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Abstract
In odorant‐rich environments, animals must be able to detect specific odorants of interest against
variable backgrounds. However, several studies have suggested that both humans and rodents are very
poor at analyzing the components of odorant mixtures, leading to the idea that olfaction is a synthetic
sense in which mixtures are perceived holistically. We have developed a behavioral task to directly
measure the ability of mice to perceive mixture components and found that mice can be easily trained
to detect target odorants embedded in unpredictable and variable mixtures. We imaged the responses
of olfactory bulb glomeruli to the individual odors used in the task in mice expressing the Ca++ indicator
GCaMP3 in olfactory receptor neurons. By relating behavioral performance to the glomerular response
patterns, we found that the difficulty of segregating the target from the background was strongly
dependent on the extent of overlap between the representations of the target and the background
odors by olfactory receptors. Our study indicates that the olfactory system has powerful analytic abilities
that are constrained by the limits of combinatorial neural representation of odorants at the level of the
olfactory receptors.

Introduction
Rodents, like many other species, rely on olfaction for their survival. It is the primary sense for finding
food and mates and avoiding predators 1–3. As natural environments are rich in stimuli from multiple and
variable sources, identifying any stimulus of interest necessitates segregating it from the background.
Scene analysis and segmentation have been studied extensively in vision
little is known about analysis of odorous scenes

8,9

4,5

and audition

6,7

, but very

. Indeed, while contemporary studies in vision and

audition focus on the mechanisms underlying scene segmentation, even the mere behavioral ability
continues to be questioned for olfaction 9–11.
The difficulty of a complete analysis of an olfactory scene may arise from overlapping representations of
odorants in the olfactory bulb. Odorant identity is thought to be combinatorially encoded in the
olfactory bulb by the identity of activated receptors/glomeruli

12,13

. Each receptor can bind multiple

odorants and a single odorant can bind onto multiple receptors. It follows that different odorants will
elicit responses that are overlapping in glomerular space, eventually limiting the number of odorants
that can be simultaneously encoded

12,14

. Indeed, several studies have suggested that the olfactory
2

system has a very limited capacity to encode multiple odorants simultaneously 15–18 or even to detect a
specific target odor within a mixture 8,9,19–21, unless odors are dispersed in time 16,22. These studies have
contributed to the widely‐held view that olfaction is primarily a synthetic sense in which odorant
mixtures elicit emergent perceptions at the expense of perceiving the individual components of the
mixture 10,11,22,23.
Here we describe a behavioral task that directly tests the ability of mice to detect target stimuli within
variable and unpredictable backgrounds. We further describe the relationship between the glomerular
patterns of activity evoked by target and background odorants and the difficulty of segregating them.

Results
Mice can segregate odorants from a background:
We designed a behavioral task to answer two questions: 1) how does target detection depend on the
number of background odorants? and 2) how does target detection depend on the similarity between
the target and the background odorants? Previous experiments in rodents have used fixed mixtures over
many trials

21,24

or temporally‐jittered binary mixtures

25,26

to study object‐background segregation.

Here, background odors were randomly varied, so that odor stimuli in different trials were rarely similar
to each other. Additionally, unlike earlier studies, head‐restraining allowed us to use well‐controlled and
timed stimuli, monitor responses more precisely and obtain thousands of trials.
Mice were trained on a Go/NoGo task, in which they had to detect a target odorant within a mixture of
odorants (Fig. 1), delivered through a custom‐built olfactometer (Supplementary Fig. 1). Mice reported
the presence of the target odorant (Go trial) by licking a water spout in front of their mouth, and
reported the absence of the target odorant from the mixture (NoGo trial) by refraining from licking. A
correct lick was rewarded by a water drop and an incorrect trial was punished by a 5 second timeout.
Odorant mixtures were chosen from a pool of 16 odorants (Fig. 2) with varying degrees of similarity – 8
of the odorants contained a common functional group (tiglate). Two of the 16 odorants were designated
as targets and 14 were background for each mouse. The two target odorants were never presented
together, the number of odorants in the mixture was limited to 14, and the probability of any target
odorant being present in any single trial was kept constant at 0.5. These constraints yielded a total of
3

