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Abstract 1 

Extinction learning, the ability to update previously learned information by integrating novel 2 

contradictory information, is of high clinical relevance for therapeutic approaches to the 3 

modulation of maladaptive memories. Insect models have been instrumental in uncovering 4 

fundamental processes of memory formation and memory update. Recent experimental 5 

results in Drosophila melanogaster suggest that, after the behavioral extinction of a memory, 6 

two parallel but opposing memory traces coexist, residing at different sites within the 7 

mushroom body. Here we propose a minimalistic circuit model of the Drosophila mushroom 8 

body that supports classical appetitive and aversive conditioning and memory extinction. The 9 

model is tailored to the existing anatomical data and involves two circuit motives of central 10 

functional importance. It employs plastic synaptic connections between Kenyon cells and 11 

mushroom body output neurons (MBONs) in separate and mutually inhibiting appetitive and 12 

aversive learning pathways. Recurrent modulation of plasticity through projections from 13 

MBONs to reinforcement-mediating dopaminergic neurons implements a simple reward 14 

prediction mechanism. A distinct set of four MBONs encodes odor valence and predicts 15 

behavioral model output. Subjecting our model to learning and extinction protocols 16 

reproduced experimental results from recent behavioral and imaging studies. Simulating the 17 

experimental blocking of synaptic output of individual neurons or neuron groups in the model 18 

circuit confirmed experimental results and allowed formulation of testable predictions. In the 19 

temporal domain, our model achieves rapid learning with a step-like increase in the encoded 20 

odor value after a single pairing of the conditioned stimulus with a reward or punishment, 21 

facilitating single-trial learning.  22 
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Significance Statement  23 

A stressful experience can lead to a strong fear memory where a negative consequence has 24 

been associated with a certain stimulus or event. This can trigger fear whenever the same or 25 

similar event occurs. Extinction of such a maladaptive memory through extinction learning 26 

can thus be of high therapeutic value. Here we present novel theoretical work on the 27 

formation and extinction of memories in the fruit fly that suggests an underlying neural circuit 28 

mechanism for reward prediction based on recently reported anatomical, physiological and 29 

behavioral data. Our findings propose how the theoretical concept of prediction error coding 30 

can be realized in a biologically realistic neuronal circuit motif to enable associative learning, 31 

saturation of learning, single-trial memory, and memory extinction.  32 
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Introduction 33 

 34 

Fruit flies can learn to associate an odor stimulus with a positive or negative consequence, 35 

e.g. food reward or electric shock punishment. In the training phase flies are typically 36 

exposed to two odors (differential conditioning) where one odor (conditioned stimulus minus, 37 

CS-) is perceived alone whereas a second odor (conditioned stimulus plus, CS+) is 38 

presented together with either reward or punishment (unconditioned stimulus, US). Once an 39 

association has formed between the CS+ and the respective US, the learned anticipation of 40 

the US can be observed in a memory test that enforces a binary choice behavior between 41 

the CS+ and the CS- (Tempel, Bonini, Dawson, & Quinn, 1983; Tully & Quinn, 1985). A 42 

single learning trial can be sufficient to form a stable memory in the fruit fly (Beck, 43 

Schroeder, & Davis, 2000; Krashes & Waddell, 2008; Zhao et al., 2019) and other insect 44 

species (see Discussion). 45 

 46 

The prediction error theory (Rescorla & Wagner, 1972) describes a basic theoretical concept 47 

of classical conditioning. It assumes that the efficacy of learning is determined by the 48 

momentary discrepancy (or error) between the expected and the received reinforcement (i.e. 49 

reward or punishment). In vertebrates, it has been shown that prediction error coding 50 

dopaminergic neurons (DANs) are involved in learning (Schultz, 2016; Schultz, Dayan, & 51 

Montague, 1997). Recent studies give rise to the assumption that dopaminergic neurons 52 

could play a similar role in Drosophila melanogaster (Eichler et al., 2017; Eschbach et al., 53 

2020; Felsenberg, Barnstedt, Cognigni, Lin, & Waddell, 2017; Felsenberg et al., 2018; 54 

Hammer, 1997; Ichinose et al., 2015; Riemensperger, Völler, Stock, Buchner, & Fiala, 2005; 55 

C. Zhao et al., 2019) and other insects (Terao & Mizunami, 2017), rejuvenating an earlier 56 

hypothesis based on experimental observations in the honeybee (Hammer, 1997). 57 

 58 
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Re-exposing the flies to the CS+ after successful training and in the absence of the US leads 59 

to a reduction of the previously learned behavior (Felsenberg et al., 2017, 2018; Schwaerzel, 60 

Heisenberg, & Zars, 2002; Tempel et al., 1983). This new learning is called extinction 61 

learning and has been observed across invertebrate (Eisenhardt, 2014; Eisenhardt & 62 

Menzel, 2007) and vertebrate species (Bouton, 2004, 2017; Dudai, 2004; Myers & Davis, 63 

2002; Pavlov, 1927; Tully & Quinn, 1985). Following prediction error theory, extinction 64 

learning is caused by the mismatch between the expected outcome (predicted US) based on 65 

the initial learning and the actual outcome (no US). In humans, extinction learning is of high 66 

clinical relevance and is applied in the treatment of humans suffering from maladaptive 67 

memories (Bouton, 2017; Chiamulera, Hinnenthal, Auber, & Cibin, 2014; Delamater & 68 

Westbrook, 2014; Quirk & Mueller, 2008; Walsh, Das, Saladin, & Kamboj, 2018). The 69 

majority of behavioral experiments in invertebrates and vertebrates suggest that extinction 70 

protocols, including the applied exposure therapy in humans, does not erase a memory but 71 

rather leads to the formation of a parallel but opposing memory, the extinction memory 72 

(Bouton, 2004; Eisenhardt & Menzel, 2007). Despite the relevance for clinical therapy, our 73 

understanding of the neural circuit mechanisms underlying extinction learning is still in its 74 

infancy.  75 

 76 

We study a computational neural circuit model of the fruit fly mushroom body that captures 77 

the most recent anatomical and physiological facts. The model proposes detailed 78 

mechanisms for associative learning, extinction learning, prediction error coding, and single-79 

trial learning. We compare the model outcomes quantitatively to the results of recent 80 

behavioral and physiological studies and we derive novel experimental predictions by 81 

mimicking neurogenetic manipulations of relevant neuron groups.82 
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Methods 83 

 84 

Circuit architecture 85 

 86 

Our circuit model for olfactory coding and olfactory memory formation (Figure 1) consists of 87 

three neuron layers (PNs, KCs, MBONs) representing the three major stages of the olfactory 88 

pathway in Drosophila and two reinforcement mediating dopaminergic neurons representing 89 

the PAM and PPL1 cluster. Each neuron in the circuit can assume an activation rate in the 90 

range of 0 to 1. 91 

Olfactory model input was simulated through the activation of 50 out of the total 100 PNs. 92 

This matches experimental observations of about 40%-60% of PNs being activated by a 93 

single odor stimulus (Krofczik et al., 2009; Brill et al., 2013; Wilson, 2013) and follows the 94 

model of Peng & Chittka (2017). Each PN is activated with a random rate drawn from a 95 

uniform distribution in the range between 0.2 and 0.8. To enhance variability between the 96 

networks that were set up, PN input patterns were further multiplied by a factor that was 97 

randomly distributed between 0.8 and 1. PNs are connected to 2000 KCs via the weight 98 

matrix W1 where each PN is connected to 5-15 KCs, each connection has a fixed synaptic 99 

weight of 0.2. Activation of the KC vector in the next layer resulted from the matrix product of 100 

the PN population vector and the respective weight matrix W1 according to 101 

 102 

𝐾𝐶 = 𝑃𝑁 × 𝑊1.         (1) 103 

 104 

Out of the total 2000 KCs only the subpopulation of 100 KCs (5%) with the highest activation 105 

rate kept its activation. All other KCs are set to zero to enforce population sparseness (Peng 106 

& Chittka, 2017). In a next step, KCs are fully connected to the four MBONs via the weight 107 

matrix W2, with all synaptic weights initially set to 0.01. The excitatory input to each MBON 108 

was calculated as the matrix products 109 
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 110 

