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Abstract 28 
 29 
Acquisition of a behavioural task is influenced by many factors. The relative timing of stimuli is such 30 
a factor and is especially relevant for tasks relying on short-term memory, like working memory 31 
paradigms, due to the constant evolution and decay of neuronal activity evoked by stimuli. Here we 32 
assess two aspects of stimulus timing on the acquisition of an olfactory delayed non-match-to-33 
sample (DNMS) task. We demonstrate that head-fixed male mice learn to perform the task more 34 
quickly when the initial training uses a shorter sample-test odour delay without detectable loss of 35 
generalisability. Unexpectedly, we observed a faster task acquisition when the odour-reward 36 
interval was longer. The effect of early reward timing was accompanied by a shortening of reaction 37 
times and more frequent sporadic licking. Analysis of this result using a drift-diffusion model 38 
indicated that a primary consequence of early reward delivery is a lowered threshold to act, or lower 39 
decision bound. Since an accurate performance with a lower decision bound requires greater 40 
discriminability in the sensory representations, this may underlie the slower learning rate with early 41 
reward arrival. Together, our results reflect the possible effects of stimulus timing on stimulus 42 
encoding and its consequence on the acquisition of a complex task.  43 
 44 
Significance statement 45 
 46 
This study describes how head-fixed mice acquire a working memory task (olfactory delayed non-47 
match-to-sample task). We simplified and optimised the stimulus timing, allowing robust and 48 
efficient training of head-fixed mice. 49 
 50 
Unexpectedly, we found that early reward timing leads to slower learning. Analysis of this data using 51 
a computational model (drift-diffusion model) revealed that the reward timing affects the 52 
behavioural threshold, or how quickly animals respond to a stimulus. But, in order to still be 53 
accurate with early reaction times, the sensory representation needs to become even more refined. 54 
This may explain the slower learning rate with early reward timing. 55 
 56 
 57 
Introduction 58 
 59 
How animals learn is a question that has long intrigued humankind (Hume, 1779; Pavlov, 1927; 60 
Skinner, 1950; Thorndike, 1898). Systematic studies of behavioural changes resulting from stimulus 61 
associations have enabled quantitative descriptions of relationships between physical stimuli and 62 
behaviour and in some cases, allowed identification of corresponding physiological mechanisms 63 
(Milner et al., 1998). Insights from such animal experiments impact human interactions, too, as seen 64 
in their influence on educational psychology (Kay and Kibble, 2016; Shuell, 1986). Decades of 65 
neurophysiological studies have revealed that neuronal activity patterns evoked by sensory stimuli 66 
are highly dynamic, evolving over time in information content and eventually decaying to 67 
spontaneous patterns of activity (Fairhall et al., 2001; Friedrich and Wiechert, 2014). As a result, the 68 
stimulus timing used in behavioural training may fundamentally govern the patterns of neural 69 
activity that are reinforced. Therefore, a careful characterisation of how stimulus timing affects the 70 
acquisition of sensory guided tasks is crucial for understanding reinforcement learning. 71 
 72 
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Delayed match-to-sample/Delayed non-match-to-sample (DMS/DNMS) tasks are relatively complex 73 
tasks, in that the association formed is not simply between one stimulus with a reward (Blough, 74 
1959; Skinner, 1950). In these paradigms, animals are presented with two stimuli ("sample" and 75 
"test" stimuli), separated by an interval ("delay"), and the task for the animals is to report if the 76 
identities of the two stimuli match, in the case of the DMS task, or are different, in the case of the 77 
DNMS task. These paradigms have become essential for studying the working memory in various 78 
model organisms, ranging from pigeons and dolphins to primates and humans (Blough, 1959; 79 
Hampson et al., 1993; Herman and Gordon, 1974; Mishkin and Delacour, 1975; Skinner, 1950). They 80 
have also been used to probe the perceptual similarities of sensory stimuli (Nakayama et al., 2022; 81 
Zentall and Smith, 2016) and continue to reveal insights into brain functions, such as the roles played 82 
by the sensory and prefrontal cortices (Eriksson et al., 2015; Liu et al., 2014; Wu et al., 2020; Zhang 83 
et al., 2019) and the limbic system (Eichenbaum et al., 2007; Hampson et al., 1993; Mishkin and 84 
Manning, 1978) in retaining information over time. Recent studies succeeded in training head-fixed 85 
mice to perform olfactory DMS/DNMS tasks (Han et al., 2018; Liu et al., 2014; Nakayama et al., 2022; 86 
Wu et al., 2020; Zhang et al., 2019), though the training protocols described vary considerably.  87 
 88 
In this study, we wished to understand how two aspects of stimulus timing affect the acquisition of 89 
an olfactory DNMS task. First, we assess the effect of the inter-odour interval on the rate of DNMS 90 
acquisition. This is a parameter unique to working memory paradigms like DNMS tasks. Since this 91 
type of short-term memory decays over time (Baddeley, 2011), DNMS task acquisition is likely more 92 
robust with a shorter sample-test interval, although without the guarantee that the performance 93 
generalises well to longer intervals. In addition, we assess the effect of reward timing. It is 94 
commonly accepted that a shorter delay of reinforcement is more effective for learning (Renner, 95 
1964), with more discounting to take place for longer delays (Calvert et al., 2010; Mazur, 1987; 96 
Myerson and Green, 1995). More modern reinforcement learning models incorporate such 97 
discounting as a weakening of the "eligibility trace" over time (Barto et al., 1983).  98 
 99 
We demonstrate that the DNMS task acquisition is quicker and without detectable loss of 100 
generalisability when the initial training uses a shorter inter-odour delay. Unexpectedly, we 101 
observed a slower task acquisition with a shorter stimulus-reward interval. In combination with a 102 
drift-diffusion model, we reveal that a primary characteristic of early reward delivery during training 103 
is a lowering of the decision bound. This lower bound requires greater discriminability in the sensory 104 
representations to achieve the same behavioural accuracy, which may underlie the slower learning 105 
rate. Together, our results reflect on possible consequences of stimulus timings on the quality of 106 
stimulus encoding and the acquisition of complex behavioural tasks.  107 
 108 
Methods 109 
 110 
Animals 111 
All animal experiments had been approved by the OIST Graduate University's Animal Care and Use 112 
Committee (Protocol 2021-350). C57Bl6J mice were used for the DNMS training, while a mixture of 113 
C57Bl6J and wildtype mice from Ai39 breeding were used for the mixture discrimination training. 114 
The genotypes were balanced across experimental groups. C57Bl6J mice were purchased from Japan 115 
CLEA (Shizuoka, Japan) and were acclimatised to the facility for at least 1 week before they were 116 
used for experiments. All mice used in this study were adult male (8 – 11 weeks old at the time of 117 
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head plate implantation). Mice were randomly distributed across cohorts and times of training were 118 
matched across experimental groups. 119 
 120 
Olfactometry 121 
A custom-made flow-dilution olfactometer was used to present odours (Fig. 1). Briefly, 122 
custom Labview codes were used to control: (1) sourcing output digital output modules (NI-9474, 123 
National Instruments), which actuated direct-operated solenoid valves. These were used to control 124 