49,149 possible mixtures (rather than 65,536 without constraints). The use of 2 target odorants for each
mouse reduced the risk of obtaining results that are highly dependent on the specific target.
Furthermore, to avoid obtaining odorant‐specific results, 13 mice were trained on 8 different target
pairs with every odorant being the target for at least one mouse. Mice were first trained with mixtures
that had few odorants until they reached 80% performance, and the distribution of the number of
components in the mixture was then gradually adjusted to become uniform, where the probability of
different numbers of odorants in the mixture was equal (Fig. 1a‐c, see methods). Mice typically reached
criterion level performance (80%) within 1000 trials (Fig. 1c and d). When the target odorant tubes were
replaced with empty tubes, or switched with background odorants (while keeping reward dependent on
the same olfactometer channel where the target odorant used to be), performance dropped to near
chance levels, confirming that mice were using odors as cues for performing the task (Fig. 1d).
Importantly, mice performed well on novel mixtures in the asymptotic phase (trial novelty rate of > 60%,
Fig. 1b), indicating an understanding of the task rules as opposed to learning of specific mixture‐
response associations.
We analyzed 30,400 trials performed by 13 mice in sessions after learning had reached a plateau and
where the number of components in the mixture had a flat probability distribution. The first key result
from our experiments is that mice performed well above chance level on mixtures with any number of
odorant components, starting at 94% for 1 component and declining to 85% for 14 components (Fig.
1e). Each additional mixture component reduced performance by an average of 0.75%. These data
indicate that mice are capable of performing olfactory figure‐ground segregation, and that performance
degrades steadily with increasing number of background odorants.
The reduced performance for mixtures with more odorant components may reflect a greater degree of
overlap in the neural representation of target and background odorants. Additionally, more difficult
olfactory discriminations may require longer sampling for a decision to be made

27,28

. Perhaps, if mice

were allowed longer sampling, performance would not degrade with the number of mixture
components. Several findings argue against a limitation in sampling time as the explanation for reduced
performance. First, mice were allowed 2 seconds to make a decision and yet over 98% of licks had a
latency of less than 1 second (Fig. 3a). Second, response latency was only weakly dependent on the
number of odorants in the mixture (mean raw latency increased by 1.2 ms per added component – less
than 0.25% of the mean, correlation coefficient 0.7, p = 0.004 Fig. 3b top)29,30. And third, the latencies at
which asymptotic performance was reached were very similar in mixtures with different numbers of
4

odorant components ‐ that is, the benefit of longer sampling was similar for mixtures with either many
components or just a few (Fig. 3c and d). These results indicate that the difficulty of solving the task
does not arise from a sampling time limit, but probably reflects an actual overlap in the neural
representation of the mixture components.
Effects of figure and background composition
In sensory systems operating on a well‐defined stimulus space such as vision and audition, the difficulty
of figure‐ground segregation depends on the similarity between features of the figure and the
background. Whether a similar dependence exists in the olfactory system has been tested using binary
odor mixtures and indirect measures of recognition such as odor investigation time

21,31

. To test this

hypothesis more directly we analyzed separately trials from mice that were trained to detect tiglate
targets (n=8 mice) and trials from mice that were trained to detect non‐tiglate targets (n=5 mice). The
logic was that tiglate targets (molecules containing the tiglate functional group) would have more similar
odors in the background (other tiglates) than non‐tiglate targets. Although chemical similarity does not
necessarily imply perceptual similarity (discussed below), this analysis provides a link between the
behavioral difficulty of figure‐background segregation and the chemical features of the target and the
background. The analysis of 19,300 trials performed by 8 mice that were trained on tiglate targets and
11,100 trials performed by 5 mice trained to detect non‐tiglate targets is shown in figures 4a and 4b,
respectively (analysis of individual mice is shown in Supplementary Figs. 2 and 3). Performance dropped
steadily with increasing number of background odorants for both groups, yet several differences were
evident. Mice trained to detect tiglate targets did worse on the task overall (mean ± confidence interval:
89.7 ± 0.4 and 92.4 ± 0.5 % correct, respectively. p < 10‐10, two proportion z‐test), and were more
affected by the number of components in the mixture than mice trained to detect non‐tiglate targets
(performance reduction of 0.82 ± 0.06 % and 0.6 ± 0.08 % per added odorant respectively, mean ± 95%
confidence interval, p < 0.01). This difference is likely due to the greater similarity of tiglate odorants as
a group, acting as better distractors or masks when the target is also a tiglate.
We further tested this hypothesis by analyzing how behavioral performance was affected by the
presence of members of the two groups in the mixture. We used NoGo trials for further analysis of
behavioral performance since >90% of incorrect responses were due to false alarms (Fig. 4a and b). We
calculated the performance of mice detecting tiglates and mice detecting non‐tiglates for all
combinations of the numbers of tiglates and non‐tiglates in the background mixture (Fig. 4c and d,
respectively). The performance of mice detecting tiglate targets was dependent on the number of tiglate
5

