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ABSTRACT OF THE DISSERTATION 
 

Olfactory Processing as a Function of Population and Pathway Anatomy 
 
 

by 
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Dr. Maxim Bazhenov, Chairperson 
 
 
 
 

 From odors in the environment to a behavior in response to those odors there are a 

lot of brain structures and neural populations involved in make critical decisions. 

Understanding how odor representation and classification changes across each neural 

population and individual neurons is important for building a case of what each 

population is doing. Olfactory sensory neurons (OSNs) project to the antennal lobe (AL) 

in the insect brain. Projection neurons (PNs) from the AL project to the mushroom body 

(MB) and lateral horn (LH). We created a model of the locust AL, MB, and LH. Odors 

were best classified when the entire neural population was taken in to account. 

Performance also improved with increased stimulus duration. There is research 

supporting a single large inhibitory neuron, which uses feedback inhibition to inhibit all 

the kenyon cells (KCs) in the MB. We created two models one using feedback inhibition 

and one using feed-forward. We found the inhibitory network determined when each 

neuronal population was most active in comparison to the AL local field potential 

oscillation.  
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Chapter I: Introduction 

 Processing information from the environment is critical to the success of all 

animals. Odor chemical cues are important for all kinds of information including mates, 

food, and danger (Dweck et al. 2015; Ebrahim et al. 2015; Dahanukar and Ray 2011; 

Simões, Ott, and Niven 2011). Although humans do not focus on their use of smell when 

patients were given a self-administered questionnaire about their well-being, those with 

an olfactory deficiency indicated significantly more problems with paid employment, 

housework, social life, and family life (Bramerson, Nordin, and Bende 2007). Chemical 

processing is one of the least well-understood principals of the sensory system. In fact, 

the one sensory system technology has not been able to reproduce is the sense of smell 

(Harel 2016). Currently chemicals can be placed on or in materials to recreate an odor 

(scratch and sniff stickers, scented markers…), but we cannot recreate our odor 

environment like we might do with virtual reality or flight simulators. Recently there 

have been many breakthroughs in the area of odor processing. Particularly in early stage 

processing including the identification and categorization of olfactory sensory neurons 

(OSNs), and the representation of odors in the post sensory neuron area under different 

conditions (Lledo, Gheusi, and Vincent 2005).  

The process of detecting, evaluating, and producing a behavior based on odors is 

typically caused by activity across multiple neuronal populations. Information is sent 

from one population to another with each population changing the neural code for the 

same stimulus while adding variables from other sensory systems and experience. The 
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olfactory pathway is old and has evolved between species but the overall structure is 

consistent across animals.  

Anatomy of the olfactory system 

The basic olfactory pathway is similar in mammals and insects. Both organize 

their OSNs into different parts of their odor input processing areas. Mammals have odor 

chemical receptors in the nasal cavity (figure 1.1) (Kaupp 2010; Fleischer, Breer, and 

Strotmann 2009). Insects have their odor chemical receptors on their antenna; some have 

them on their maxillary palp as well (figure 1.1) (Coutinho-Abreu et al. 2014; Syed and 

Leal 2007; Galizia and Rossler 2010). OSNs project to the brain for processing. 

OSNs with the same receptors project to the same location called glomeruli within 

the post-synaptic structure. Different subpopulations of the mammal OSNs project to the 

main olfactory bulb (MOB) and the accessory olfactory bulb (AOB) (figure 1.2) 

(Mombaerts 2004). Pheromone signals are processed through the AOB pathway and all 

other odors are processed through the MOB pathway (Dulac and Torello 2003). In the 

insect all OSNs project to the antennal lobe (AL) (Rossler and Brill 2013). Within the AL 

neurons responding to pheromones are separated out from others by way of being in 

different glomeruli, some male insects have a separate area within the AL called the 

macroglomerular complex (MGC) where pheromone OSNs project to (Gadenne, 

Barrozo, and Anton 2016; Hansson and Anton 2000; Ai and Kanzaki 2004). 

Within the MOB and AL there are both inhibitory interneurons and excitatory 

neurons (figure 1.3) (Kay and Stopfer 2006). Insects appear to have a simpler neural 

make-up within the AL with one excitatory neuron, projection neuron (PN), and one 
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inhibitory neuron, local neuron (LN) (Kay and Stopfer 2006), but some insect research 

suggests there is a lot of variability within the LNs making the connections between 

glomeruli potentially quite complicated (Chou et al. 2010; Olsen, Bhandawat, and Wilson 

2007; Wilson 2008). Mammals are a bit more complicated with two excitatory neurons 

which project to other structures, the mitral cells and tufted cells (Kay and Stopfer 2006). 

Much like in the insect there is cross-talk between glomeruli in the mammal MOB 

(Banerjee et al. 2015; Chou et al. 2010). 

The excitatory projection neurons from the MOB and AL project to multiple 

higher order brain structures (figure 1.4). From the MOB things become a bit 

complicated: anterior olfactory nucleus (AON), piriform cortex (PC), olfactory tubercle 

(OT), lateral part of the cortical amygdala (LA), and entorhinal cortex (EC) (Dulac and 

Torello 2003; Lledo, Gheusi, and Vincent 2005). From the AL projections are sent to the 

lateral horn (LH) and mushroom body (MB) but different insects have different patterns 

of connectivity between these three areas (Galizia and Rossler 2010). Within each 

population of neurons they have different properties which each impact odor processing. 

Odor classification in the olfactory receptor neurons 

Each species has a different number of OSNs but in mammals each OSN only 

expresses one odorant receptor gene (Ferreira et al. 2014). In insects OSNs have a less 

consistent number of chemical receptors, between one and three, not including any co-

receptors (Sato et al. 2008). There are about ~1000 olfactory receptor genes in the mouse 

and ~100 genes in insects (Imai, Sakano, and Vosshall 2010). This is just the beginning 

of the variability seen at this stage of the olfactory pathway, there are different types of 
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olfactory receptors, each receptor responds differently to each odor, and each type 

responds differently to odor concentration and delivery temporal dynamics. 

Both mammals and insects have different types of olfactory receptors on OSNs, 

each type has a different structure. Mammals have several types of olfactory receptors on 

OSNs: olfactory receptors (ORs), vomeronasal receptors (V1Rs and V2Rs), trace amine-

associated receptor (TAARs), formyl peptide receptors (FPRs), and guanylate cyclase 

(GC-D and GC-G) (Kaupp 2010; Fleischer, Breer, and Strotmann 2009). Insects have 

three known types of olfactory sensory neurons ORs, GRs, and IRs (Liang and Liqun 

2010; Kaupp 2010). Mammal and insect receptors are of different types and function 

differently. 

Mammal olfactory receptors are metabotropic, a g-protein coupled receptor 

(Kaupp 2010) (figure 1.5). The g-protein gets released and through a cascade ultimately 

causes cyclic adenosine monophosphate (cAMP) bind to and open the cyclic nucleotide-

gated channel (CNGC), which allows sodium (Na+) and calcium (Ca2+) to enter the 

OSN. Ca2+ entering the OSN then in turn opens a Ca2+-activated Cl- channel, allowing 

chloride (Cl-) to leave (Mombaerts 2004). Both channels cause the OSN to depolarize. 

There are still questions as to the make-up of the insect odorant receptor, there is 

evidence it is both ionotropic and metabotropic (Wilson 2013). The insect olfactory 

receptor may be a simple ionotropic receptor; the channel is created by the pairing of 

each OR with one odor receptor coreceptor (Orco) from the Or83b family (Sato et al. 

2008; Leal 2013). The odorant binds extracellularly to the receptor and cations are able to 

enter the OSN and depolarize the cell. There is a current hypothesis that ORs are both 
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ionotropic and metabotropic, with the metabotropic pathways being a minor one (Wilson 

2013). 

There are two potential codes used by the ORs to identify odors: the labeled line 

code, and the combinatorial receptor code. The labeled line code starts with ORs who 

only respond to one odor. Activating this receptor identifies the odor and is enough to 

generate an innate response (Kurtovic, Widmer, and Dickson 2007; Haddad et al. 2010). 

There are a few examples of labeled line code in the olfactory system such as for 

pheromones. The animal experiences too many odors during its lifetime to have them be 

innate or assumed unimportant instead the rest of the odors use a combinatorial receptor 

code. A combinatorial receptor code is when odors activate multiple receptors and it is 

the combination of active receptors, which carry the identity of the odor (Malnic et al. 

1999). This is the most widely used code in order to help with identification of the sheer 

number of odors an animal will come in contact with during its lifetime. 

Different olfactory receptors produce different responses in their OSNs in 

response to odor. OR-expressing OSNs can be either narrowly or broadly tuned to 

respond to odors, meaning some ORs allow only one or a few odorants bind while others 

allow many odorants bind (Hallem and Carlson 2006; Hallem, Ho, and Carlson 2004). 

Broadly tuned ORs tend to be responsive to structurally similar odorants. The tuning of 

an OR does not determine glomeruli location within the AL. Most ORs respond to some 

odors with inhibition.  

OSNs expressing different odor receptors respond to odor temporal dynamics 

differently. Low concentration, intermittent stimuli, is best responded to by OR-
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expressing OSNs (Getahun et al. 2012). Long-lasting odor pulses are best responded to 

by IR-expressing OSNs. Both responded to excitatory ligands with greater fidelity than 

inhibitory ligands. GR-expressing OSNs did not resolve time patterns as well as ORs or 

IRs. Some receptors preserve temporal properties of the odorants better than others, 

which will create differences in their OSNs post-synaptic neurons the projection neurons 

(PNs) and local inhibitory neurons (LNs). 

Antennal lobe 

Insect OSNs project to the antennal lobe (AL). OSNs with the same odorant 

receptor synapse in the same glomulerulus, a spherical neuropil (Keller and Vosshall 

2003). Within each glomeruli OSNs synapse with inhibitory local neurons (LNs) and 

projection neurons (PNs). Each insect has a different number of glomeruli; the fly has 43 

glomeruli (Laissue et al. 1999), in the locust there are about 1000 microglomeruli 

(Hansson and Stensmyr 2011; Galizia and Rossler 2010; Ernst, Boeckh, and Boeckh 

1977). This difference in structure changes the number of glomeruli each projection 

neuron synapses within. In the fly OSNs and PNs typically synapse within a single 

glomerulus (Wilson 2013), whereas in the locust OSNs can have synapses in a single 

glomerulus or multiple glomeruli, typically locust PNs synapse within several glomeruli 

(Ignell, Anton, and Hansson 2001). 

There are differences between how ORNs respond to odors and how PNs respond 

to odors. ORN and PN tuning curves are correlated during the first 100ms and then 

decorrelated in the second 100ms (Wilson, Turner, and Laurent 2004). There is less trial-

by-trial variability in PN responses compared to ORNs (Bhandawat et al. 2007). PNs 
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respond most to odor onset and their response generally peaks before the ORN response 

in the fly (Bhandawat et al. 2007; Wilson 2013) in the locust both ORNs and PNs peak at 

about the same time but PNs take longer to get back to rest (Raman et al. 2010). PNs are 

more broadly tuned than ORNs, responding to more odors (Bhandawat et al. 2007; Olsen 

and Wilson 2008). There is a sub linear relationship between ORNs and PNs where PNs 

are very sensitive to changes in ORN activity when the ORN is firing at a low rate, and 

less sensitive to changes in the ORN activity when it is highly active (Olsen, Bhandawat, 

and Wilson 2010). Although there are structural differences between the fly and lost there 

are similar patterns of activity in the AL.  

There are two generic codes used in sensory systems, the labeled line code, as 

discussed above in the OSNs, and a pattern code. Labeled line coding is when an OR is 

responsive to only one odor and as such when activates sends the identity of the odor to 

its post-synaptic neuron. In the AL there are examples of labeled line coding particularly 

for odors and chemicals such as CO2 (Hansson 1999; Suh et al. 2004). In most insects 

there are uniglomerular PNs (uPNs) which have dendrites in only a single glomerulus, 

they are capable of sending labeled line codes on to the next population of 

neurons(Galizia and Rossler 2010). Combinatorial coding is used to transfer most odor 

identities, an odor being represented by the activity patterns of multiple ORNs (Malnic et 

al. 1999). Patterns of activity in the AL continue to play a role in odor identification, in 

particular separating similar odors to make them more clearly identifiable. The 

combinatorial and patterned code can be passed on by multiglomerular PNs (mPNs) 

(Galizia and Rossler 2010). 
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Slow patterns of activity in the AL act as decorrelators, separating similar odors 

so the overlap between them decreases across time. In the zebrafish across mitral cells 

(PN equivalent) assemblies these spatiotemporal patterns result in decorrelation of odor 

representations (Friedrich and Laurent 2001). Early periods of increased activity offered 

reliable clues as to odor identity but later periods of activity allowed precise odor 

identity. These dynamics were recreated in a locust model including realistic slow 

inhibitory synapses and lateral connections (Bazhenov, Stopfer, Rabinovich, Abarbanel, 

et al. 2001; Bazhenov, Stopfer, Rabinovich, Huerta, et al. 2001). 

PN population activity is dynamic with each neuron responding with different 

periods of increased and decreased activity to each odor (Laurent, Wehr, and Davidowitz 

1996). These epochs of activity form oscillations of activity in the local field potential 

(Stopfer et al. 1997; Kay and Stopfer 2006; Spors and Grinvald 2002; Abraham et al. 

2010; Kay et al. 2009; Kayser et al. 2009). The activity that is creating these oscillations 

is from different neurons being active at the same time, each epoch of activity to done by 

a different group of PNs. For instance, if one groups of PNs have action potentials at once 

one of those PNs may fire again with a completely different group of PNs to form another 

peak of an oscillation (Laurent, Wehr, and Davidowitz 1996). This pattern of activity is 

created by the interaction between the PNs and feedback inhibitory LNs (Bazhenov, 

Stopfer, Rabinovich, Abarbanel, et al. 2001; Tanaka, Ito, and Stopfer 2009). Oscillations 

within the AL do not play a clear role but that activity transfers to the kenyon cells (KCs) 

within the mushroom body (MB), where the oscillations make processing odors easier. 
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From the AL to the MB and lateral horn (LH) different insects have different 

connectivity pathways (see figure 1.4) (Galizia and Rossler 2010). Projection neurons are 

the only cells to send axons to higher brain structures. There are three antenno-

protocerebral tracts (APT): medial (m-APT), mediolateral (ml-APT), and lateral (l-APT). 

All three pathways exist in the fly: the m-APT consists of uPNs which projects to the MB 

and LH, the ml-APT consists of uPNs and mPNs and also projects to the MB and LH, 

lastly the l-APT is made up of both mPNs and uPNs but they only project to the LH. The 

locust only has a single pathway consisting of mPNs projecting to both the MB and LH. 

Although the MB and LH both receive similar projections from the AL they have very 

different features of their activity. 