𝑀6+, 𝑀𝑉2 = 𝐾𝐶 ×  𝑊2𝑎𝑣        (2a) 111 

𝑀𝑉𝑃2, 𝑉2+ = 𝐾𝐶 ×  𝑊2𝑎𝑝𝑝        (2b) 112 

 113 

We further included lateral connectivity between the MBONs. The M6 MBON receives 114 

inhibitory input from MVP2, whereas V2 gets inhibited by MV2. The respective inhibitory 115 

inputs are formalized according to 116 

 117 

𝑀6–  =
−0.6

(1+200×𝑒(−𝑀𝑉𝑃2×15))
        (3a) 118 

𝑉2−  =
−0.6

(1+200×𝑒(−𝑀𝑉2×15))
        (3b) 119 

 120 

The activation rate of M6 and MV2 results from a summation of inhibitory and excitatory 121 

input as 122 

 123 

𝑀6 = 𝑀6+ +  𝑀6−         (4a) 124 

𝑉2 = 𝑉2+ +  𝑉2−         (4b) 125 

 126 

whereas for MVP2 and MV2 the activation rate is solely determined by the excitatory input. 127 

 128 

The PAM and PPL1 DAN receive excitatory input by the M6 and V2 neurons, respectively. 129 

Additionally, reinforcing stimuli have an effect on both DANs. A rewarding unconditioned 130 

stimulus (US = +1, positive reinforcer) leads to an excitatory input to the PAM (Eqn. 5a). At 131 

the same time, excitatory input from the V2 to the PPL1 is partially suppressed (represented 132 

by the factor ρ = 0.8 in Eqn. 5b). Conversely, a punishing unconditioned stimulus (US = -1, 133 

negative reinforcer) results in excitation of the PPL1 (Eqn. 5b) and in the suppression of 134 

excitatory input from M6 to the PAM (Eqn. 5a). The total DAN input was thus computed as 135 
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 136 

𝑃𝐴𝑀𝐼𝑛 = {
𝑅 + 𝑀6, 𝑖𝑓 𝑈𝑆 =  +1 (𝑟𝑒𝑤𝑎𝑟𝑑)

ρ × 𝑀6, 𝑖𝑓 𝑈𝑆 = −1 (𝑝𝑢𝑛𝑖𝑠ℎ𝑚𝑒𝑛𝑡)
𝑀6, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

     (5a) 137 

 138 

𝑃𝑃𝐿1𝐼𝑛 = {
𝑅 + 𝑉2, 𝑖𝑓 𝑈𝑆 =  −1 (𝑝𝑢𝑛𝑖𝑠ℎ𝑚𝑒𝑛𝑡)

ρ × 𝑉2, 𝑖𝑓 𝑈𝑆 = +1 (𝑟𝑒𝑤𝑎𝑟𝑑)
𝑉2, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

     (5b) 139 

 140 

We fixed the US induced excitation to R = 0.3 for all our experiments. However, generally the 141 

parameter R allows for a modeling of variable reward magnitudes linked to the US such as 142 

e.g. different levels of sugar concentration contained in a rewarding US.  143 

  144 

The output activation rate of each DAN encoding the prediction error is calculated with a 145 

sigmoid transfer function 146 

 147 

𝑃𝐴𝑀 =
1

(1+10000×𝑒
− 𝑃𝐴𝑀𝐼𝑛𝑝𝑢𝑡×19

)
        (6a) 148 

 149 

𝑃𝑃𝐿1 =
1

(1+10000×𝑒
− 𝑃𝑃𝐿1𝐼𝑛𝑝𝑢𝑡×19

)
       (6b) 150 

 151 

Plasticity rule at KC::MBON synapses  152 

 153 

We implemented synaptic plasticity at the KC::MBON synapses. In the initial state of the 154 

model, the weights of all KC::MBON synapses are set to the same fixed value of 0.01. Each 155 

of the synaptic weights in W2 is subject to synaptic plasticity. At the end of a given trial t and 156 

for any synapse KCi::MBONj a change of the synaptic weight wij occurs if both, the 157 

presynaptic KC and the respective DAN were active in trial t. If both conditions are met, the 158 

synaptic weight is reduced according to the two-factor learning rule 159 

 160 
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𝑤𝑎𝑝𝑝 = {

𝑤𝑎𝑝𝑝 − (𝑃𝑃𝐿1 × δ), 𝑖𝑓 𝑃𝑃𝐿1 > 0, 𝐾𝐶 > 0

0, 𝑖𝑓 𝑤𝑎𝑝𝑝 < 0

𝑤𝑎𝑝𝑝, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

     (7a) 161 

 162 

𝑤𝑎𝑣 = {

𝑤𝑎𝑣 − (𝑃𝐴𝑀 × δ), 𝑖𝑓 𝑃𝐴𝑀 > 0, 𝐾𝐶 > 0
0, 𝑖𝑓 𝑤𝑎𝑣 < 0

𝑤𝑎𝑣 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
     (7b) 163 

 164 

where wapp refers to the weight of a synapse onto M6 or MV2 and wav refers to the weight of 165 

a synapse onto MVP2 or V2. Note that the weight changes are proportional to the activation 166 

rate of the respective DAN. We fixed the learning rate as δ=0.0045 for all our experiments. 167 

 168 

Experimental protocols 169 

We subjected our model to a set of conditioning and extinction protocols. Further, it was 170 

operated and evaluated in a trial-resolved fashion where, in each trial, the excitatory and 171 

inhibitory synaptic input to each of the neurons and its output activation rate was computed. 172 

Within-trial neuronal dynamics were neglected. 173 

 174 

Classical conditioning 175 

 176 

The training procedure derives from a group assay developed by Tully & Quinn, (1985) that 177 

is often used to study olfactory learning in flies. A group of flies are trained in a Tully-178 

machine with a training arm and two testing arms. In the training arm, the animals are 179 

typically exposed to the CS+ in combination with either sugar (reward) or a train of electric 180 

shocks (punishment). In Felsenberg et al., (2018) the CS+ is presented for 1 minute and 181 

combined with 12 electric shocks. Subsequently, animals are exposed to the CS- without 182 

reinforcer. After the training, the flies are transferred to the testing chamber in which they 183 

can choose between a CS+ and a CS- perfused arm. 184 
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Our classical conditioning protocol also consisted of a training phase and a subsequent 185 

memory retention test (Figure 2A). An odor pattern (CS+) was paired with a positive or 186 

negative reinforcement (US) during each training trial. Subsequently, a second odor pattern 187 

(CS-) was presented without reinforcement. For our initial model analysis, we varied the 188 

number of training trials in the range of n= 1, …, 24 to quantify the associative strength as a 189 

function of n (Figure 2). Then, we fixed the number of training trials to n=12 in our standard 190 

training procedure. The trial-based classical conditioning protocol is a standard procedure in 191 

other insect models for learning and memory, notably the honeybee (Bitterman et al., 1983; 192 

Pamir et al., 2011). Unlike in the experimental conditioning paradigm, paired and unpaired 193 

odors were presented alternately when the number of trials was >1. However, we expect no 194 

difference between continuous and alternating odor presentation, since CS- presentation 195 

does not induce synaptic plasticity. During retention, we presented the CS+ and CS- 196 

stimulus once. In contrast to the experimental paradigm, simultaneous presentation of both 197 

odors was not possible. However, effects on the behavioral outcome could be excluded by 198 

switching off learning during the retention test. 199 

 200 

Extinction learning 201 

 202 

The extinction protocol included an additional reactivation phase after training and before 203 

memory extinction. During reactivation, the CS+ odor was presented alone, i.e. without 204 

reinforcement, during 12 reactivation trials. This procedure again mimics the experimental 205 

protocol used by Felsenberg et al. (2018), in which the authors presented the CS+ without 206 

shocks for the same duration (1 min) as in the training. 207 

 208 

Neurogenetic manipulation experiments 209 

 210 

To investigate the role of individual neurons in the memory extinction process we selectively 211 

suppressed their activation by setting their activation rate to zero during the reactivation 212 
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phase. Thereby, we mimic neurogenetic manipulation experiments that suppress the 213 

activation of specific neurons. We specifically compare our model results to the experimental 214 

results performed in Felsenberg et al. (2018) based on the neurogenetic tool shibirets1 and 215 

we generate experimentally testable hypotheses in novel model experiments. 216 

 217 

Evaluation of model performance and quantitative model predictions 218 

 219 

We evaluated model outcome by different measures that allow for a quantitative comparison 220 

with the outcome of animal experiments, both at the behavioral and at the physiological 221 

level. Applying these measures in untested experiments allowed us to formulate 222 

experimental predictions for novel experiments. 223 

 224 

Behavioral output 225 

 226 

To this end we computed two quantities that can be interpreted as measures of approach or 227 

avoidance behavior. We used the activation rates of these MVP2 and MV2 to calculate the 228 

preference index as  229 

 230 

𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐼𝑛𝑑𝑒𝑥 =
(𝑀𝐵𝑂𝑁𝑀𝑉𝑃2 –𝑀𝐵𝑂𝑁𝑀𝑉2)