background odorants but was not affected much by non‐tiglates (Fig. 4c). Conversely, the performance
of mice detecting non‐tiglate targets was independent of tiglate background but decreased as the
number of non‐tiglates increased (Fig. 4d). To quantify the effect of tiglates as background we calculated
the slopes of the rows in the matrices in figures 4c and 4d, which allowed us to assess performance as a
function of the number of tiglates in the background for a given number of non‐tiglates (Fig. 4c&d,
bottom). Similarly, the slopes of the columns of these matrices were used to quantify the effect of non‐
tiglates as background odorants (Fig. 4c and 4d, Right). The distributions of these slopes for both tiglate
and non‐tiglate targets, are shown in figures 4e and 4f, respectively. The performance of mice detecting
tiglate targets decreased by an average of 3.4±0.4% for each added background tiglate but was
unaffected by additional non‐tiglates (+0.4±0.5%; the two slopes are significantly different, p = 1.6x10‐4 ,
Mann‐Whitney U‐test). Conversely the performance of mice detecting non‐tiglate targets decreased by
an average of 2.7±0.5% for each non‐tiglate added to the background but was unaffected by background
tiglates (0.0±0.5%; slope difference significant, p = 1.9x10‐4, Mann‐Whitney U‐test). A similar
dependence between the group effect of background odorants and the target was also found when
analyzing the behavior of individual mice, separately (Supplementary Fig. 4). The uncertain relationship
between chemical similarity of odorants and the corresponding perceptual similarity

32

raises the

question whether other groupings may also show a strong behavioral effect. We repeated the analysis
of group effect as done for tiglates and non‐tiglates, this time with all possible divisions of the 16
odorants into two groups of 8 (there are 12870 possible 8‐member groups). The distributions of group
effects are shown in figures 4g and 4h, for mice detecting tiglate targets and non‐tiglate targets,
respectively. Notably, tiglates were among the 2 percentile of groups with the strongest negative effect
for mice detecting tiglates. Analyzing the 50 groups with the strongest effects, we found that tiglates
were very common members of these groups for mice trained to detect tiglates (Fig. 4i, p = 0.02, Mann‐
Whitney U‐test of fraction member for tiglates vs non‐tiglates) but not for mice trained to detect non‐
tiglates (Fig. 4j, p = 0.39).
Glomerular activity patterns
The analysis described above was based on the similarity of functional groups between the odorants.
However, the fact that two odorants contain a similar functional group does not necessarily imply that
they are similar from the perspective of the nose. To obtain an independent physiological measure of
the similarity between the odorants, we imaged glomerular responses to all odorants on the dorsal
surface of the olfactory bulb 33–37. Glomerular input activity directly reflects the olfactory receptors that
6

are activated by the odorants and previous studies have found a correlation between the similarity of
glomerular response patterns and the difficulty of discrimination 29. Naïve anesthetized mice were used
for these experiments to measure the similarity and overlap of odorant representations before training.
We measured odor‐evoked responses in mice expressing the genetically encoded calcium indicator
GCaMP3 in olfactory receptor neurons (Fig. 5a) 38. Example responses from the individual glomeruli from
one experiment are shown in figures 5b‐d. The response to each odorant was represented as a vector of
glomerular activity and the cross‐correlation between these vectors was used as a measure of response
similarity between pairs of odorants (Fig. 5d and 5e). When pooling all pairwise correlations from 6
experiments, tiglate to tiglate correlations (r = 0.49 ± 0.02, n=168) were higher than both non‐tiglate to
non‐tiglate (r = 0.43 ± 0.02, n=168, p < 0.05, Kolmogorov‐Smirnov test, ks = 0.17) and tiglate to non‐
tiglate correlations (r = 0.45 ± 0.01, n=384, p < 0.05, Kolmogorov‐Smirnov test, ks = 0.16, Figs. 5f and 5g).
Although the difference between the correlation distributions was significant, these distributions were
highly overlapping and therefore could not fully explain the behavioral dependence on the odorant
groups. Furthermore, comparison of the pairwise correlations within individual subjects revealed
significant similarity of tiglates in only 2 of the 6 experiments. Nevertheless, to assess the significance of
the division of the odorants into groups based on the tiglate functional group, we repeated the same
analysis for all possible divisions of the 16 odorant pool into two groups of 8. For each group, we
calculated the distribution of response correlations within the group and across groups. The separability
of each group was measured by the Kolmogorov‐Smirnov distance between these distributions (see
Methods). Only 6% of odorant groups were more separable than tiglates (Fig. 5i).
Taken together with the analysis of the behavioral data, these results indicate that the difficulty of
figure‐ground segregation in olfaction cannot be fully explained by the similarity between the
representations of figure and background components at the level of olfactory bulb inputs.
Glomerular map overlap predicts performance
The decline in performance with increased similarity between the target and background components
can be explained either as reflecting a decreased sensitivity for the target, or as reflecting a perceived
similarity of the mixture to the target. Due to the asymmetry of the task (mice were rewarded for hits
but not for correct rejections), mice can be expected to lick both when they sense the target (or think
they do) and when they realize that the target is masked and cannot be detected. We tested each of
these hypotheses by asking whether behavioral performance correlated with the degree of masking of
7