Mushroom body 

 KCs receive input from 10 PNs in the fly and 400 PNs in the locust (Masse, 

Turner, and Jefferis 2009). There are ~2500 KCs in the fly (Masse, Turner, and Jefferis 

2009) and ~45,000 in the locust (Jortner, Farivar, and Laurent 2007). The connectivity 

between the AL and MB is probabilistic and random; in the locust there is 50% 

connectivity from the AL to the MB (Jortner, Farivar, and Laurent 2007; Fisek and 

Wilson 2013). The KCs only receive feed-forward excitation, not inhibition (Gupta and 

Stopfer 2012; Jefferis et al. 2001; Tanaka, Endo, and Ito 2012).  

In the locust there is a giant GABAergic neuron (GGN), which sends feedback 

inhibition on the KCs, its morphology is similar to the fly anterior paired lateral (APL) 

neuron (Gupta and Stopfer 2012; Papadopoulou et al. 2011). The APL has been shown to 

play a role in olfactory memory (Liu and Davis 2009). Although the GGN and APL are 
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known the influence they have on the KCs are currently being tested. The GGN is a non-

spiking neuron and its graded output follows the oscillatory cycle of the KCs (Gupta and 

Stopfer 2012). The output phase of the GGN is invariant across concentrations but it 

counters increasing firing in the KCs by feeding back stronger inhibition. Through its 

stable oscillatory behavior the GGN may allow coincidence-detection in the KCs (Gupta 

and Stopfer 2012). The specificity of KC odor responses reduces when the MB is infused 

with a GABA receptor blocker (Gupta and Stopfer 2012; Perez-Orive et al. 2002). 

 The MB has a sparse response to odors, with few cells firing only a couple times 

(Perez-Orive et al. 2002; Laurent 2002; Honegger, Campbell, and Turner 2011; Ito et al. 

2008). Theoretically sparse odor representations are useful for information storage (Marr 

1969; Kanerva 1988; Olshausen and Field 2004). Responsive KCs are randomly 

organized (Honegger, Campbell, and Turner 2011), this is due to the random connections 

between the PNs and KCs (Jortner, Farivar, and Laurent 2007).  The sparse activity and 

arbitrary connections from the PNs to the KCs may make the KCs the perfect location for 

making and storing arbitrary associations between odor stimulus and reward or 

punishment. 

Learned behaviors require the MB, when they are destroyed the insect is unable to 

develop associative odor relationships (De Belle and Heisenberg 1994; Heisenberg et al. 

1985). There is a theory that olfactory memories are stored in KC presynaptic terminals 

in relation to important downstream neurons (Heisenberg 2003). In the insect learning 

takes place at synapses with spike-timing-dependent plasticity (STDP). Learning 

stabilizes odor representations in the KCs (Szyszka, Galkin, and Menzel 2008). Non-
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reinforced odor presentations weaken these representations (Honegger, Campbell, and 

Turner 2011). In the fly learning takes place with dopamine synapses (Kim, Lee, and Han 

2007; Owald et al. 2015) in the locust uses octopamine (OCT) (Cassenaer and Laurent 

2012, 2007; Aldworth and Stopfer 2012).  

Lateral horn 

The LH has a smaller population of neurons compared to the AL. Within the 

locust LH there are ten distinct classifications of neurons, four receive input from the PNs 

and are from this point forward called lateral horn neurons (LHNs) (Gupta and Stopfer 

2012). In the locust there is dense convergence of PNs on LHNs, every LHN tested 

responded to all presented odor stimuli (Gupta and Stopfer 2012). In the fly most LHNs 

receive input from PNs receiving information from multiple glomeruli in the AL (Fisek 

and Wilson 2013). PN input from single glomeruli is enough to activate a LHN but it 

does not saturate it, the LHN is able to respond to more inputs. In the fly LHNs receive 

input from excitatory PNs (ePNs) and inhibitory PNs (iPNs) (Jefferis et al. 2007; Fisek 

and Wilson 2013; Jefferis et al. 2001). iPNs impose a filter on the ePNs and increases the 

distance between odor representations in the LH (Parnas et al. 2013). In the locust LHNs 

are inhibited by the GGN, which is also the primary inhibitor in the MB. The LH is 

implicated in innate behaviors, abolishing the MB in the fly was linked to deficits in 

learning but had little effect on innate olfactory behaviors (Kido and Ito 2002). Also in 

the fly reducing olfactory input to both the MB and LH produced deficits in innate 

behaviors (Heimbeck et al. 2001). 
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Innate behavior is sometimes reduced to the idea of labeled line coding where the 

identity of the stimulus is maintained by a specific receptor, neuron, and glomerulus. The 

labeled line code from the fly AL continues to the LH, particularly for pheromones 

(Jefferis et al. 2007; Ruta et al. 2010). In the locust at least labeled line coding in the LH 

seems unlikely since every LHN tested responded to every tested odor (Gupta and 

Stopfer 2012). Innate behavior does not necessarily need to be linked to its specific 

coding strategy and instead it’s any behavior produced without learning or memory. 

The LH is important for behavior without the need for learning. The LH may be 

important in representing general odor properties such as intensity, bilateral integration, 

and multimodal integration (Gupta and Stopfer 2012). All three of these properties may 

be important for odor-tracking. Fast decoding of stimulus intensity may be done through 

a phase code (Hopfield 1995). One of the LHN classes, C3, has bilateral projections and 

contains odor intensity information in its spike phase (Gupta and Stopfer 2012). These 

neurons may analyze odor concentration across the midline, potentially making these 

neurons important for odor-tracking (Porter et al. 2007; Rajan, Clement, and Bhalla 

2006). 

The LH is important for multimodal integration. In the fly neurons have been 

identified in the LH which connect different parts of the brain including areas important 

for other sensory systems (Tanaka, Tanimoto, and Ito 2008; Jefferis et al. 2007; Ruta et 

al. 2010). The LH may be involved in the integration of olfactory and visual cues 

important for odor-tracking behaviors in the fly (Duistermars and Frye 2010). In the 

locust there is one known class (C10) of LHN, which responds to both visual and 
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olfactory stimuli (Gupta and Stopfer 2012). Visual input contributes to odor-tracking, this 

has been shown in behavioral studies (Frye, Tarsitano, and Dickinson 2003).  

Aside from the ability to track odors, the LH may be important in determining whether to 

move towards or away from an odor. The population activity of the PNs depicts odor 

valence (positive or negative) (Knaden et al. 2012; Wang et al. 2014). Activity in the LH 

determines whether a fly moves towards or away from an odor (Parnas et al. 2013). If the 

LH is unable to discriminate between two odors (based on odor activity distance) than 

they are not able to prefer one over the other, regardless of how pronounced the 

preference is when presented one at a time. When subgroups of PNs are silenced there is 

a graded and context-specific impact on the behavioral outcome, implicating multiple 

glomeruli are involved in sending information related to attraction and aversion. 
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Figure 1.1: Organs containing the olfactory sensory neurons. (a) The vertebrate nasal 
cavity contains the olfactory sensory neurons (OSNs) in several olfactory subsystems. 
This figure shows the main olfactory epithelium (MOE), the vomeronasal organ (VNO), 
the Gruneberg ganglion (GG), the septal organ (SO) and guanylate cyclase D-containing 
cells (GCDs) in the MOE. (b) Insects express their OSNs on their antenna and maxillary 
palp. Sensilla are sensory hairs, which contain the OSNs. There are three types of sensilla 
the basiconic, coelocnic and trichoid. Figure was taken from (Kaupp 2010). 
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Figure 1.2: Pheromone vs other odors pathway. Olfactory sensory neurons (OSNs) 
with the same receptors project to the same location within the post-synaptic structure. 
(1) a. In mammals all non-pheromone odors are responded to by OSNs in the main 
olfactory epithelium (MOE) which project to receptor specific glomeruli in the main 
olfactory bulb (MOB). b. Pheromones are activate OSNs in the vomeronasal organ 
(VNO) which project to the accessory olfactory bulb (AOB). c. There roughly four zones 
in the MOE which project to four areas in the MOB. (2) In some insects there is also a 
specific pathway for pheromone processing to the macroglomerular complex (MGC). All 
other OSNs project to receptor specific glomeruli in the antennal lobe (AL). Other 
structures depicted in the schematic diagram: AN = antennal nerve, Ca = calyces of 
mushroom body, CB = central body, Gs = ordinary glomeruli, LAL = lateral accessory 
lobe, Oe = oesophagus, OL = optic lobe, SOG = suboesophageal ganglion, SPC = 
superior protocerebrum. Part 1 taken from (Mombaerts 2004) and part 2 taken from (Hill 
et al. 2002). 
 
1) 

 

2) 
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Figure 1.3: AL and MOB anatomy: The architecture of the olfactory pathway is similar 
in vertebrates and insects. (A) Vertebrate olfactory bulb (OB) containing glomeruli 
within specific glomerular layers (GL) receiving input from olfactory receptor neurons 
(ORNs), they synapse on several types of neurons.  Many synapses in the OB are 
reciprocal; to simplify the figure there is only one representative pairing of two 
juxtaglomerular cells (*). Tufted neurons and Mitral/Tufted neurons project to the next 
areas for processing. The dashed line indicated the OB boundary. (B) The insect antennal 
lobe has a similar architecture with ORNs projecting to specific glomeruli where they 
interact with inhibitory local neurons and projections neurons (PNs). The processed 
signal gets sent on to the next areas for processing by the PNs. Image taken from (Kay 
and Stopfer 2006). 
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Figure 1.4: Post AL pathway. 1) The mammalian olfactory pathway can be segregated 
into processing pheromones (b) and then all other small volatile odorants (a). a. The 
pathway non-pheromones is from the main olfactory epithelium (MOE) to the main 
olfactory bulb (MOB), then on to the anterior olfactory nucleus (AON), the piriform 
cortex (PC), the olfactory tubercle (OT), the lateral part of the cortical amygdala (LA), 
and the entorhinal cortex (EC). b. The pheromone signal pathway starts at the 
vomeronasal organ (VNO) then to the accessory olfactory bulb (AOB), followed by the 
vomeronasal amygdala (VA), and then to the specific nuclei of the hypothalamus (H). 2) 
The olfactory pathway is very similar but slightly different across insects. Insects have an 
olfactory tract from the antennal lobe (AL) to the mushroom body (MB) and lateral horn 
(LH). The ALs with known numbers of glomuleri (G), microglomuleri (mG), local 
interneurons (LN), and uni- and multiglomerular projection neurons (uPN, mPN) are 
listed in the AL circle. There are three well-documented potential tracts, the m-, ml-, and 
l-APT (medial, mediolateral, and lateral antenno-protocerebral tract). Part 1 is from 
(Dulac and Torello 2003) and part 2 is from (Galizia and Rossler 2010). 
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Figure 1.5: Olfactory receptor pathway. A) Mammalian odor-induced signal 
transduction pathway. Odorant binding to the olfactory receptor (OR) activates the 
olfaction-specific G protein (Golf), adenylyl cyclase type III (ACIII), the olfactory cyclic 
nucleotide-gated channel (CNGC) and a Ca2+-activated Cl- channel (CaCC). Activation 
of both channels leads to depolarization by Na+ and Ca2+ entering the cell while Cl- 
leaves the cell. B) Currently there are two models for odor signaling in the insect one 
being a metabotropic receptor much like in the mammal (b) and the other an ionotropic 
receptor (a). a. The ionotropic receptor channel is formed by a generic olfactory receptor 
(OrX) and a co-receptor (Or83b). b. The second hypothesis consists of two pathways to 
open the channel. Odorant binds to OrX, activity is transferred to the Or83b subunit and 
opens the channel. In the indirect pathway, OrX activates a G protein (Gs) and adenylyl 
cyclase (AC) leads to the production of cyclic AMP. cAMP binds to Or83b and opens the 
channel. Images taken from (Kaupp 2010). 
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Chapter II: Classification of odors as a function of population size 

Abstract 

 Olfactory processing takes place across multiple layers of neurons from the 

transduction of odorants in the periphery, to odor quality processing, learning, and 

decision-making in higher olfactory structures. In insects, projection neurons (PNs) in the 

antennal lobe (AL) send odor information to the kenyon cells (KCs) of the mushroom 

bodies (MB) and lateral horn (LH) neurons (LHNs). To examine the odor information 

content in different structures of the insect brain – AL, MB and LH – we designed a 

model of the olfactory network based on electrophysiological recordings made in vivo in 

the locust. Each layer of the locust olfactory network has a different population response 

to odor stimuli. PNs respond with different clusters of neurons responding synchronously 

at different times during the odor presentation. KCs respond with a sparse code where 

few neurons respond to each odor and the ones that do produce only a few action 

potentials. LHNs are active in their response to odors, with every LHN that is directly 

linked to the PNs responding to every odor with multiple action potentials. We found that 

populations of all type (PN, LHNs, and KCs) had lower odor classification error rates 

than individual cells of any given type. This improvement was quantitatively different 

from that observed using uniform populations of identical neurons compared to spatially 

structured population of neurons tuned to different odor features. This result, therefore, 

reflects an emergent property.  
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Introduction 

Olfactory pathway has similar architecture across insect and mammal species 

(Kay and Stopfer 2006). Each population of neurons, which process an odor, has different 

properties including the size of the population. The locust has olfactory sensory neurons 

on the antennae. Those neurons have projections to the Antennal Lobe (AL), the AL 

contain about 800 projection neurons (PNs) and 300 local inhibitory neurons (LNs). The 

PNs project to the Mushroom Body (MB) and Lateral Horn (LH). Within the lateral horn 

there are several neuron types that receive input from the PNs, there is a small population 

of lateral horn neurons (LHNs) roughly 100 (Gupta and Stopfer 2012). The MB contains 

about 45,000 kenyon cells (KCs).  From the MB odor information is sent to the beta-lobe 

and alpha-lobe though the neurons that make up these areas are not as well known. 

As odor responses pass from one neuron population to the next for processing 

each layer represents the same odor differently, each using a different code. On an 

individual level the PNs who respond to an odor do so with multiple action potentials the 

number of action potentials and the pattern of those action potentials is different for each 

odor they respond to (Ito et al. 2008). Across the population of PNs odor presentation 

causes synchronized and alternating groups of active PNs, this pattern is such that you 

have oscillations (Laurent, Wehr, and Davidowitz 1996; Brown, Joseph, and Stopfer 

2005). Oscillations in the AL are produced by the interaction of feedback inhibition from 

the LNs on the PNs (Bazhenov, Stopfer, Rabinovich, Huerta, et al. 2001). The LHNs that 

receive direct input from the PNs respond to all odors with vigorous spiking (Gupta and 

Stopfer 2012). The LHNs also have oscillations, which are directly given by input from 
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the PNs. KCs respond to odors sparsely, with few KCs responding to a given odor and 

those that do, do so with only a few action potentials (Perez-Orive et al. 2002). The 

pattern of activity for each KC is specific to the odor it is responding to (Gupta and 

Stopfer). KCs also respond to odors with oscillations, which are directly given by input 

from the PNs (which are already in an oscillatory pattern).  