(𝑀𝐵𝑂𝑁𝑀𝑉𝑃2+𝑀𝐵𝑂𝑁𝑀𝑉2)
      (8) 231 

 232 

The innate preference index of our model is zero by construction.  233 

 234 

In behavioral extinction learning experiments (Felsenberg et al., 2017, 2018). The number of 235 

animals that chose the CS- odor was then subtracted from the number of animals that chose 236 

the CS+ and the result was normalized by the total group size to compute the performance 237 

index (Tully & Quinn, 1985). In analogy, we calculated a model performance index 238 

computing the difference between the preference indices for CS+ and CS- as 239 
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 240 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝐼𝑛𝑑𝑒𝑥 = 𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝐶𝑆+ −  𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝐶𝑆−  (9) 241 

 242 

Dendritic input  243 

 244 

We quantified activation rates of single neurons. Activation rates were measured in both 245 

DANs and MBONs. DAN activation rates were obtained during training trials, whereas the 246 

MBON activation rates were measured during the test trials (Figure 4). Further, we 247 

compared the model to a recent study in which dendritic MBON activity was measured 248 

(Figure 5, Felsenberg et al., 2018). KC::MBON synapses in M6 populate the dendritic tree 249 

while the MVP2::M6 are located proximal to the dendritic root (Felsenberg et al., 2018). 250 

Measuring the calcium activation across the dendritic field can thus be interpreted as the 251 

overall excitatory KC input to the MBON. In analogy to the experimental approaches, not 252 

only the total synaptic input, but also the sum of excitatory synaptic input from KCs was 253 

measured. 254 

 255 

Performance at the group level 256 

 257 

Each new initialization of a network involved the random generation of the odor induced PN 258 

activation rates (ranging between 0.8 and 1, evenly distributed) and a random number of 259 

PN::KC connections (in the range 5-15, evenly distributed) for each KC to establish 260 

variability across individuals. 261 

 262 

To test statistical significance of group differences in the performance index, the Wilcoxon 263 

rank-sum test was used. To test for differences of MBON activation rates in the same group 264 

before and after extinction learning, the Wilcoxon signed-rank test was used. Model results 265 

were compared to the experimental results obtained by Felsenberg et al. (2017, 2018). To 266 

extract single data points from the experimental studies, the GRABIT tool by MathWorks was 267 
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applied. Model simulation and statistical analyses were performed with MATLAB_R2018b 268 

(Mathworks Inc, Natick, MA). The full code for the MB model is available on the Github 269 

account of the lab: https://github.com/nawrotlab.  270 
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Results 271 

 272 

Circuit model of the Drosophila Mushroom Body 273 

 274 

We implemented a neural network model of the olfactory memory circuit of Drosophila 275 

melanogaster (Figure 1) where individual neurons exhibit trial-resolved activation dynamics 276 

(see Methods). Our network model integrates experimentally confirmed connections in the 277 

adult fruit fly. It involves three feed-forward layers of the antennal lobe projection neurons 278 

(PN), the mushroom body (MB) Kenyon cells (KCs), and four individual mushroom body 279 

output neurons (MBONs) with specific lateral inhibitory connections. Reinforcing stimuli (US) 280 

of rewarding or punishing nature are mediated by two dopaminergic neurons (DANs). Each 281 

DAN receives specific feedback input from a single excitatory MBON and exerts a recurrent 282 

neuromodulatory effect on the plastic KC::MBON synapses. 283 

 284 

Stimulation with a particular odor is modeled as one specific input pattern activating 50 out of 285 

total 100 PNs, each with a random activation rate (see Methods). Similarity between different 286 

odors was defined as the percentage of overlap between the PN activation patterns (Figure 287 

2C). This establishes a dense combinatorial odor code in the PN layer as reported 288 

experimentally for fruit flies (Olsen, Bhandawat, & Wilson, 2010; Wilson, Turner, & Laurent, 289 

2004) and other species, notably the honeybee (Joerges, Küttner, Galizia, & Menzel, 1997; 290 

Krofczik et al., 2009), the locust (Broome, Jayaraman, & Laurent, 2006; Mazor & Laurent, 291 

2005), and the moth (Namiki & Kanzaki, 2008). 292 

 293 

The connectivity between the PNs and KCs is divergent-convergent and random (Caron, 294 

Ruta, Abbott, & Axel, 2013) where each of the 2.000 KCs (Aso et al., 2009) connects to 295 

average 10 PNs (uniformly distributed, range of 5 - 15), matching the experimentally 296 

estimated numbers for Drosophila (Leiss, Groh, Butcher, Meinertzhagen, & Tavosanis, 2009; 297 
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Turner, Bazhenov, & Laurent, 2008) and establishing a sparse connectivity for each of the 298 

postsynaptic KCs. In a second step, a threshold criterion was implemented such that only 299 

the 5% of KCs with the highest activation rates retain their activation (Figure 2C) while the 300 

activation rates of all other KCs was set to zero (Peng & Chittka, 2017). This enforces 301 

population sparse coding in the KC layer (Kloppenburg & Nawrot, 2014) as reported in 302 

physiological experiments in the fruit fly where, on average, ~5% of all KCs were activated 303 

by a single odor stimulus (Honegger, Campbell, & Turner, 2011; Lin, Bygrave, de Calignon, 304 

Lee, & Miesenböck, 2014; Turner et al., 2008). 305 

 306 

In the MB output layer, we implemented four out of the 34 anatomically identified MBONs 307 

(Aso, Hattori, et al., 2014; Ito et al., 1998; Séjourne et al., 2011; Tanaka, Tanimoto, & Ito, 308 

2008). These are MV2 (MBON-β1>α / MBON-06), M6 (MBON-γ5β′2a / MBON-01), MVP2 309 

(MBON-γ1pedc>α/β / MBON-11) and V2 (MBON-α'1, MBON-α′3ap, MBON-α′3m, MBON-310 

α2sc and MBON-α2p3p / MBON-15 – MBON-19). The neuron cluster V2, consisting of five 311 

neurons, was modeled as a single neuron for simplicity. M6, MV2, MVP2 and V2 have been 312 

previously shown to be involved in odor valence coding with M6 and MV2 mediating odor 313 

driven avoidance behavior, and MVP2 and V2 promoting approach behavior towards an 314 

olfactory stimulus (Aso, Sitaraman, et al., 2014; Bouzaiane, Trannoy, Scheunemann, 315 

Plaçais, & Preat, 2015; Owald et al., 2015; Perisse et al., 2016; Séjourne et al., 2011; 316 

Ueoka, Hiroi, Abe, & Tabata, 2017). All KCs connect to each of the four MBONs (full 317 

connectivity, Figure 1). Our model includes two inhibitory lateral connections among 318 

MBONs. The inhibitory synapses between MVP2 and M6 (Felsenberg et al., 2018; Perisse 319 

et al., 2016) have been suggested to be functionally relevant for aversive memory extinction 320 

(Felsenberg et al., 2018). We additionally assume a symmetric lateral inhibitory connection 321 

from MV2 to the V2 neuron. It has been shown that the MV2 neuron projects onto MBON-322 

α2sc and MBON-α2p3p, which are part of the V2 cluster and it was hypothesized that the 323 

glutamatergic MV2 acts inhibitory on both neurons (Aso, Hattori, et al., 2014; Aso, 324 
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Sitaraman, et al., 2014), as has been shown for glutamatergic neurons in the AL (W. W. Liu 325 

& Wilson, 2013). 326 

 327 

Reinforcing pathways and synaptic plasticity 328 

In our circuit model the presence of the appetitive or the aversive US are signaled by two 329 

distinct neuromodulatory DANs, the PPL1 and PAM neuron, respectively (Figure 1). The 330 

single PPL1 neuron is representative of the PPL1 neuron cluster activated by aversive 331 

sensory stimuli such as electric shock (Aso et al., 2012, 2010; Claridge-Chang et al., 2009; 332 

Mao & Davis, 2009), the PAM neuron represents the PAM cluster that is activated by 333 

appetitive sensory stimuli such as sucrose (Burke et al., 2012; C. Liu et al., 2012; Waddell, 334 

2013; Yamagata et al., 2015). Both neurons receive additional excitatory input from either 335 

the M6 or the V2 MBON (Eichler et al., 2017; Eschbach et al., 2020; Felsenberg et al., 2017, 336 

2018; Ichinose et al., 2015). 337 

The presence of a reinforcing signal (US) has differential effects on the DAN activation. A 338 

rewarding US leads to an excitation of PAM and can reduce excitation of PPL1 input (Eqn. 339 

