenomenologic, and the treatment palliative. Our goal in this paperis to provide a computational account of Stevens' theory of the pathogenesis of Schizophrenia,in a framework of an ANN model.Only a few neural network models of Schizophrenia have been proposed. Ho�man [Ho�-1



man, 1987, Ho�man and Dobscha, 1989] has previously presented Hop�eld-like ANN modelsof schizophrenic disturbances. He has demonstrated on small networks that when, due tosynaptic deletion the network's memory capacity becomes overloaded, the memories' basinsof attraction are distorted and `parasitic foci' emerge, which he suggested could underlie someschizophrenic symptoms such as hallucinations and delusions. This scenario implies, how-ever, that a considerable deterioration of memory function should accompany the appearanceof psychotic symptomatology already in the early stages of the disease process, in contrastwith the clinical data [Mesulam, 1990, Kaplan and Sadock, 1991]. We shall show that whenthe broad spectrum of synaptic changes that occur in accordance with Stevens' theory areconsidered, memory functions may remain preserved while spontaneous retrieval rises. Thelatter may be an important mechanism participating in the generation of some psychoticsymptoms.Cohen and Servan-Schreiber have presented connectionist feed-forward back-propagationnetworks that were able to simulate normal and schizophrenic performance in several atten-tion and language-related tasks [Cohen and Servan-Schreiber, 1992]. In the framework of amodel corresponding to the assumed function of the prefrontal cortex, they demonstrate thatsome schizophrenic functional de�cits can arise from neuromodulatory e�ects of dopaminewhich may take place in schizophrenia. Their model obtains an impressive quantitative �twith human performance in a broad spectrum of cognitive phenomena. They also provide athorough review of previous neural models of schizophrenia to which the interested reader isreferred.In this work the discussion is restricted to memory retrieval, assuming that the bulkof long-term memory has already been stored. The next section de�nes the network andits dynamics. Section 3 describes its role as a functional model of Stevens' hypothesis. Insection 4 we derive an analytic approximation of the network performance, and study therelation between stimuli-driven retrieval and spontaneous retrieval following synaptic deletionand compensation. The results of this approximation and of corresponding simulations arepresented in section 5. Finally, the relevance of our �ndings to Stevens' hypothesis concerningthe pathogenesis of Schizophrenia is discussed.2



2 The modelWe build upon a biologically-motivated variant of Hop�eld's ANN model, proposed byTsodyks & Feigel'man (TF) [Tsodyks and Feigel'man, 1988]. Each neuron i is describedby a binary variable Si = f1; 0g denoting an active (�ring) or passive (quiescent) state, re-spectively. M = �N distributed memory patterns �� are stored in the network. The elementsof each memory pattern are chosen to be 1 (0) with probability p (1� p) respectively, withp � 1. All N neurons in the network have a �xed uniform threshold �.In its initial, undamaged state, the weights of the internal synaptic connections areWij = c0N MX�=1(��i � p)(��j � p) ; (1)where c0 = 1. The post-synaptic potential (input �eld) hi of neuron i is the sum of internalcontributions from other neurons in the network and external projections Fiehi(t) =Xj WijSj(t� 1) + Fie : (2)The updating rule for neuron i at time t is given bySi(t) = � 1; with prob. G(hi(t)� �)0; otherwise (3)where G is the sigmoid function G(x) = 1=(1 + exp(�x=T )), and T denotes the noise level.The activation level of the stored memories is measured by their overlapsm� with the currentstate of the network, de�ned bym�(t) = 1p(1� p)N NXi=1(��i � p)Si(t) : (4)The initial state of the network S(0) is random, with average activity level q < p, re
ectingthe notion that the network's spontaneous level of activity is lower than its activity in thepersistent attractor states. Stimulus-dependent retrieval is modeled by orienting the �eld F ewith one of the memorized patterns (the cued pattern, say �1), such thatFie = e � �1i ; (e > 0) : (5)Following the dynamics de�ned in (2) and (3), the network state evolves until it convergesto a stable state. Performance is then measured by the �nal overlap m1.In addition to investigating the network's activity in response to the presentation of anexternal input, we also examine its behavior in the absence of any speci�c stimulus. In this3