Odor representation and classification can be evaluated at the level of a single 

neuron or a population of neurons. Typically increasing the neuron population size 

increases the amount of information (i.e. the number of odorants) that can be evaluated 

by that population (Averbeck, Latham, and Pouget 2006). Aside from population size 

there are several things which impact the amount of information contained within the 

activity of a population. Tight stimuli tuning curves restrict the amount of stimuli 

information that can be represented throughout the population (Series, Latham, and 

Pouget 2004). In this case an individual neuron gives you a decent amount of 

information, namely something specific about the stimuli, it’s in this location or is this 

odorant. When that same tactic is played out over the population, the population can only 

give you information that is specifically coded for by the tight stimuli tuning curves of 

the individual neurons. For example if you have a neuron which only responds to methyl 

salicylate, then it will only identify if an odorant is methyl salicylate or not. Instead if the 

neurons have wide stimuli tuning curves specifics about the stimuli is determined by the 

population of neurons, which respond instead of the individual neurons. It’s not just the 

diversity of neurons which respond to a particular odorant but also the diversity seen 

between neurons which all respond to the same odor. Diversity in how each individual 
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neuron responds to the same odorant increases the information that can be processed 

across that population of neurons (Padmanabhan and Urban 2010). In other words, if 

every neuron which responds to an odor does so with the same number of spikes and at 

the same time, the post synaptic neurons receive less information about that odor than if 

each responsive neuron has a different number of action potentials and at different times. 

That variability would allow the pre-synaptic neurons to tell the post-synaptic neurons 

different characteristics of the odor. 

 In order to look at how different individual neurons and populations of neurons 

respond to the same odor stimuli we constructed a fairly complete circuitry model 

including the PNs, LNs, LHNs, KCs and GGN. Previous studies (Assisi et al. 2007; 

Bazhenov, Stopfer, Rabinovich, Abarbanel, et al. 2001; Nowotny et al. 2005; 

Papadopoulou et al. 2011) have looked at only a small part of the circuitry included in 

our model. Because we have modeled several layers of the olfactory pathway we can 

look at information transfer based on the size of the pre-synaptic and post-synaptic 

populations. Within our model there were only a few clustered groups of individual PNs, 

which responded similarly to either high or low odor concentrations. We found 

populations of neurons were better at properly identifying odors than individual neurons, 

but that only a small fraction of the PN population was needed for accurate 

discrimination. Only a few optimally wired neurons would need to exist downstream of 

the PNs to properly classify odors with a high accuracy.  
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Results 

Classification error of single cells 

 We first tested the classification performance of single neurons from different 

olfactory layers. For each pair of odors and each odor concentration, the error rate was 

calculated using binned spike trains of single neurons (see Methods, chapter V). We 

represented the neuron’s response to each odor trial as a point in 1-D space, with each 

point reflecting the number of spikes produced by the neuron within a specific time 

window. Responses gathered over the entire stimulation time (1000 ms) were used for the 

discrimination task, and the classification performance of each neuron was evaluated 

independently. 

 For each neuron we calculated a classification error profile – the average error 

rate it achieved was given pairs of odors with different degrees of similarity, and a range 

of concentrations. Examples of two such profiles are shown in Figure 2.1C. Only a few 

distinct types of profiles were observed across all the neurons. Single neurons with 

analogous profiles suggest these neurons shared similar classification performance for a 

given set of odor similarities and concentrations. To determine the number of distinct 

profiles we performed k-means cluster analysis. It revealed that the profiles of individual 

PNs fell largely into three groups. Characteristic representatives of these 3 types of 

profiles are shown in Figure 2.1A. For PNs these three groups together well described the 

error profiles observed across the entire PN population. The red line in Figure 2.1B 

shows, for a given number of clusters, the fraction of unexplained variance; for PNs, the 

first two clusters alone explain 80% of the variance. The variance became almost flat for 
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k>3, indicating that increasing numbers of clusters beyond the first three did not 

significantly decrease the total variance (measured as the distance of cell profiles to their 

respective clusters). Half of the PN population performed at chance when distinguishing 

between any two odorants; see Figure 2.1A, left bottom, which shows a flat error rate 

profile centered around 0.5. The remainder of the PNs most often showed decreasing 

error rates as the difference between odors (odor shift) increased and as concentration 

increased (see example in Figure 2.1A, left top). Some PNs showed the opposite trend, 

having profiles with minimal error rate either for low or intermediate odor concentrations 

(Figure 2.1A, left middle), and for a few PNs this trend was even more pronounced; the 

profile for one such PN is shown in Figure 2.1C, left. This unusual trend can be explained 

by odor saturation: higher odor concentrations activate larger populations of receptor 

neurons, cause overlaps in the neural populations responding to different odors. 

Randomized network connectivity between layers of olfactory processing can cause 

increased sensitivity in some downstream neurons to the overlap in populations of the 

upstream neurons and thus degrade the discrimination capabilities of particular neurons at 

specific concentrations. To quantify the error rate profiles, for each neuron and each 

distance between odors we then calculated the slope (linear approximation) of the error 

rate across concentrations in the profile. With this measure, a negative slope, for 

example, indicates that the error rate decreases as odor concentrations increase. Figure 

2.1D, left shows the distribution of such slopes for all distances between odors and all 

neurons. We found more neurons showed negative slopes (error rate decreases as 

concentration increases) than positive slopes (error rate increases with odor 
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concentration); thus more PNs perform like those in the example shown in Figure 2.1A, 

left top rather than those shown in Figure 2.1A, left middle. 

 A similar analysis of LHN classification error profiles (Figure 2.1A, middle 

columns) revealed, as for PNs, a decrease in error rate as odor differences increased. In 

contrast to PNs however, LHNs maintained a constant error rate across odor 

concentrations. The error profiles of the two cell types had similar shapes, as shown by 

the three cluster representations. Notably, unlike the PNs, the variance in error rate across 

the LHNs did not decrease abruptly when more clusters were used in the decomposition 

analysis (Figure 2.1B, green line), which would be the case when few very distinct 

clusters explained most LHN profiles. 

 KCs also had classification error rate profiles with less variability than those of 

PNs. Some KCs showed essentially no classification success (Figure 2.1A, right bottom); 

typically, KCs displayed a slight decrease in error rate as odor difference and 

concentration increased (Figure 2.1A, right top and middle). A minority of KCs exhibited 

highly specific responses not exemplified by the cluster means, such as the example 

shown in Figure 2.1C, right. 

 All three main cell types (PNs, LHNs, KCs) tended to have higher error rates for 

low odor concentrations, illustrated as a negative slope across concentrations (Figure 

2.1D). PNs revealed the widest distribution of gradients, implying that many PNs are 

highly sensitive to a particular concentration of an odor while performing much worse for 

a different concentration. In contrast, LHNs showed a narrow distribution, suggesting that 

large numbers of LHNs performed equally well across the entire range of odor 
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concentrations. The average PNs and LHNs classification err rate was in the 25-45% 

range, varying with the extent of difference between the odors. In terms of single cell 

average performance, single KCs performed the worst of the three main cell classes; KC 

classification error rate varied between 40-50%, and only a minority of KCs showed 

higher classification success for a given stimulus (neurons showing flat profiles with 

error rates of 0.5 were not included in the histograms plotted in Figure 2.1D). 

 

Classification error in populations of cells 

 Since olfactory information is represented by populations of neurons (Laurent 

1996) we examined how classification error rate depends upon the size of the population. 

We used an approach similar to that described in the previous section, however, here we 

represented a population response to each odor input as a vector in N dimensional space, 

where N was the number of neurons of a given type used in the analysis. We found that 

population error were always lower than individual cell error rates for all cell types 

(Figure 2.2A). When an entire population of cells was used for the analysis, error rates 

dropped to nearly zero. In the case of PNs, the error rate dropped within the first 100ms; 

KCs and LHNs needed more time (Figure 2.2B). As with the analysis of single cells, we 

observed a decrease in error with increasing distance between odors. 

 When we tested differently sized subsamples of the population, we found that the 

error decreased as the size of the population increased (Figure 2.2C). PNs revealed a 

rapid decrease in error rate; for pairs of similar odors (distance of 5) classification 

performance was nearly perfect given about 30 or more randomly selected neurons 
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(based on 100 randomly selected sets). For pairs of odors that were more different from 

each other (distance of 10), around 20 neurons were sufficient to achieve extremely low 

error rates. Notably, some subsamples consisting of just a few neurons reached perfect 

classification, in close agreement with results from PNs recorded in vivo (Figure 2.2E, 

adapted from ((Stopfer, Jayaraman, and Laurent 2003), Figure 6E). For both LHNs and 

KCs, error rates rapidly declined as subsample size increased, but, unlike the case of PNs, 

the error rates asymptote without approaching zero (Figure 2.2C).  

 Intuitively, one might expect to find an improvement in discrimination 

performance when the neutral population increases. It is not clear, however, whether this 

improvement can be explained entirely by the larger population size, or whether it also 

depends on the variety of tuning of individual neurons within the population. If first is 

true, then adding to the population analysis more neurons with the same average behavior 

(thus, e.g., eliminating the “noise” present at the level of a single neuron or small 

population) would lead to the same improvement observed in the population of AL 

neurons tuned to specific odor features. To test this, we computed expected statistical 

error rates (see Methods section, chapter V) for a population of statistically identical 

neurons. 

 The dotted lines in Figure 2.2D show error based on the pure population 

averaging of the estimated single neuron performance (depicted in detail in Figure 3.1C); 

the solid lines are identical to the network population error rates shown in the panel 2.2C. 

The difference between two (especially for PNs) suggests that classification performance 

based on the cell population of the network cannot be simply reduced to the smoothed 
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average of single neuron performance, and that the structure of the responses across 

populations of neurons matters. In the case of KCs we observed that statistical error 

continued to decrease (Figure 2.2D, right, dotted lines), and for very large subsets of 

neurons, fell below the network error rate (Figure 2.2D, right, solid lines). This may be 

explained by the fact that the average single KC error rate derives from a relatively small 

set of very informative neurons, and a large set of neurons whose contribution to 

classification is very small (see the representative clusters in Figure 2.1A). As such the 

population network error rate remains constant once the subset of neurons is large enough 

to include those informative neurons, while statistical error continues to decrease towards 

zero because only the size of the subset, not its structure, defines the error rate. 

Effect of synaptic strength variability on classification error 

 In our model all synaptic connections from PNs to the following layers had the 

same synaptic strength. Biological neurons may have synapses of different strengths and 

plasticity mechanisms can potentially modulate the strengths of signals coming through 

them. To test how classification performance may change with plasticity we first 

introduced random variations in synaptic strength between PN to LHNs. The resulting 

error rate (see Figure 2.2G) was very similar to the baseline model with uniform strengths 

(compare middle column in Figure 2.2B for 1000ms; similar results were obtained for 

100ms, not shown). This result also shows that our results, and the olfactory circuitry, are 

robust against random variations in synaptic strength. Plasticity may shape connections 

between neurons in a non-random way, so we tested classification performance when we 

varied connection strength from PNs to downstream neurons. We previously showed that 
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spike timing dependent plasticity (STDP) operating on connections from the AL to the 

MB can increase the sparseness of odor representation by KCs and improve classification 

(Finelli et al. 2008). Here, we applied Principal Component Analysis (PCA) as a way to 

optimize the synaptic output of the PN population. The first PCA component can be 

interpreted as a vector of weights for an “ideal” downstream observer reading the entire 

PN population; each synaptic connection to that “ideal” cell would be determined by a 

coefficient of the given PCA component. This “ideal” downstream cell would become 

very sensitive, for a given stimulus, to PNs that capture most of the population activity 

variance, and less sensitive to PNs that do not contribute to the variance. Subsequently, 

we can project the PN population code into the subspace defined by PCA component(s) 

and measure the error rate in the same way we do in normal coding space. If 

classification succeeds, it would imply that a single (first) component is sufficient to 

express the variability needed for proper odor identification. Otherwise, we can start 

adding additional PCA components, thus allowing additional dimensions to express the 

variability needed for proper odor separation. Again, coefficients of each additional 

component can be treated as synaptic weights to another “ideal” downstream observer 

capturing the remaining variability on PN output. The result of such an iterative process 

can be seen in Figure 2.2F, where we measured the error rate of an increasingly large 

population of “ideal” cells. It can be seen that the use of even a few optimally tuned cells 

can lead to very good classification results. While an explicity implementation of this sort 

of synaptic plasticity between PNs and downstream neurons would go beyond the scope 

of this paper, this result suggests the possibility that plasticity mechanisms might be able 
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to tune synaptic weights to achieve better classification performance that we reported 

above.  

Discussion 

 We compared populations of neurons in odor classification at different stages of 

processing in the locust olfactory system. We created a model containing the basic 

circuitry of the AL, MB, and LH, specifically looking at odor responses in the excitatory 

neurons of each of these areas the PNs, KCs, and LHNs. There were particular 

differences in the response of the pre-synaptic PNs and their post-synaptic KCs and 

LHNs. 

Single cell classification success for different cell types 

Individual PNs tended to have greater diversity in their classification response 

profile than either of their post-synaptic neurons the KCs and LHNs. PNs tended to 

specialize in tuning classification success to a specific range of concentrations. The 

concentration was different for different neurons but PNs tended to separate either low 

odor concentrations or high concentrations better. KCs showed very little specialization 

with most KCs having a flat profile with an error rate near 0.5 (chance), due to their 

sparse firing (Perez-Orive, Bazhenov, and Laurent 2004; Perez-Orive et al. 2002). There 

were a few KCs which were much better at classification, reaching 10% error rate for 

distant odors, with a very few performing best for a particular band of concentrations.  

LHNs were also less successful at odor classification than PNs. They had less 

diversity in their classification profiles; this was probably due to receiving dense 

convergent input from the PNs (Gupta and Stopfer 2012). There are multiple classes of 
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LHNs and each class in vivo has a different classification success profile.  The 

connectivity in our model was based on neurons receiving direct input from the PNs 

(class C1-C4); our results are similar to the classification profile of C3 LHN neurons in 

vivo (Gupta and Stopfer 2012). 

Different population classification differences between PNs, KCs, and LHNs 

All neuron populations better classified odors when the entire population was 

used in the analysis instead of individual neurons. When the entire PN population was 

used to classify odors the error rate decreased to almost zero. When all the recorded PNs, 

in vivo, were used for odor classification they also performed better (Stopfer, Jayaraman, 

and Laurent 2003). Drosophila receptors achieved the best recognition accuracy if the 

outputs of all 20 receptor types tested were used (Nowotny et al. 2014). Similar responses 

were seen in the KCs and LHNs, where when the entire population was used for 

classifying odors the error rate substantially decreased.  

Our study indicated whole population responses are important for accurately 

identifying odors and a small subset of neurons is able to accurately classify the 

difference between odor pairs. With our model 10 PNs reached an average classification 

of 95% success for distant odors. Other studies also show a small subset of PNs (or mitral 

cells), 5-10, is able to classify odors with a 75-95% success rate (Stopfer, Jayaraman, and 

Laurent 2003; Geffen et al. 2009; Shusterman et al. 2011; Friedrich and Laurent 2004). A 

lesion study of the olfactory bulb also supported this idea showing a small remnant was 

enough to discriminate odors (Lu and Slotnick 1998). More LHNs and KCs were needed 

to reach similar classification success, 30 LHNs needed and 1000 KCs to reach 95% 
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classification success. Taking this a step further and considering behavioral outcomes, 

less than 100 neurons were needed in the rat piriform cortex (akin to the mushroom body) 

to predict behavioral results (Miura, Mainen, and Uchida 2012).  