air flow and gate reward delivery (water droplets) delivery; (2) analog output modules (NI-9263, 125 
National Instruments) to generate signals for flow controllers (C1005-4S2-2L-N2, FCON, Japan) and 126 
to communicate the output trial types with acquisition boards; and (3) digital input/output modules 127 
(NI-9402, National Instruments) to control LEDs and to communicate valve opening timing.  128 
 129 
A pair of normally closed solenoid valves was assigned per odorant to odorise the air stream. These 130 
solenoid valves were attached to a manifold, such that a set of 8 pairs connected to the common air 131 
stream (Fig. 1). On each trial, the sample and test odors came from two separate manifolds to avoid 132 
cross-contamination. Further, each odorant was duplicated on two manifolds to allow presentation 133 
of a particular odour from either manifold, avoiding an auditory association for the behavioural task. 134 
An air stream was odorised only when a pair of three-way valves were actuated and directed 135 
towards the animal when the solenoid valve closest to the animal (final valve) opened. The final 136 
valve was opened for 0.6 s for each odour presentation. Odours were presented at approximately 137 
1 % of the saturated vapor. Total air flow, which is a sum of odorised air and the dilution air, was 138 
approximately 2 L/min, which was matched by the air that normally flows towards the animal. The 139 
inter-trial interval was approximately 40 seconds in order to purge the airways to minimise cross-140 
contamination. Ethyl butyrate (W242705), ethyl valerate (290866), and butyl acetate (287725) were 141 
purchased from Sigma-Aldrich and methyl tiglate (T0248), methyl valerate (S0015), methyl salicylate 142 
(V0005), and eugenol (A0232) were from Tokyo Chemical Industry (Tokyo, Japan). Stock odorants 143 
were stored at room temperature in a cabinet filled with N2 and away from light.  144 
 145 
Surgery 146 
Head plate implantation: All recovery surgery was conducted in an aseptic condition. 8 to 11-week-147 
old male C57Bl6/J mice were deeply anaesthetised with isoflurane. The body temperature was kept 148 
at 36.5 °C using a heating blanket with a DC controller (FHC, Bowdoin, USA). To attach a custom 149 
head plate about 1 cm in width weighing about 1 gram, the skin over the parietal bones was excised, 150 
and the soft tissue underneath was cleaned, exposing the skull. The exposed skull was gently scarred 151 
with a dental drill, cleaned, dried, and coated with cyanoacrylate (Histoacryl, B.Braun, Hessen, 152 
Germany) before placing the head plate, which was fixed in place with dental cement (Kulzer, Hanau, 153 
Germany). Mice were recovered in a warm chamber, returned to their cages, and given carprofen 154 
subcutaneously (5 mg/kg) for 3 consecutive days. 155 
 156 
Habituation and behavioural measurements 157 
Water restriction began 2 to 3 weeks after surgery. Mice went through habituation to head fixation, 158 
one session per day for approximately 30 minutes. No odours were presented. This lasted at least 3 159 
days or until the mice learned to lick vigorously for a total water reward of at least 1 mL. The 160 
respiration pattern was measured by sensing the airflow just outside the right nostril by placing a 161 
flow sensor (AWM3100V, Honeywell, North Carolina, USA). Lick responses were measured using an 162 
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IR beam sensor (PM-F25, Panasonic, Osaka, Japan) that was a part of the water port. Nasal flow, an 163 
analogue signal indicating the odours used, lick signal, a copy of the final valve and water valve 164 
timing were acquired using a multifunction I/O device (USB-6363; National Instruments).  165 
 166 
Olfactory DNMS training 167 
After habituation, the head-fixed mice were trained to associate a water reward with a non-168 
matching combination of odours (ethyl butyrate and methyl tiglate). Each trial started with brief 169 
flashes of a blue LED (8 rectangular pulses at 8Hz, 50% duty cycle). The reward comprised two 170 
droplets of water (10 μL each), that arrived on all rewarded trials after the onset of the final valve 171 
opening. Anticipatory licks were defined as licks before the water delivery in response to the second 172 
odour presentation. Correct reactions were defined as the generation of anticipatory licks in 173 
response non-matching odour pairs, and a lack of licking in response to matching odour pairs. Once 174 
the overall accuracy for rewarded and unrewarded trials was above 80% in at least one behavioural 175 
session, the delay interval was increased. A typical training session comprised roughly 100 trials, 176 
lasting about 1 hour. Rewarded and unrewarded trials occurred at equal probability, where the 177 
specific permutation of the odours used (e.g., EB-MT or MT-EB for rewarded trials) was randomly 178 
assigned. To deliver the reward with a timing that depended on the timing of mouse's anticipatory 179 
licks, lick signals were analysed online for a brief period following the test odour presentation (0.6 - 3 180 
s after the test odour onset). The reward was delivered on rewarded trials when the number of 181 
anticipatory licks exceeded a threshold. The threshold for triggering an output here was equivalent 182 
to 3 licks. The latest reward delivery was at 3 s. Inter-trial interval (interval between the test odour 183 
onset and the start of the next LED signal) was approximately 18 s. All data were acquired at 1 kHz.  184 
 185 
Olfactory discrimination training  186 
The olfactory discrimination training is adapted from (Koldaeva, 2019). After habituation, the head 187 
fixed mice were trained to discriminate two binary odour mixtures of ethyl butyrate and eugenol 188 
using the Go/No-Go paradigm. The training includes two stages, a discrimination between 80/20 and 189 
20/80 mixtures, and a more difficult discrimination of 60/40 and 40/60 mixtures. Similar to our 190 
DNMS training, the mouse proceeded to the second stage when the overall accuracy in the first task 191 
reached 80% accuracy. Reward was two drops of water (10 μL each) dispensed unconditionally 192 
(every rewarded trial) at 1.2 s after the odour onset for one group (early reward group; 6 mice) and 193 
3.2 s for the second group (late reward group; 6 mice).  194 
 195 
Odour similarity measures 196 
The similarity between a pair of monomolecular odours was determined by calculating the 197 
correlation coefficient of population activity from extracellular recording from the olfactory bulb of 198 
anaesthetised mice (ketamine/xylazine). To make the craniotomy, male adult Bl6 mice (8-12 weeks 199 
old) were anaesthetised with isoflurane and kept warm with a temperature-controlled blanket. The 200 
skin overlying the frontal and nasal plates were excised, and the underlying periosteum was scraped 201 
and a headplate secured with cyanoacrylate gel (Loctite, Connecticut, USA) and dental acrylic. One 202 
small craniotomy for the earth connector was made in the caudal part of the right frontal plate. A 203 
0.2 mm diameter craniotomy for electrophysiology was made over the left olfactory bulb. The 204 
approximate stereotaxic coordinate for the centre of this craniotomy was 4.5/1 (AP/ML) relative to 205 
Bregma. Once the craniotomy was made, isoflurane was removed, and ketamine/xylazine was 206 
injected intraperitoneally immediately. Extracellular recording was obtained with a 16-channel 207 
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silicon probe (A1 x 16-Poly2-5mm-50s-177-CM16LP) acquired at 25 kHz with a low-noise amplifier 208 
(RHD2132 and RHD controller C3004, Intan Technologies, California, USA). Probes were advanced 209 
vertically, and units were encountered at the tip depth approximately 600 μm relative to the brain 210 