case, the network may either continue to wander around in a state of random low baselineactivity, or it may converge onto a stored memory state. We refer to the latter process asspontaneous retrieval.In its undamaged state, the noise level T = T0 is low and the strength e = e0 of theexternal projections is chosen such that the network will 
ow dynamically into the cuedmemory pattern (�1 in our example) with high probability. The stored memories are henceattractors of the network's dynamics. We �nd the optimal threshold which ensures highperformance in the initial undamaged state, and investigate the e�ects of synaptic changeson the network's behavior, as described in the next section.3 Stevens' hypothesis in an ANN frameworkThe wealth of data gathered concerning the pathophysiology of Schizophrenia supports theinvolvement of two major cortical areas, the frontal and the temporal lobes [Kaplan andSadock, 1991]. On one hand, there are atrophic changes in the hippocampus and parahip-pocampal areas in the brains of a signi�cant number of schizophrenic patients, includingneural loss and gliosis. On the other hand, neurochemical and morphometric studies testifyto an expansion of various receptor binding sites and increased dendritic branching in thefrontal cortex of schizophrenics (reviewed in [Stevens, 1992]). Unifying these temporal andfrontal �ndings, Stevens [1992] has claimed that the onset of Schizophrenia is associated withreactive anomalous sprouting and synaptic reorganization taking place at the frontal lobes,subsequent to the degeneration of temporal neurons projecting at these areas.To study the possible functional aspects of Stevens' hypothesis, we model a frontal mod-ule as an ANN, receiving its inputs from degenerating temporal projections and undergoingreactive synaptic regeneration. It is conventionally believed that the hippocampus and itsanatomically related cortical medial temporal structures (MTL) have an important role in es-tablishing long-term memory for facts and events in the neocortex [Squire, 1992]. Widespreaddamage to MTL structures may result in both severe anterograde and retrograde amnesia,so that the hippocampus may have an important role not only in storage but also in retrievalof memory. The work of Heit et al. [Heit et al., 1988] suggests that the MTL contributesspeci�c information rather than di�use modulation to the encoding and retrieval of memories.We hence assume that memory retrieval from the frontal cortex is invoked by the �ring ofexternal incoming MTL projections. 4
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Figure 1: A schematic illustration of the model. Each frontal module is modeled as anANN whose neurons receive inputs via three kinds of connections: internal connections fromother neurons in the module, external connections from MTL neurons, and di�use externalconnections from other cortical modules.The basic analogy is straightforward and is described in �gure 1. When schizophrenicpathological processes occur, the degeneration of temporal projections is modeled by decreas-ing the strength e of the incoming input �bers. 1 Reactive frontal synaptic sprouting andreorganization are modeled by increasing the strength c of the internal connections, such thatWijnew = c �Wijold ; (c > 1) : (6)The expansion of di�use external projections is modeled as increased noise T , re
ectingthe assumption that during stimulus-dependent retrieval performed via the temporal-frontalpathway, the contribution of other cortical areas is nonspeci�c.
1Alternatively one can choose random deletion of the inputs to the neurons of the ANN, with a fractione=e0 surviving intact. All the results described in this work remain qualitatively similar. The only notabledi�erence is that increased noise has a weaker compensatory e�ect.5