target‐evoked glomerular responses by background mixtures, or whether performance correlates with
the similarity between target‐evoked glomerular responses and mixture‐evoked glomerular responses.
We based our analysis on a simple model that estimates mixture responses based on the responses to
the individual components. Mixture responses can involve non‐linear interactions anywhere within the
mouse brain, and therefore difficult to predict. We made the simplest assumption, and modeled the
mixture response as a linear sum of the responses to the individual components. At least at the level of
glomerular inputs, responses to mixtures can be described as the linear sum of responses to the
individual components

17,31,34,39,40

. Based on the linear summation model, each mixture presented in a

behavioral trial was assigned a “masking” value and a “similarity” value. Masking reflected the fraction
of target‐evoked activity that is covered by the mixture‐evoked activity (Fig. 6a, see methods). As a
measure of similarity we used the correlation between the target‐evoked response and the mixture‐
evoked response.
Analyzing all NoGo trials, we found that performance significantly degraded with increasing masking
(Fig. 6b, correlation coefficient = 0.78, p = 4.7x10‐7, n=30, 500‐trial bins) but not with similarity (Fig. 6c,
correlation coefficient = 0.36 p = 0.05, n=30, 500‐trial bins). Although the increase in both masking and
correlation was accompanied by an increase in the average number of mixture components (Fig. 6d and
e), similar trends were evident even within a fixed number of components for both masking (p < 0.01 for
mixtures of more than 3 components, Fig. 6f) and correlation (p < 0.01 for mixtures of more than 10
components, Fig. 6g). Interestingly, masking values of less than 0.7 had no effect on behavioral
performance, suggesting redundancy in the coding of the target by multiple glomeruli. To ensure that
the above results are not simply due to our assumption of linear summation of glomerular responses for
mixture stimuli, we tested another model which assumed no summation. Instead, this model assumed
that the mixture response in each glomerulus is the maximum of the individual odorant responses
(maximal intensity projection). We found a similar drop in performance with increased masking using
the maximal intensity projection model as well (correlation coefficient = 0.68, p = 3.9x10‐5,
Supplementary Fig. 5), indicating that this drop in performance with increased masking is not sensitive
to the exact model of summation.
These data show that the behavioral difficulty of detecting a target odorant within a mixture is closely
linked to the constraints of combinatorial coding by glomeruli in the olfactory bulb, and not to similarity
of the target and background mixtures. Mixtures components that are similar to the target act as

8

powerful distractors not by making the mixture more similar to the target, but by masking target‐evoked
activity.

Discussion
We analyzed quantitatively the behavioral ability of mice to detect odorants of interest in the presence
of variable backgrounds – a feature that is probably fundamental to the survival of many species. Our
main findings are that: (1) mice are highly capable of performing such a task, (2) similarity between
mixture components and the target odorant determines the difficulty of the task, and (3) the difficulty of
the task depends on the extent to which background odorants and the target odorants overlap in the
glomerular activity patterns they elicit. Presumably, the last two findings are related because it is likely
that inclusion of background odorants that are similar to the target increases the extent of glomerular
activity overlap.
Our finding that mice can detect the presence (or absence) of the target when mixtures with many
components are presented, is in contrast with the common view of olfaction as a synthetic sense where
mixtures of odorants are perceived as a whole rather than being analyzed to detect and identify their
components 8–11,19–23. This view largely relies on the observation that humans are very poor at analyzing
mixtures or even detecting target odorants within mixtures 8–10. Studies using rodents also inferred poor
detection of single odorants within mixtures, but these were based on either spontaneous non‐
rewarded discrimination 21, or an assumption that animals generalize task rules 19. The data presented
here indicates that macrosmatic mammals can detect single odorants within mixtures. In fact, anecdotal
data has already shown that rats can discriminate between two mixtures of 10 odorants that differ by
only one component 24. While demonstrating strong analytical abilities, our data should not be taken as
evidence against synthesis in olfaction. It is possible that the olfactory system has both analytic and
synthetic abilities allowing for both grouping of odorants into objects as well as differentiating objects.
Whether a specific odorant should be searched for in a mixture or whether it should be synthetically
combined with other odorants to identify an object, may require learning of its behavioral relevance and
may be context dependent.
We found that increasing the number of background components gradually and steadily decreased
behavioral accuracy. A recent study found that the structure of stimulus presentation can greatly affect
9