5a). Vice versa, a punishing reinforcer excites PPL1 and at the same time can modulate 340 

excitation of PAM input (Eqn. 5b). This modulatory effect in our model is based on an 341 

experimental study revealing that a negative reinforcement inhibits PAM-γ4 and PAM-γ5 342 

neurons, whereas sugar feeding inhibits PPL1-γ2 and PAM-γ3 (Cohn, Morantte, & Ruta, 343 

2015). 344 

Plasticity in our model exclusively resides in the KC::MBON synapses, reflecting the 345 

prevalent data-based hypothesis (see Discussion). These synapses are subject to plasticity 346 

according to the learning rule in Eqns. 7a and 7b. In the initial state of the model, the weights 347 

of all KC::MBON synapses are set to the same fixed value. In a given experimental trial, and 348 

for any synapse KC::MV2 or KC::M6, plasticity occurs when activation of the presynaptic KC 349 

coincides with activation of the reward-mediating PAM neuron. Likewise, any KC::V2 or 350 
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KC::MVP2 synapse undergoes changes when the presynaptic KC and the punishment-351 

mediating PPL1 neuron are active at the same time. The reduction of a synaptic weight is 352 

proportional to the DAN activation rate (for details see Methods). This establishes two 353 

distinct parallel but interconnected neuromodulatory pathways, each involving feedback from 354 

MBONs to the DANs that, in turn, can modulate KC::MBON synapses (Figure 1). 355 

Appetitive and aversive conditioning establish a behavioral odor preference   356 

In a first set of experiments, we subjected our model to a classical conditioning protocol. This 357 

protocol (Figure 2A) mimics standard training procedures in the fruit fly (see Methods). In 358 

each trial the trained odor, CS+, was paired with either reward or punishment (US). 359 

Subsequently a second odor stimulus was presented without reinforcement (CS-). 360 

After a pre-defined number of training trials, we performed a memory retention test by 361 

presenting the model with the CS+ alone (no reinforcement) and subsequently with the 362 

unpaired odor (CS). We computed a preference index (Eqn. 8) based on the activation rates 363 

of approach and avoidance mediating MBONs for both odors, the CS+ and the CS- (see 364 

Methods). The model performance index (Eqn. 9) mimics comparison with the behavioral 365 

performance index computed from experiments in the fruit fly. 366 

Olfactory memories are established as a skew in the MBON network: aversive learning 367 

reduces CS+ driven responses in approach MBONs (MVP2-MBON and V2 cluster MBONs) 368 

resulting in a skew towards avoidance. In contrast, appetitive learning skews the network 369 

towards approach by reducing CS+ mediated input to avoidance coding M4 and M6 MBONs 370 

(Aso, Sitaraman, et al., 2014; Owald et al., 2015; Owald & Waddell, 2015; Perisse et al., 371 

2016; Zhang, Noyes, Zeng, Li, & Davis, 2019). 372 

We explored the preference index during the retention test for a varying number of training 373 

trials (Figure 2B). In the naïve state, i.e. before the first training trial, the model did not reveal 374 

a preference. This is due to the balanced synaptic weight initialization of the model. A single 375 
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appetitive training trial yielded a strong preference towards the rewarded odor, the CS+. 376 

With each additional training trial, the preference index further incremented by a small 377 

amount and thus additional training led to only a gradual increase of the preference index 378 

saturating after ~10-15 trials. Aversive conditioning revealed a negative preference index 379 

reaching a similar absolute level after a single training trial (Figure 2B, lower panel). Both, 380 

single-trial learning and saturation of behavioral performance within few trials matches the 381 

experimental observations during associative learning in insects (see Discussion).  382 

For all subsequent experiments we chose 12 training trials, both for the training and the 383 

reactivation phase. This number mimics the standard experimental protocol for aversive 384 

conditioning in fruit flies, in which a group of animals is exposed to 12 subsequent electric 385 

shocks while constantly being exposed to the CS+ (Felsenberg et al., 2018; Scheunemann 386 

et al., 2013; Tully & Quinn, 1985). 387 

 388 

Generalization to novel odors 389 

 390 

We next analyzed how the learned preference to the CS+ odor generalizes to novel odors of 391 

varying similarity with the CS+ odor by comparing the preference indices towards CS+ and 392 

towards a novel odor during the retention test (Figure 2D). We designed the pattern of 393 

activated PNs for each novel odor such that it has a defined overlap with the CS+ pattern, 394 

ranging from zero to 80% overlap (see Methods). Our results in Figure 2D predict that 395 

generalization to a novel odor is rather low even for the highest odor similarity and decays 396 

with decreasing odor similarity, effectively reaching zero generalization for odors that share 397 

40% or less activated PNs with the CS+ odor. For the subsequent extinction learning 398 

experiments, we used CS- odors that had 60% pattern overlap with the CS+ odor. 399 

 400 

Extinction learning significantly reduces the conditioned odor response 401 
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 402 

We analyzed extinction learning after appetitive and aversive conditioning according to the 403 

stimulation protocol in Figure 3A. The initial training phase was followed by a reactivation 404 

phase during which the model is repeatedly presented with the CS+ odor alone (no 405 

reinforcement). This matches the experimental protocols for appetitive (Felsenberg et al., 406 

2017) and aversive (Felsenberg et al., 2018) conditioning and subsequent extinction learning 407 

and allows for a direct comparison of our simulation results with the experimental results, 408 

both at the behavioral and the physiological level (cf. Table 1). 409 

 410 

Repeated reactivation of the CS+ odor alone after either appetitive or aversive conditioning 411 

resulted in memory extinction (Figure 3B, C), i.e. in a significant reduction of the learned 412 

CS+ approach or avoidance. In addition, generalization to the CS- odor was abolished 413 

(Figure 3B, C). The observation that learning is induced when the expected reward or 414 

punishment is omitted is in line with the idea of prediction error dependent learning (see 415 

Discussion). For a quantitative comparison with the behavioral results of the binary memory 416 

test in Felsenberg et al. (2017) we computed the performance index of the model by 417 

subtracting the preference index for CS- from the preference index for CS+ (see Methods). 418 

The appetitive conditioning protocol in the model and in vivo yielded similar performance 419 

indices (model: 0.30±0.03 mean ± STD, experiment: 0.29±0.05 mean ±SEM). Memory 420 

extinction led to a significantly reduced approach performance (0.20±0.02, Figure 2B). 421 

However, the effect of memory extinction in the behavioral experiment was considerably 422 

stronger, effectively erasing the initial behavioral memory expression (0.01±0.03, Felsenberg 423 

et al., 2017). The aversive conditioning protocol led to a negative performance index of -424 

0.29±0.04 (mean ± STD) for the model, which in absolute terms was smaller than the 425 

experimental value of -0.39±0.04 (mean ± SEM, Felsenberg et al. 2018). The reactivation of 426 

the CS+ odor after the aversive conditioning led to a significantly reduced avoidance 427 

behavior (-0.20±0.02), very similar to the experimental results (-0.20±0.03). A detailed 428 

quantitative comparison of experimental and model results is provided in Table 1. 429 



 

19 

 430 

Memory is rapidly established within a single trial 431 

 432 

As a next step, we investigated the dynamics of plasticity during the course of learning and 433 

extinction. To this end we monitored the activation rates of DANs and MBONs and the gross 434 

synaptic input to the MBONs across trials during single network simulations for appetitive 435 

(Figure 4A, B) and aversive (Figure 4C, D) conditioning and extinction. 436 

 437 

In both, appetitive and aversive conditioning, the first pairing of CS+ and US induced a 438 

strong response in either the PAM or PPL1, respectively. This strong neuromodulatory signal 439 

resulted in a significant reduction of the respective KC::MBON synapses and led to a 440 

strongly reduced KC::MBON input to either MV2/M6 or MVP2/V2 during the second training 441 

trial. As a consequence, feedback excitation from M6 to PAM (V2 to PPL1) in appetitive 442 

(aversive) learning is abolished from the second trial onward, leading to further synaptic 443 

weight modulations that are weak compared to those in the very first training trial. The 444 

evolution of plasticity is reflected in the model performance index, indicating a switch-like 445 

increase after the first training trial and moderate but steady increase after subsequent trials. 446 

Saturation of the learning effect becomes visible only after ~10-12 trials (cf. Figure 2B). In 447 

conclusion, the model learns within a single trial and more training leads to a stronger 448 

valence signal as encoded in the imbalance of MV2 and MVP2 activation. 449 

 450 

Extinction learning follows a different and slower dynamics in our network model. While 451 

already a single presentation of the CS+ odor without reinforcer leads to the induction of the 452 

extinction memory and a significant reduction of the performance index (Figure 4), we 453 

observe an only gradual extinction that saturates across the 12 extinction trials used here. 454 

