1Computational Diversity in a Formal Modelof the Insect Olfactory MacroglomerulusC. LINSTER*, C. MASSON**, M. KERSZBERG***,L. PERSONNAZ*, G. DREYFUS** Ecole Sup�rieure de Physique et de Chimie Industrielles de la Ville de Paris,Laboratoire d’Electronique10, rue Vauquelin75005 PARIS - FRANCE** Laboratoire de Neurobiologie Compar�e des Invert�br�sINRA/CNRS (URA 1190)91140 BURES SUR YVETTE - FRANCE***Institut Pasteur25, rue du Docteur Roux75015 PARISAbstractWe present a model of the specialist olfactory system of selected moth species and thecockroach. The model is built in a semi-random fashion, constrained by biological(physiological and anatomical) data. We propose a classification of the response patternsof individual neurons, based on the temporal aspects of the observed responses. Amongthe observations made in our simulations a number relate to data about olfactoryinformation processing reported in the literature, others may serve as predictions and asguidelines for further investigations. We discuss the effect of the stochastic parameters ofthe model on the observed model behavior and on the ability of the model to extractfeatures of the input stimulation. We conclude that a formal network, built with randomconnectivity, can suffice to reproduce and to explain many aspects of olfactoryinformation processing at the first level of the specialist olfactory system of insects.IntroductionWe study the detection of sexual pheromones by insects, with a view to the more generalmodeling of the olfactory pathway. We use the known anatomical data of the olfactorysystem, and retain the level of detail we deem necessary to produce biologically relevantbehavior. Thus, we do not attempt to represent the particulars of dendritic passive

2propagation, or the precise local input-output functionality of individual synapses. Wemodel them by simple ingredients such as propagation delays and activation thresholds.Precise biological data on the wiring is not available, therefore we introduce randomnessin the connectivity.Avariety of approaches to the modeling of olfactory systems have been presented thusfar: the pioneering work of Rall and Shepherd (1968) exploits a wealth of detailconcerning the precise shape of mitral cell dendrites in order to compute electricalpotentials; Wilson et al (Wilson & Bower 1988; Wilson & Bower 1989; Haberly &Bower 1989) replicate certain basic features of responses by extensive simulations oflarger cell sets exploiting the same data; Lynch and Granger (Lynch et al. 1989; Lynch &Granger 1989) study associative memory and synaptic adaptation in piriform cortex,including considerable detail about synaptic processes, and a Hebb-type learning rule; Liand Hopfield (1989) attempt to abstract a set of relevant parameters from the biologicaldetails of the olfactory modular organization, with a highly simplified model: interneuronsare lumped into single variables. In contrast, we study the individual and collectivebehavior of neurons whose dendrites make contacts within the so-called macroglomerulus(or macroglomerular complex MGC), which is responsible for sexual pheromonerecognition. The aim of our work is to analyze the emergence of the responses necessaryfor odor recognition and localization.Biological backgroundIn the olfactory system of insects, two sub-systems process behaviorally important odorclasses: the specialist subsystem detects sexual pheromones, while the generalistsubsystem recognizes food odors (for a review see (Masson & Mustaparta 1990)). In thefollowing, we focus on the specialist subsystem. It receives information from sensoryneurons, which are sensitive to non overlapping molecule spectra ("labelled lines"). Theaxons of sensory neurons project onto the antennal lobe local interneurons, whichpossess no axons, and onto the antennal lobe projection or output neurons. The lattertransfer signals to other centers for further integration with other sensory modalities. Thehuge convergence between pheromone sensitive and projection neurons, which Ernst andBoeckh (1983) estimate as 5000:1 in the cockroach, leads to a characteristic spatialorganization of all synaptic connections in sub-assemblies termed glomeruli, which areidentifiable and species-specific. In the case of interest to us, (e.g. in certain moth speciesand in the cockroach), this reduces to a single MGC (Figure 1).We use data pertaining to the moth species Manduca sexta and to the cockroachPeriplaneta americana (for reviews see (Christensen & Hildebrand 1987a; Boeckh &Ernst 1987)). The complex responses to stimulation by pheromone blends, as observedintracellularly in projection neurons, indicate that integrative processes take place in the