decision accuracy and that grouping trials of similar difficulty into blocks within behavioral sessions may
increase behavioral accuracy by allowing a more accurate inner representation of the boundary
between rewarded and unrewarded stimuli 30. Because trials of varying difficulties were interleaved in
our experiments, it is possible that mice can perform even better in more predictable conditions.
Our experimental design allowed us to dissect the features of background mixtures that affected
detection of target odorants. We found that odorants that contain the functional group tiglate were
strong maskers for targets that contained the same functional group but not for other targets. For the
odorant pool used in this set of experiments, a common tiglate functional group was also accompanied
by higher similarity of glomerular response patterns, yet this difference was too small to account for the
behavioral effect. Taken together these findings imply that not all odorants are equally potent as
maskers and that the potency of any odorant is related to its similarity to the specific target it has to
mask.
We used a simple model to estimate the glomerular response patterns elicited by all mixtures that were
presented in the behavioral task. Using this model we show that performance can be explained by the
extent to which mixtures evoke glomerular activity patterns that overlap with the target. Importantly,
similarity between mixture‐ and target‐evoked activities does not explain behavioral performance.
Glomerular response patterns were recorded from naïve animals to represent the initial input signals
the mice have to deal with during training. How exposure and learning related changes in glomerular
patterns 41–43contribute to performance on the task will be the subject of future studies.
Our model assumed no lateral interactions. While this has shown to be the case at the input stage
17,31,34,39,40

, lateral interactions downstream may certainly play a role in mixture analysis. Because odor‐

specific lateral interactions are not well characterized in the olfactory bulb of mammals, we chose to
keep the model simple. An upper bound and a lower bound to mixture response estimates were yielded
by a linear model (Fig. 6) and a ‘maximal projection intensity’ model (Supplementary Fig. 5),
respectively. Both models reached similar conclusions. Future experiments will be directed at the
mechanism by which the olfactory cocktail party problem is solved. Potential mechanisms include hard‐
wired strategies analogous to pre‐attentive segmentation in the visual system 44. However the fact that
behavioral performance only degraded at high values of glomerular masking suggests that learning‐
related changes in either the olfactory bulb circuits or cortical circuits are involved
cortico‐bulbar feedback