No complete extinction is observed in our model. 455 

 456 

Associative learning and extinction learning establish two separate memory traces 457 
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 458 

We tested the hypothesis that associative learning and subsequent extinction learning form 459 

two parallel and distinct memories at the physiological level. To this end we mimicked 460 

experiments in Felsenberg et al., (2018), in which the authors measured KC input to 461 

individual MBONs by means of in vivo calcium-imaging from the dendritic field. 462 

 463 

We first consider the case of aversive conditioning and subsequent extinction learning. After 464 

initial conditioning, the CS+ induced synaptic input to the MVP2 and V2 neurons is 465 

significantly lower than the CS- induced input (Figure 5C). The synaptic input to the M6 and 466 

MV2 neurons, however, is similar for both odors (Figure 5D). The extinction protocol, i.e. the 467 

subsequent reactivation with CS+ alone (Figure 3A), did not alter KC synaptic input to MVP2 468 

and V2 (Figure 5C). In contrast, CS+ induced synaptic input to M6 and MV2 was significantly 469 

reduced after extinction and in comparison to the CS- induced input (Figure 5D). These 470 

results are fully consistent with the in vivo calcium-imaging results by Felsenberg and 471 

colleagues (Felsenberg et al., 2018); cf. Table 1) who observed a significantly reduced 472 

dendritic calcium activation in MVP2 in response to the CS+ stimulus after aversive 473 

conditioning, while there was no significant change in M6 activation (Figure 3 in Felsenberg 474 

et al., 2018). After memory extinction, the decreased CS+ response in MVP2 remained while 475 

additional plasticity was observed as CS+ specific reduction in calcium levels in M6. 476 

 477 

Our circuit model predicts a symmetric network behavior for the extinction of an appetitive 478 

memory. After appetitive conditioning, the CS+ induced excitatory input was lower than the 479 

CS- mediated input to the avoidance-mediating M6 and MV2 (Figure 5B). However, the input 480 

to the approach mediating MVP2 and MV2 remained unchanged (Figure 5A). Reactivation of 481 

the memory by stimulation with the CS+ odor alone led to a reduction of the excitatory 482 

dendritic input into MVP2 and V2 (Figure 5A). As a result, the CS+ preference and 483 

performance indices acquired during initial conditioning were significantly reduced after 484 

memory extinction (Figure 3B, D). 485 
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 486 

Distinct pathways are crucial for appetitive and aversive memory extinction 487 

 488 

To validate the idea of recurrent feedback as a teaching signal in our model we tested which 489 

neurons are necessary for extinction learning. To this end we mimicked shibirets1 490 

experiments performed by Felsenberg et al., (2017, 2018) who selectively suppressed the 491 

activity of individual neurons or neuron clusters during CS+ odor reactivation (see Methods, 492 

Figure 6).  493 

 494 

We first tested extinction of appetitive memory. Selective blocking of PPL1- or V2-cluster 495 

during the reactivation phase abolished the extinction of an appetitive memory. In contrast, 496 

blocking of PAM had no effect on extinction (Figure 6A). These findings agree with the 497 

experimental results (Table 1) in Felsenberg et al., (2017). Conversely, in the extinction of 498 

aversive memory, Felsenberg et al., (2018) showed that the behavioral effect of 499 

extinguishing the aversive memory was significantly diminished by either blocking the PAM 500 

cluster or the M6 neurons. However, blocking the vesicle release machinery of the PPL1 501 

cluster had no effect on aversive memory extinction (Table 1). Our model showed the same 502 

qualitative result where blocking of either the M6 or the PAM but not of the PPL1 neuron 503 

abolished the extinction of an aversive memory (Figure 6B). 504 

 505 

To formulate novel predictions for future experiments we further analyzed our model by 506 

silencing other MBONs during the reactivation phase (Figure 6, Table 1). Deactivating V2 507 

during the reactivation phase did not significantly alter the aversive extinction memory. 508 

Conversely, a blockage of M6 during the extinction process had no effect on the appetitive 509 

extinction memory performance either. Blocking MVP2 or MV2 during odor reactivation had 510 

no effect on both, appetitive and aversive memory extinction. Thus, our model predicts that a 511 

single MBON, V2 or M6, is exclusively involved in the formation of the appetitive or aversive 512 

extinction memory, respectively. 513 
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 514 

KC activity is partly required for extinction learning 515 

 516 

We additionally investigated the role of KCs in extinction learning in our model. To this end, 517 

we applied the shibirets1 protocol to KCs. When we blocked all KCs during the training 518 

phase, neither appetitive nor extinction memory could be established. However, when we 519 

randomly chose and blocked 50% of all KCs during appetitive and aversive extinction 520 

training, we did not observe an effect on extinction memory acquisition (Figure 6). Thus, 521 

partially blocking KC activity during odor reactivation might not or only mildly interfere with 522 

extinction learning while an almost complete block of all KCs should prevent extinction 523 

learning in the fly (Figure 6-1, see also Discussion).  524 
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Discussion 525 

 526 

In the present study we established a circuit model of the fruit fly based on confirmed 527 

anatomy and physiology. It can explain formation and extinction of an olfactory memory, and 528 

single-trial learning. We discuss the implications, limitations and predictions of our model. 529 

 530 

Prediction error coding  531 

 532 

The prediction error theory hypothesizes that learning takes place if there is an unexpected 533 

change in the valence of a stimulus (Rescorla & Wagner, 1972). The model performance 534 

index in Figure 4 computed after each training trial mimics behavioral performance across 535 

trials and fits the prediction error theory and experimental studies. The behavioral learning 536 

effect is reduced across trials and the learning curve saturates with increased training. The 537 

results match the well-known saturation in the conditioned response (CR) behavior in the 538 

honeybee (Pamir et al., 2011). This effect, typically observed across a group of animals, has 539 

been formalized in the Rescorla-Wagner model (Rescorla & Wagner, 1972). A recent rate-540 

based model of the fly MB (Bennett, Philippides, & Nowotny, 2019) assumed that 541 

connections from MBONs to DANs are crucial for asymptotic learning based on reward 542 

prediction. Our model proposes that prediction error coding in Drosophila melanogaster is 543 

achieved through a network mechanism supported by the specific circuit motif sketched in 544 

Figure 1. It is suggested that DANs receive relevant information not only from sensory 545 

neurons directly but also via odor activated MBONs (Felsenberg et al., 2017, 2018). It was 546 

implemented in the model through excitatory connections from laterally connected MBONs 547 

to DANs. Initial conditioning of the model leads to activation of the PAM (PPL1) DAN and 548 

therefore induces down-regulation of the aversive (appetitive) MBONs. This learning effect 549 

declines after the first learning trial, since MBON activity is not sufficient to activate DANs 550 

after being downregulated. 551 
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 552 

Single-trial learning 553 

 554 

Learning within a single trial is a fundamental ability of vertebrates (Cook & Fagot, 2009; 555 

Irwin, Banuazizi, Kalsner, & Curtis, 1968) and invertebrates, and the underlying mechanisms 556 

are at least partially conserved across phyla. In insects, single-trial learning has been 557 

intensely studied in classical and operant olfactory, tactile, and visual conditioning of the 558 

honeybee Apis mellifera (Menzel, 1999; Menzel, Erber, & Masuhr, 1974; Pamir, Szyszka, 559 

Scheiner, & Nawrot, 2014; Sandoz, Roger, & Pham-Delègue, 1995; B. H. Smith, 1991; Villar, 560 

Marchal, Viola, & Giurfa, 2020). Appetitive olfactory conditioning of the proboscis extension 561 

response allows the observation of the all-or-none CR behavior during successive training 562 

trials where the onset of US presentation is delayed with respect to the onset of the CS odor. 563 

Typically 40-60% of bees show a CR after a single pairing of odor with reward (Pamir et al., 564 

2014) and a single learning trial is sufficient to establish short- and long-term memory, which 565 

can be recalled up to 3 days after training (Menzel, 1999; Pamir et al., 2014; B. H. Smith, 566 

1991; Villar et al., 2020). Additional training trials lead to a saturation after ~3-4 trials with 567 

respect to the fraction of animals that express a CR. 568 

 569 

In the fruit fly, single-trial learning has been established more recently. Aversive conditioning 570 

of adult flies with electric shock punishment showed that pairing of a single odor presentation 571 

(of 10-60s duration) with a single electric shock induces short term memory (Beck, 572 

Schroeder, & Davis, 2000; Scheunemann et al., 2013) and long term memory, retrievable for 573 

up to 14 days if the experimental context is kept strictly constant for training and memory test 574 