4 Analysis of the model4.1 Threshold determination and the overlap equationThe TF model has been studied quantitavely [Tsodyks and Feigel'man, 1988, Tsodyks, 1988]by deriving a set of mean-�eld equations that describe the state of several macroscopic vari-ables as the network state evolves. In the limit of low activity rate p and low memory load� the only equation needed is the macroscopic overlap equation which describes the level ofoverlap m with the cued memory pattern [Tsodyks and Feigel'man, 1988].Given an overlap m1(t) at iteration t, we estimate the overlap m1(t+ 1). By (4),m1(t+ 1) = (7)1p(1� p) h(1� p)P (�1i = 1)P (Si(t+ 1) = 1j�1i = 1)� pP (�1i = 0)P (Si(t+ 1) = 1j�1i = 0)i == P (Si(t+ 1) = 1j�1i = 1)� P (Si(t+ 1) = 1j�1i = 0) :Using (2), (3), (5) and (6) we �ndSi(t+ 1) = G24 cN 0@ NXj=1(�1i � p)(�1j � p)Sj(t) + MX�=2 NXj=1(��i � p)(��j � p)Sj(t)1A+ e�i1 � �35(8)where we have separated the signal from the noise term. Hence, the input �eld of neuron iis conditionally normally distributed (with respect to its correct value �i1) with means�1 = cp(1�p)2m1+e��, �0 = �cp2(1�p)m1��, where the indices refer to the two possiblechoices of the value of �. The variance can be approximated by �2 � �qp2c2 � �p3c2 inleading order in p.The probability of �ring of a sigmoidal neuron i, with noise level T , receiving a normallydistributed input �eld hi with mean � and standard deviation � isP (Si = 1jhi) = Z +1�1 11 + e�(�+�z)=T �(z)dz � Z ���+ �z1:702T ��(z)dz = (9)Z P �Z2 � � + �z1:702T��(z)dz = P �Z2 � � + �Z11:702T � =P 0@Z2 � �1:702TZ1q1 + �2(1:702T )2 � �1:702Tq1 + �2(1:702T )21A = � �p(1:702T )2+ �2!where � is the standard normal distribution function, � is the standard density function,and where we have used a sigmoidal approximation to the Gaussian cumulative distribution6



function (see [Haley, 1952])Supxj�(x)� 11 + exp(�1:702x)j < 0:01 : (10)Hence, by (7) and (9), the overlap equation ism1(t+ 1) = � cp(1� p)2m1(t) + e� �p(1:702T )2+ �p3c2 !� � �cp2(1� p)m1(t)� �p(1:702T )2+ �p3c2 ! : (11)Maximizing the value of (11) we �nd that the optimal threshold is� = 0:5[(1� 2p)p(1� p)cm1(t) + e] : (12)It is of interest to note that the optimal threshold is a function of the current overlapm(t). Best results would have therefore been achieved with a dynamically varying thresholdthat constantly increases in every iteration until convergence is achieved, testifying to thepossible computational e�ciency of neural adaptation, a characteristic of many cortical neu-rons [Connors and Gutnick, 1990]. However, for simplicity we used a �xed threshold whosevalue in the baseline, undamaged phase (c = c0 = 1 ; e = e0)� = 0:45[(1� 2p)p(1� p) + e0] (13)was found to generate the best results in our simulations.We see that the optimal threshold is determined by the initial baseline values of c0 and e0.In our simulations, described in the following, we have used c0 = 1; e0 = 0:035 and T0 = 0:005.When e is decreased, the threshold is no more optimal. This decrease may be compensatedfor by an increase in c as well as in T , as will be shown below. From expressions 12 and 13,it is obvious that from a computational standpoint, when the external synapses degenerate,the performance of the ANN may be improved by threshold adjustment instead of internalsynaptic strengthening. Indeed, from a biological point of view, the strengthening of externaldi�use projections may have a net excitatory e�ect on frontal neurons (following the commonbelief that cortical long-range connections are excitatory), and therefore may lead to a combi-nation of both increased noise levels and e�ective threshold decrease. In our analysis we haveassumed the former, in the form of the temperature T , but neglected the latter. For clarity ofexposition, we have chosen to separate between compensatory synaptic modi�cations whichprimarily change the mean of the neuron's input �eld, and those modi�cations which onlychange its variance. An e�ective decrease of the threshold would simply call for a di�erentchoice of the compensation parameter c. 7