48,49

45–47

. Additionally,

may enable flexible context‐dependent classification of stimuli. A temporal

jitter between odorant onset has been suggested to contribute to scene segmentation 16,25,26. Similarly,
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in natural turbulent environments, covariance of components from a common source may also be
instrumental for scene segmentation by providing the temporal jitter 50. Careful analysis of combined
behavioral and physiological recordings will be critical to uncover the mechanisms by which figure‐
ground segregation is achieved in the olfactory system.
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Figure legends
Figure 1: The behavioral task. (a) The mixtures presented to one mouse during the first 7 training
sessions. Each row in the raster (bright ticks indicate presence of odorant) represents a single odorant
and each column represents a trial. Odorants 7 and 8 were the targets for this mouse (red arrows to
left). Above are the distributions of the number of components in the mixture used at each stage of the
training. (b) The average number of components in the mixture in each 100 trial block (black) and the
percent of mixtures that the mouse encounters for the first time (red). (c) The percent of correct trials in
each 100 trial block. (d) Left: The average learning curve of 10 mice. Right: The last 200 trials performed
with odorant cues and the first 200 trials performed when the target odorant tube was replaced with an
empty tube or with a background odorant tube. Both plots show the mean ± SE. (e) Percent of correct
trials as a function of the number of components in the mixture for all trials (black), Go trials (blue), and
NoGo trials (red). Symbols represent the mean and error bars show a 95% confidence interval. Lines are
linear fits to the data.
Figure 2. The odorants used in the behavioral task. Names, purity and molecular structures of all
odorants that were used in this study are shown.
Figure 3. Decreased performance on mixtures with more odorant components is not explained by a
limited sampling time. (a) The distribution of response latencies (top) and session normalized response
latencies (bottom; see methods). (b) Response latency (top) and normalized response latency (bottom)
as a function of the number of components in the mixture. Shown are mean ± SE (•) and median (*). (c)
Normalized latency distributions for mixture of up to 4 odorants (top), 5 to 10 odorants (middle), and
more than 10 odorants (bottom). The curves show the percent of correct responses as a function of
normalized latency for the three mixture ranges. (d) The curves from c superimposed without scaling
(top) and after scaling (bottom). Symbols show the mean and error bars show a 95% confidence interval.
Figure 4. Performance depends on background components that are similar to the target. (a,b)
Behavioral performance as a function of the number of background components for mice trained to
detect tiglate targets (a), and mice trained to detect non‐tiglate targets (b). (c,d) Behavioral performance
as a function of the number of tiglates and non‐tiglates in the background for mice trained to detect
tiglate targets (c) and mice trained to detect non‐tiglate targets (d). Bottom panels show linear fits to
the rows of the colored matrices. Right panels show linear fits to the columns of the colored matrices.
(e,f) The slopes of the linear fits from c and d respectively. Blue and red arrows show the mean slope for
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tiglates and non‐tiglates, respectively. (g,h) The distributions of the effects of all 12780 possible 8
odorant groups on the performance of mice detecting tiglates (g) and mice detecting non‐tiglates (h).
Blue and red arrows mark the group effects of tiglates and non‐tiglates, respectively, obtained from e
and f. (i,j) The composition of the 50 groups that had the strongest negative effects on performance of
mice detecting tiglate targets (i) and mice detecting non‐tiglate targets (j). The bar for each odorant
shows the fraction of the 50 groups in which it was a member.
Figure 5. Tiglates evoke correlated glomerular response patterns. (a) Raw fluorescence image of the
olfactory bulb of an OMP‐GCaMP3 mouse to highlight a typical imaged region (white dashed line). (b‐e)
Analysis of the responses recorded from one mouse. (b) The time course of the responses in the
glomerulus marked by an arrow in c (top left panel) to three odorants. The mean response is shown in
black and the SE in red (n=5 repetitions). (c) Glomerular response patterns elicited by each of the 16
odorants. Putative glomeruli were selected as regions of interest (ROIs) and the response magnitude for
each ROI is color coded. Odorants 1‐8 are tiglates. (d) The responses of all glomeruli to three odorants
represented as response vectors. Mean responses are shown in gray and the standard error of the mean
in red (n=5 repetitions). (e) The correlation matrix of the odorant responses shown in b. Tiglate to tiglate
correlations are shown in the bottom left quadrant (odorants 1 to 8). (f) The distribution of correlation
coefficients of tiglate to tiglate (top), non‐tiglate to non‐tiglate (middle) and tiglate to non‐tiglate
(bottom). Data is pooled from all experiments (n=6). Colored arrows in each plot show the distribution
median. (g) The same distributions as in f plotted as cumulative distributions to promote visualization of
the differences. (h) The separability of all 12870 possible groups of 8 odorants as measured by
Kolmogorov‐Smirnov distance between the distributions of correlation coefficients within a group and
across groups. Blue arrow denotes the Kolmogorov‐Smirnov distance between tiglate to tiglate
correlations and tiglate to non‐tiglate correlations.
Figure 6. Performance on the task depends on masking at the level of olfactory bulb inputs. (a)
Estimation of the masking of target inputs to the olfactory bulb by a background mixture (left), and of
the correlation between target and mixture inputs (right). Mixture responses are modeled as the linear
sum of the responses to the individual components. Masking (bound between 0 and 1) is calculated for
each target‐activated glomerulus and the masking of all glomeruli is then averaged to obtain the mixture
masking value. Gray scale levels in the cartoon glomeruli denote activity level. (b,c) Percent of NoGo
trials that were correctly rejected as a function of target masking (b) and target‐mixture correlation (c).
Data was binned to have 500 trials in each bin. Red lines are fits of a logistic sigmoidal decay to the data
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(see methods). Below are the distributions of masking and correlation values for all mixtures presented
in NoGo trials. (d,e) Average number of components in the mixture as a function of mixture masking (d)
and target‐mixture correlation (e). (f,g) Percent of NoGo trials with fixed number of components in the
mixture that were correctly rejected as a function of target masking (f) and target‐mixture correlation
(g). Each curve shows the data from a fixed number of components in the mixture (indicated by color).
Symbols show the average percent of correct rejections.