(B. Zhao et al., 2019). In appetitive conditioning, a single session of odor-reward pairing 575 

could establish long term memory (Colomb, Kaiser, Chabaud, & Preat, 2009; Krashes & 576 

Waddell, 2008). Weiglein et al. (2019) could show that also in the fruit fly larva a single 577 

session of appetitive conditioning of 5 min was sufficient to establish a short-term memory 578 
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where the performance index in the memory test increased with increasing duration (in the 579 

order of minutes) of the training session. 580 

 581 

In our circuit model, the very first training trial induces a switch-like change in the network 582 

response and in the behavioral memory expression. This parallels the switch-like behavioral 583 

dynamics observed in learner bees (Pamir et al., 2011) and provides an explanation for the 584 

single-trial induction of appetitive and aversive memories in the fruit fly (Colomb et al., 2009; 585 

Krashes & Waddell, 2008; B. Zhao et al., 2019). In contrast, during extinction learning we 586 

propose that an extinction memory builds up gradually in the opposing pathway. 587 

 588 

Extinction Learning 589 

 590 

Experimental studies in the fruit fly have shown that extinction learning establishes distinct 591 

and opposing memory traces. The extinction of reward memory requires punishment coding 592 

dopamine neurons whereas extinction of aversive memory is mediated by reward coding 593 

neurons (Felsenberg et al., 2017, 2018). Recent findings in mice (Salinas-Hernández et al., 594 

2018) and rats (Luo et al., 2018) suggest that this principle for extinction learning is 595 

conserved in mammals. The authors showed that dopaminergic neurons from the ventral 596 

tegmental area associated with reward signaling are required to extinguish fear memory.  597 

 598 

The importance of MBON::DAN feedback in order to perform complex learning tasks such as 599 

extinction has been formalized recently in a rate-based model of the Drosophila larva 600 

(Eschbach et al., 2020). In our adult fly model, the MBON::MBON and MBON::DAN 601 

connections for the extinction of aversive and appetitive memories are strictly symmetrical. 602 

During extinction of an aversive memory the dopaminergic reward signal of the PAM neuron 603 

in extinction trials is driven by excitation from the M6 MBON, which receives reduced 604 

inhibition from the approach mediating MVP2 as a result of the initial aversive conditioning 605 

that reduced KC drive of MVP2. Thus, extinction learning establishes a reward-like extinction 606 
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memory trace in parallel to the initial aversive memory trace (Figure 5D). Intriguingly, the 607 

initial memory trace is not altered by extinction (Figure 5C). This matches the experimental 608 

results and the proposed mechanism in Felsenberg et al. (2018) supporting the long-609 

standing hypothesis of two parallel memory traces after extinction (Bouton, 2004; Dudai, 610 

2004; Eisenhardt & Menzel, 2007). 611 

 612 

The strict symmetry of the recurrent pathways in our model has the consequence of 613 

symmetrical quantitative results for the performance index and neuron input activation rates 614 

(Table 1). The experimental situation, however, does not provide fully symmetric behavioral 615 

results. Our model matches well in the aversive memory pathway, i.e. for appetitive 616 

conditioning and extinction of aversive memory. In aversive conditioning experiments, 617 

however, Felsenberg et al. (2017, 2018) obtained stronger performance indices than our 618 

model and extinction of the appetitive memory was complete (Table 1). Independent tuning 619 

of model parameters for the two parallel pathways in our symmetric model allows for an 620 

improved quantitative match with the experimental results (Figure 3-1). However, a complete 621 

fit to the experimental data was not achievable. In particular, the complete extinction of the 622 

appetitive memory cannot be obtained. We thus conclude that the current model lacks at 623 

least on additional mechanism that introduces asymmetry in circuit and behavior. Our 624 

minimal model does not include all MBONs and DANs and their proven interconnections 625 

(Takemura et al., 2017). I.e., the inhibitory connection between MVP2 and the PPL1 cluster, 626 

might add functional asymmetry between the appetitive and the aversive memory pathway 627 

(Pavlowsky, Schor, Plaçais, & Preat, 2018; Perisse et al., 2016). 628 

 629 

Limitations of the model 630 

 631 

Our network model (Figure 1) can be viewed as a minimal circuit model of the MB sufficient 632 

to explain prediction error coding, single-trial conditioning and extinction learning. We 633 

focused on only four out of 34 MBONs and restricted MB connectivity to feedforward from 634 



 

27 

KCs to four MBONs and feedback from MBONs to DANs but did not explore other synaptic 635 

contacts among KCs and between KCs, MBONs and DANs within the MB lobes as 636 

uncovered in the fly EM connectome (Takemura et al., 2017). Learning in our model is 637 

achieved through reinforcement-mediated plasticity at a single synaptic site, which has been 638 

shown to be involved in appetitive and aversive short-term olfactory memory (Owald & 639 

Waddell, 2015; Pascual & Préat, 2001; Zars, Fischer, Schulz, & Heisenberg, 2000). 640 

Increasing experimental evidence indicates that olfactory learning can involve plasticity at 641 

multiple sites within the insect MB (Bouzaiane et al., 2015; Haenicke, Yamagata, Zwaka, 642 

Nawrot, & Menzel, 2018; Kremer et al., 2010; Pascual & Préat, 2001; Trannoy, Redt-Clouet, 643 

Dura, & Preat, 2011; Yamazaki et al., 2018). Also, it has been shown that memories can co-644 

exist on different time scales representing short-, mid-, and long-term memories (Davis, 645 

2011; Pascual & Préat, 2001; Trannoy et al., 2011; Yamagata et al., 2015). Our trial-based 646 

model approach does not accommodate explicit time scales that would allow to differentiate 647 

between simultaneous, delay and trace conditioning (Dylla, Galili, Szyszka, & Lüdke, 2013), 648 

memory acquisition and consolidation (Felsenberg et al., 2017) or decay (Shuai et al., 2015). 649 

Future extensions may retain full temporal dynamics, e.g. by using spiking neural network 650 

models that have previously been used successfully to study classical conditioning in fruit 651 

flies (e.g. Faghihi, Moustafa, Heinrich, & Wörgötter, 2017; Gupta, Faghihi, & Moustafa, 2018; 652 

Rapp & Nawrot, 2020; D. Smith, Wessnitzer, & Webb, 2008; Wessnitzer, Young, Armstrong, 653 

& Webb, 2012). 654 

 655 

In the present study we aimed at reproducing the behavioral performance index that is 656 

measured in a group forced choice paradigm (Quinn, Harris, & Benzer, 1974) and thus 657 

represents a population measure across individuals, each performing either the correct or 658 

the incorrect behavioral choice. The long-held notion states that expression of the CR 659 

behavior in individual flies is stochastic and follows the group-averaged behavior (Quinn et 660 

al., 1974) has been questioned by Chabaud, Preat, & Kaiser (2010) and by studies in the 661 

honeybee (Pamir et al., 2011,2014; Haenicke et al., 2018) and in the cockroach (Arican et 662 
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al., 2020). They have shown that the average CR in a group of animals does not accurately 663 

reflect memory expression in individuals. Rather, it confounds two subgroups of learners and 664 

non-learners where learners showed a switch-like and stable expression of the CR behavior 665 

mostly after a single trial (average 1,7 trials) with high memory retention rates (>90%). 666 

Different parameters may account for individual learning abilities such as internal state e.g. 667 

of hunger and satiety (Pamir et al., 2014; Sayin, Boehm, Kobler, de Backer, & Grunwald 668 

Kadow, 2018) that could influence perception or motivation. Establishing neural circuit 669 

models that take into account individuality of learning and individual parameters that 670 

influence memory formation is a challenge we aim to address in future model studies. 671 

 672 

Model predictions 673 

 674 

Our model makes several predictions that can be tested experimentally. First, we 675 

hypothesize that DANs in the PAM and PPL1 cluster compute a prediction error. Specifically, 676 

in naïve animals and for the example of appetitive learning the PAM should show 677 

spontaneous baseline spiking activity and no stimulus response during the presentation of a 678 

novel odor. During a first pairing of the CS+ odor with a reward (US) the PAM cluster should 679 

show a clear odor response, which will be strongly reduced after the first learning trials 680 

(Figure 4A). When reward is omitted during extinction trials or in the memory test, we predict 681 

a response in which the PAM reduces its spiking output below spontaneous level. This 682 

prediction matches the observation in dopaminergic neurons in the monkey (Schultz et al., 683 

1997) and in the octopaminergic VUMmx1 neuron in the honeybee (Hammer, 1997; 684 

Montague, Dayan, Person, & Sejnowski, 1995), although the circuit mechanisms 685 

hypothesized here differs from that proposed by Schultz et al. (1997) and Hammer (1997).  686 