Neuronal uniqueness as a factor in subpopulation classification success 

We looked at a uniform population of neurons (identical neurons) and a spatially 

structured population (developed using olfactory circuitry with each cell being unique) 

and found these populations to be quantitatively different (see figure 2.2D). Both 

populations responded well to increasing the size of the network used for analysis, but the 

unique neuronal network was able to better classify odors with a much small 

subpopulation than the uniform neurons. Diversity in how each individual neuron 

responds to the same odorant increases the information that can be processed across that 

population of neurons (Padmanabhan and Urban 2010).  

Optimally tuned synapses 

We modeled optimal post-synaptic neurons to the PNs by taking the components 

of their PCA activity and treating them like a vector of weights for an ideal post-synaptic 

neuron. We wanted to test how synapses with plasticity from the PNs to their post-

synaptic neurons may change the secondary neuron’s ability to classify odors, using the 

PCA as vector weights allowed us to hypothesize the outcome. We found only a few 

ideally synapsed neurons were necessary to reach near zero classification error rates. This 

is in agreement with previous work (Finelli et al. 2008), additional studies of plasticity 

are needed to support this prediction. 
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Figure 2.1: Classification performance by single neurons. (A) Average 
classification error rate profiles obtained by k-means clustering (k=3): PNs (left), LHNs 
(middle), and KCs (right). X-axis is odor similarity (from low to high). Y-axis is odor 
concentration (0.1 – low concentration, 0.3 – high concentration). Color of the heat map 
is error rate with a maximum of 0.5 (chance level for 2 odors). (B) Total variance as a 
function of number of clusters used in decomposition. Variance was computed as the sum 
of distances between the cluster and all points belonging to that cluster (summed for all 
clusters). (C) Examples of two single cell error rate profiles: PN (left), KC (right). (D) 
Distribution of the error rate vs. concentration slopes. For each odor pair we computed 
the slope of line approximating error rate as a function of concentration (a slice of a 
particular color from error concentration profiles shown in A), giving 20 slopes per 
neuron. The distribution of all slopes for all cells is plotted in B. Cells with completely 
flat profile with error rate 0.5 were omitted from this analysis.  
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Figure 2.2: Classification performance by population of neurons. (A-D) Columns 
show results for PNs, LHNs, and KCs. (A) Error rates based on the time window of the 
first T = 100ms. (B) Error rates for the full T = 1000ms odor presentation. (C) Error rate 
as a function of the subset of neurons used for classification. For each sampling size we 
drew 100 random subsets of neurons and calculate its error rate (each subset is 
represented by 1 dot in the graph). All data shown is for odor distances 1 (red), 5 (green), 
and 10 (blue) and concentration C=0.2. (D) Comparison of population network error rate 
(solid lines) and probabilistic error (dotted lines). Axis and colors have the same meaning 
as in (C). (E) Classification error rate for a subset of PNs recorded in vivo (replotted from 
(Stopfer, Jayaraman, and Laurent 2003). (F) Error rate as a function of the number of 
significant PCA components used for classification, averaged across odorants with odor 
distances 1 and 5, integration tim 1s. (G) LHN error rates for connections with random 
connection strengths from PNs to LHNs. Original connection strengths were multiplied 
by a random value drawn from the uniform distribution [0.5:1.5]. 
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Chapter III: Odor classification across time 

Abstract 

 Time is an important concept in stimuli processing. The time it takes from stimuli 

presentation to a behavioral response. Within the stimuli-processing pathway, in this case 

the olfactory pathway, timing of action potentials and the transfer of information from 

one neural population to the next also matter. Projection neurons (PNs) respond to odors 

with odor specific dynamic responses, which get passed on to the lateral horn (LH) and 

mushroom body (MB). We analyzed each neuronal population’s ability to decorrelate 

odors and properly identify similar odors across time. Odor classification improved with 

increasing stimulus duration: for similar odorants, KC and LHN ensembles reached 

optimal discrimination within first 300-500 ms of the odor-response. Performance 

improvement with time was much greater for a population of cells than for individual 

neurons.  

Introduction 

 The time it takes to process stimuli in part determines how long it takes to 

respond to said stimuli. In order to make physical responses quickly to the environment 

stimuli processing needs to take place quickly and transfer from one neuronal population 

to the next without stacking up errors. The time it takes for an animal to respond with a 

motor movement to sensory stimulation is a few hundred milliseconds (Vickers and 

Baker 1996). There is not an exact time and the response time is based on the complexity 

of the behavior as well as the experimental methodology. The initial processing that 

needs to occur for olfactory processing is the correct identification of odors, within the 
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fish and insect families we see a similar range in response time to correctly identify 

odors, from one hundred to several hundred milliseconds (Friedrich and Laurent 2001; 

Raman et al. 2010; Mazor and Laurent 2005; Krofczik, Menzel, and Nawrot 2009; 

Namiki and Kanzaki 2008). In the antennal lobe (AL) of locusts projection neurons (PNs) 

are able to correctly identify odors within 200 milliseconds (Krofczik, Menzel, and 

Nawrot 2009).  

Timing to a behavior is important but the timing between action potentials within 

a neural population as well as between populations also matters. Neuronal populations 

can have rhythmic patterns of activity called oscillations. Oscillations consist of a period 

of time where you have more action potentials and a period of time when you have less. 

The frequency of an oscillation is discussed in hertz (Hz), the number of cycles per 

second. Within the insect antennal lobe (AL) there is interaction between excitatory 

projection neurons (PNs) and local inhibitory neurons (LNs), which creates a 20 Hz 

oscillation of activity in the AL (Bazhenov, Stopfer, Rabinovich, Huerta, et al. 2001). 

The oscillatory pattern of activity in the AL continues to its post-synaptic populations 

including the lateral horn (LH) and mushroom body (MB) (Laurent and Davidowitz 

1994). Within the odor response of PNs there is a transient dynamic (oscillation) and a 

fixed point (Mazor and Laurent 2005). The benefits of oscillations are not yet entirely 

clear. 
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Results 

Classification performance versus integration time 

 We investigated how classification error rate is affected by the response history 

available to downstream neurons, starting from the beginning of the stimulation. Thus, 

we tested how error rate changes as odor-sampling time is increased.  

 In our simulations, increasing odor-sampling time produced an increasingly large 

distance between odor representations in coding space, thus providing better 

classification performance. Figure 3.1 shows with representative examples how the 

distance between odor representations develops over time for three odorants that are more 

or less similar to one another. The entire population of neurons was included in the 

analysis, and a three-dimensional PCA projection was used to visualize responses. In 

these experiments, the neurons integrated their input for successively longer time periods. 

The results show that, for short integration times, the points representing the population 

response to a given odor are very close to each other. However, as the integration time 

increases, the points continuously diverge (odor points are connected with a line). 

 The improvement in performance at the population level can be seen 

quantitatively in Figure 3.1B. For PNs, classification of odors with 90% success (10% 

error) was attained within 200ms even for odorant pairs with distance=1 (very similar 

odors); for more different odorant pairs classification was nearly perfect by 100ms. 

Similarly rapid classification by PNs has been reported in locust (Brown, Joseph, and 

Stopfer 2005; Saha et al. 2013). For LHNs and KCs, average classification error rates 
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ranged between 5-30% and decreased slowly as integration time increased. For all cell 

types, more distance odors were generally classified faster.  

 Figure 3.1C shows the average classification error rate for single PNs, LHNs, and 

KCs. The average KC profile consists of a flat line at around 0.5, which corresponds to 

the sparse responses of the KC population. We found that increasing the integration time 

improved classification by single neurons less than it did when the entire population was 

included in the analysis. Figure 3.1D shows a plot of classification error vs. time for 

increasingly large populations of neurons. Both the network error rate and statistical error 

rate are provided for each population size. We observed the population error rate was 

lower than the statistical rate for smaller cell populations, but in LHN and KC networks it 

reversed once the population size exceeded a threshold. The result was similar to that 

observed before in simulations with increasing network size (Figure 2.2D). The error rate 

obtained with single LHN neurons agrees well with results obtained in vivo from locust 

LHNs (inset in Figure 3.1C, middle column, shows classification error for single LHN 

class C3; (Gupta and Stopfer 2012)). We conclude that populations of neurons benefit for 

more substantially from longer integration times than do single neurons, and that this 

effect cannot be explained simply as the probabilistic product of including larger number 

of uniformly behaving neurons. This finding should be taken into account when drawing 

conclusions about the role of integration time in performance based on small subsamples 

of experimentally recoded neurons.  
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The optimal size of the “read out” integration window for different cell types 

 PNs and KCs/LHNs represent sequential layers of olfactory processing. As 

information moves through this network, what is the optimal integration time for 

downstream neurons to provide the best classification performance? In the previous 

section we considered decoding based on continuous “integration” of the input by 

downstream neurons starting from the beginning of odor stimulation. We found (Figure 

3.1) that having access to more the history of an odor response improves classification 

performance at the level of cell population. This effect was strongest for very similar 

odors. Now we ask how classification performance depends on the size of the integration 

window when subsequent integration windows of such fixed size are used (short 

“snapshots”). 

 For this analysis we used three different odorants, two similar and one very 

different (odor distance 5 and 100). First, for all three main types of neurons (PNs, KCs, 

LHNs), we visualized the trajectory of the population response using PCA, with spikes 

binned into sliding windows of different size from 6ms to 200ms, with a small time step 

of 2.5ms. The entire population of neurons of each class was used for the analysis. Our 

approach is similar to that used previously in experimental studies (Raman et al. 2010; 

Stopfer, Jayaraman, and Laurent 2003; Mazor and Laurent 2005), except that we 

considered a wider range of binning windows (previous experimental studies usually 

tested 100-200ms windows).  

 The spatio-temporal structure of the response trajectory changed significantly as 

the integration window increased (Figure 3.2A). Small windows revealed multiple 
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oscillatory loops (Figure 3.2A, left), each loop representing a single oscillatory cycle in 

the AL LFP (the main frequency generated by PNs is about 20 Hz, which corresponds to 

the 50ms duration of a single cycle). As the window lengthened closer to 50ms and 

beyond (Figure 3.2A, right), the segment of repeated loops started to unfold into a 

smoother trajectory. The initial unfolding part of the trajectory corresponded to the 

transient response at the odor onset and the rest represented the stationary part of the 

response, commonly referred as the “fixed point.” While our results are in agreement 

with the previous experimental findings (e.g., (Mazor and Laurent 2005)), our analysis 

using smaller time windows of less than 50ms clearly shows that the “fixed point” 

actually represents a state with complex oscillatory dynamics that becomes invisible was 

longer time windows (>100ms) are applied.  

 All three cell types revealed oscillatory behavior when their responses were 

analyzed with brief time bins, but the transition to unfolded trajectories became apparent 

when using different window sizes for different cell types. For PNs, a 50ms window was 

sufficient to reveal the distinct trajectories of similar odorants, but this window was too 

brief to reveal such structure in responses of LHNs. This result suggests that, to attain 

similar levels of performance, different integration windows should be used for piecewise 

decoding by different cell types. This result is consistent with analyses shown in Figure 

3.1B, where we observed that the PN population reached its optimal performance much 

more rapidly, starting from beginning of the stimulation, than the KC or LHN 

populations. 
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 To compare the model’s behvior with recording made in vivo we plot in Figure 

3.2B the reduced-dimension trajectory of 14 PNs response to a 1s pulse of hexanol. As in 

the model data, increasing the integration window helped to unfold the complex shape of 

the PN population trajectory into a simpler one. In the responses recoded in vivo we did 

not observe clear loops representing 20 Hz oscillation, likely because (a) we averaged 

activity of all PNs without aligning them to a common LFP reference (something not 

available with this data set) and (b) we had access to only a small subset of the entire PN 

population (14/~800 neurons). 

 Recordings made in vivo from the locust PNs show that the transient onset and 

offset components of the response contain more information about the odor that the 

stationary component of the response (“fixed point”, (Mazor and Laurent 2005)). To 

explore this result in our model, we measured the error rate over successive integration 

windows comprising the trajectory (Figure 3.2C). Using similar odors (odor distance 5) 

and 50ms windows for spike binning to match conditions used in the locust, we found 

that classification performance of the PN population reached its peak very quickly – the 

first 50ms window was already optimal. The error rate then remained nearly constant. 

Overall, this result is in good agreement with analyses of recordings made from locust 

PNs (Figure 3.2C, left, inset). In contrast, the same analysis conducted on responses of 

KCs and LHNs showed error rates that, on average, slowly decreased from one 50ms 

window to the next (although the error rate showed significant fluctuations) over the first 

~500ms. In sum, the results presented in Figures 3.1 and 3.2 suggest that the PN 

population may attain optimal classification of even very similar odors much faster than 
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the KC and LHN populations. As expected, using odor pairs that were more distinct 

reduced the time required for optimal odor classification by any population. 

Discussion 

 Currently there are two theories of odor sampling and how length of odor 

presentation is used in the olfactory pathway. The first theory is odor information accrues 

over time and the more time you get for processing the better the analysis. The second is 

that the olfactory pathway uses discrete time sampling (perhaps determined by the 

oscillations). Another version of this theory in mammals is that the sniff (there is a sniff 

specific oscillatory pattern) determines the discrete time window for behavior driving 

decisions (Uchida and Mainen 2003). More difficult tasks take longer than a single sniff 

and their decisions improve with longer odor exposures (Abraham et al. 2004; Rinberg, 

Koulakov, and Gelperin 2006). Not all information is available during a single oscillatory 

cycle. Different PNs are active during different cycles; this pattern is different for each 

odor (Laurent, Wehr, and Davidowitz 1996). There is the normal oscillatory pattern and a 

slower pattern. It is possible there is information at the discrete window of each 

oscillation as well as information, which is stored across longer time windows. 

Continuous integration window 

In our study neuronal populations benefitted from longer durations for odor 

discrimination but individual neurons reached optimal performance quickly and needed 

less time to process the odors. Discrimination between odors using population activity 

improves over time in zebrafish (Friedrich and Laurent 2001). In insects, PNs show a 

similar range of discrimination time: 100 ms in Drosophila (Bhandawat et al. 2007), 100-
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150 ms in locust (Mazor and Laurent 2005), and 50-150 ms in honeybee (Krofczik, 

Menzel, and Nawrot 2009). We had similar classification times as other experiments. The 

PNs performed the best reaching 95% classification within a 200ms window. KCs and 

LHNs needed closer to 400ms to reach 95% classification. Our discrimination task was 

quite difficult with our most difficult pair having a 99% overlap of PNs and LNs 

receiving receptor input, our least difficult pairing shared 90% of the same neurons. Odor 

pair similarity impacts the time it takes to properly classify those odors. The similarities 

in the pathways involved in odor processing across species and in our model may 

contribute to the similarity in classification times across species (Kay and Stopfer 2006; 

Shusterman et al. 2011).  

Discrete information windows 

 Discrete information windows are the other theory of how odors are processed. 