4.2 The e�ects of synaptic changes and noise levelLet ��1 = p(1� p)2 , ��0 = p2(1� p) and �� = q(1:702T )2 + �p3c2, and rewrite (11) asm1(t+ 1) = � cm1(t) ��1 + e� ��� !+� cm1(t) ��0 + ��� !� 1 : (14)Then, by (14), the following observations are straightforward:1. The �xed point solution of (14) is monotonically increasing in c.2. Since ��1 � ��0, the �rst term dominates this equation.3. In the initial undamaged state, e0 < �, ensuring that the network does not follownon-stored patterns if the latter are presented as inputs. Therefore, at t = 0 andm1(0) � 0, the argument of the �rst term is negative, and increased noise increases themagnitude of the overlap m1(1) (the overlap of the input pattern). However, as thedynamics evolve, the argument of the �rst term becomes positive, and the increasednoise reduces the �nal overlap.
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with m1 � 1 (full curve). After the weakening of external projections, two additional �xedpoints may appear (dotted curve). The lowest �xed point is not visible on the scale of �gure 2,but it always coexists with the middle �xed point since, by (11), m1(1) > 0 when m1(0) = 0.It is easy to see that the middle �xed point is unstable, while the two extreme ones are stable.The middle, unstable, �xed point denotes the critical value Cr that divides the map; onlyinput patterns with overlap m1 > Cr will converge to the higher �xed point, signifying suc-cessful retrieval. As the initial overlap of an input pattern is essentially zero, equation (11)will converge to its lower �xed point whenever it exists, resulting in stimulus-retrieval failure.The compensatory potentials of internal synaptic strengthening and increased noise levelare illustrated in �gure 3. In both cases we see that with su�cient compensatory increase theoriginal situation (where only a single, high overlap, �xed point exists) is restored. Note thatas the noise level is increased the magnitude of the highest �xed point decreases monotonically,in accordance with observation 3.
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the overlap equation. The map (m(t+ 1) j m(t)) generated in this fashion has a similar formto that shown previously in the stimulus-driven mode, as illustrated in �gure 4. Analogous tothe case of stimulus-dependent retrieval, the middle �xed point denotes the critical value Cs,such that only when mmax > Cs expression (11) converges to its higher �xed point, denotingspontaneous retrieval of a stored memory pattern.
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3. Stimulus-driven retrieval is lost (a lower �xed-point appears in the stimulus-drivenmap).Similar to its e�ect on stimulus-dependent retrieval, an increase of the noise level wouldenhance the level of spontaneous retrieval, by decreasing the negative argument of the dom-inant �rst term in (14), but would gradually decrease the �nal overlap.In the next section we use equation (11) to study quantitavely the relation between thetwo retrieval modes, characterized as( Stimulus-dependent retrieval mode with parameters m(0) = 0 ; e > 0Spontaneous retrieval mode with parameters m(0) = mmax ; e = 0 (15)It should be noted that the derivation of (11) is based on the assumption that the overlap msingled out is signi�cantly higher than the overlaps with all other memory patterns, whichare considered as background noise. This is di�erent from the situation in the spontaneousmode, where a few memory patterns may have initial overlaps which do not fall far frommmax.Hence, the results obtained by iterating (11) in this mode are only an approximation to theactual emergence of spontaneous retrieval in the network. As we shall show, in sparsely-coded,low memory-load networks simulation results are in close agreement with these estimates.
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5 Numerical resultsWe turn now to simulations examining the behavior of a network under variations of synapticstrength and noise level, and compare these results with the analytic approximations obtainedby iterating equation (11). All the simulations presented in this section were performed in anetwork of N = 400 neurons, storing M = 20 memory patterns, with coding level p = 0:1.Optimal thresholds were set for e0 = 0:035 and c0 = 1. Performance was measured by the �naloverlap averaged over 100 trials, denoted the average �nal overlap. In the initial, undamagedstate, the values of the synaptic strengths and threshold were set such that perfect memoryretrieval at low noise levels was attained, as shown by the full curve in �gure 5a.(a) (b)
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Figure 5: Stimulus-dependent retrieval performance, measured by the average �nal overlapm, as a function of the noise level T . Each curve displays this relation at a di�erent magnitudeof external input projections e. (a) Simulation results. (b) Analytic approximation.Figure 5a displays simulation results demonstrating that an increase in the noise levelcan compensate for the deterioration of memory retrieval due to a decrease in the externalinput. For �xed T , performance decreases rapidly as e is decreased. If the decrease in e isnot too large, an increase in T restores stimulus-dependent retrieval performance. The �rstthree curves are qualitatively similar, characterized by a peak of the retrieval performance atsome e-dependent optimal level of noise. Eventually, at low e levels retrieval is lost.Figure 5b presents analytical results describing the e�ect of noise on the dynamic evolution12