3MGC. In the moth, the depolarization of a local interneuron can cause inhibition ofbackground activity in a projection neuron. There is also evidence that local interneuronsare responsible for much or all of the inhibitory synaptic activity (Christensen &Hildebrand 1987b). Furthermore, the long-latency excitation exhibited by someprojection neurons suggests that polysynaptic pathways are present between pheromone-responsive primary afferent axons and the projection neurons. In fact, it has beendemonstrated, in the cockroach, that the receptor axons synapse mainly with localinterneurons (Boeckh et al. 1989; Distler 1990).The formal modelNeurons may be at rest (x=0) or above firing threshold (x=1). They are probabilisticneurons with memory: the probability P[xi(t)=1] that the state xi(t) of neuron i at time t is1 is given by a sigmoid function of the neuron membrane potential vi(t) at time t :

Pxi(t)=1

= 11+e

-vi(t)-Qi/T,which is biased by a positive threshold Qi, and where T is a parameter, calledtemperature, which determines the amount of noise in the network (random fluctuationsof the membrane potential). In discrete time, the fluctuation of the membrane potential around the resting potential,due to input ei(t) at its postsynaptic sites, is expressed as:vi(t) = (1 - Dtti

) * vi(t-Dt) + Dtti

* ei(t-Dt)where ti is the membrane time constant, and Dt is the sampling interval, with:ei(t) = S [wij * xj(t - rij)]where wij is the weight of the synapse between neuron j and neuron i, and rij is its delay.The weights are binary. The value of the transmission delay associated with each synapseis fixed but chosen randomly; it is meant to model all sources of delay, transduction anddeformation of the transmitted signal from the cell body or dendro-dendritic terminal ofneuron j to the receptor site of neuron i. The mean value of the delay distribution is longerfor inhibition than for excitation: we thereby take into account approximately the fact thatIPSC’s usually have slower decay than EPSC’s, and may accumulate to act later thanactually applied.We consider three types of neurons: receptor, inhibitory and excitatory. Two types ofreceptor neurons (A and B) are sensitive only to input A or B, where A and B representtwo odor components. For all A (resp. B) type receptor neurons, we have ei(t) = A(t),(resp. B(t)), where A(t) is the concentration of component A. Receptor neurons maymake axo-dendritic (rij = 0), excitatory synapses with both types of interneurons.

4Interneurons may make dendro-dendritic synapses (rij „ 0) with any other interneuron,but the connectivity c will be sparse.ResultsTo analyze the behavior of such network, we first introduce a classification of thepossible response patterns of the neurons, which has been found useful for the analysisof olfactory response patterns (Meredith 1986; Kauer 1974; Fonta et al. 1991).In the network under investigation1, which exhibits a typical distribution of responsepatterns, we observe three classes of patterns: purely excitatory, purely inhibitory, andmixed (both inhibitory and excitatory) responses. Excitation and inhibition are defined inrelation to the neuron spontaneous activity. The mixed response patterns subdivide intothree groups, according to the relative durations of the inhibition and excitation phases(Figure 2A, 2B).We analyze the behavior of the network in response to four characteristics of the inputpatterns (pure odors, Aor B, and mixed odors, Aand B), which are behaviorallyimportant (see (Kaissling & Kramer 1990)): (1) amplitude, (2) stimulus shape, (3)frequency of stimulus presentation, (4) ratio of the components in mixed odors. Thebehavior of the model network exhibits several characteristics that agree with biologicaldata: selective neurons respond to only one of the two odor components, non-selectiveneurons respond to both components. The neurons exhibit a limited number of responsepatterns, most of them a combination of excitation and inhibition (Figure 3A, 3B).The recognition of the concentration ratio of odor components is of behavioralimportance, but it is not known whether the detection of a precise ratio is achieved at thelevel of the glomerulus or at higher olfactory centers. Here, we observe amplitude andtemporal variations of the response patterns of individual interneurons as a function of theconcentration ratio. Interneurons with oscillatory responses code, by temporal changes intheir response patterns (Figure 4A), for ratio variations of the input stimulation. Inaddition, pairs of neurons respond simultaneously to mixed input of a specific input ratio:in contrast, the first spikes of the responses to other ratios are separated by 25-50 ms;thus, the response latency could be one of the response parameters which indicate ratiodetection (Figure 5).

