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Olfaction as a model systemOlfaction as a model system

The striking similarities in the structure of the olfactory 
system in species as varied as insects and mammals 
suggest that universal computational strategies may be used 
to encode, process and store chemosensory 
information. 

The study of these strategies provides insight into 
fundamental mechanisms of neural computation that may 
also inspire the development of artificial sensor 
technologies.



Structure of the olfactory systemStructure of the olfactory system



Olfactory system in the beeOlfactory system in the bee

from Giovanni Galizia’s webpage



NeuralNeural DynamicsDynamics andand
PatternPattern RecognitionRecognition



OdorOdor representation inrepresentation in the the ALAL

1-octanol 1-hexanol

1-nonanol isoamylacetate

S.Sachse et al. (1999), G.C.Galizia et al. (1999)



OdorOdor--specific attractorsspecific attractors



Neural kinematics 
in the 

antennal lobe



ClassifyingClassifying hyperplaneshyperplanes andand
perceptronperceptron designdesign

TheThe odorodor--specficspecfic attractorsattractors can be can be separatedseparated fromfrom eacheach
otherother withwith properlyproperly orientedoriented hyperplaneshyperplanes in in thethe
antennalantennal--lobelobe spacespace

TheThe hyperplanehyperplane thatthat separatesseparates a a givengiven odorodor A A fromfrom thethe
restrest obeysobeys anan equationequation ofof thethe formform

Aw x b⋅ =



ClassifyingClassifying hyperplaneshyperplanes andand
perceptronperceptron designdesign

TheThe hyperplaneshyperplanes can be can be calculatedcalculated by by maximazingmaximazing thethe
distancedistance betweenbetween a a givengiven odorodor--attractorattractor A A andand thethe restrest
ofof attractorsattractors. . 
TheThe hyperplanehyperplane equationequation isis alsoalso thethe classificationclassification
criterioncriterion ofof a simple a simple neuralneural networknetwork: : TheThe perceptronperceptron

A

A

w x b x A
w x b x A

⋅ ≥ ⇔ ∈⎧
⎨ ⋅ < ⇔ ∉⎩



Perceptron architecturePerceptron architecture

R.F.Galán et al., (2004) Neural Computation



ClassificationClassification performanceperformance

R.F.Galán et al., (2004) Neural Computation



ComparisonComparison withwith real real beesbees’’ behaviorbehavior

OurOur analysisanalysis revealedrevealed thatthat thethe neuralneural dynamicsdynamics in in thethe
AL AL reachreach odorodor--specfificspecfific attractorsattractors in in caca. 800 . 800 msms forfor anyany
odorodor atat anyany concentrationconcentration. In general, . In general, odorodor--recognitionrecognition
occursoccurs in in lessless thanthan 300 300 msms, i.e. , i.e. beforebefore thethe dynamicsdynamics
reachreach thethe steadysteady statestate..

RecentRecent workwork by by DitzenDitzen et al. (2003) in et al. (2003) in ChemicalChemical SensesSenses
showedshowed in in behavioralbehavioral experimentsexperiments thatthat thethe median median 
reactionreaction time time ofof honeybeeshoneybees toto anyany odorodor atat anyany
concentrationconcentration isis 290 290 msms.  .  



ComparisonComparison withwith real real beesbees’’ behaviorbehavior

FurtherFurther analysisanalysis showsshows how how thisthis modelmodel may may accountaccount forfor
thethe ““generalizationgeneralization phenomenonphenomenon”” reportedreported by by 
BhagavanBhagavan & & SmithSmith (1997) in (1997) in PhysiologyPhysiology andand BehaviorBehavior: : 
odorsodors learnedlearned atat lowlow concentrationsconcentrations can be can be recognizedrecognized
atat higherhigher concentrationsconcentrations butbut notnot vice versavice versa..

ThisThis modelmodel alsoalso may may explainexplain how single how single componentscomponents
can be resolved can be resolved fromfrom odorodor mixturesmixtures



NeuralNeural DynamicsDynamics andand
HebbianHebbian LearningLearning



HebbHebb´́ss ideaidea (1949)(1949)

NNeurons that fire together should wire togethereurons that fire together should wire together



A simple mathematicalA simple mathematical formulationformulation of of 
Hebbian Hebbian learninglearning:: the covariance rulethe covariance rule

TheThe change of change of correlated activitycorrelated activity ∆∆ccijij between neuron between neuron ii
and neuron and neuron jj isis determined by the spatial activationdetermined by the spatial activation
pattern pattern uui i inducedinduced by the stimulusby the stimulus

Expression called Expression called covariance rule.

jiij uuc =∆

covariance rule.



Hebbian Hebbian learninglearning & & Neural dynamicsNeural dynamics

From the analysis of the From the analysis of the spontaneous activityspontaneous activity
of each glomerulusof each glomerulus xxii it is possible it is possible to to estimate estimate ∆∆ccijij ::

We can then check whether Hebbian plasticity takes We can then check whether Hebbian plasticity takes 
placeplace in in the Antennal the Antennal Lobe Lobe and...

after before

ij i j i jt t
c x x x x∆ = −

and...

R.F.Galán et al., (2006) Neural Computation



A A step furtherstep further: Stimulus : Stimulus retrievalretrieval

...having...having estimated estimated ∆∆ccijij wewe may trymay try toto uncover uncover 
the last stimulus the last stimulus in a in a straightforward manner:straightforward manner:
The matrixThe matrix ∆∆ccijij can be expanded as can be expanded as a a functionfunction
of its eigenvectors of its eigenvectors vvii and the expansion is dominatedand the expansion is dominated
by the term with the eigenvalue of largest magnitudby the term with the eigenvalue of largest magnitud. . 

1 1
1

k k
ij k i j i j

k

c v v v vλ λ∆ = ⋅ ≈ ⋅∑

R.F.Galán et al., (2006) Neural Computation



Stimulus Stimulus retrievalretrieval

Comparing the expressionComparing the expression

with  the covariance rule with  the covariance rule 

one one cancan now writenow write

TheThe dominant dominant eigenvector of eigenvector of ∆∆ccij resembles the resembles the 
spatial activity pattern induced by the last stimulus

1 1
1ij i jc v vλ∆ ≈ ⋅

ij i jc u u∆ = ⋅

1
1i iu vλ≈ ⋅

spatial activity pattern induced by the last stimulus



Evidence of Hebbian learningEvidence of Hebbian learning



Evidence of Hebbian learningEvidence of Hebbian learning



Dynamics of the Sensory MemoryDynamics of the Sensory Memory



SummarySummary
The neural dynamics in the bee’s olfactory system was analyzed and 
interpreted in terms of computational models of information coding 
and memory formation.

The neural dynamics in antennal lobe possess odor-specific attractors. 

The insect’s olfactory system performs as a fundamental artificial 
neural network, the perceptron, to recognize odors. 

The analyses of the spontaneous neural activity revealed that a memory 
trace of the last smelt odor reverberates for several minutes after 
stimulation. 

This memory trace can be retrieved through a correlation analysis of 
the spontaneous activity, which demonstrates the Hebbian nature of 
this form of memory. 
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