surface (n = 7 locations, 3 mice). Data were high pass filtered and units sorted offline using Kilosort 211 
2.0 (Pachitariu et al., 2016; Stringer et al., 2019). Parameters are adapted from the recommended 212 
parameters from Kilosort (ops.fs = 20000; ops.fshigh = 300;  ops.minfr_goodchannels = 0; ops.Th = 213 
[10 4];  ops.lam = 10;  ops.AUCsplit = 0.9; ops.minFR = 1/50; ops.momentum = [20 400]; 214 
ops.sigmaMask = 30; ops.ThPre = 8;). The channel map is recreated from the layout of the recording 215 
electrode, (A1x16-Poly2s, NeuroNexus). Then, the automated outputs from Kilosort were manually 216 
curated with Phy, an open-source GUI (Rossant et al., 2016). Only those clusters with a clear 217 
refractory period, contamination-percent<20% and with waveforms distinguishable from the 218 
background are labelled as good single units and used for further analysis.  219 
 220 
Experimental Design and statistical analyses 221 
A full set of descriptions on the statistical tests used, along with the test statistics and sample sizes, 222 
is available in Table 1.  223 
 224 
Data analysis 225 
 226 
Analysis of the behavioural data 227 
The behavioural data were analysed using built-in event detection functions in Spike2 to obtain 228 
valve opening times and further analysed in Matlab using custom codes. The number of anticipatory 229 
licks after the test odour offset was counted for each trial to calculate the accuracy. When the 230 
reward timing was variable, the temporal window analysed was until the onset of the water valve 231 
opening. To analyse comparable temporal windows across trial types, for unrewarded trials, an 232 
average water valve timing from the rewarded trials was used. For fixed reward timing, a 2.6 s 233 
window from the test odour offset was used. Using a shorter window to mimic the condition for the 234 
variable reward timing did not affect the result. To calculate the learning curve, the accuracy was 235 
expressed as the area under the Receiver Operator Characteristic (auROC) in a given block of 50 236 
trials, using the Matlab function perfcurve.  237 
 238 
Dependence of DNMS performance on delay interval  239 
To analyse how the accuracy (auROC) of DNMS task performance depended on the inter-odour 240 
interval (x) in a session where the delay interval varied from trial to trial, mean auROC values across 241 
animals were fitted using a single-term exponential using Matlab's fit function with the function set 242 
to exp1, which estimates the parameters α and λ for the equation: 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝑥)  =  𝛼𝑒 .   243 
 244 
Trials to criterion: For each animal, block-by-block auROC values were fitted with a logistic function 245 𝑝(𝑛) = ( ), where 𝛽  is known as the intercept, and  𝛽 /4 was used to estimate the slope 246 
at the steepest point (Gelman and Hill, 2006). Using this fit, the number of trials required to reach 247 
auROC value of 0.8 was interpolated for each animal.  248 
 249 
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Reaction time: This is equivalent to the response time, which was calculated by measuring the 250 
average timing of the first 3 licks after the test odour on rewarded trials. It is expressed relative to 251 
the onset of the test odour.  252 
 253 
Stray licks: All licks between the onsets of the sample and test odours were counted and divided by 254 
this interval.  255 
 256 
Probability of false alarms: lick occurrences following the test odour presentation (0 - 3 s relative to 257 
the onset) on unrewarded trials were detected and used to construct peri-stimulus time histograms 258 
with a bin size of 0.02 s, which was normalised by the number of trials.  259 
 260 
Drift diffusion model 261 
The reaction times were modelled using a simple drift-diffusion model is based on (Ratcliff and 262 
McKoon, 2008) but adapted for the Go/No-Go paradigm as described in (Ratcliff et al., 2018). The 263 
model is described by three parameters: The Go decision bound and two instantaneous drift rates, 264 
μs-, for match (S-) and μs+ for non-match (S+) trials. At time t = 0, the accumulated evidence was set 265 
to 0.5 for all data. Time steps were discretised in 20 ms (Δt). For each new time step, new 266 
momentary evidence was drawn from a stationary distribution: x(Δt) = N(μi,1), a normally 267 
distributed random generator with a mean of μi where i = [S+, S-], and a noise parameter of 1 268 
standard deviation. This was accumulated over time to yield the sensory evidence: 𝑠(𝑛∆𝑡) =269 ∑ 𝑥(∆𝑡). The reaction time was defined as the time at which this sensory evidence crossed the 270 
decision bound. The parameters were obtained for each animal by fitting the data from each 271 
behavioural session by minimising the chi-square values (Ratcliff et al., 2018). 272 
 273 
Results 274 
 275 
In the DNMS task, two stimuli ("sample" and "test" stimuli) are presented with a delay in between, 276 
and the animals are required to report when the identities of the two stimuli do not match. To 277 
implement this task using olfactory stimuli, an olfactometer should be capable of presenting stable 278 
olfactory stimuli with minimal cross-contamination, irrespective of the sample-test delay durations 279 
used. To achieve this, we designed a novel olfactometer (Fig. 1, Methods). Stable and clean 280 
presentations of the two odours are achieved by separating the air streams for the sample and test 281 
odours for most parts of the odour pulse preparation while allowing continuous air passages to 282 
avoid a pressure build-up.  283 
 284 
Using the new olfactometer, we tested if a simplified olfactory DNMS training leads to efficient and 285 
robust learning without the need for auto-association phases (Han et al., 2018; Liu et al., 2014; 286 
Nakayama et al., 2022), punishments (Wu et al., 2020), and multiple training sessions per day (Han 287 
et al., 2018) used in some implementations. Mice were subjected to olfactory DNMS training 288 
immediately after habituation (Fig. 2A,B). The two odours used in this paradigm were ethyl butyrate 289 
(EB) and methyl tiglate (MT). On each trial, the identities of sample and test odours were randomly 290 
chosen and presented to the animal with a 5 s delay between odours (Fig. 2C). When the sample and 291 
test odours did not match ("non-match" trial), a reward (2 droplets of 10 μl water) was delivered 292 
unconditionally, with a default delivery at 2.5 s after the test odour offset. However, the reward was 293 
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delivered earlier if the mice produced early and vigorous anticipatory licks, with the earliest delivery 294 
at 0.5 s after the test odour offset. On average, the reward was dispensed when 3 anticipatory licks 295 
were detected (see Methods). 296 
 297 
In the initial phase of the training, the mice generated many sporadic licks, regardless of the sample 298 
and test odour combinations, and also during the sample-test odour delay (Fig. 2D). However, with 299 
training, mice learned to produce anticipatory licks more selectively in response to non-matching 300 
sample and test odour combinations (Fig. 2E-G). They reached a criterion level of performance (area 301 
under Receiver Operator Characteristic (auROC) = 0.8) on average within 705 ± 83.6 trials, or 7.2 ± 302 
0.7 days (mean ± SEM; n = 6 mice). Notably, other undesirable licks, such as licks during the sample-303 
test delay period, decreased in the absence of punishments (average number of licks during 5 s 304 
delay = 7.13 ± 1.60  for the first 2 days vs. 0.85 ± 0.39 for the last 2 days of training; p = 0.016, paired 305 
t-test, n = 6 mice). In general, the reduction in these sporadic licks and the behavioural accuracy of 306 
the task developed together (Fig. 2D-F; Pearson correlation coefficient = -0.785, p = 1.17 x 10-24; n = 307 