1 50 neurons; connectivity c=10% (190 synapses); synaptic strength wij=+1/ -1; 30% receptor neurons,30% excitatory interneurons, 40% inhibitory interneurons; sampling step Dt=5 ms, which is enough tostudy the maximal physiological spiking frequencies (Christensen et al. 1989a); membrane time constanttj=25 ms; synaptic delays are chosen from a uniform distribution between 10 ms and 50 ms for excitatorysynapses, and between 10 and 100 ms for inhibitory synapses; the parameters of the sigmoids are T=1 andQ=1 for receptor neurons, T=0.375 and Q=1.5 for the others.

5The odor plume formed downwind from the calling female possesses a highly variablestructure. Pulsed stimulation improves a male moth ability to orient towards an odorsource (Baker et al. 1985; Kennedy 1983). We have therefore observed the behavior ofthe interneurons in response to pulsed stimulation. We find that some interneurons cannotfollow pulsed stimulation beyond a specific cut-off frequency (Figure 4B). The ability ofthese neurons to detect a certain frequency range depends on their response pattern; thecut-off frequency of each neuron depends on the duration of the stimulation and on theinterstimulus interval. Neurons that respond with mixed excitation and inhibition showirregular responses and cannot follow high frequency stimulation. Neurons that respondwith excitation mostly respond continously to high frequency stimulation. Thesebehaviors depend mainly on the relations between the stimulation frequency, theinterstimulus interval, and the temporal parameters of the model. Synaptic delaysdetermine the behavior of mixed responses, while membrane time constants determine thebehavior of excitatory responses.The stimulus profiles (rise and fall times of the odor signal) indicate � irrespective of thestimulus concentration � the distance between the location of odor perception and theodor source. We observe a number of interneurons that reflect the profile of thestimulation irrespective of its concentration. This depends again on the response patterns;neurons that exhibit purely excitatory responses reflect the input profile by responselatency and response duration, whereas neurons that exhibit an oscillatory response havecompletely different temporal response patterns as a function of the input profile (Figure4C).In this section, we have shown that the response patterns of individual neurons reflectvarious characteristics of the input pattern. Selective neurons indicate the presence,amplitude, and stimulus profile of one component (depending on their response pattern);non-selective neurons indicate the presence, amplitude, and stimulus profile of themixture of the two components. Some non-selective neurons also reflect the quality of themixture, that is, the ratio of the components.Influence of the distribution of neurons and synapsesThe number and the diversity of the response patterns depend on the total number ofneurons, on the distribution of excitation and inhibition in the network, on the number ofconnections and feedback loops, and on the temporal parameters (i.e. synaptic delays,membrane time constants).The diversity of response patterns grows with the percentage of synapses in the network(all other parameters remaining unchanged). At connectivity c<2%, afferent synapsescause purely excitatory responses (R1); around c = 2%, simple mixed responses (R2) and