of the network, obtained by iterating the macroscopic overlap equation (11). These resultsbear strong resemblance to those obtained in simulations 2.The initial sharp rise in the performance obtained as T is increased above some point (athigh enough e values) is made clear by considering the map (m(t+1) jm(t)) displayed earlierin �gure 3; at this point the noise level is su�cient to eliminate the two lower �xed pointsand there is a crossover to the highest �xed point. As e is decreased, higher T values arerequired to eliminate the lower �xed points, and the value of the higher �xed point decreases.As illustrated in �gure 5b, there is a crossover point (e � 0:013) where retrieval performancedrops sharply. The map (m(t+ 1) j m(t)) presented in �gure 6 shows that in this parameterregion the crossover to the higher �xed point does not occur any more (see the dashed curve)and the solution of (11) is always obtained at the lower �xed point.
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is achieved with increasing c values. The macroscopic overlap equation fails to give an ac-curate account of stimulus-dependent retrieval at high c levels; as the internal synapses arestrengthened and spontaneous retrieval arises, there is no longer a single signi�cant overlap.
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Figures 9a and 9b illustrate that synaptic strengthening and increased noise eventuallygenerate spontaneous retrieval. The analytic approximation is in fair correspondence with thesimulation. Due to interference from other memories with high initial overlap, spontaneousretrieval in the network is lower than the theoretical prediction.(a) (b)
0.005 0.010 0.015 0.020

T

0.0

0.2

0.4

0.6

0.8

1.0

m

Analytic  approximation
Simulation 

2.0 2.5 3.0 3.5 4.0
c

0.0

0.2

0.4

0.6

0.8

1.0

m

Analytic  approximation
Simulation Figure 9: (a) Spontaneous retrieval, measured as the highest �nal overlap m achieved withany of the stored memory patterns, displayed as a function of the noise level T . c = 1. (b)Spontaneous retrieval as a function of internal synaptic compensation factor c. T = 0:009.In both cases e = 0 q = 0:05, yielding mmax = 0:111 as the starting point for iterating theoverlap equation.In the previous section we have seen that three retrieval scenarios may occur, dependingon the values of e,c and T . As spontaneous retrieval depends only on c and T , the remainingparameter e determines wherever stimulus-dependent retrieval is maintained as spontaneousretrieval emerges. In our network this combined retrieval mode is obtained with fairly highlevels of e; c and T , but it may exist also at lower levels, depending on the levels of thememory load �, spontaneous activity q, and the initial external strength e0.Finally, we wish to point out another adverse feature of compensation, with relevanceto decreased speci�city of stimulus-dependent retrieval: When the undamaged network ispresented with a non-memorized input pattern, it converges to a state which has no signi�cantoverlap with any of the memorized patterns. However, after compensatory synaptic changestake place, the network may respond to the presentation of a non-stored pattern by convergingto a state which has high overlap with one of the memory states, and thus erroneously retrieve15



non-queried patterns. As illustrated in �gure 10, retrieval speci�city begins to deterioratealready at moderate compensatory levels, before spontaneous retrieval arises.
1.0 2.0 3.0 4.0

c

0.0

0.2

0.4

0.6

0.8

1.0

m

e = 0.015
e = 0.025Figure 10: Decreased speci�city: The �nal overlap m as a function of internal synapticstrength c, for two values of external synaptic strength e. The input stimulus is a randompattern which does not correspond to any memory pattern. In each trial, m is taken as thehighest �nal overlap achieved with any of the stored memory patterns. T = 0:009.6 DiscussionMotivated by Stevens' hypothesis, we have constructed a neural model supporting the ideathat synaptic regenerative processes observed in the frontal cortices of schizophrenics con-comittantly with the denervation of MTL projections are not just a mere `epiphenomenon',but have a compensatory role. Schizophrenic symptomatology involves complicated cogni-tive and perceptual phenomena, whose description certainly requires much more elaboraterepresentations than a simple associative memory model of the kind we have used. However,whatever their neural realization may be, schizophrenic symptoms such as delusions or hal-lucinations frequently appear in the absence of any apparent external trigger. It thereforeseems plausible that the emergence of spontaneous activation of stored patterns is an essentialelement in their pathogenesis. The decrease of retrieval speci�city may underlie schizophrenicthought disorders such as loosening of associations, where a unifying theme is absent fromthe patient's discourse; one may contend that due to decreased speci�city, numerous patternsin di�erent modules may be activated concomittantly and compete with each other, makingthe maintenance of a serial ordered cognitive process an increasingly di�cult task.16