 687 

Second, we hypothesize a switch-like induction of a memory trace during a single training 688 

trial, implying a step-like change in the MBON activation rates (Figure 4). A second or third 689 
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training trial should only induce gradual changes in cellular physiology. Likewise, the 690 

behavioral memory expression should be observable after a single learning trial. 691 

 692 

Third, our systematic analysis of blocking experiments (Figure 6) for all MBONs indicate that 693 

MV2, M6 and MVP2 do not play a role during appetitive memory extinction, whereas MVP2, 694 

MV2 and V2 are dispensable for aversive extinction learning. This could be experimentally 695 

tested by blocking these MBONs specifically during extinction trials only. While the co-696 

existence of two memory traces after extinction of an aversive memory has been shown in 697 

Ca-imaging from MVP2 and M6 (Felsenberg et al., 2018, Fig. 5D) our model predicts parallel 698 

memory traces also for extinction of an appetitive memory (Fig. 5A,B). 699 

 700 

Finally, in a study by Schwaerzel et al. (2002) in which KCs were blocked during aversive 701 

conditioning and odor reactivation, the authors argued that KC activity is dispensable for the 702 

acquisition of an extinction memory. However, the two GAL4 lines used in this study include 703 

less than 50% of all KCs (approx. 700 and 850 cells). Our model analysis predicts that a 704 

sizable fraction of the KC population is required and sufficient to form an extinction memory 705 

(Figure 6, Figure 6-1). A complete block of KCs however would interrupt the 706 

PN::KC::MBON::DAN signaling pathway and extinction memory could not be acquired. This 707 

could tested in a future blocking experiment using e.g. the OK107-GAL4 line that has been 708 

reported to label practically all KCs (Aso et al., 2009). 709 

  710 
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Experimental findings (Felsenberg et al., 2017, 2018) 

P
er

fo
rm

an
ce

 In
d

e
x 

    Control Extinction p-value 

Appetitive Conditioning 0.29 ± 0.05 0.01 ± 0.03 0.004 

Aversive Conditioning -0.39 ± 0.04 -0.20 ± 0.03 0.003 

Appetitive 
Conditioning + 

Selective neuron 
blocking 

  Extinction* Ext. + shibire p-value 

PAM -0.04 ± 0.03 / -0.01 ± 0.02 -0.09 ± 0.02 0.148 

PPL1 -0.02 ± 0.02 / 0.04 ± 0.03 0.13 ± 0.02 <0.001 

M6 - - - 

MV2 - - - 

V2 -0.11 ± 0.03 / -0.02 ± 0.03 0.12 ± 0.03 <0.001 

MVP2 - - - 

KCs (100 %) - - - 

KCs (50 %) - - - 

Aversive 
Conditioning + 

Selective neuron 
blocking 

  Extinction* Ext. + shibire p-value 

PAM -0.19 ± 0.01 / -0.18 ± 0.04 -0.30 ± 0.02 0.005 

PPL1 -0.22 ± 0.02 / -0.22 ± 0.03 -0.21 ± 0.03 0.976 

M6 -0.10 ± 0.04 / -0.10 ± 0.03 -0.24 ± 0.03 0.011 

MV2 - - - 

V2 - - - 

MVP2 - - - 

KCs (100 %) - - - 

KCs (50 %) - - - 

C
al

ci
u

m
 R

es
p

o
n

se
 in

 

M
B

O
N

 D
en

d
ri

ti
c 

Fi
el

d
 

    Control Extinction 

Appetitive 
Conditioning 

  CS+ CS– p-value CS+ CS– p-value 

pos. MBONs - - - - - - 

neg. MBONs - - - - - - 

Aversive 
Conditioning 

  CS+ CS– p-value CS+ CS– p-value 

pos. MBONs 0.26 ± 0.06 0.87 ± 0.35 0.019 0.32 ± 0.10 0.59 ± 0.13 0.013 

neg. MBONs 0.31 ± 0.09 0.33 ± 0.07 0.670 0.28 ± 0.08 0.58 ± 0.10 0.002 

Model performance 

P
er

fo
rm

an
ce

 In
d

e
x 

    Control Extinction p-value 

Appetitive Conditioning 0.30 ± 0.03 0.20 ± 0.02 <0.001 

Aversive Conditioning -0.29 ± 0.04 -0.20 ± 0.02 <0.001 

Appetitive 
Conditioning + 

Selective neuron 
blocking 

  Extinction Ext + KO p-value 

PAM 

0.20 ± 0.02 

0.20 ± 0.01 0.385 

PPL1 0.28 ± 0.05 0.002 

M6 0.19 ± 0.03 0.473 

MV2 0.20 ± 0.01 0.910 

V2 0.29 ± 0.06 0.007 

MVP2 0.21 ± 0.01 0.521 

KCs (100 %) 0.30 ± 0.04 <0.001 

KCs (50 %) 0.19 ± 0.02 0.104 

Aversive 
Conditioning + 

Selective neuron 
blocking 

  Extinction Ext + KO p-value 

PAM 

-0.19 ± 0.02 

-0.26 ± 0.05  0.003 

PPL1 -0.20 ± 0.01  0.186 

M6 -0.25 ± 0.03  0.001 

MV2 -0.21 ± 0.01  0.076 

V2 -0.20 ± 0.02  0.308 

MVP2 -0.20 ± 0.02  0.345 

KCs (100 %) -0.29 ± 0.03  <0.001 

KCs (50 %) -0.18 ± 0.03  0.273 

M
B

O
N

 in
p

u
t 

ac
ti

va
ti

o
n

 le
ve

ls
     Control Extinction 

Appetitive 
Conditioning 

  CS+ CS– p-value CS+ CS– p-value 

pos. MBONs 0.80 ± 0.003 0.80 ± 0.02 0.432 0.63 ± 0.03 0.76 ± 0.02 0.002 

neg. MBONs 0.41 ± 0.02 0.75 ± 0.04 0.002 0.41 ± 0.02 0.75 ± 0.04 0.002 

Aversive 
Conditioning 

  CS+ CS– p-value CS+ CS– p-value 

pos. MBONs 0.42 ± 0.03 0.76 ± 0.04 0.002 0.42 ± 0.03 0.76 ± 0.04 0.002 

neg. MBONs 0.79 ± 0.01 0.80 ± 0.02 0.770 0.64 ± 0.05 0.77 ± 0.02 0.002 
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Table 1: Comparison between experimental and model results. The experimental data on 1044 

appetitive and aversive conditioning is extracted from Felsenberg et al. (2017) and Felsenberg et al. 1045 

(2018), respectively. For statistical analysis of the simulated data see Methods. Experimental values 1046 

are shown as mean ± SEM, model values are shown as mean ±STD. *The behavioral data include 1047 

two control groups, the first carried the GAL4 gene only, the second the UAS gene only. The test 1048 

group carrying both, the GAL4 and the UAS gene, showed cell-specific expression of the 1049 

temperature-sensitive UAS-Shibire
ts1

 transgene. 1050 

  1051 
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Figures 1052 

 1053 

 1054 

Figure 1: Circuit model. The olfactory pathway comprises three feedforward layers. Olfactory input 1055 

activates an odor-specific combination of PNs. The connectivity matrix from PNs to the large 1056 

population of KCs is divergent-convergent and sparse. The inhibitory feedback mechanism ensures 1057 

population sparseness of 5% active cells in the KC layer. KCs are fully connected with four MBONs in 1058 

the output layer. A positive or negative reinforcement stimulus directly excites the dopaminergic PAM 1059 

or PPL1 neuron, respectively. Lateral inhibition between the MBONs and excitatory feedback from 1060 

MBONs to DANs is crucial for the reward prediction and extinction mechanisms. Activation of the 1061 

MVP2 output neuron mediates approach behavior, activation of MV2 mediates avoidance behavior. 1062 

Behavioral preference towards an odor is calculated as the imbalance between the activations of 1063 

MVP2 and MV2. 1064 

  1065 



 