The discrete windows may be defined by a behavior such as sniffing in vertebrates or 

through internally created oscillations generated by the neural circuit. In the insect 

oscillations are created in the AL by feedback inhibitory local neurons (LNs) (Bazhenov, 

Stopfer, Rabinovich, Abarbanel, et al. 2001). In the insect these oscillations occur at 

approximately 10-30 Hz in the AL and is transferred to their follower neurons (Stopfer et 

al. 1997; Tanaka, Ito, and Stopfer 2009; Ito et al. 2009; Laurent and Davidowitz 1994). 

The information contained in a single oscillatory cycle (20 Hz is 50 ms) may be enough 

to classify odors. Oscillations are important in identifying odors and conducting fine odor 

discrimination (Perez-Orive, Bazhenov, and Laurent 2004; MacLeod, Backer, and 

Laurent 1998; Stopfer et al. 1997).  
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In our model, using PCA visualization, we found PNs were able to separate odors 

with 50 ms windows but KCs and LHNs appeared to need longer time windows to 

properly classify odors. PNs in vivo, using a PCA window of 100 ms or longer, shows 

four distinct behaviors, baseline activity, transient behavior, a fixed point, and transient 

behavior back to baseline activity (Mazor and Laurent 2005). Smaller window in our 

study revealed what appeared to be a “fixed point” with longer windows appears to have 

an oscillatory pattern. 
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Figure 3.1: Role of stimulation duration on classification error. (A,B,C,D) 
Rows in the graph show data for PNs, LHNs, and KCs. Results are shown for odor 
distances 1 (red), 5 (green), 10 (blue) and concentration C=0.2. (A) Representations of 3 
odors for increasing integration time projected to first three principal components. Each 
point is an average of 10 trials, each line connects points with increasing integration time 
– starting with 100ms to 1000ms. The distance between odor representations increased 
with integrations time. (B) Population error (for entire network of each type) as a 
function of integration time. (C) Average single cell error for PNs, LHNs, and KCs. Inset 
shows average classification error rate for single LHNs recorded in vivo (6 LHN neurons, 
class C3, replotted from (Gupta and Stopfer 2012)). (D) Error rate estimated from 
different size subsets of neurons. Thick lines with points show population network error 
rate. Thin lines show estimated statistical error rate, lines were additionally smoothed for 
better readability of the plots. Increasing the size of each population leads to faster 
decreases in error rates as integration time increases for PNs and KCs and to a lesser 
extent, for LHNs. 
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Figure 3.2: Role of integration window time in odor classification. (A) Population 
trajectories projected into first 3 principal components. Each point is an average of 10 
odor trials, integration window slides forward in 2.5ms steps. Points from the same 
odorant are connected with lines of the same color (odor distance between green and blue 
is 5, odor distance between blue and red is 100), in all cases concentration C=0.2. B = 
baseline activity. (B) Population trajectories of 14 simultaneously recorded locust PNs, 
averaged across 10 trials. (C) Error rate across time obtained with 50ms moving 
integration window. We used similar odors (shift 5), concentration C=0.2. Inset in left 
panel: classification success for the 14 PNs recorded from locusts, across time using 
50ms window (Brown, Joseph, and Stopfer 2005). 
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Chapter IV: 

Feed-forward versus feedback inhibition in a basic olfactory circuit 

 

Abstract 

Inhibitory interneurons play critical roles in shaping the firing patterns of 

principal neurons in many brain systems. Despite difference in the anatomy or functions 

of neuronal circuits containing inhibition, two basic motifs repeatedly emerge:  feed-

forward and feedback. In the locust, it was proposed that a subset of lateral horn 

interneurons (LHNs), provide feedforward inhibition onto kenyon cells (KCs) to maintain 

their sparse firing – a property critical for olfactory learning and memory. But recently it 

was established that a single inhibitory cell, the giant GABAergic neuron (GGN), is the 

main and perhaps sole source of inhibition in the mushroom body, and that inhibition 

from this cell is mediated by a feedback (FB) loop including KCs and the GGN. To 

clarify basic differences in the effects of feedback vs. feed-forward inhibition in circuit 

dynamics we here use a model of the locust olfactory system. We found both inhibitory 

motifs were able to maintain sparse KCs responses and provide optimal odor 

discrimination. However, we further found that only FB inhibition could create a phase 

response consistent with data recorded in vivo. These findings describe general rules for 

feed-forward versus feedback inhibition and suggest GGN is potentially capable of 

providing the primary source of inhibition to the KCs. A better understanding of how 

inhibitory motifs impact post-synaptic neuronal activity could be used to reveal unknown 

inhibitory structures within biological networks. 
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Introduction 

Inhibition is ubiquitous in invertebrate and vertebrate neural networks, and serves 

many different functions throughout the central nervous system. Within each neural 

network inhibition appears in various motifs, reflecting the connections between the 

excitatory and inhibitory neurons. Feed-forward (FF) and feedback (FB) are two very 

common, simple inhibitory network motifs (Pouille et al. 2009; Bekkers and Suzuki 

2013; Isaacson and Scanziani 2011). FB (fig. 4.1A), or recurrent, inhibition requires a 

population of excitatory neurons to drive the inhibitory cell(s), which in turn inhibit(s) the 

same population of excitatory cells. FF inhibition (fig. 4.1B) typically occurs between 

different brain areas when excitatory neurons excite inhibitory cell(s), which then 

inhibit(s) a group of postsynaptic excitatory neurons outside of the initializing excitatory 

neurons’ area. While both types of inhibition can limit the firing of the postsynaptic 

neurons, some specific properties of these two basic inhibitory motifs are different. For 

example, because FF inhibition is controlled by upstream excitatory neurons, it is able to 

completely block action potentials in the post-synaptic excitatory neurons, and create 

relatively fast inhibition, setting the stage for precise temporal processing (Pouille and 

Scanziani 2001).  And FB inhibition is well suited to synchronize firing in populations of 

excitatory principal neurons (Bazhenov, Stopfer, Rabinovich, Huerta, et al. 2001). 

Sparse stimulus representations can arise through either FF or FB inhibitory 

motifs (Bazhenov and Stopfer 2010). FF and FB inhibition co-exists in the honeybee and 

mammal MB (Stokes and Isaacson 2010; Ganeshina and Menzel 2001). In the vertebrate 

olfactory pathway FF inhibition in the cortex produces transient early-onset inhibition, 
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while FB inhibition in the olfactory cortex produces late-onset inhibition (Stokes and 

Isaacson 2010).  Earlier reports suggested the existence of FF inhibition onto the Kenyon 

cells (KCs) in the mushroom body (MB), mediated by the lateral horn interneurons 

(LHIs), which themselves receive excitatory input from projection neurons (PNs) of the 

antennal lobe (AL) (Perez-Orive et al. 2002; Assisi et al. 2007; Nowotny et al. 2005).  

But more recent results in the fly and locust support the presence of FB inhibition 

in the MB and refute the existence of FF inhibition there: the recently characterized giant 

GABAergic neuron (GGN) now appears to receive excitatory input from all KCs and in 

turn inhibits all KCs, providing the main or sole source of inhibition in the MB (Gupta 

and Stopfer 2012; Lin et al. 2014; Pitman et al. 2011; Masuda-Nakagawa et al. 2014). FB 

inhibition creates longer windows for coincidence detection, but cannot entirely suppress 

the firing of excitatory population since the inhibition depends upon drive from the 

excitatory cells.  Thus, such circuitry commonly generates oscillations with the degree of 

synchronization controlled by the strength of inhibition (Bazhenov, Stopfer, Rabinovich, 

Huerta, et al. 2001). FB inhibition exists in the MB of fly, cockroach, locust, honeybee, 

and mammal (Cassenaer and Laurent 2012; Pitman et al. 2011; Lin et al. 2014; 

Yamazaki, Nishikawa, and Mizunami 1998). This FB inhibition has been tied to odor 

memory in many of these insects (Cassenaer and Laurent 2012; Pitman et al. 2011; Lin et 

al. 2014).  

 Sparse coding is thought to be important for learning and memory (Kanerva 

1988). Sparse codes are based on a few stimulus-elicited spikes in a small subset of 

neurons within a large population of neurons. In many insects, sparse codes have been 
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found in the KCs of the MB, a structure involved in memory and learning (Papadopoulou 

et al. 2011; Rennaker et al. 2007; Pitman et al. 2011; Lin et al. 2014; McGuire, Le, and 

Davis 2001; Liu and Davis 2009). Sparse codes minimize inter-odor correlations and 

reduce interference between memory traces (Perez-Orive et al. 2002; Kanerva 1988). 

When synaptic inhibition is blocked, in the fly and locust, by the GABA antagonist 

picrotoxin, the sparseness of the odor response in the MB decreases (Perez-Orive et al. 

2002; Perez-Orive, Bazhenov, and Laurent 2004), causing an increase in inter-odor 

response correlation, preventing insects from discriminating similar (but not dissimilar) 

odors (Lin et al. 2014; Stopfer and Laurent 1999). Inhibition in the MB changes with 

learning (Grunewald 1999). The FB inhibitory circuit also appears to be important for 

labile memory but not long-term memory (Pitman et al. 2011). 

To clarify the properties of FF and FB inhibition, we developed two models of the 

locust olfactory system. The first model implements FB inhibition that reflects our 

current understanding of the locust, in which KCs excite GGN, which, in turn, inhibits 

the same KCs (Fig. 4.1A). The model implementing FF inhibition provides an alternative 

for comparison. (FF connectivity may exist in analogous circuits in other species: 

honeybees provide evidence for synapses between PNs and inhibitory fibers in the MB 

(Ganeshina and Menzel 2001)). To allow direct comparison of the properties of FF and 

FB inhibitory motifs, in our FF model inhibition is also mediated by GGN: PNs from the 

antennal lobe excite GGN which then sends inhibition forward to the KCs in the 

mushroom body (Fig. 4.1B). Our study revealed important differences between effects of 

FF and FB inhibition on circuit dynamics. Since some of these differences, such as timing 



 56 

of cell firing, can be evaluated given only electrophysiological recordings, our results 

provide a possible way to probe the connectivity structures of unexplored biological 

circuits. 

Results 

Inhibitory motifs and sparseness of the population response 

 Anatomical evidence suggests that GGN inhibits both the KCs in the mushroom 

body (MB) and the LHNs in the lateral horn (LH), yet KCs fire sparsely while LHNs 

respond to odors with dense spiking (Perez-Orive et al. 2002; Gupta and Stopfer 2012). 

Thus, it is important to determine whether the influence of GGN is consistent with the 

disparity in activity seen between the MB and LH. In the following we compare results 

obtained from network models of the insect olfactory system based on FB and FF 

inhibition (fig. 4.1A and 4.1B). In the FB model excitatory input from KCs drove GGN, 

which, in turn, sent inhibition back to KCs. In the FF model PNs from the AL drove 

GGN, which in turn inhibited the KCs. While recent anatomical evidence from the well-

studied locust olfactory system supports the FB model (Gupta and Stopfer 2012), both FB 

and FF mechanisms have been proposed and may likely exist in insect olfactory systems. 

Thus, our motivation was to use this system to explore general properties in circuit 

dynamics arising in the two models reflecting motifs commonly found in biological 

networks (Bazhenov and Stopfer 2010). In both FF and FB models all cell populations 

showed oscillatory behavior, since the pacemaker for the whole circuit resides in the AL 

and consists of interactions between PNs and LNs (fig. 4.2) (Bazhenov, Stopfer, 

Rabinovich, Huerta, et al. 2001). In both models GGN responds to odors with non-
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spiking but oscillatory synchronized responses (fig. 4.2D), as has been shown empirically 

(Papadopoulou et al. 2011; Gupta and Stopfer 2012).  

GGN provides inhibitory input to both KCs and LHNs and is the focal point for 

both inhibitory motifs. We found that regardless of the model, GGN increased its activity 

as odor concentration increased (fig. 4.3A). Our models showed that at low odor 

concentrations GGN was more excitable (estimated by calculating the integral of activity 

over time) in the FF model than in FB one, but this reversed at higher odor concentrations 

(fig. 4.3A). This result revealed distinct motif-specific responses, as FF inhibition 

produces a more responsive GGN at low concentrations, and FB model produces a more 

active GGN at high odor concentrations. Overall, in the FB model GGN activity spanned 

a broader range of responses, compared to the FF model. Although synaptic inhibition 

was significantly different for each specific concentration (Cohen’s d > 1.5) (Fig. 4.3A), 

there was not a significant difference between FF (M = -0.05, SD = 0.001) and FB (M = -

0.05, SD = 0.003) models across the entire range of odor concentrations (Cohen’s d < 

0.005).  

Figure 4.3B shows the input into the LHNs from the GGN for the two models. 

The inhibitory input follows a similar profile to that of the GGN activity, with main 

differences emerging at very low concentrations where FF model delivered significantly 

stronger inhibition than the FB model.  Thus, the strength of GGN inhibition was larger 

in the FF model vs the FB model for low odor concentrations, and it was the opposite for 

high odor concentrations. This also shows that one cannot tune both models to be 

precisely equivalent across the entire range of odor concentrations. These differences 
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highlight inherent differences between the two inhibitory motifs and contribute to the 

distinct properties of the two models, as we report below. 

We next measured population activity of KCs and LHNs.  Inhibition from GGN 

regulated action potentials produced by KCs (fig. 4.4A, left). Most KCs were silent, 

regardless of the inhibitory motif. Inhibition not only decreased the number of overall 

action potentials but also decreased the number of cells responding to the odor (fig. 

4.4B). And, as expected (Assisi et al. 2007), population sparseness was much greater 

when inhibition was included in the models. Responsive KCs typically fired a single 

action potential (fig 4.4C). Both FF (blue line) and FB (red line) models limited the 

number of action potentials elicited by all concentrations of odor presentations (fig 4.4D, 

left). However, as odor concentration increased, the FF model allowed greater increases 

in the total number of action potentials. By contrast, the FB model kept the number of 

action potentials constant, but allowed the number of cells responding to an odor to 

increase along with the concentration. This was caused by differences in inhibitory input 

generated by the GGN response. Quantitatively, across the full range of odor 

concentrations and all odors in the FF model, 18% of KCs responded with spiking; the 

average response was four spikes. In the FB model, 21% of active KCs fired 3 action 

potentials. Considering only the center of the range of odor concentrations (conc. 0.2 and 

0.25), 8.5% of active KCs in the FF model fired an average of 3.8 action potentials; 

11.5% of active KCs in the FB model fired an average of 2.6 action potentials. We 

conclude that both FF and FB inhibition can constrain the MB to respond sparsely to 

odors, thus fulfilling a requirement for efficient formatting for memory storage.  
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Results recorded in vivo show KCs respond sparsely while LHNs respond to 

every odor with multiple spikes (Gupta and Stopfer 2012). Compared to KCs, model 

LHNs responded with greater levels of activity to odors, despite inhibitory input from 

GGN. Both FF (blue) and FB (red) inhibition greatly limited the number of LHN action 

potentials, compared to the model with no inhibition (green) (fig. 4A right). In agreement 

with experimental results (Gupta and Stopfer 2012), a large fraction of modeled LHNs 

responded to each odor. Specifically, all LHNs responded to every odor, except for the 

lowest odor concentrations when 17.5% of LHNs did not respond in the FF condition 

(fig. 4.4D, right). As odor concentration increased both FF and FB motifs produced more 

action potentials in LHNs (fig. 4.4C, right). However, the two models generated different 

response profiles: FF inhibition produced a skewed action potential histogram for each 

concentration with most LHNs firing the fewest action potentials and a few cells firing 

the most, whereas FB inhibition produced a symmetrical LHN action potential histogram 

(Fig. 4.4C). Regardless of the different action potential profiles, both inhibitory motifs 

supported the firing of LHNs in response to each odor with similar total numbers of 

action potentials. 