Delusions and hallucinations tend to concentrate upon a limited set of recurring cogni-tive and perceptual themes. This cannot be accounted for by a model where spontaneousretrieval is homogeneously distributed among all stored memory patterns. To obtain a non-homogeneous distribution, the compensatory regeneration of internal synapses should havean additional Hebbian-like activity-dependent term, as, for example,Wij(t) = (1� 
)Wij(t� 1) + 
(Si(t� 1)� p)(Sj(t� 1)� p) : (16)This learning process is assumed to proceed on a much slower time scale than the retrieval one.Nevertheless, their coexistence can lead to interesting phenomena: As some memory patternis spontaneously retrieved, its corresponding basin of attraction is further enlarged. Thisincreases therefore the probability of spontaneously retrieving memories that have alreadybeen retrieved. If spontaneous retrieval emerges, then via this positive feed-back loop, anybias in the network's initial state can break the symmetry underlying the generation ofa homogeneous distribution of retrieved states, and an inhomogeneous distribution can beobtained. Memory Spurious Near-zero activityN = 400c = 1:5 0 0 100c = 2:0 18 3 79c = 2:5 61 9 30N = 800c = 2:0 0 0 100c = 2:5 11 4 85c = 3:0 31 34 35N = 1600c = 3:0 8 20 72c = 3:25 14 46 40c = 3:5 21 68 11Table 1: Distribution of �nal attractor states generated in a network with spontaneous re-trieval. Stored memory states, spurious states and near-zero activity states are counted. Theresults are shown for three networks of di�erent size N (keeping the memory load � = 0:05�xed), while varying the internal synaptic strength c. In all simulations presented e = 0:015,T = 0:009 and p = 0:1. Convergence to a stored memory pattern was considered as suchwhen the �nal overlap with that pattern was above 0:9.We have assumed in our analysis that only states of high overlap with one of the storedmemories are cognitively signi�cant. We have thus neglected all spurious states to which the17



network can converge. The simulation results presented in table 1 indicate that when thenetwork size is small (N = 400) the role of the spurious states in spontaneous retrieval israther small; if the network does not converge to one of the memories it often ends up in astate with very low activity which has negligible overlap with the memories. However, thepercentage of mixed states considerably increases as the network size is increased. Hence,in large networks spontaneous retrieval seems likely to mostly consist of spurious states,together with a few memory states. Yet, two additional factors may in turn enhance therelative percentage of memory states spontaneously retrieved in large networks. First, as thecoding rate p is decreased (and cortical networks are considered to have very low `coding'rates [Abeles et al., 1990]), the percentage of memory retrieval is signi�cantly increased; forexample, in a simulation performed in a network of size N = 1600 (with � = 0:05, c = 2:5,e = 0:015, T = 0:009) and coding rate p = 0:05, the network has converged to a memorystate in 44% of the trials, to a near-zero activity state in 38%, and to a spurious state inonly 18% 3. Second, as preliminary results seem to indicate, the incorporation of synapticHebbian changes like those suggested in (16) is likely to markedly increase the percentageof memory states the network spontaneously converges to, due to their enlarged basins ofattraction. The question of how are spurious states distinguished from memory states hasbeen addressed in the ANN literature elsewhere (e.g., [Parisi, 1986, Shinimoto, 1987, Ruppinand Yeshurun, 1991]).In Alzheimer's disease, synaptic degenerative processes damage intra-modular (i.e., in-ternal) synaptic connections [DeKosky and Sche�, 1990] which store the memory patterns.Hence, although synaptic compensation (performed by strengthening the remaining synapses)may slow down memory deterioration, the demise of memory facilities is inevitable [Hornet al., 1993]. Simulations we have performed show that spontaneous retrieval does notemerge when the primary damage compensated for involves intra-modular connections. InSchizophrenia, the internal synaptic matrix of memories remains presumably intact, andsynaptic compensatory changes may successfully maintain memory functions. However, aswe have shown, when internal synaptic strengthening compensates for external synaptic den-ervation, spontaneous retrieval emerges.Despite a number of suggestive �ndings, there is currently no proof that a global abnor-mality of neuro-transmission is a primary feature of Schizophrenia [Mesulam, 1990]. Moti-3As the coding rate is lowered, spontaneous memory retrieval is achieved at lower compensation values, soa direct comparison of the retrieval obtained with di�erent coding levels at the same c levels is not possible.18