45 

 1066 

Figure 2: Differential conditioning leads to CS+ specific odor preference. A) Experimental 1067 

protocols for simulation of associative conditioning experiments. The model was trained in a classical 1068 

conditioning paradigm, in which a conditioned odor stimulus (CS+) was paired with a reward (green) 1069 

or punishment (red). Subsequently, a second unconditioned odor stimulus (CS-) was presented 1070 

without reinforcement. The standard protocol comprises 12 training trials. During the retention test, 1071 

both odor stimuli were presented alone without reinforcement. Preference index and performance 1072 

index in the model were computed after each trial and during the retention test. B) Dynamics of the 1073 

odor preference index across 24 appetitive (top) and aversive (bottom) learning trials, respectively 1074 

averaged across 10 networks. C) Left: Combinatorial response patterns in the PN population. Each 1075 

odor stimulus activates 50% of all PNs. Similarities between the CS+ reference odor and five novel 1076 

odors are defined by their overlap in the PN activation pattern (x-axis). Right: Activation patterns 1077 

across the subpopulation of 100 KCs (5%) activated by the CS+ odor. Pattern overlap in the KC 1078 

population reduces rapidly with decreasing odor similarity as expressed in the percentage of PN 1079 

pattern overlap (x-axis). D) Generalization to different odors after associative conditioning to the CS+ 1080 

odor. The model shows a significant CS+ approach (green) or avoidance (red) after 12 training trials 1081 
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as expressed in the preference index (n=15), which diminishes rapidly with decreasing odor similarity. 1082 

Boxplots show the median and the lower and upper quartiles, whiskers indicate 1.5 times inter-1083 

quartile range, outliers are marked with ‘+’ symbol. 1084 

  1085 
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1086 
Figure 3: CS+ odor reactivation leads to memory extinction. A) Training and test protocol as in 1087 

Fig 2A. In the extinction protocol, the training phase is followed by an odor reactivation phase, in 1088 

which the CS+ was presented alone for 12 consecutive trials before performing the retention test. B) 1089 

The appetitive conditioning protocol (light gray) induced a strong and significant preference for the 1090 

CS+ odor and a weak and significant preference for the CS- odor. Extinction learning partly abolished 1091 

the CS+ preference during the retention test (dark gray). The preference index for the CS+ odor was 1092 

significantly lower than after initial appetitive conditioning, for the CS- odor no more significant 1093 

preference was observed after extinction learning. C) Symmetric results were observed for aversive 1094 

conditioning. Again, extinction learning significantly reduced the learned preference for the CS+ odor. 1095 

Boxplots show the median and the lower and upper quartiles, whiskers indicate 1.5 times inter-1096 

quartile range, outliers are marked with ‘+’ symbol. D, E) The performance indices were significantly 1097 

reduced after extinction compared to the initial appetitive and aversive memories. Data is presented 1098 

mean ± STD; n=15 independent models. For preference and performance indices of the model tuned 1099 

towards asymmetric appetitive and aversive learning pathways, see Figure 3-1. 1100 

  1101 



 

48 

1102 
Figure 4: Neuron activation rates and behavioral performance across trials. A) Reward value 1103 

(US, top) and DAN activation rates (bottom) across 12 initial conditioning trials (left) and 12 extinction 1104 

trials (right). Trial zero indicates neuron activation rates in the naïve model before learning. Reward 1105 

presentation resulted in a prominent peak activation of the PAM during the very first training trial, i.e. 1106 

when the actual reward strongly deviates from the predicted reward. Omission of the reward during 1107 

the first extinction trial (right) resulted in a step-like reduction of PAM activation the simultaneous 1108 

increase in PPL1 activation, which is crucial for extinction learning. B) Summed synaptic KC input to 1109 

MBONs (top), MBON activation rates (middle), and model preference index (bottom) for each 1110 

simulated test trial that followed the respective training trial (see Methods). The strong PAM activation 1111 

during the first conditioning trial resulted in a strong change of the synaptic weights between KCs and 1112 

MV2 and M6, and consequently in a step-like reduction of the synaptic input and the output activation 1113 

rates. Consequently, the model preference index represents the imbalance between M6 and MV2 1114 

activation rates showed a step-like increase predicting a switch-like expression of a conditioned 1115 

response behavior after only a single conditioning trial. Additional training led to a further gradual 1116 

reduction of gross synaptic input to and activation of MV2 and M6, paralleled by the gradual increase 1117 
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of the preference index. Extinction learning led to a gradual reduction of synaptic weights in the 1118 

KC:MVP2 and KC:V2 pathway. This reduces the difference between M6 and MV2 activation and 1119 

leads to a gradual extinction of the preference index. C,D) Same as A and B for aversive conditioning 1120 

(left) and subsequent extinction (right). Simulation results are shown for a single network. This was 1121 

initiated identically before appetitive (A,B) and aversive (C,D) conditioning to enforce identical initial 1122 

conditions stressing the symmetric mechanism of reward prediction. 1123 

  1124 
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 1125 

Figure 5: Two separate memories underlie initial and extinction learning. CS+ odor induced 1126 

activation rates of MBONs were measured before and after extinction training in order to locate 1127 

associative and extinction memories. A, B) Appetitive learning led to a relative depression of CS+ 1128 

odor induced activation rates of MV2 and M6, but not MVP2 and V2 MBONs. The memory trace in 1129 

MV2/M6 stayed intact even after appetitive memory was extinguished. Extinction decreased the CS+ 1130 

response of MVP2/V2, establishing a parallel memory trace. C, D) Aversive conditioning led to a 1131 

reduced CS+ input into MVP2/V2, but not into MV2/M6. After memory extinction, the memory trace in 1132 

MVP2/V2 remained and we observed an additional decrease in CS+ response in MV2/M6. Boxplots 1133 

show the median and the lower and upper quartiles, whiskers indicate 1.5 times inter-quartile range, 1134 

outliers are marked with ‘+’ symbol. Results across simulation of n=10 networks in all panels. 1135 

  1136 
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 1137 

Figure 6: Blocking specific neuron groups can reverse memory extinction. The computational 1138 

model was utilized to reproduce the neurogenetic manipulations with temperature-sensitive shibire
ts1

 1139 

mutant flies. The activation of individual neurons was suppressed during extinction training only. This 1140 

allows to identify neurons that are crucial to the process of establishing the extinction memory in our 1141 

model. A) Knocking down PPL1 or V2 during extinction training led to a completely abolished the 1142 

appetitive extinction memory. Blocking PAM, M6, MV2 or MVP2 neurons during odor re-exposure had 1143 

no effect on the appetitive extinction memory. Blockage of all KCs (100%) prevented the model from 1144 

extinction learning. However, when only 50% of the KC population was blocked during odor 1145 

reactivation, extinction learning remained unaffected. Further effects of partial KC blocking on 1146 

extinction learning are presented in Figure 6-1. B) Suppressing the activity of PAM DANs, M6 1147 

neurons or KCs (100%) during CS+ odor re-exposure after aversive conditioning prevents the model 1148 

from forming the aversive extinction memory. However, blocking PPL1 DANs, MV2, V2, MVP2 or KCs 1149 

(50%) does not diminish the memory extinction. Data is presented as mean ± STD; n=15. 1150 
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 1151 

Extended Data 1152 

 1153 

Figure 3-1: Independent tuning of the model parameters for the appetitive and aversive 1154 

pathways allows to match the experimental results more accurately. In order to fit the model to 1155 

the asymmetry in the experimental results, the PPL1 output was tuned towards a lower activation 1156 

threshold with the sigmoid transfer function 𝑃𝑃𝐿1 =
1

(1+10000×𝑒
− 𝑃𝑃𝐿1𝐼𝑛𝑝𝑢𝑡×21

)
. In consequence, lateral 1157 

inhibition between MBONs was appropriately adjusted: MVP2::M6 inhibition was increased to 1158 

𝑀6–  =
−0.6

(1+200×𝑒(−𝑀𝑉𝑃2×16))
, MV2::V2 inhibition was decreased to 𝑉2−  =

−0.6

(1+200×𝑒(−𝑀𝑉2×13))
. Further, the 1159 

factor ρ representing the inhibition of the PAM DAN was set to 0.5 for the aversive learning 1160 

conditioning paradigm. With the tuned model we can achieve a stronger aversive memory (B, D) that 1161 

fits quantitatively the experimental results (Table 1). The tuned model also achieves a stronger 1162 

extinction effect in the appetitive learning paradigm (A, C), however it does not abolish appetitive 1163 

memory completely. Boxplots show the median and the lower and upper quartiles, whiskers indicate 1164 

1.5 times inter-quartile range, outliers are marked with ‘+’ symbol. Bar plots are presented as mean ± 1165 

STD; n=10 independent models. 1166 

  1167 
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 1168 

Figure 6-1: The percentage of blocked KCs during CS+ odor reactivation determines the effect 1169 

on extinction memory formation. When all KCs are blocked during appetitive or aversive extinction 1170 

training no extinction memory is formed. However, reducing the percentage of blocked KCs gradually 1171 

increases the ability to establish extinction memory. When 50% or less KCs are blocked, memory 1172 

extinction formation is not impaired. Data is presented as the mean ± STD; n=15. 1173 
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