6inhibitory responses (R6) appear; at about c = 8%, the majority of the interneuronsrespond mainly with excitation (R1 and R2). The full diversity and distribution ofresponse patterns described above is observed for most networks around c = 10%. Withan increasing number of synapses, the number of response patterns decreases. Due to anincreasing network activity, the response patterns tend to oscillate, and the networksaturates.Similarly, increasing the inhibitory synapse number beyond fifty percent introducesoscillations, the total activity in the network decreases. Beyond 60% inhibition, only R3responses (phasic burst followed by a long inhibitory period) survive. If there is toomuch excitation in the network (more than forty percent excitatory neurons or more thanforty percent receptor neurons), the network becomes unstable and saturates .DiscussionIn this section, we discuss the relevance of the results to the specialist system of insects.The model exhibits several behaviors that agree with biological data, and it allows us tostate several predictive hypotheses about the processing of the pheromone blend.In the model, we observe two broad classes of interneurons: selective (to one odorcomponent) and non-selective neurons. The fact that a distinct representation ofpheromone components in parallel pathways coming from the antenna is preserved bysome antennal lobe neurons (local interneurons and projection neurons), but not all ofthem, has been reported in several species: in moths (Manduca sexta (Christensen &Hildebrand 1987a, 1987b, 1989b)), (Bombyx mori (Olberg 1983)), and in the cockroachPeriplaneta americana (Boeckh 1976; Burrows et al. 1982; Boeckh & Selsam 1984; H�sl1990).Selective neurons and non-selective neurons exhibit a variety of response patterns, whichfall into three classes: inhibitory, excitatory and mixed. Such a classification has indeedbeen proposed for olfactory antennal lobe neurons (local interneurons and projectionneurons) in the specialist olfactory system in Manduca (Christensen et al. 1989a;Christensen & Hildebrand 1987a; 1987b). Similar observations have been reported forBombyx mori (Olberg 1983) and for the cockroach (Burrows et al. 1982; Boeckh &Ernst 1987).In our model we observe a number of local interneurons that cannot follow pulsedstimulation beyond a neuron-specific cut-off frequency. This frequency depends on theneuron response pattern and on the duration of the interstimulus interval. These resultsagree with data pertaining to antennal lobe neurons (interneurons and projection neurons)in Manduca sexta (Christensen & Hildebrand 1988) and in Heliothis virescens(Christensen et al. 1989b). In both species, some antennal lobe neurons follow pulsedinput with phasic bursts up to a cut-off frequency

7Physiological evidence in several species (Christensen & Hildebrand 1987b; Burrows &et al 1982) has led to the hypothesis that some projection neurons (or local interneurons),may code for pheromone concentration and quality by measuring differences in responselatency and duration, instantaneous spike frequency, and total number of spikes.Furthermore, the overall response to the correct blend of pheromones may be qualitativelydifferent from the response to some other ratio of pheromones (Christensen & Hildebrand1987b). Our model exhibits characteristics (Figure 4A, 5) which could substantiate thesesuggestions. They will be analyzed and discussed in more detail in a forthcomingpublication.ConclusionWe have presented an original model of olfactory information processing in themacroglomerulus of insects. This model incorporates very simple ingredients; itsconnectivity is chosen randomly, from distributions which take into account complete,albeit approximate, biological knowledge. From these simple assumptions, a variety ofneuronal responses emerge, some of them strongly resembling those observed in livingsystems. Our model performs feature extraction on the signal represented in separateinput lines. A number of features concerning the single odor components as well as theirblend are represented in parallel lines by the interneuron network. These results agreewith the hypothesis that there are "separate but parallel lines of olfactory information flowbetween the antennal lobe and the protocerebrum, each line carrying information aboutdifferent aspects of a pheromonal stimulus" (Christensen et al 1989a). The use of randomconnectivity and synaptic delays gives us a means to study the conditions under whichsuch feature extraction can arise, and the diversity of output patterns that are therebyexhibited. Thus, a model built with random connectivity suffices to explain, reproduceand predict a number of signal processing properties on the olfactory specialist sub-system. The variation of random distribution parameters and delays gives insights into themeans whereby natural neural nets may be modulated by higher control mechanisms, bethey genetic, adaptive or instructive.AcknowledgementsThis work has been supported in part by EEC BRAIN contract ST2J-0416-C and byMinist�re de la Recherche et de la Technologie (Sciences de la Cognition).