 

Odor classification error by KCs 

 In vivo, the responses of KCs can be used to effectively classify the odors that 

elicit the responses; that is, KCs have been shown to contain information about odors. To 

evaluate classification success of the responses of model KCs across a range of odor trials 

including realistic levels of noise, KCs spikes were counted within a time window 
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beginning and ending with the odor presentation (1000 ms). Odor representations by the 

KC population were described with one dimension for each KC (thus, with a 15,000 

dimension space). A single point in this space represents the response of the population to 

an individual odor trial, and repeated trials generate a “cloud” of such points. To quantify 

response variability we defined the cloud radius as an average distance from its center 

(mean point, center of mass (MacLeod, Backer, and Laurent 1998)) to each trial’s point. 

The mean radius for each odor increased from low to high with odor concentration (fig. 

4.5A1). It also increased when time windows for including responsive spikes were 

extended. Overall, the FF model produced smaller size clouds than the FB model; thus, 

the FF model generated responses more resistant to noise.  

In our model, odor similarity is defined by the similarity (the amount of overlap) 

of the inputs to the antennal lobe (see methods section). Thus, we could define odorants 

as similar or different, and could calculate Euclidean distances in the coding space of 

those odorants. In the following we considered two sets of odors: similar (99% overlap) 

and different (80% overlap). Since each odor stimulus was represented by repeated trials 

with added noise, we could calculate the distance between the centers of the odor 

response clouds in KCs as defined above. We found that, in KCs, the distance between 

responses to two odors of the same concentration, regardless of odor similarity, was 

nearly the same for FF and FB models. One exception was that different odors presented 

at high concentrations elicited larger distance measures in the FF than FB model (solid 

blue line fig. 4.5B).  
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To calculate odor classification success we took the previously described KC odor 

response clouds and calculated whether a trial was closer to the mean (center of mass) of 

its own odor cloud or closer to that of another test odor. If the trial was closer to the mean 

of the other odor cloud, the response was marked as an error; the fraction of odor trials 

with errors defined the error rate. We found that the FF model yielded slightly fewer odor 

classification errors than the FB model for all odor-concentration pairs (fig. 4.5C1). The 

smaller radius of the cloud representing odor responses (meaning fewer cells responding 

with more action potentials) in the FF model was primarily responsible for this disparity. 

Thus, under our test conditions, the FF inhibition model achieved slightly better 

discrimination between similar odors at the level of KCs. 

 

Odor representation by LHNs in FF vs FB models 

 Following the approach described above for KCs, odor representations by the 

LHNs were described in forty-dimensional space, one dimension for each LHN in the 

model. To determine the effect of stimulus duration on odor classification success, we 

varied the duration of the time window within which we summed numbers of spikes 

elicited by each odor presentation. We then compared the size of the cloud representing 

multiple trials of the same odor, measuring the distance between centers of two clouds 

and classification success, as described above. The average radius of a cloud representing 

responses of LHN over repeated trials remained remarkably constant across odor 

concentrations. In contrast, the radius of the cloud increased, as lengthier odor 

presentation time windows were included in the analysis (fig. 4.5A2). We found that the 
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FF inhibition model produced slightly smaller LHN response odor clouds, indicating 

more reliable responses. Although the Euclidean distance between responses to odors was 

generally similar for both FF and FB inhibitory motifs, small differences arose when the 

similarity of the odors we compared was varied (fig. 4.5B): in the FB model, different 

odors at high concentrations elicited better separated responses in LHNs than the FF 

model.  

Odor classification success for LHN responses was also similar in FF and FB 

inhibitory motifs (fig. 4.5C). In all cases, similar odors were more difficult to classify 

than different odors, and high concentrations were more difficult to classify than low 

concentrations. The FB model yielded greater odor classification success for high odor 

concentrations, and the FF model had greater odor classification success for low odor 

concentrations. We concluded that, in the LHNs, a small cell population with densely 

spiking cells, FB inhibition was more effective for odor classification for high 

concentrations and FF inhibition was more effective for low odor concentrations.  

 

Phase response analysis  

To compare phase response properties associated with FF vs FB inhibition, we 

used the odor-elicited responses of KCs, LHNs, and GGN to construct circular phase 

diagrams (Gupta and Stopfer 2012), and then identified the mean phase responses elicited 

by different odor concentrations in our models. All cell populations exhibited phase 

locking to the LFP constructed from the population responses of PNs (see fig. 4.6). Both 

FF and FB inhibition produced similar phase dynamics in the KC population. We 
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observed increases in the synchrony of KC firing, with more KCs firing simultaneously 

as odor concentration increased (fig. 4.6A). Thus, increases in the synchrony of the KC 

population could potentially provide a signal to post-synaptic neurons of olfactory system 

to help classify odor concentration. The phase of spikes in KCs became slightly delayed 

as odor concentration increased, but this shift was relatively small (fig. 4.6C).  

LHNs also displayed similar properties of phase locking in both FF and FB 

conditions, with no obvious differences between models (fig. 4.6A). In both FF and FB 

models LHN spike phase advanced significantly as odor concentration increased (fig 

4.6C), consistent with observations made in vivo (Gupta and Stopfer 2012). However, the 

FB model produced a fairly linear shift across concentrations, whereas the FF model 

produced a steep initial shift in phase followed by little to no phase shift from medium to 

high odor concentration (fig. 4.6C). The information in the linear phase shift created by 

FB model could offer postsynaptic cells a simple way to decode odor concentration, but 

such information would be more difficult to recover in the FF model. 

GGN increased its extent of phase locking as odor concentration increased in both 

FF and FB models (fig. 4.6A). However, the two models produced very different phase 

responses in GGN (fig. 4.6C). The FF model produced a GGN response with no 

substantial phase shift with odor concentration, and a peak of activity at ~π/2 degrees. In 

contrast, the FB model produced a GGN response occurring much later in the oscillation 

cycle at ~3π/2 degrees.   

Figure 4.6B summarizes the relative order of firing in major cell populations 

within each oscillatory cycle. In the FF model (fig 4.6B, right), at medium concentration, 
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PNs responded first, then LHNs, GGN, and KCs. In the FB model (fig 4.6B, left), at 

medium concentration, PNs, KCs, and LHNs, responded within the first [π/2,π] degrees, 

while GGN responded at a later phase position. This sequence of phase responses was 

similar to that observed in vivo (fig. 4.6B, center). 

Our results suggested that the phase relationships among participating neurons are 

determined by the motif of the circuitry, FF or FB. To further explore this prediction we 

designed a very simplified model with a single cell representing each neural population 

(Fig. 4.7A). Oscillatory AL output was simulated by a sine-wave delivered to specific 

neurons depending on the motif of the inhibitory circuit. Figure 4.7B shows the relative 

phase of cell firing plotted as a function of the strength of inhibition. In the FF model, 

PNs responded first, then GGN, with the LHN and KC firing with similar timing, except 

for the weakest inhibitory synaptic strength tested. In contrast, the FB circuit generated 

an order of spiking similar to that observed in vivo - KCs, LHNs, then GGN – across the 

entire range of inhibitory strength. 

 

Discussion 
 In ant and fly, output behavior signals are sent from the lateral protocerebrum, 

which contains the lateral horn (Galizia 2014; Mizunami, Yamagata, and Nishino 2010; 

Ruta et al. 2010). The MB is connected to the LH through extrinsic neurons (Sejourne et 

al. 2011; Tanaka, Tanimoto, and Ito 2008). Some of these extrinsic MB output neurons 

appear to contain odor reward information (Strube-Bloss, Nawrot, and Menzel 2011). 

The structures within the MB, including its feedback circuits, are important for memory 

(Haehnel and Menzel 2010; Cassenaer and Laurent 2012; Wu et al. 2011). In the 
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mammalian olfactory cortex and in honeybee MB both FF and FB inhibition exist in 

parallel (Isaacson and Scanziani 2011; Ganeshina and Menzel 2001). In the locust and 

fly, recent results provide support for FB inhibition; earlier work inconsistent with more 

recent results provided support through in vivo research and models for FF inhibition 

(Gupta and Stopfer 2012; Assisi et al. 2007; Nowotny et al. 2005; Heisenberg 2003).  

In the locust little is known about functional roles of the LH. In the fly there is 

evidence that the LH processes odors that carry meaning innately (Ruta et al. 2010; Liang 

et al. 2013). However, neurons examined in the locust LH respond robustly to many 

types of odor, ruling out a simple role in encoding innate responses (Gupta and Stopfer 

2014).  

Our use of classification analysis serves two functions. First, in a general sense, 

classification analysis provide a useful assessment of information content; by testing 

classification performance, we can learn about the way information is distributed in the 

LH and other locations in the olfactory system. Second, more specifically, classification 

tests allow us to assess how the information content of LHNs is affected by other parts of 

the olfactory system. The giant GABAergic neuron (GGN) inhibits both the KCs and 

LHNs. We sought to test in the model how GGN activity impacts odor representation and 

coding in the LH. 

We developed a set of computational models of the insect olfactory system to 

provide a comparative analysis of the characteristics of feedforward (FF) vs. feedback 

(FB) inhibitory motifs. In this study we sought to determine what observations (such as 

sparseness of the KCs responses, phase relationships between spiking in different classes 
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of neurons, etc) are direct consequences of the known inhibitory structure of the locust 

olfactory system and which are more general features that arise regardless of the nature of 

the inhibition. Since the basic structure of our model is rather generic (at least for 

insects), our model makes predictions relevant to studies of other animals where the exact 

nature of the inhibitory mechanisms are not yet well known. 

While both models were able to maintain sparse responses in the target cell 

populations, the models had different efficiency profile across ranges of concentrations: 

the FF model was more efficient at very low odor concentrations, and the FB model 

provided stronger inhibition at high concentrations. Furthermore, the two models led to 

distinct phase relationship profiles across cell types that could provide a tool for revealing 

the circuit connectivity of unknown networks. Both inhibitory motifs are ubiquitous in 

the insect and vertebrate brain; therefore predictions from our study of locust olfaction 

can be generalized to other brain circuits.  

To what extent do the different response patterns of KCs and LHNs depend upon 

the different wirings of FF and FB inhibition? If it were possible to constrain our FF and 

FB models to provide identical inhibition for each odor concentration, we would likely 

find the responses of KCs and LHNs to be about the same. However, while the models 

can be adjusted to maintain the same average level of inhibition across concentrations, 

the different wiring patterns underlying the different inhibitory mechanisms in the FF and 

FB models make it impossible to keep inhibition identical across all conditions. This 

leads to important differences in response dynamics between two models that have been 

characterized in our study. We conclude that the wiring patterns of FB or FF inhibition 
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generate different KC and LHN responses across a range of concentrations.  Our results 

reported here are based on extensive testing of both models and are robust and consistent 

across wide ranges of parameters.   

 

GGN is sufficient to account for sparse representation in KCs and dense responses in 

LHNs  

Sparse codes support learning and memory by reducing interference between 

memory traces, increase storage capacity, and save energy expended by action potentials 

(Kanerva 1988; Laurent 2002; Cassenaer and Laurent 2012; Olshausen and Field 2004). 

Synaptic inhibition likely provides the most powerful mechanism for sparsening neuronal 

representations. In many systems sparsening is achieved by a large population of the local 

inhibitory neurons providing either feedback or feedforward inhibition to principal 

neurons. As in many brain areas, (e.g., olfactory cortex (Poo and Isaacson 2009), 

hippocampus (Buzsaki 1984; Pouille and Scanziani 2001), cerebellum (Marr 1969; 

Mittmann, Koch, and Hausser 2005), LGN (Blitz and Regehr 2005)), feedforward 

inhibition mediated by a population of inhibitory cells in the locust lateral horn (LH) was 

until recently thought to provide the necessary inhibitory input to the Kenyon cells (KCs) 

of the mushroom body (Perez-Orive et al. 2002; Perez-Orive, Bazhenov, and Laurent 

2004). Computer models revealed that FF inhibition could be highly efficient for 

maintaining the sparseness of responses in KCs across a broad range of odor 

concentrations (Assisi et al. 2007; Nowotny et al. 2005). Models also showed that 

increased PN synchronization across odor concentrations could create advancing LHN 
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spike times (Stopfer, Jayaraman, and Laurent 2003), in turn providing stronger inhibition 

on the KCs, counterbalancing excitation from PNs and producing a sparse KC response. 

In the locust, a single giant GABAergic neuron (GGN), rather than a group of 

LHNs, has been shown to provide inhibition to the MB calyx (Papadopoulou et al. 2011; 

Gupta and Stopfer 2012). With extremely wide dendritic arborizations, GGN integrates 

input from possibly all KCs and, in turn, provides inhibition back to KCs, closing an 

inhibitory feedback loop. In Drosophila sparse coding is maintained in the KCs through 

feedback inhibition by a single GABAergic neuron, the anterior paired lateral (APL) 

neuron. The activation of this neuron was shown to enhance odor memory (Lin et al. 

2014). One could predict that GGN in the locust would similarly increase the specificity 

of olfactory memory.   

We found that both FF and FB inhibitory motifs generated sparse codes, 

supporting previous work showing both motifs increase KC excitatory current threshold 

to compensate for changing input intensity elicited by changing odor concentrations 

(Pouille et al. 2009; Stokes and Isaacson 2010; Poo and Isaacson 2009; Isaacson and 

Scanziani 2011; King, Zylberberg, and DeWeese 2013; Nowotny et al. 2005). Roughly 

10% of KCs respond to any given odor by spiking 1-3 times (Perez-Orive et al. 2002). 

The FB inhibition model provided a better match for observations made in vivo: using the 

middle range of the odor concentrations, 11.5% of modeled KCs responded with an 

average of 2.6 action potentials each, compared to the FF model, with 8.5% active KCs, 

each firing an average of 3.8 action potentials. The FF inhibition model responded to 

stimuli with fewer cells firing more action potentials compared to the FB inhibitory 
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motif. Although the type of inhibitory motif affected overall activity, GGN was sufficient 

to create KC sparse olfactory responses in both models.  