112 blocks of 50 trials analysed from 6 mice), suggesting that the loss of sporadic licks may occur as 308 
a natural consequence of learning the concept of the task. Overall, this learning rate is comparable 309 
to previous reports of olfactory DNMS paradigms (Han et al., 2018), especially when the shaping 310 
phase of those training paradigms is considered. Further, when the sample-test delay period was 311 
increased to 12 s, mice performed significantly above chance from the first session (Fig. 2G; mean 312 
accuracy in auROC = 0.848 ± 0.026; p = 3.81 x 10-5; n = 6 mice;  Student's t-test for mean auROC = 313 
0.5), demonstrating that the acquired behaviour is generalisable across delay intervals. Overall, the 314 
results indicate that a simplified training leads to a robust acquisition of DNMS performance. 315 
 316 
We next assessed if the sample-test odour delay duration affects the initial acquisition of the task 317 
(Fig. 3). The second cohort of mice was trained with the DNMS task with a shorter sample-test odour 318 
delay of 1.7 s. All other aspects were held the same as before (Fig. 3A). The mice reached the 319 
criterion level of performance, on average, in 449.0 ± 58.3 trials (mean 5 ± 1 days), which is 320 
significantly faster than with the 5 s delay (Fig. 3B,C; p = 0.039, t-test; n = 6 and 5 mice for 5 s delay 321 
and 1.7 s delay, respectively). Again, when the sample-test odour interval was increased to 5 s and 322 
12 s, the performance accuracy was significantly above chance from the beginning (average accuracy 323 
on the first day = 0.87 ± 0.01 auROC for 5 s and 0.81 ± 0.02 for 12 s; p = 1.53 x 10-5 and 1.57x10-4; 324 
Student's t-test for auROC = 0.5; n = 5 mice). The two cohorts of mice reached the criterion levels of 325 
performance at 5 s and 12 s delays subsequently in comparable numbers of trials (Fig. 3C, 12 s not 326 
shown). As before, the initial acquisition of the task was accompanied by a reduction in the sporadic 327 
licking during the inter-odour delay period (Fig. 3D; Pearson correlation coefficient = -0.549, p = 4.73 328 
x 10-6, n = 61 blocks from 5 mice). Together, these results demonstrate that acquisition of the DNMS 329 
task is more efficient with a shorter sample-test interval, but with no advantage when reaching a 330 
proficient performance on a longer sample-test delay is required. 331 
 332 
In the above training protocols, the reward was delivered earlier when the mice licked earlier to 333 
motivate them to perform the task. To determine what influence this reward timing has on the 334 
DNMS task acquisition, the third cohort of mice was trained with a fixed reward time while keeping 335 
other factors constant, with the initial sample-test delay set to 1.7 s (Fig. 4A,B). The reward (2 x 10 μl 336 
water) was delivered 2.5 s after the offset of the test odour regardless of when animals generated 337 
anticipatory licks (Fig. 4C,D). On average, the reward was delivered 1.35 ± 0.13 s later for this cohort 338 
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than for the previous group (p = 6.99 x 10-7, 1-way ANOVA; n = 5 and 6 mice for the conditional and 339 
fixed reward time groups, respectively). Surprisingly, the learning curves of the two cohorts revealed 340 
that the mice that received the reward at a fixed time acquired the task faster than the cohort with 341 
conditional timing (Fig. 4E,F; trials to criterion 305.8 ± 30.1 trials, compared to 449.0 ± 58.3 trials for 342 
the group with conditional reward timing). However, their ability to perform longer sample-test 343 
odour intervals was comparable (average accuracy for the initial sessions = 0.87 ± 0.02 and 0.87 ± 344 
0.03 for 5 s and 12 s intervals, respectively; p = 0.22 and 0.19, 2-way ANOVA for the effect of cohort 345 
and interval durations, respectively). Again, the amount of sporadic licking negatively correlated 346 
with the behavioural accuracy (Fig. 4I). Overall, the result indicates that the reward timing affects 347 
the task acquisition revealing an unexpected and detrimental effect with the early reward delivery, 348 
without affecting the generalisability of performance across intervals. 349 
 350 
We wished to understand in detail how the three training protocols affected the task acquisition. To 351 
do so, we fitted the behavioural accuracy over time with a logistic regression (Fig. 5A,B). This 352 
regression analysis revealed that the DNMS task acquisition with a 5 s inter-odour delay results in a 353 
shallower slope in the learning curve (Fig. 5A), indicating that a longer interval makes the task harder. 354 
On the other hand, the effect of reward timing is characterised by the intercept. The cohort with late 355 
reward arrival learned to produce anticipatory licks more selectively in rewarded trials early on (Fig. 356 
5B). We wished to assess if the three protocols resulted in different abilities to generalise the 357 
behavioural performance to longer intervals, which is harder as working memory tends to degrade 358 
over time (Baddeley, 2011; Blough, 1959; Liu et al., 2014). When switching to longer inter-odour 359 
delay, all cohorts of mice showed an initial decline in the behavioural accuracy. Interestingly, the 360 
reward timing affected how well the mice performed at longer inter-odour delay intervals. The 361 
cohort of mice that was rewarded with the fixed and late timing performed better when they 362 
switched to longer intervals (Fig. 5C).  363 
 364 
Despite the initial difference in generalisation above, all cohorts learned to report when odours are 365 
not matching at the 12 s delay. We then asked if the ability of trained mice to generalise the task 366 
performance over different sample-test odour intervals depends on how they were trained (Fig. 6A). 367 
For each trial, the sample-test odour delay duration was randomly chosen from 4 possible intervals 368 
(1.7 s, 5 s, 12 s, and 20 s; Fig. 6B). Some inter-odour delay intervals used were encountered by the 369 
animals for the first time in this session. An analysis of the behavioural performance indicated that 370 
the performance was indeed poorer at longer intervals (Fig. 6C,D). However, no statistically 371 
significant difference was present across two cohorts that underwent different training paradigms (p 372 
= 2.55 x 10-6 and 0.24, 2-way ANOVA for the effects of interval and training history, respectively; n = 373 
4 mice for both cohorts). Of the three protocols tested, the initial DNMS task acquisition was fastest 374 
with short inter-odour delay coupled with a fixed and delayed reward arrival. To assess if mice could 375 
generalize to different delay periods immediately after initial acquisition of the task, we subjected 376 
mice trained on the 1.7 s interval to one session of olfactory DNMS session with variable inter-odour 377 
delay (Fig. 6E). The mice performed significantly above chance for longer inter-odour delay intervals, 378 
up to 12 s delay (Fig. 6F), indicating they can immediately adapt to varying inter-odour delays.  379 
 380 
We also used the trained mice from the above experiment to assess if the similarity of olfactory 381 
stimuli affects the ability to generalise the task to differing stimulus difficulties. To do so, we 382 
subjected the mice initially trained to compare ethyl butyrate and methyl tiglate to new odour pairs 383 
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(Fig. 7A). The new pairs differed in physicochemical properties (Fig. 7B-D). The mice were first 384 
subjected to easily distinguishable pair (butyl acetate vs methyl salicylate), thereafter, a pair of 385 
odours that only differed by one carbon chain length (ethyl valerate vs methyl valerate), and third, a 386 
pair where the odour identity was the same but the two stimuli differed in concentrations (ethyl 387 
butyrate at high vs. low concentrations; 1% vs. 1.5% saturated vapour). The mice showed efficient 388 