8REFERENCESBaker, T.C., Willis, M.A., Haynes, K.F., Phelan, P.L. 1985. Apulsed cloud of sexpheromones elicits upwind flight in male moths, Physiol. Entomol. 10: 257-265.Boeckh, J. 1976. Aspects of Nervous Coding of Sensory Quality in the OlfactoryPathway of Insects. Proceedings of the XV International Congress of Entomology,Washington, 19-27 August 1976.Boeckh, J., Selsam, P. 1984. Quantitative investigation of the odor specificity of centralolfactory neurons in the American cockroach. Chemical Senses vol 9, No 4:396-380.Boeckh, J. and Ernst, K.D. 1987. Contribution of single unit analysis in insects to anunderstanding of olfactory function. J. Comp. Physiolo. A161:549-565.Boeckh, J., Ernst, K.D., Selsam P. 1989. Double labelling reveals monosynapticconnections between antennal receptor cells and identified interneurons of thedeutocerebrum in the American cockroach. Zool. Jb. Anat. vol. 119:303-312.Burrows, M., Boeckh, J., Esslen, J. 1982. Physiological and Morphological Propertiesof Interneurons in the Deutocerebrum of Male Cockroaches which respond toFemale Pheromone. J. Comp. Physiolo. 145:447-457.Christensen, T.A., Hildebrand, J.G. 1987a. Functions, Organization, and Physiology ofthe Olfactory Pathways in the Lepidoteran Brain. In Arthropod Brain: its Evolution,Development, Structure and Functions, A.P. Gupta, (ed), John Wiley & Sons.Christensen, T.A., Hildebrand, J.G. 1987b. Male-specific, sex pheromone-selectiveprojection neurons in the antennal lobes of the moth Manduca sexta. J. Comp.Physiol. A 160:553-569.Christensen, T.A., Hildebrand, J.G. 1988. Frequency coding by central olfactoryneurons in the spinx moth Manduca sexta. Chemical Senses, VOL. 13 no.1:123-130.Christensen, T.A., Hildebrand, J.G., Tumlinson, J.H. 1989a. Sex Pheromone Blend ofManduca sexta: Responses of Central Olfactory Interneurons to AntennalStimulation in Male Moths. Archives of Insect Biochemistry and Physiology10:281-291.Christensen, T.A., Mustaparta, H., Hildebrand, J.G. 1989b. Discrimination of sexpheromone blends in the olfactory system of the moth. Chemical Senses, Vol 14no.3:463-477.Distler, P. 1990. GABA-immunohistochemistry as a label for identifying types of localinterneurons and their synaptic contacts in the antennal lobe of the Americancockroach. Histochemistry vol. 93:617-626.Ernst, K.D., Boeckh, J. 1983. Aneuroanatomical study on the organization of thecentral antennal pathways in insects. Cell Tissue Res. 229: 1-22.

9Fonta, C., Sun, X.J., Masson, C. 1991. Cellular Analysis of Odour Integration in theHoneybee Antennal Lobe. in: The Behaviour and Physiology of Bees. L.J.Goodman and R.C. Fischer (eds), C.A.B. International:227-241.Haberly, L.B., Bower, J.M. 1989. Olfactory Cortex: model circuit for study ofassociative memory? TINS, Vol. 12, No. 7 (133).H�sl, M. 1990. Pheromone-sensitive neurons in the deutocerebrum of Periplanetaamericana: Receptive fields on the antenna. J. Comp. Physiol. A, 167:321-327.Kaissling, K-E., Kramer, E. 1990. Sensory basis of pheromone-mediated orientation inmoths. Verh. Dtsch. Zoolo. Ges. 83:109-131.Kauer, J.S. 1974. Response patterns of amphibian olfactory bulb neurons to odorstimulation Journal of Physiology :695-715.Kennedy, J.S. 1983. Zigzagging and casting as programmed response to wind-borneodor: a review. Physiolo. Entomol 8:109-112 .Li, Z., Hopfield, J.J., 1989. Modeling the Olfactory Bulb and its Neural OscillatoryProcessings. Biological Cybernetics 61:379-392.Lynch, G., Granger, R. , Larson, J. 1989. Some possible functions of simple corticalnetworks suggested by computer modeling. In Neural models of plasticity Byrne,J.H., Berry, W.O. (eds), Academic Press.Lynch, G., Granger, R. 1989. Simulation and analysis of a simple cortical network. InComputational Models of Learning in simple Neural Systems. Hawkins, R.D.,Bower, G.H. (eds), Academic Press.Masson, C., Mustaparta, H. 1990. Chemical Information Processing in the OlfactorySystem of Insects. Physiol. Reviews 70(1):199-245.Meredith, M., O. 1986. Patterned response to odor in Mammalian olfactory bulb: theinfluence of intensity. Journal of Neurophysiology Vol 56, No 3:572-597.Olberg, R.M., 1983. Interneurons sensitive to female pheromone in the deutocerebrumof the male silkworm moth, Bombyx mori. Physiological Entomology 8: 419-428.Rall, W., Shepherd, G.M. 1968. Theoretical Reconstruction of Field Potentials andDendrodendritic Synapse Interactions in Olfactory Bulb. Journal ofNeurophysiology 31:884-915.Wilson, M.A., Bower, J.M. 1988. Acomputer simulation of olfactory cortex withfunctional implications for storage and retrieval of olfactory information. In NeuralInformation Processing Systems Anderson, D.Z. (ed):114-126, American Instituteof Physics.Wilson, M.A. Bower, J.M 1989. The simulation of large scale neural networks. inMethods in Neuronal Modelling: from Synapses to Networks. Koch, C. andSegev, I. (eds):291-334, MIT Press.