vated by Stevens' theory, we have focused on the neuroanatomical synaptic changes, withoutreferring to any speci�c neurotransmitter. However, it should be noted that symptoms likedelusions and hallucinations are known to be responsive to dopaminergic agents. Buildingupon recent data that may support the possibility that the initial abnormality in Schizophre-nia involves a hypodopaminergic state, Cohen and Servan-Schreiber [1992] have shown thatschizophrenic de�cits may result from a reduction of adrenergic neuromodulatory tone in theprefrontal areas. In parallel, we have shown that increased noise, which is computationallyequivalent to decreased neural adrenergic gain (see [Cohen and Servan-Schreiber, 1992] for areview of this data), may result in adverse positive symptoms. However, in accordance withStevens' theory, this additional noise arises from synaptic reinnervation, and is independentof the level of dopaminergic activity.On the physiological level, it is predicted that at some stages of the disease, due to theincreased noise level, increased spontaneous activity should be observed. This prediction isobviously di�cult to examine directly via electrophysiological measurements. Yet, numerousEEG studies in schizophrenics show increased sensitivity to activation procedures (i.e., morefrequent spike activity) [Kaplan and Sadock, 1991], together with a signi�cant increase inslow-wave delta activity which may re
ect increased spontaneous activity [Jin et al., 1990].Our model can be tested by quantitatively examining the correlation between a recentpre-mortal history of 
orid psychotic symptoms and postmortem neuropathological �ndingsof synaptic compensation in schizophrenic subjects. Quoting Mesulam [Mesulam, 1990], \Onewould have expected neuropathology to provide a gold standard for research on schizophrenia,but this is not yet so...". It is our hope that neural network models may encourage detailedneuropathological studies of synaptic changes in neurological and psychiatric disorders, that,in turn, would enable more quantitative modeling.
19



Appendix: The calculation of mmaxLet us consider a network ofN neurons, storingM f0; 1g patterns ��, � = 1; : : : ;M . Eachmemory pattern �� is generated with Prob(��i = 1) = p and the initial state S is randomlygenerated with Prob(Si = 1) = q, q � p. The random variable Zi = Si(�i � p) is distributedaccording to the following probabilities piZi = 8><>: 0 1� q�p (1� p)q1� p qp (17)E(Zi) = 0 and for some � > 0 (using Markov's inequality)P  NXi=1Zi > N�! = P �etPNi=1 Zi > etN�� < E �etPNi=1 Zi�etN� (18)= �E(etZi)�NetN� = eN(logE(etZi)�t�) � e�N�(�)To �nd the tightest of these bounds we di�erentiate �(�) with respect to t and solve� = P3j=1 pjZjetZjP3j=1 pjetZj = �pq(1� p)e�tp + pq(1� p)et(1�p)1� q + q(1� p)e�tp + pqet(1�p) (19)to �nd the corresponding t that maximizes �(�). As we have M � eN� stored memorypatterns, we obtainP �mmax > �p(1� p)� �M � P  NXi=1Zi > N�! � e�N(�(�)��) : (20)As is evident from equation (20), the probability that the maximal initial overlap mmax islarger than �p(1�p) decreases exponentially with �(�)� �. At low values of � many memorieswill have an overlap larger than �p(1�p) . At high values of �, there will be no such memory,with probability almost 1. Hence, mmax is found by searching for �� such that �(��) = �,i.e., when the expected number of memories whose overlap is larger than mmax = ��p(1�p) is1. To this end, for every � (from 0 to p(1� p)) we search for the best t-value by solving (19),calculate the corresponding �(�) by (18), and stop whenever �(�) = �.Some values of mmax as a function of q, for three di�erent networks, are displayed intable 2. Although mmax decreases monotonically as the network size increases (keeping ��xed), the value of mmax remains non-vanishing even when considering large, `cortical-like'networks. 20
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