transfer to the new odour pairs, reaching the criterion performance more quickly than it took for the 389 
initial task acquisition (Fig. 7E). There was a tendency for the mice to perform more poorly for 390 
harder pairs, but this was not statistically significant. It is possible that a sequential acquisition of 391 
odour pairs causes generalisability to improve over time. To compare the effect of stimulus similarity 392 
on the task generalisability without this confound, we subjected the same mice to multiple novel 393 
pairs within two sessions (Fig. 7B, bottom). This revealed that the mice learned to compare new but 394 
distinct monomolecular pairs instantaneously (Fig. 7E). It took the mice longer to correctly lick when 395 
they were presented with the same odour that differed in concentrations (Fig. 7G,H). Altogether, 396 
these results demonstrate that a stimulus similarity affects the generalisability and speed of 397 
improvement.   398 
 399 
Why does the late reward arrival result in faster acquisition of the DNMS task without affecting the 400 
slope of the learning curve? To obtain clues, we first analysed if there was any difference in the stray 401 
lick patterns across the three cohorts during learning. We measured the stray licks generated during 402 
the sample-test odour delay (Fig. 8A). Among the two cohorts of mice with conditional reward 403 
timing, there tended to be more sporadic licks during the sample-test odour interval during 404 
acquisition (Fig. 8B; average number of stray licks per second in the first 400 trials = 1.17 ± 0.29, 1.58 405 
± 0.21, and 0.61 ± 0.14 for cohorts 1, 2, and 3, respectively; p = 0.018; 1-way ANOVA; n = 6,5, and 6 406 
mice, respectively). Second, we noticed that the reaction times - i.e., how quickly the mice 407 
generated anticipatory licks in response to the test odour presentation - differed between cohorts 408 
with reward timing differences. The two cohorts that could receive reward early gradually shifted to 409 
shorter reaction times with training, while the cohort with fixed and later reward timing tended to 410 
maintain late lick onsets (Fig. 8A,C,D; average reaction times for the last 100 reward trials = 0.65 ± 411 
0.07 s, 0.78 ± 0.12, and 1.78 ± 0.11 s for two cohorts with conditional reward timing, and the cohort 412 
with fixed reward timing, respectively; p = 1.43 x 10-6, 1-way ANOVA). Third, when the false alarm 413 
patterns were analysed, we found more erroneous licks in the cohorts with early reward (Fig. 8E). 414 
Altogether, these traits indicate that the conditional reward timing makes mice generate 415 
behavioural outputs more readily, indicating a lowering of the internal threshold for generating licks. 416 
 417 
To analyse the relationship between the reward timing and internal threshold more rigorously and 418 
to explain how a lower behavioural threshold relates to slower learning, we analysed our data using 419 
a simple drift-diffusion model (Ratcliff and McKoon, 2008). This model simulates the internal 420 
representation of sensory evidence as an accumulation of noisy diffusion processes ("drift rate" with 421 
noise; Fig. 9A). In addition, the time at which this sensory evidence crosses a threshold ("bound") 422 
models the behavioural reaction times observed. Here, we fit animals' reaction times and estimated 423 
two diffusion rates, corresponding to the strengths of momentary sensory drives for matching and 424 
non-matching odour stimuli (S- and S+ stimuli, respectively), as well as a single bound ("Go bound") 425 
(Ratcliff et al., 2018). The fitted model captured the tendency for early reaction times, as well as 426 
more frequent false alarm occurrences, for the cohort with conditional reward timing and more 427 
accurate and later production of anticipatory licks for the cohort with fixed reward timing (Fig. 9B).  428 
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 429 
This analysis revealed how the reward timing may affect the acquisition of a task. First, as indicated 430 
by the readiness to generate early anticipatory licks and sporadic licks, earlier arrival of reward tends 431 
to lower the decision bound (Fig. 9C; Mean bounds = 0.65 ± 0.02 and 0.60 ± 0.02 for the two cohorts 432 
with early reward vs. 0.73 ± 0.04 for the fixed, late reward group; p = 0.013, 1-way ANOVA; n = 5, 6, 433 
and 6 mice). Second, we found that the difference in the drift rates associated with the S+ and S- 434 
stimuli became greater for the cohort with conditional reward timing as they learned the task (Fig. 435 
9D,E; ratio of S+ vs. S- diffusion rates = 11.8 ± 2.37 and 10.28 ± 2.8 for the two cohorts with 436 
conditional reward timing vs. 3.00 ± 0.34 for the fixed, later reward group; p = 0.017, 1-way ANOVA; 437 
n = 6, 5, and 6 mice). In other words, when the reward arrives early, a consequence is a lowering of 438 
the decision threshold, which may require the sensory representations to be more discriminable to 439 
achieve the same accuracy. This requirement for more discriminable representation may underlie 440 
the slower task acquisition. 441 
 442 
The above result suggests that a late arrival of a reward allows a more evolved, or discriminable, 443 
sensory representation is available for task acquisition. We wished to test if this is a general 444 
phenomenon and is relevant for other forms of sensory tasks. To this end, we trained cohorts of 445 
head-fixed mice on Go/No-Go fine olfactory discrimination task. Here, the task was to discriminate 446 
between binary olfactory mixtures (Fig. 10A,B). Both odour mixtures comprise ethyl butyrate and 447 
eugenol, but the S+ and S- odours differed in the ratios of the component odour concentrations 448 
(Koldaeva et al., 2019). One cohort of mice received a reward that arrived 1.2 seconds after the 449 
onset of the S+ odour (early reward group), while for the second group, the reward latency was 3.2 450 
seconds (late reward group) to reproduce the difference in anticipatory lick patterns observed 451 
earlier for the conditional reward timing vs. late, fixed reward arrival. It should be noted that, here, 452 
the timing of the early reward arrival was fixed to rule out a difference in the variability in reward 453 
timing contributing to the reward timing effect. After habituation, both cohorts of mice were trained 454 
to discriminate 80/20 (EB/eugenol) mixture vs. 20/80 mixture, followed by discrimination of more 455 
similar pair of stimuli, namely, 60/40 vs. 40/60 mixtures (Fig. 10A,B). The cohort of mice that 456 
received the reward with a latency of 3.2 seconds generated anticipatory licks with a longer latency, 457 
and more selectively for S+ mixtures than the early reward group from the outset (Fig. 10 C,D). The 458 
late reward group reached the criterion level of performance significantly faster than the early 459 
reward group. Further, once trained on the 80/20 vs. 20/80 discrimination task, the late reward 460 
group performed better on the more difficult mixture discrimination. Altogether, these results 461 
suggest that reward timing effect is likely a general phenomenon.  462 
 463 
Discussion 464 
 465 
Describing the quantitative relationships between physical stimuli and behavioural change is central 466 
to gaining insights into learning. In this study, we demonstrate that simplified training, without 467 
punishment, leads to a robust acquisition of the olfactory DNMS task. Further, we identified two 468 
aspects of stimulus timing that affect the task acquisition rate. The task acquisition is faster when 469 
the sample-test delay interval is shorter and slower when animals could receive a reward earlier.  470 
 471 
The effect of the delay interval on the DNMS task acquisition may relate to the degradation or fading 472 
of the short-term memory over time, which is a hallmark of working memory (Baddeley, 2011). An 473 