 GGN–mediated inhibition affects both the KCs and LHNs, although both classes 

of neurons respond differently to odor presentations. All types of LHNs (classes 1-4) 

respond to each odor with dense spiking (Gupta and Stopfer 2012). Regardless of 

inhibitory motif, all odor conditions activated all modeled LHNs. In vivo, the LH activity 

dynamics may be more complex than explored here; GABAergic neurons within the LH 

may also inhibit the LHNs (Gupta and Stopfer 2012). The coding strategy used by LHNs 

remains an open question; in locusts these neurons do not provide labeled lines for 

specific odors, and do not respond only to innately meaningful odors. Multimodal cells in 

the lateral horn, which process visual and olfactory information, may not receive direct 

input from PNs. LHNs implemented in our model (C1-C4 (Gupta and Stopfer 2012)) may 

provide excitatory input to these specialized multimodal cells. Since the mushroom 

bodies serve important memory functions in insects, one can speculate the KCs->GGN-

>LHNs pathway is utilized to modulate responses depending on memory context. It is not 

clear how odor-specific or memory-specific control can be achieved if a single cell, 

GGN, is responsible. An inhibitory pathway from the MB to the LHNs may exist 

involving beta-lobe neurons (Cassenaer and Laurent 2012), but the exact anatomical 

organization of these circuits has yet to be determined. 

In the locust, the KCs excite extrinsic MB neurons, some of which have been 

shown to have spike timing dependent plasticity (STDP) at the synapse from the KCs to 

the extrinsic neurons (Cassenaer and Laurent 2007, 2012). Nowotny et al (2005) 
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(Nowotny et al. 2005) tested the idea that STDP would occur at synapse connecting KCs 

to their post-synaptic neurons, and found, through models, that FF inhibition on to the 

KCs could create enough gain control for these STDP synapses to function effectively. 

Furthermore, they found that the gain control provided by FF inhibition helps a little 

when discriminating very different odors, but becomes critical when discriminating very 

similar odors. 

 

Inhibitory motif impacted odor representation and classification error 

Insects can make decisions in olfactory tasks within 300-500msec of the start of 

an odor presentation (Vickers and Baker 1996). Physiological results show the initial part 

of an odor presentation is sufficient for successful odor classification (Saha et al. 2013), 

and every part of the odor response contains enough information for successful 

classification (Brown, Joseph, and Stopfer 2005). Both inhibitory models achieved 

successful classification performance (classification error less than 10%) within the first 

250-300msec of odor presentation for certain conditions. The FF inhibition model 

successfully classified KC odor responses, except for similar odors of low concentrations; 

LHNs had difficulty with similar odors. The FB inhibition model successfully classified 

responses to different odors, and LHNs provided generally better classification 

performance in the FB model. In vivo, it is difficult to measure KC classification success 

owing to the large numbers of cells and their sparse activity. In locusts, responses of 

single LHNs can be used to classify 60-95% of odors within 250-300 msec, timing 

(Gupta and Stopfer 2012), consistent with our models’ predictions. Population measures 
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from LHNs, regardless of the type of inhibitory motif, performed poorly classifying 

similar odors. Anatomical evidence suggests both FF and FB inhibition act on the LHNs 

in vivo (Gupta and Stopfer 2012). Some of the difficulty our models faced with odor 

classification in LHNs might be resolved by including additional inhibitory interactions 

that are not yet well characterized.  

 

Inhibitory motif determines the relative timing of response 

In both inhibitory motif models, spiking in LHNs advanced in phase relative to 

the field potential as odor concentration increased, consistent with experiments 

performed in vivo (Gupta and Stopfer 2012). Oscillations are faithfully transmitted 

throughout the olfactory system (Cassenaer and Laurent 2007), suggesting this shift in 

phase could provide downstream neurons information about odor concentration (Gupta 

and Stopfer 2012; Fell and Axmacher 2011). The FB inhibition model created a more 

linear shift in phase across concentrations than the FF model, potentially advantageous 

for communicating information about odor concentration to post-synaptic neurons (Fell 

and Axmacher 2011).  

Systematic changes in the spike timing of LHNs could affect the integration of 

olfactory and visual information by downstream multimodal neurons (Gupta and Stopfer 

2012). When odor concentrations are low, action potentials in LHNs are less 

synchronized, potentially allowing downstream neurons to favor visual input. When odor 

concentrations increase, LHNs increasingly phase lock and provide synchronized output, 
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thus may be more likely to elicit action potentials in multimodal follower cells regardless 

of visual input. 

 Both models revealed small phase shifts in KC spiking as odor concentration 

changed. In vivo recordings show only small or zero phase shifts in these neurons; 

however, the sparseness of odor-elicited spiking in KCs makes it difficult to reliably 

estimate the mean response phase. KCs make excitatory projections to a relatively small 

population of type 2 β-lobe neurons (bLN-2) (Gupta and Stopfer 2014). This pathway is 

plastic in response to experience, thus supporting learning (Cassenaer and Laurent 2012; 

Lin et al. 2014; Cassenaer and Laurent 2007; Aldworth and Stopfer 2012; Stuart and 

Häusser 2001; Simões, Ott, and Niven 2011). Since plasticity of the KCs -> bLN-2 

pathway is based on spike timing (Cassenaer and Laurent 2012), the stability of spike 

timing in KCs may support reliable synaptic changes and communication between the 

KCs and bLN-2s (Fell and Axmacher 2011; Aldworth and Stopfer 2012) 

 The FB inhibitory motif produced spike phase responses matching those observed 

in vivo. Similarly, the FB model yielded a sequence of spiking, PNs-KCs-LHNs-GGN, 

also matching results obtained in vivo (Perez-Orive et al. 2002; Gupta and Stopfer 2012), 

whereas the FF model generated a different spike order: PNs-LHNs-GGN-KCs. We 

confirmed this finding with a simplified model for a range of the inhibitory synaptic 

strength. 
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Conclusion 

FF and FB inhibitory motifs exhibited similar cellular population behaviors. Models 

featuring either motif maintained the sparseness of odor-elicited spiking in KCs, but with 

different activity patterns; in the FF model, fewer KCs responded to each odor 

presentation with more spikes; in the FB model, more KCs responded to each odor with 

fewer spikes. Both inhibitory motifs provided similar performance in odor discrimination. 

The FB inhibitory motif produced a more nimble GGN response, with a wider range of 

cellular activity and inhibition on post-synaptic cells compared to the GGN response 

shaped by the FF inhibitory motif. Only the FB inhibitory motif created a phase response 

consistent with results recorded in vivo. These findings provide a general view of the 

attributes of FF and FB inhibition, and, in the specific case of olfaction in the insect, 

provide evidence that FB inhibition controls the responses of mushroom body neurons. 
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Figure 4.1: Schematic diagram of the models 
(A) This circuit, based on results obtained in vivo, contains feedback inhibition between 
the KCs and GGN. (B) This hypothetical circuit contains feed-forward inhibition from 
the PNs to GGN inhibiting the KCs. (C) Left: Intensity of odor input received by eatch of 
the 300 PNs for representative odor concentrations (higher concentrations activate more 
PNs). Right: Different odors activate different sets of PNs; the two solid lines represent 
similar odors (activating largely overlapping subsets of PNs), and the dashed line 
represents a very different odor (activating a largely separate subset of PNs). 
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Figure 4.2: Population activity elicited by low and high odor concentrations 
Population activity elicited by different odor concentrations, low (red) and high (green), 
in FB and FF models. Activity plots show the number of population action potentials 
except for the nonspiking GGN, which shows intracellular membrane potential. (A) PN 
population. (B) LHN population. (C) KC population. (D) GGN. 
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Figure 4.3: GGN activity and its inhibitory input to LHNs 
GGN activity and its inhibitory input to the LHNs across a range of concentrations. 
Colors indicate the type of the motif: feed-forward (FF) inhibition (blue) and feedback 
(FB) inhibition (red). (A) The activity of GGN calculated by integrating GGN’s 
membrane depolarization over the stimulus duration. (B) Inhibitory input to the LHNs 
from GGN for different odor concentrations. 
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Figure 4.4: Network activity and response sparseness generated by different 
inhibitory motifs 
Colors indicate these motifs: no giant GABAergic neuron inhibition (noGGN) (green), 
feed-forward (FF) inhibition (blue), and feedback (FB) inhibition (red). (A) The average 
numbers of action potentials (APs) per trial for Kenyon cells (KCs). The average 
numbers of action potentials (APs) per trial for lateral horn neurons (LHNs). (B) The 
sparseness of odor representation across all Kenyon cells. (C) Frequency distribution of 
KC and LHN response intensity (total number of spikes elicited by a 1-s odor 
presentation) for different odor concentrations. (D) The number of cells generating an 
action potential in response to stimuli. Very high numbers of APs and unrealistically 
active KCs elicited by “high” odor concentrations suggest that the physiological range 
usually explored in vivo corresponds to “low-medium” range of the model. 
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Figure 4.5: Effect of integration time on odor classification 
For each motif (FB or FF) are shown: similar odors of low concentration (dotted 
magenta); similar odors of high concentration (magenta); different odors of low 
concentration (dotted blue); different odors of high concentration (blue). (A) The average 
radius of the “cloud” representing multiple trials for high and low odor concentrations. 
(A1) KCs. (A2) LHNs. (B) Euclidean distance between centers of “clouds” representing 
multiple trials of two odors. (C) Classification error across multiple trials with two odors. 
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Figure 4.6: Phase locking across odor concentrations 
(A) Circular phase graphs; length of the red arrow indicates the strength of phase locking; 
direction of the arrow indicated mean spike phase with respect to the field potential (peak 
of average activity in PNs, defined as zero phase). (Left) Feedback motif, PNs (top), KCs 
(middle), and LHNs (bottom), across low (left) and high (right) odor concentration. 
(Right) Feed-forward motif. (B) Schematic diagram comparing preferred firing phase of 
different cell types in FB model (left), FF model (right) and recordings made in vivo from 
locust (middle). (C) Phase locking across odor concentrations. (Left) KCs show stable 
phase locking (minimal phase change across concentrations) with more stability in the FB 
condition (red) than the FF condition (blue). (Middle) The phase of LHNs firing advances 
as odor concentration increases. The FB model (red) generated an almost linear shift with 
increasing odor concentration. The FF model (blue) produced a drastic phase shift 
between low and medium concentration, which levels out to no change at high odor 
concentrations. (Right) GGN fires much later in the FB model than in the FB model. 
Results from the FB model match observations made in vivo.  
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Figure 4.7: Simplified model 
Simplified model with sine-wave input and single cells representing each cell population 
illustrates phase locking across a range of inhibitory synaptic strengths. Single cells: 
projection neuron (PN, green), Kenyon cell (KC, orange), lateral horn neuron (LHN, 
blue), giant GABAergic neuron (GGN, red). (A) Structure of the circuit. (B, Left) 
Feedback (FB) inhibitory model shows cells fired in the same order regardless of 
inhibitory synaptic strengths, although the KC, LHN, and GGN do fire slightly later as 
the inhibitory synapses were strengthened. (B, Right) Feed-forward (FF) inhibitory 
model: since GGN responses were determined by PN and not KCs, GGN does not phase 
shift. KC and LHN responses changed phase as inhibitory synaptic strength varied. KCs 
and LHNs fired after GGN for all values of inhibition except the weakest ones. 
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Chapter V: Methods 

Antennal lobe model 

The locust contains about 850 PNs and about 300 LNs. We modeled a scaled-

down 300 PNs and 100 LNs with single compartments that included voltage- and Ca2+-

dependent currents described by Hodgkin-Huxley kinetics (Hodgkin and Huxley 1952). 

Parameterization was done to minimize the number and complexity of ionic currents in 

each cell type and generate realistic (though simplified) firing profiles. No attempt was 

made to produce intrinsic resonant oscillations (pacemaker properties) in LNs or PNs 

because such properties have never been observed in locust LNs or PNs (Laurent and 

Davidowitz 1994; Laurent 1996). The model was constrained to produce population 

oscillations (LFP) in the AL and cellular responses as observed in vivo (Bazhenov, 

Stopfer, Rabinovich, Huerta, et al. 2001). 

 

Membrane Potentials: PN and LN membrane potential equations (Hodgkin and Huxley 

1952): 

	  	  

C
m

dv
PN

dt
= −g

L
V
PN
−E

L( )− INa − IK − IA − gKL VPN −EKL( )− IGABAA − InACh − Istim
C
m

dv
LN

dt
= −g

L
V
LN
−E

L( )− ICa − IK (Ca) − IK − gKL VLN −EKL( )− IGABAA − InACh − Istim
 

The LN passive parameters are: Cm = 1 µF, gL = 0.15 µS, gKL = 0.02 µS, EL = -50 mV, 

and EKL = -95 mV. The PN passive parameters are the same as LN except: EL = -55 mV, 

and gKL = 0.05 µS. An external DC input was introduced to each neuron through Istim. 
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Intrinsic Currents. Are described by equations: 

Sodium current (INa) 

	  	  INa = gNam
3h V −E

Na( ) , (Traub, Jefferys, and Whittington 1997) 

where the conductance in PNs is gNa = 7.15 µS, and ENa = 50mV. The gating variable 

satisfies the equations, 

	  	  

dm
dt

= − 1
τ
m

m−m∞ V( )( )
dh
dt

= − 1
τ
h

h−h∞ V( )( )
 

The steady state values of the gating variables are given by, 

	  	  

m∞ V( ) = 1

1+exp −V +20
6.5

⎛
⎝⎜

⎞
⎠⎟

h∞ V( ) = 1

1+exp V +25
12

⎛
⎝⎜

⎞
⎠⎟

 

The time constants are  

	  	  

τ
m
=1.5

τ
h
=0.3exp V −40

13
⎛
⎝⎜

⎞
⎠⎟
+0.002exp −V −60

29
⎛
⎝⎜

⎞
⎠⎟

 

Fast potassium current (IK) 

	  	  IK = gKn
4 V −E

K( ) , (Traub, Jefferys, and Whittington 1997) 

where the conductance in LNs is gK = 10 µS and EK = -95 mV. In the PNs gK = 1.43 µS 

and EK = -95 m. The equation for the gating variable n is given by, 
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dn
dt

= − 1
τ
n

n−n∞ V( )( )  

where the steady state value, n∞, and the time constant, τn, are nonlinear functions of V 

and given by, 

	  	  

n∞ =
α
n

α
n
+β

n( )φ
τ
n
= 1

α
n
+β

n( )φ
 

The variable ϕ depends on the temperature and is given by 	  φ =3
22−26
10( )  at 26°C. 