10FIGURE CAPTIONSFigure 1: Schematic representation of the specialist olfactory system. In themacroglomerulus, receptor cell axons connect with local interneurons (restricted to theantennal lobe), and with projection neurons, which convey information to higher centers.Figure 2A: Response patterns: the amount of activation and inactivation is shown as afunction of the stimulation (there Dt = 5 ms).

R1 :Activation for the duration of the stimulation. The spiking frequency varies as afunction of the amplitude of the input.

R2 :The activation is followed by an inactive phase after the end of the stimulation.

R3 :Phasic burst, followed by an inactive phase of the same duration as the stimulus.

R4 :Phasic burst, followed by a tonic phase of diminished activation or by a phase ofnon-response, and by a short inactive phase after the end of the stimulation.

R5 :Phasic burst, followed by several phases of inactivation and activation(oscillatory response).

R6 :Inactivation during the application of the stimulation. The amplitude of thenegative potential is a function of the amplitude of the stimulation.Figure 2B: Neurons responding with R1 - R6 (duration of each stimulation: 200 ms).Figure 3: Responses of selective (3A) and non-selective (3B) neurons to stimulationwith one and both odors (duration of each stimulation: 200 ms).Figure 4: Responses of selective and non-selective neurons with varying responsepatterns to stimulation with varying input characteristics:4A: Stimulation with varying ratios of the input components, the sum of the amplitudesof the two components being constant. Several neurons respond with varying temporalresponse patterns to changing ratios (duration of each stimulation: 50 ms).4B: Neuron 7 responds with phasic bursts to stimulation at low frequencies, andresponds continually to stimulation at the same frequency but with shorter inter-stimulusintervals, because the interstimulus interval approches the membrane constant of theneuron (upper diagram: stimulation duration 30ms, interstimulus interval 20ms; middlediagram: stimulation duration 40ms, interstimulus interval 10 ms; bottom diagram:stimulation duration 20ms, interstimulus interval 10ms).4C: Stimulation by input with varying profiles, the rise and fall times vary from 10 ms to50 ms (stimulation duration 100ms).

11Figure 5: Importance of response latencies for ratio detection (stimulation duration50ms).

12BEHAVIORHIGHER CENTERS

Antennal lobeMacroglomerulusReceptor cellaxons

SynapseLocal interneuronProjection neuron

FIGURE 1

13R1:R3:R5:

R6:stimulation

200 tD

R2:response latency

20-40 tD15-20 tD

R4:20-40 tD15-30 tD

15-30 tD

activationFIGURE 2A

R1R2R3R4R5R6

100 msFIGURE 2B

Input A:

Input B:

100 msFIGURE 3A

Input A:

Input B:

100 msFIGURE 3B

100 msFIGURE 4A

18 19

FIGURE 4C

20

50 msFIGURE 5