 

 12

underlying neural correlate of short-term information retention is thought to be a stimulus-specific, 474 
persistent increase in firing rates in individual neurons. Such activity patterns are prevalent in the 475 
prefrontal cortex in animals engaged in delayed response and delayed matching tasks (Funahashi et 476 
al., 1989; Fuster and Alexander, 1971; Goldman-Rakic, 1995; Miller et al., 1996; Wu et al., 2020). 477 
These activities may be maintained through dynamic interactions within a local network (Goldman-478 
Rakic, 1995; Sreenivasan and D'Esposito, 2019) and possibly across brain regions (Wu et al., 2020; 479 
Zhang et al., 2019). However, typically, there is a degradation - or decay in the firing rate - during the 480 
delay period, which correlates with task performance (Zhang et al., 2019). Thus, the faded 481 
representation may slow down the task acquisition in a manner similar to presenting a weaker 482 
stimulus in associative learning (Grant and Schneider, 1948). It should be noted that, while this study 483 
used a Go/No-Go paradigm, such a weakening of sensory representations is likely to have a similar 484 
effect on other instances of delayed (non-)match-to-sample, such as the two-alternative forced 485 
choice paradigm. 486 
 487 
The detrimental effect of early reward arrival on task acquisition was less expected from the outset. 488 
For example, in an influential framework, the temporal contiguity between stimuli and reinforcing 489 
signals is described by an eligibility trace, a short-term memory vector that signals a magnitude of 490 
reinforcement learning permitted (Barto et al., 1983; Klopf, 1972). Since this describes a signal that 491 
fades over time, a simple prediction is a slower learning rate with later reward arrival. Further, some 492 
studies suggest that waiting longer for more prolonged evidence accumulation can concur a cost to 493 
behavioural accuracy (Drugowitsch et al., 2012). However, our finding indicates that there is more to 494 
it: when the reward could be delivered earlier, our mice also developed early licking. We interpret 495 
this effect on reaction times as lowering the decision bound. A consequence of this lower bound 496 
seems that, to achieve the same accuracy, the momentary strengths of the sensory drive (the "drift 497 
rates") had to become more divergent. This may be synonymous with improving on a more difficult 498 
task. This requirement for more divergent sensory drives required for accurate decision making may 499 
underlie a slower task acquisition. An alternative interpretation of our findings is that a variable 500 
reward timing introduces uncertainty. For example, an arrival of a sensory stimulus with an 501 
unexpected timing can degrade a behavioural performance (Jaramillo and Zador, 2011). However, it 502 
should be noted that, in our study, mice had control over when the reward should be delivered, 503 
resulting in a faster earlier reaction time. Unexpected stimulus timing, on the other hand, is 504 
accompanied by a slower reaction time (Jaramillo and Zador, 2011). Further, using a fine olfactory 505 
discrimination task, we found that an early reward timing has a detrimental effect on learning even 506 
when the reward timing is fixed. We do not, however, completely rule out the effect of uncertainty, 507 
given that the DNMS and fine discrimination tasks likely involve different circuit processing. 508 
 509 
While the drift-diffusion model was instrumental in narrowing potential factors involved, what might 510 
the abstract, computational terms correspond to physiologically? Several studies have reported 511 
ramping neuronal activities in prefrontal and frontal cortices, for example, in monkeys discriminating 512 
and reporting the direction of random dot motions with saccades after delays (Ding and Gold, 2012; 513 
Roitman and Shadlen, 2002; Shadlen and Newsome, 1996). Furthermore, the slopes of such ramping 514 
activity are known to increase with the coherence of motion or the strength of stimuli (Ding and 515 
Gold, 2012; Roitman and Shadlen, 2002; Shadlen and Newsome, 1996). These suggest that the drift 516 
rates of the model may be interpreted in terms of mechanisms that lead to action potential 517 
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generation in relevant prefrontal cortex neurons, for example, the firing rates of neurons 518 
presynaptic to these neurons.  519 
 520 
In the case of the olfactory delayed matching-to-sample, a recent study suggested that the 521 
anterolateral motor (ALM) cortex may contain neurons that report the match/non-match of sample 522 
and test odours (Wu et al., 2020). According to their model, the persistent, stimulus-specific activity 523 
in response to the sample odour is maintained through recurrent interactions involving many 524 
sensory cortices, which is used to compare against the test odour identity to compute the match in 525 
ALM. We, therefore, speculate that the drift rate may correspond to this process. Furthermore, with 526 
learning, the selectivity of choice-related activity may undergo refinement, just as sensory 527 
representations in many brain regions are known to increase in selectivity with the acquisition of a 528 
task (Poort et al., 2015).  529 
 530 
In summary, our results indicate two ways in which stimulus timing affects stimulus encoding in 531 
relation to the acquisition of a DNMS task: retention of sensory information over time and 532 
discriminability of match-related signals required for accurate behavioural performance. The 533 
efficient DNMS training paradigm we describe here, in turn, may accelerate the investigations of 534 
underlying neural mechanisms.  535 
 536 
 537 
  538 
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Figures 696 
 697 
 698 
Figure 1: An olfactometer design for stable odour presentations 699 
(A) A schematic of the design. Filtered air supply is split into three paths: (i) a stream that normally flows 700 
to the animal; (ii) a stream used for the sample odour; (iii) a stream used for the test odour. Each 701 
odorising stream has a pair of 3-way valves. When one path is engaged for odour presentation, the air 702 
from the selected odour path passes through an odour canister before being directing towards the final 703 
valve (red highlight). Simultaneously, the other path diverts air directly towards the final valve (blue 704 
highlight), bypassing the odour canisters. (B) Odours used in this paradigm. (C) Four sample odour (O1) - 705 
test odour (O2) delays used for assessing the olfactometer performance, which were randomly 706 
interleaved. (D) Example photoionisation detector (PID) signals for the 4 permutations of sample and test 707 
odours (average of 12 trials), color-coded by the interval used as in (C). (E) PID signals for the test odour 708 
overlaid for all intervals tested. (F) Test odours were passed through blank odour canisters to test the 709 
level of cross-contamination at 4 delay intervals as in (C). (G) PID signals during the test stimulus periods 710 
were expressed as a fraction of the sample odour signal level. Levels from individual trials shown.  711 
 712 
 713 
  714 
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 715 
Figure 2: Go/No-Go olfactory delayed non-match to sample with a 5s delay 716 
(A) Illustration of the olfactory delayed non-match to sample (DNMS). On a given trial, two odours 717 
(odour1 and odour 2) are presented. Rewarded trials are trials where two odours are not the same (non-718 
match). Reward is 20 μL water. EB = ethyl butyrate, MT = methyl tiglate. (B) Timeline of training. 719 
Behavioural training started 2 weeks after surgery for head-plate implantation. (C) Schematic showing 720 
the trial structure. Flashes of an LED indicate the trial start. Sample and test odours (O1 and O2, 721 
respectively) are presented with an interval (5 s for the initial training, and 12 s afterwards). Water 722 
reward was delivered on all rewarded trials. Reward was delivered earlier when mice generated 723 
anticipatory licks earlier (range of possible reward times = 0.5 - 2.5 s from O2 offset). (D) Lick raster for an 724 
example session, separated by non-match trials (left) vs. match trials (right). (E) Example peri-stimulus 725 
time histogram of licks separated by 4 trial types from a proficient mouse. (F) Relationship between stray 726 
licks (licks during the sample-test odour interval) and accuracy of DNMS performance. Symbols indicate 727 
individual mice. (G) Learning curves for 5s delay (hollow) and 12 s delay (stars) shown with respect to the 728 
trials from the start of training (block size = 50 trials; left) and with respect to days (right). n = 6 mice. 729 
Mean and SEM shown. 730 
 731 
 732 
Figure 3: DNMS with a shorter interval is easier to learn 733 
(A) Two training designs compared; One cohort of mice that started the training with sample-test odour 734 
interval of 1.7 s (green) was compared against those that started with 5 s interval (blue; same data as Fig. 735 
2). (B) Learning curves for the two cohorts, showing behavioural accuracy in auROC for for 1.7 s delay 736 
(filled circles), 5 s delay (hollow circles) and 12 s delay (stars). Colour scheme as in (A). Block size = 50 737 
trials. n = 6 and 5 mice for initial training with 5 s and 1.7 s, respectively. (C) Summary comparison of 738 
acquisition speeds, in terms of number of trials (left), and number of days (right) taken to reach the 739 
criterion (auROC = 0.8). * indicates p = 0.043 (left) and 0.036 (right), 1-way ANOVA with post-hoc Tukey-740 
Kramer comparisons. n.s. correspond to p = 0.82 and 0.80 (right). Mean and SEM shown. (D) Relationship 741 
between stray licks (licks during the sample-test odour interval) and accuracy of DNMS performance. 742 
Pearson's r = -0.549, p =4.73 x 10-6. Symbols correspond to individual mice. 743 
 744 
 745 
Figure 4: Effect of reward timing on DNMS acquisition 746 
(A) With conditional reward timing (green), the water reward was delivered earlier if mice licked earlier 747 