	  	  

α
n
=0.02

15−V
shift( )

exp
10−V

shift

40
⎛

⎝
⎜

⎞

⎠
⎟

β
n
=0.5exp

10−V
shift

40

⎛

⎝
⎜

⎞

⎠
⎟

 

Ca2+ current (ICa) 

	  	  ICa = gCam
2h V −E

Ca( )  

where gCa = 2 µS and ECa = 140 mV. The gating variables satisfy the equations, 

	  	  

dm
dt

= − 1
τ
m

m−m∞ V( )( )
dh
dt

= − 1
τ
h

h−h∞ V( )( )
 

The steady state values of the gating variables are given by, 
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m∞ V( ) = 1

1+exp −V +20
6.5

⎛
⎝⎜

⎞
⎠⎟

h∞ V( ) = 1

1+exp V +25
12

⎛
⎝⎜

⎞
⎠⎟

 

The time constants are τm = 1.5 and 

	  	  
τ
h
=0.3exp V −40

13
⎛
⎝⎜

⎞
⎠⎟
+0.002exp −V −60

29
⎛
⎝⎜

⎞
⎠⎟

 

Calcium-dependent potassium current (IK(Ca)) 

	  	  IKCa = gKCam
2h V −E

KCa( )  

where gKCa = 0.3 µS and EKCa = -90 mV. The gating variable satisfies the equation, 

	  	  

dm
dt

= − 1
τ
m
+τ

x

m−m∞ V( )( )  

While, 

	  	  

m∞ V( ) = Ca2+⎡⎣ ⎤⎦
Ca2+⎡⎣ ⎤⎦+2

τ
m
= 100
Ca2+⎡⎣ ⎤⎦+2

 

and τx is obtained from a uniform distribution extending from -0.02 to 0.01. The calcium 

concentration satisfies a simple first order equation, 

	  	  

d Ca2+⎡⎣ ⎤⎦
dt

= −AI
Ca
−

Ca2+⎡⎣ ⎤⎦− Ca2+⎡⎣ ⎤⎦∞( )
τ

 

where [Ca2+]∞ = 2.4 * 10-4 mM is the equilibrium of intracellular Ca2+ concentration, A 
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= 5.2 * 10-4 mM * cm2/(ms * µA) and τ = 5 ms. 

Transient potassium A current (IA) 

	  	  IA = gAm
4h V −E

A( )  

where gA = 10 µS, and EA = -95 mV. The steady state values of the gating variables are 

given by, 

	  	  

m∞ V( ) = 1

1+exp −V +60
8.5

⎛
⎝⎜

⎞
⎠⎟

h∞ V( ) = 1

1+exp V +78
6

⎛
⎝⎜

⎞
⎠⎟

 

The time constants were given by, 

	  	  

τ
m
= 0.25

exp V +35.8
19.7

⎛
⎝⎜

⎞
⎠⎟
+exp −V +79.7

12.7
⎛
⎝⎜

⎞
⎠⎟
+0.09

⎡

⎣
⎢

⎤

⎦
⎥

 

	  	  

τ
h
= 0.25

exp V +46
5

⎛
⎝⎜

⎞
⎠⎟
+exp −V +238

37.5
⎛
⎝⎜

⎞
⎠⎟

⎡

⎣
⎢

⎤

⎦
⎥

 if V < -63 mV and τh = 4.8 if V ≥ -63 mV. 

 

Synaptic Currents. Fast GABA and nicotinic cholinergic synaptic currents to LNs and 

PNs (Laurent 1996) are modeled by first-order activation schemes (see review in 

(Destexhe, Mainen, and Sejnowski 1994)). Fast GABA and cholinergic synaptic currents 

are given by:  

	  
I
syn

= g
syn

O⎡⎣ ⎤⎦ V −E
syn( )  
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where the reversal potential is EnACh = 0 mV for cholinergic receptors and EGABAA = -70 

mV for fast GABA receptors. The fraction of open channels [O] is calculated according 

to the equation 

	  	  

d O⎡⎣ ⎤⎦
dt

=α 1− O⎡⎣ ⎤⎦( ) T⎡⎣ ⎤⎦− β O⎡⎣ ⎤⎦  

For cholinergic synapses 

	  	   T
⎡⎣ ⎤⎦ = AΘ t0 −tmax −t( )Θ t −t0( )  

and for GABAergic synapses 

	  	  

T⎡⎣ ⎤⎦ =
1

1+exp −
V t( )−V0

σ

⎛

⎝
⎜

⎞

⎠
⎟

 

Θ is the Heaviside step function (Korn and Korn 1968), t0 is the time of receptor 

activation, A = 0.5, tmax = 0.3 ms, V0 = -20 mV, and σ = 1.5. The rate constants, α and β, 

were α = 10 ms-1 and β = 0.16 ms-1 for GABA synapses and α = 10 ms-1 and β = 0.2 ms-1 

for cholinergic synapses. The peak synaptic conductances were set to gGABAA = 4 * 10-4 

between LNs, gGABAA = 2 * 10-4 from LNs to PNs and gACh = 5 * 10-4 µS from PNs to LNs.  

  

Network Geometry. In the locust AL, LNs are synaptically connected to other LNs and to 

PNs (Leitch and Laurent 1996). Both LNs and PNs receive direct synaptic input from 

olfactory receptor neurons (Laurent 1996).  

All network interconnections were random with 0.5 probability, suitable for our 

scaled-down network.  Some of the intrinsic parameters of the neurons in the network 
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were initialized with random variability to ensure robust results. Also, small-amplitude 

current in the form of Gaussian noise (σ ≈ 10%) was introduced to each cell to achieve 

realistic, random and independent membrane potential fluctuations.  

 

Input to the AL model 

Similar to (Assisi et al. 2007), odor identity was determined by the identities of 

PNs activated by the input, modeled as a current pulse injected to each cell that was 

activated by a given odor. Odorant similarity was determined by the spatial overlap 

between two odor inputs. Odor concentration was modeled as the relative size of LNs and 

PNs populations activated by input (Fig. 5.1C). The lowest concentration activated 

~10%, and the highest concentration activated ~80%, of the LNs and PNs. Each 

concentration in between activated an additional ~10% more neurons than the previous 

concentration. In the AL, the actual number of LNs and PNs activated by an odor is 

estimated to be smaller, ~10-20% (Laurent 1996), but the population size here was 

chosen to scale properly with our model. Stimuli were modeled by current pulses with a 

rise time constant of 100ms and decay constant of 200ms. The current used for each pulse 

was calculated as the total synaptic current produced by N Poisson distributed spike 

trains (each with average spike rate mu) arriving at N-independent excitatory synapses. 

Each glomerulus in the locust AL receives between 100 and 200 axons from olfactory 

receptor neurons (Laurent 1996); thus N was set to 200 and µ was varied between 50 and 

150 Hz. In this case, random current fluctuations were 5%-10% of its amplitude; lower µ 

produced slightly higher current fluctuations and vice versa. We used µ= 100 Hz for the 
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simulations presented here to match the membrane potential fluctuations observed in 

postsynaptic PNs in vivo (Wehr and Laurent 1999). 

 

Mushroom body, lateral horn, and GGN model 

 To model the large population (15,000) of neurons in the MB while maintaining 

practical run times, we used map-based model neurons (Rulkov 2002; Rulkov, Timofeev, 

and Bazhenov 2004) for the KCs. Similar models have been used for LH, and GGN to 

facilitate synaptic interactions between these cell populations. Since there are no 

feedback projections from downstream populations back to the AL, simulations of the 

AL were run independently using HH models and PN spike trains were saved and then 

used as input for MB-LH-GGN simulations. 

Map-based KCs and LHNs models are described by the second order map 

(Rulkov 2002; Rulkov, Timofeev, and Bazhenov 2004; Rulkov and Bazhenov 2008): 

	  	  

x
n+1 = fα x

n
,x

n−1 , yn +βn( )
y
n−1 = yn − µ 1+ x

n( )+ µσ + µσ
n

 

Here, x represents membrane voltage, and y describes slow cellular dynamics such as 

spike adaptation.  βn and σn describe external influences on the system, such as synaptic 

inputs (In
syn); α, σ, and µ are parameters that affect spiking patterns of the model (Rulkov 

2002; Rulkov, Timofeev, and Bazhenov 2004). Here we selected values for KCs and 

LHNs as following: µ = 0.0005, σ = 0.06, β = 0.03. For KCs the parameter µ (affecting 

slow dynamics of the membrane) was drawn for each neuron from uniform distribution 

from the interval of 0.0012±0.00068 for KCs. 
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Excitatory AMPA synapse was described as following (Rulkov, Timofeev, and Bazhenov 

2004)  

	  	  

I
n+1
syn = γ I

n
syn +

g
syn

x
n
post − x

rp( ) , spikepre ,
0, otherwise,

⎧
⎨
⎪

⎩⎪
 

Since GGN is known to produce non-spiking response [11], we modeled it using 

following equations: 

	  	  

x
n+1 =α x

n
− y

n( )
y
n+1 = yn + µ 1+ x

n( )− µ σ +σ
n( )  

 While GGN synaptic strength was different for two inhibitory motif models, the 

inhibition it produces was comparable between the models. Indeed, it was tuned to 

produce spike counts within the same physiological range (discussed below) in both 

models across the entire tested range of concentrations. We tested different connectivity 

probabilities and found no substantial differences in network dynamics as long as the 

strengths of individual synapses were scaled accordingly. We selected the GGN variables 

as follows: α = 0.8, µ = 0.005, σ = −0.5, σe = 1.0, σn = σe * I. 

Inhibitory GABAergic synapse was described as following (Rulkov, Timofeev, and 

Bazhenov 2004) 

	  	  

I
n+1
syn = γ I

n
syn +

1/1+e − x+1.5( )/1.5( )gsyn xnpost − xrp( ) , xn > −1.4,
0, otherwise,

⎧
⎨
⎪

⎩⎪
 

Geometry. We modeled 15,000 KCs. The connectivity from PNs to KCs was random and 

had a probability of 0.33 and strength of 0.00066. The model included 40 spiking LHNs. 
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The connectivity from PNs to LHNs was random and had a probability of 0.7 and 

strength of 0.007.  

 

Feed-forward network geometry (Fig. 5.1B). PNs excite GGN through AMPA synapses 

with synaptic strength 0.02. In this model the KCs do not excite GGN but do receive 

inhibition through the GGN’s GABAergic synapses with a synaptic strength of 0.000035. 

GGN makes GABAergic synapses onto LHNs with a synaptic strength of 0.00027. 

 

Feedback network geometry (Fig. 5.1A). PNs do not excite the GGN. KCs excite the 

GGN with AMPA synapses with synaptic strength of 0.5. KCs receive inhibition through 

the GGN’s GABAergic synapses with a synaptic strength of 0.00004. GGN makes 

GABAergic synapses to LHNs with a synaptic strength of 0.00045. 

 

Simplified model 

 A simplified model was created using map-based neurons with the same parameter 

values as described above. This model includes a single KC, LHN, and GGN. The 

neurons in the model received a sine wave to represent input from AL: 

	  	  y t( ) = Asin wt( )  

 A is the amplitude of the sine wave and w is the angular frequency (2πf). A= 0.4, w = 

0.076. 

Feedback parameters: gampa_GGNKC = 0.001, ggaba_KCGGN = 0.0001 - 0.0004, ggaba_LHGGN = 

0.0001 – 0.0004, gampa_KCPN = 0.3, gampa_LHPN = 1.5, and gampa_GGNPN = 3.0. Feedforward 
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parameters: gampa_GGNKC = 0.0, ggaba_KCGGN = 0.0001 - 0.0004, ggaba_LHGGN = 0.0001 – 

0.0004, gampa_KCPN = 0.3, gampa_LHPN = 1.5, and gampa_GGNPN = 3.0. 

 

Intracellular recordings 

Intracellular recordings were recorded in other labs and published in previous papers. 

Please see those papers for their methods (Gupta and Stopfer 2012; Brown, Joseph, and 

Stopfer 2005). 

Data analysis 

Cohen’s d. This measure of effect size is calculated with the means and standard 

deviations of the two groups of interest: 

	  	  

d =
M1 −M2

SD1
2 + SD2

2

2

 

To measure the effective size of GGN output conductance for each concentration we took 

the average conductance across the entire odor presentation, and averaged across trials 

yielding a GGN output conductance for each odor and concentration. For the 

concentration specific analysis we calculated the mean, standard deviation and Cohen’s d 

by combining all the odors for each concentration. For the model specific calculation we 

calculated the mean, standard deviation, and Cohen’s d by combining all the odors and 

concentrations for each model. 

 

Population sparseness. Population sparseness was used to measure how sparsely the KC 

population responded to each odor (Finelli et al. 2008): 
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S
p
=

1−
r
j
/N

j

N

∑⎛
⎝⎜

⎞
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2

r
j
2 /N

j

N

∑

1− 1
N

 

N is the number of neurons (15000 KCs), rj is the response of neuron j. Sp= 1 means that 

no cells respond with spikes to a stimulus; Sp=0 means that every cell responds with 

spikes to a stimulus. The sparseness value is most influenced by the fraction of cells 

within the population that responds to the odor.  

 

Odor radius. Odor representation within each cell population is described in K-

dimensional space (K=15,000 for KCs, K=300 for PNs and K=100 for LHNs); the spike 

count of each neuron of a given type over the duration of the odor stimulation is 

represented in one dimension so that a single point in this space represents the response 

of the entire population to a stimulus, and repeated trials create a “cloud” of such points. 

This cloud is a representation of an odor in the coding space, and we define its radius as 

the average of distances from the center to each trial’s point. This approach was used to 

represent odor in KC, PN or LHI spaces.  

 

Odor distance. The average across all the trials of a given odor was defined as a center of 

the cloud. To determine differences in response to two odors, we calculated the Euclidean 

distance between the averages (centers) of responses elicited by the two odors.  
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Odor classification error. Classification error was calculated between two odors: A and 

B (MacLeod, Backer, and Laurent 1998). After each odor trial and its odor center are 

calculated (see above), an error is scored when a trial of odor A is closer (Euclidean 

distance) to the center of the cloud representing the other odor (B) than to its own odor 

cloud center (A). The classification error graphs show the percentage of trials including 

errors. 

 

Trajectories in coding space. To visualize the neuron’s population dynamics we averaged 

spiking activity from all trials and measured the number of action potentials for each 

neuron in overlapping windows of specific durations. By stepping the time window 

forward in increments of 2.5 ms we produced trajectories in a high dimensional coding 

space with each dimension corresponding to a single neuron, and each point in the 

trajectory to the activity of all neurons within a given time window. PCA reduction into 

the first three dimensions was used for graphing the results. A smoothing window was 

applied to each trajectory. 

 

Cell phase. PN voltages were averaged and low-pass filtered with frequency cutoffs at 50 

Hz to simulate local field potentials (LFPs). PN, KC, and LHN spike times were 

converted to phases with respect to the LFP. The positive peaks of the field potential 

were assigned to phase 0 or 2π, based on the nearest minima, which were assigned +π or 

–π, respectively. The phase of each cell spike was calculated relative to the nearest peak 

of the field potential according to the equation (Laurent 1996): 
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Φ

Cspike
=

t
Cspike

−t
lastLFPpeak

t
nextLFPpeak

−t
lastLFPpeak

⎛

⎝
⎜

⎞

⎠
⎟2π  

Cspike represents the spike of a specific cell type: PNs, KCs, or LHNs. For GGN Cspike is 

the peak activity within oscillation cycle; if the GGN membrane potential does not peak 

during the oscillation, that oscillation is skipped and calculations continue through the 

rest of the oscillations. 
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Figure 5.1: Schematic diagram of the models 
(A) This circuit, based on results obtained in vivo, contains feedback inhibition between 
the KCs and GGN. (B) This hypothetical circuit contains feed-forward inhibition from 
the PNs to GGN inhibiting the KCs. (C) Left: Intensity of odor input received by each of 
the 300 PNs for representative odor concentrations (higher concentrations activate more 
PNs). Right: Different odors activate different sets of PNs; the two solid lines represent 
similar odors (activating largely overlapping subsets of PNs), and the dashed line 
represents a very different odor (activating a largely separate subset of PNs). 
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