(possible reward onset ranged 0.5 - 2.5 s after the odour 2 offset). With fixed reward delivery time 748 
(burgundy), water reward was delivered at 2.5 s after the odour 2 offset. (B) Timeline of training for the 749 
two cohorts, with sample-test odour interval indicated inside the brackets. (C) Examples of lick timing 750 
(vertical lines) relative to odour 2 (duration 0.6s) and water delivery (light blue). For the conditional 751 
reward time group (left), the timing of reward onset depended on lick timing. For the fixed reward onset 752 
(right), water timing was fixed regardless of licking behaviour. (D) Histograms of water onset times for 753 
the two groups, for days 1-3 of the training. (E) DNMS learning curves for the two cohorts for 1.7 s (filled 754 
circles), 5 s (hollow circles) and 12 s (stars) intervals. Horizontal line indicates the criterion level (auROC = 755 
0.8). (F) Summary of learning speeds, measured by number of trials taken to reach criterion performance 756 
at sample-test odour interval of 1.7 s (left), 5 s (middle), and 12 s (right) for the two cohorts. p = 0.047, 757 
0.068, 0.87 (two-sample t-tests), respectively. n = 5 mice for conditional reward timing and 6 mice for 758 
fixed reward timing. (I) Relationship between stray licks (licks during the sample-test odour interval) and 759 
accuracy of DNMS performance. Pearson's r = -0.483, p = 1.83 x 10-4. Symbols correspond to individual 760 
mice. 761 
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 763 
 764 
Figure 5: Olfactory stimulus interval affects the slope while reward timing affects the intercept of learning 765 
curves 766 
(A) Slope of the logistic curve, derived from the fitted parameter, beta, for the 3 protocols used. Beta/4 767 
describes the slope at the steepest point. p = 0.036, 1-way ANOVA, followed by Tukey-Kramer post-hoc 768 
comparisons (p = 0.1202, 0.0377, and 0.8662 for 1 vs 2, 2 vs. 3, and 1 vs, 3 comparisons).  (B) Intercept 769 
values for the fitted logistic curves. p = 0.0393, 1-way ANOVA, followed by Tukey-Kramer post-hoc 770 
comparisons (p = 0.7387, 0.1307, and 0.0405 for 1 vs 2, 2 vs. 3, and 1 vs, 3 comparisons). (C) Initial 771 
accuracy when switching to longer sample-test interval, normalised by the last session performance. p = 772 
0.0455 for equal performance at 5 s interval, 1-way ANOVA; p = 0.0498 for equal performance at 12 s, 1 -773 
way ANOVA with post-hoc Tukey-Kramer comparisons. n = 6 mice, 5 mice, and 6 mice for cohorts 1, 2, 774 
and 3. 775 
 776 
 777 
Figure 6: Interval-dependent performance and generalisation 778 
(A) Once mice were trained to perform DMNS with a 12 s interval, they went through one session where 779 
the sample-test odour interval was randomly selected from 1.7 s, 5 s, 12 s, or 20 s on a given trial ("DNMS 780 
(var.)"). (B) Example trial order, where grey intensity indicates the sample-test odour interval duration. 781 
(C) Lick raster, sorted by non-match (left) and match (right) trials, and by the duration of sample-test 782 
odour intervals, with grey scale indicating the interval duration. White shaded areas indicate the time of 783 
odour presentations. (D) Accuracy for each interval used, for two cohorts, with colours corresponding to 784 
the cohorts described in (A). Mean and SEM shown. n = 4 mice for each cohort. (E) After recovery from 785 
surgery, naive mice went through habituation and training for olfactory DNMS with 1.7 s inter-odour 786 
interval and reward delivery fixed at 2.6 s after odour offset. Once trained, the mice performed 1-2 787 
sessions of DNMS with variable inter-odour delays. (F) Generalisation to longer intervals. Accuracy of 788 
performance for the inter-odour intervals indicated, expressed auROC.  ** and * indicate statistically 789 
significant deviation using t-test from auROC = 0.5 at the significance level of 0.01 and 0.05 with 790 
Bonferroni correction, respectively. p = 0.0007, 0.0003, 0.0013, 0.0032, and 0.0189 for 1.7 s, 5 s, 8 s, 10s, 791 
and 20 s delay intervals, respectively. n = 7 mice. 792 
 793 
 794 
Figure 7: Stimulus similarity and the generalisability 795 
(A,B) Generalisation to new odour comparisons. (A) Timeline of behavioural training. (B) Odours used for 796 
the DNMS tasks, as listed in (A). Mice underwent DNMS training with dissimilar odour pair (butyl acetate 797 
vs. methyl salicylate; C/D vs. C/D), similar odour pair (ethyl valerate vs. methyl valerate; E/F vs. E/F), and 798 
ethyl butyrate at two concentrations (G/H vs. G/H). (C,D) Assessing the similarity of OB activity patterns 799 
evoked in anaesthetised mice by odours used in the DNMS task. (C) Raster plots for an example unit for 800 
all odours used. (D) Correlation coefficients for pairs of odours used in the DNMS tasks. Each data point 801 
corresponds to the similarity of population activity for each recording site. n = 7 locations, 3 mice. (E) 802 
Learning curves for the new odour pairs. Each data point now represents the accuracy for a block of 30 803 
trials. n = 4 mice. (F) Same data as in (E) but aligned for the start of training for the three new odour pairs 804 
for easy comparison. (G) Lick raster plots from an example mouse for the 4 new non-match pairs 805 
introduced in the multi-odour DNMS stage. Colour coding follows the scheme in panel (B). (H) Evolution 806 
of anticipatory licks over time for new non-match odours (left) and match pairs (right). n = 4 mice. Mean 807 
and SEM shown. 808 
 809 
 810 
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 811 
 812 
Figure 8: Behavioural output patterns depend on reward timing 813 
(A) Example lick raster plots from mice that went through different training paradigms: left, a mouse that 814 
started with 5 s sample-test odour interval and conditional reward timing; middle, starting with a 1.7 s 815 
interval and conditional reward timing; right, starting with a 1.7 s interval and fixed reward timing. (B) 816 
Evolution of stray licking during sample-test odour interval for the three cohorts (n = 6, 5, and 6 mice, 817 
respectively). Thick lines = mean; shades = mean ± SEM. (C) Illustration of a reaction times: timings of first 818 
3 licks after the odour 2 onset are averaged and expressed relative to the onset of odour 2. (D) Evolution 819 
of reaction time with training for the three cohorts indicated with the colour scheme as in (A). Thin lines 820 
= individual mice, thick lines = average. (E) Peri-stimulus time histograms for licks generated on match 821 
(unrewarded) trials were compared between cohorts that started with the 1.7 s delay but differed in the 822 
reward timing (n = 5 and 6 mice, respectively). Thick lines = mean; shades = mean ± SEM. 823 
 824 
 825 
Figure 9: Interplay between reward timing, behavioural threshold, and the discriminability of sensory 826 
representations 827 
(A) A drift diffusion model with one bound (blue line) to model the Go/No-Go behaviour. Drift rates, μs+ 828 
and μs-, are the strengths of momentary evidence following the S+ (non-match) stimulus and S- (match) 829 
stimulus, respectively. At each time point, fixed amount of noise is added, and accumulated over time 830 
(sensory evidence). Reaction time is the time at which the sensory evidence crosses the bound. (B) 831 
Histograms of reaction times for an example animal over 5 training days. Observed licks (correct licks = 832 
licks on S+ trials and false alarms =licks on S- trials) shown as bars. Simulated result using fitted 833 
parameters superimposed with lines (solid lines = S+ simulation, dotted lines = S- simulation). (C) 834 
Estimated bounds for cohorts with fixed reward timing (burgundy) and conditional reward timing (green). 835 
(Di) Estimated drift rates for the cohort with late, fixed reward timing. (Dii) Estimated drift rates for two 836 
cohorts with conditional reward timing. (E) Comparison of estimated bounds (top) and the ratio of drift 837 
rates (μs+/μs-; bottom) for the three cohorts, from the last day of initial training. Statistics: for decision 838 
bounds, p = 0.011 and 0.099 across reward timing and 0.43 for cohorts with same reward timing but 839 
different sample-test intervals (one-way ANOVA with post-hoc Tukey-Kramer tests); for drift rates, p = 840 
0.0183 and 0.0639 across reward timing, and 0.86 for cohorts with same reward timing (one-way ANOVA 841 
with post-hoc Tukey-Kramer tests). Mean and SEM shown. 842 
 843 
 844 
Figure 10: Reward timing effect is likely general: the acquisition of fine olfactory discrimination task is also 845 
affected. 846 
(A) Schematic of the behavioural paradigm. After habituation, head-fixed mice were trained to 847 
discriminate between ethyl butyrate (EB) and eugenol (Eug) mixtures that differed in the mixed ratios. 848 
After reaching the criterion level of performance (80% correct) on 80/20 vs. 20/80 discrimination, the 849 
mice underwent training for 60/40 vs. 40/60 mixture discrimination.  (B) Trial structure. For the early 850 
reward group, the water reward arrived 1.2 seconds after the onset of odour. For the late reward group, 851 
the latency to reward was 3.2 seconds. (C) Lick raster plots from example mice for S+ and S- odours as 852 
indicated, for early reward group (top) and late reward group (bottom). (D) Peri-stimulus time histogram 853 
of lick occurrences for the last training session for each task. (E) Evolution of lick onset timing for the two 854 
cohorts over training. Dotted lines indicate the reward arrival times for the two cohorts. n = 6 mice for 855 
each cohort. Mean and SEM shown. (F) Learning curves for the two cohorts. Each data point corresponds 856 
to the average accuracy (auROC) for a block of 40 trials sliding every 20 trials. Mean +- SEM shown.  (G) 857 
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Number of trials taken to reach the criterion level of accuracy (auROC = 0.8) for the initial acquisition. p = 858 
0.014, two-sample t-test; n = 6 mice in each cohort. Mean and SEM shown.  859 
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Table 1: Statistical tests and their details. 860 
 861 
Location within 

article Test used Sample size Test statistic Exact p-value 

Fig. 2F 
Pearson correlation 
coefficient  

112 blocks
from 6 mice 

r = -0.785 1.1731 x 10-24 

Fig. 3C (left) 

1-way ANOVA
with post hoc 
multiple 
comparisons 
(Tukey-Kramer) 

two groups (6 
mice and 5 
mice). 

F = 4.26 0.0378 

Fig. 3C (right) 

1-way ANOVA
with post hoc 
multiple 
comparisons 
(Tukey-Kramer) 

two groups (6 
mice and 5 
mice). 

F = 5.82 0.0157 

Fig. 3D 
Pearson correlation 
coefficient 

61 blocks from 
5 mice 

r = -0.549 4.727 x 10-6 

Fig. 4F (left) two-sample t-test 
2 groups (5 
mice and 6 
mice) 

t = 2.3014  0.0469 

Fig. 4F (middle) two-sample t-test 
2 groups (5 
mice and 6 
mice) 

t = 2.0727  0.0681 

Fig. 4F (right) two-sample t-test 
2 groups (5 
mice and 6 
mice) 

t = -0.1736 0.8665 

Fig. 4I Pearson correlation 
coefficient 

55 blocks from 
6 mice 

r = -0.483 1.833 x 10-4 

Fig. 5A 

1-way ANOVA with 
post hoc multiple 
comparisons 
(Tukey-Kramer) 

3 groups (6 
mice, 5 mice, 6 
mice) 

F = 4.25 0.036 

Fig. 5B 

1-way ANOVA with 
post hoc multiple 
comparisons 
(Tukey-Kramer) 

3 groups (6 
mice, 5 mice, 6 
mice) 

F = 4.12 0.0393 

Fig. 5C (left) 

1-way ANOVA with 
post hoc multiple 
comparisons 
(Tukey-Kramer) 

 2 groups (5 
mice and 6 
mice) 

F = 5.38 0.0455 

Fig. 5C (right) 

1-way ANOVA with 
post hoc multiple 
comparisons 
(Tukey-Kramer) 

3 groups (6 
mice, 5 mice, 6 
mice) 

F = 3.75 0.0498 

Fig. 6F 

T-test with 
Bonferroni multiple 
comparison 
correction 

6 mice 

t-statistics 
(1.7 s, 5 s, 8 
s, 12 s, 20 s) 
= 7.3560, 
8.6679, 
6.5347, 
5.2867, 
3.4159) 

p = 0.0007, 
0.0003, 0.0013, 
0.0032, 0.0189 

Fig. 9E (top) 1-way ANOVA with 3 groups (6 F = 6.0588 0.0127 
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post hoc multiple 
comparisons 
(Tukey-Kramer) 

mice, 5 mice, 6 
mice) 

Fig. 9E (bottom) 

1-way ANOVA with 
post hoc multiple 
comparisons 
(Tukey-Kramer) 

3 groups (6 
mice, 5 mice, 6 
mice) 

F = 5.5841 0.0165 

Fig. 10F Two-sample t-test 
6 mice in each 
cohort 

t = -2.9758 0.0139 

 862 






