Methods
All experimental procedures were performed using approved protocols in accordance with institutional
(Harvard University IACUC) and national guidelines.
1. Behavior:
a. Subjects and surgery: Thirteen c57bl6 adult male mice (Charles River) were trained on the behavioral
task. No statistical methods were used to pre‐determine sample sizes but our sample sizes are similar to
those reported in previous publications (refs). Mice were first anesthetized (Ketamine/Xylazine 100 and
10 mg/kg, respectively) and a metal plate was attached to their skull with dental acrylic for subsequent
head restraining. Mice were then maintained in a reversed light/dark cycle facility. All behavioral
training and testing was done during the subjective night time.
b. Apparatus: The behavioral apparatus was located inside a sound attenuating box (Med Associates, VT
USA) and consisted of a head restraining device, an odor delivery system, a lick detector and a water
delivery system. Odor delivery, monitoring of licking and water rewards were controlled using computer
interface hardware (National Instruments) and custom software written in LabView. The mouse was
continuously monitored using a CCD camera during behavior sessions.
c. Mixture presentation: Odorant mixtures were presented using a custom‐made olfactometer that was
designed to have constant flow (2.5 liters/minute) and to have the concentrations of the different
odorants independent of each other (Supplementary Fig. 1). The olfactometer was composed of 16 odor
modules. Each module was made of two glass tubes, one containing the odor and one containing only
the odor solvent. A 3‐way valve (Lee Company, USA) diverted an input flow of filtered air to either the
odor tube or the solvent tube, and the output of both tubes was merged to form the module output.
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This design ensured that each module contributed a constant amount of flow at any time. Input flow to
the modules and output flow from the modules were made of FEP‐lined Tygon/PVC tubing connected in
symmetric pair‐wise bifurcations to ensure equal flow on all modules. All odorants were diluted to 2%
v/v in diethyl phthalate in the tubes and then further diluted by the flow of other modules 16 fold. The
odorant mixture was carried from the point of final odorant convergence to the odor port through a 4
foot long tubing with an inner diameter of 1/16 inch to allow mixing while minimizing the latency from
valve opening to odor presentation at the mouse’s nostrils. Olfactometer output was analyzed with a
photoionization detector (miniPID, Aurora Scientific) to test for latency (170 ms), repeatability (mean
coefficient of variation of 6 ± 0.8%), and independence of the modules (see Supplementary Fig. 1).
c. Behavioral training and testing: Following 1 week of recovery from surgery to implant headplates,
mice were water deprived. Mice were acclimatized to the behavioral apparatus for two days in which
they were allowed 30 minutes of free exploration with free water available at the water port. This was
followed by an additional day in which they were head restrained and were allowed free water from the
port. After acclimatization, mice were trained on the behavioral task. No randomized process was used
to assign target odorants to each mouse. A mixture was presented for 2 seconds every 10 seconds and
mice had to respond correctly within the 2 second period. Correct licks were rewarded with a 10µL
water drop, correct rejections were not rewarded, and incorrect trials were punished by a 5 second
timeout. Training began with easy sessions and as mice reached 80% performance over a whole session,
session difficulty was adjusted. The difficulty of the task was controlled by varying the distribution of the
number of components in the mixture using the following equation:

∑

where p(x) is the probability of x components (ranging from 1 to 14). The parameter b was first set to
0.25 and was raised in 0.25 increments when mice reached performance of 80% correct until reaching
b=1. This allowed varying task difficulty without any changes in task rules. The number of training
sessions varied across mice, ranging from 4 to 19, with an average and standard deviation of 9.2 ± 5
sessions. Unless specified otherwise, all data presented were taken from sessions with flat distributions
of the number of components in the mixture (b=1). Mice performed one session per day with an
average of 346 ± 90 trials per session (lasting typically about an hour), and each mouse performed
between 4 and 10 test session (6.7 ± 1.8 mean ± SD). Data collection and analysis were not performed
blind to the conditions of the experiments
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d. Odor set. Since odorant space is not easily parameterized and defined 32,51, a complete analysis of the
behavioral capacity is impossible and odorant choice may affect the conclusions from behavioral
experiments. We chose the odorants to be used in the task with two goals in mind: 1) making the task
difficult, to allow for failures in performance, and 2) having variable similarities between odorants to
study the dependence of difficulty of figure‐ground segregation on figure‐ground similarity. With the
difficulty of defining odorant similarity, we settled on 8 odorants from the tiglate family and 8 other
odorants (non‐tiglates) for the task (Fig. 2).
Odorants were obtained from Sigma Aldrich (Ethyl tiglate, Allyl tiglate, Hexyl tiglate, Methyl tiglate,
Isopropyl tiglate, Ethyl propionate, 2‐Ethylhexanal, 4‐Allylanisole, ±Citronellal, Isobutyl propionate, Allyl
butirate, Propyl acetate), Penta (Benzyl tiglate, Phenylethyl tiglate, Cytronellyl tiglate), and Alfa Aesar
(Ethyl valerate). The target odorant pairs and the number of mice trained to detect each pair are as
follows: Ethyl tiglate and Allyl tiglate ‐ 2 mice. Hexyl tiglate and Methyl tiglate ‐ 1 mouse. Isopropyl
tiglate and Citronellyl tiglate ‐ 1 mouse. Benzyl tiglate and Phenylethyl tiglate ‐ 4 mice. Ethylpropionate
and 2‐Ethylhexanal – 1 mouse. Propyl acetate and 4‐Allylanisole – 1 mouse. Ethylvalerate and Citronellal
‐ 2 mice. Isobutyl propionate and Allyl butyrate – 1 mouse.
e. Data analysis: (i) latency measurement: Latency was defined as the time from odor valve opening to
lick‐detection. Based on photoionization detector measurements, 170 ms were taken off all latency
values to account for the time it takes for the odor to travel from the valve to the mouse nose. To
remove intersession variability in response latencies that most likely reflected variability of the
positioning of the water port, latency values were normalized to the mean value of their corresponding
session. Values (between 0 and 1) were then multiplied by the mean of all trials from all sessions to
obtain values that can be compared to the un‐normalized values. Data distribution (shown in Fig. 3) was
assumed to be normal but this was not formally tested. (ii) Analysis of odorant group effects on behavior
(Fig. 4): To estimate the effect of tiglates as a group on behavioral performance we plotted the percent
of correct rejections as a function of the number of background tiglates, while holding the number of
non‐tiglates constant. This was done for all numbers of non‐tiglates, yielding 9 such curves (0 to 8 non‐
tiglate background odorants). Linear fits were made to all 9 curves and the average slope of these curves
was taken to be the group effect of tiglates. The same analysis was repeated for other groups of 8
odorants within the 16 odorant pool.
2. Imaging:
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a. Experimental procedure: Adult OMP‐GCaMP3 mice 38 were anesthetized with ketamine/xylazine (100
and 10 mg/kg, respectively) the cranial bones over the olfactory bulbs were thinned with a dental drill to
allow clear visualization.
Two photo lenses coupled front to front were used to image the olfactory bulb surface onto the sensor
of a CMOS camera (DFK 23GPO31, The Imaging Source GmbH). Images (640 x 480 pixels) were acquired
at 8 bit resolution and 4‐6 frames/sec. Data from the camera was recorded to the computer via data
acquisition hardware (National instruments). A blue LED (CBT‐90, Luminus, Billerica, Massachusetts),
coupled to an optical fiber was used for excitation.
All odorants were diluted to 5% v/v in diethyl phthalate and were delivered using an automated
olfactometer 36. The 16 odors and an additional tube containing only diethyl phthalate were presented
in random order and each odor was repeated 3‐5 times. Odors were presented every 45 seconds for 3
seconds with data acquisition beginning 3 seconds before and ending 3 seconds after odor presentation.
b. Data analysis: The acquired sequence of images was converted to DF/F images (change in
fluorescence/ resting fluorescence). We then calculated the maximal response at each pixel for all 16
odorants. These maximum response maps were used to identify putative glomeruli as regions of interest
(ROIs) for further analysis (ranging from 55 to 76 ROIs per experiment). The response at each ROI was
quantified by integrating the DF/F signal during odor presentation. This procedure yielded responses
that were represented as response vectors in a space that is defined by the ROIs.
(i) Analysis of glomerular map similarity: In order to quantify the similarity between the activity patterns
of different odors, we calculated the cross‐correlation between the response vectors of pairs of odors.
We analyzed the separability of odorant groups by calculating the Kolmogorov‐Smirnov distances
between the distributions of correlation coefficients within a group and across groups. A high
Kolmogorov‐Smirnov distance would mean that the similarity among members of the group is higher
than the similarity between members of the group and other odorants.
(ii) Analysis of mixture masking and similarity to target: Two models were used to estimate the extent to
which a mixture masks the target at the level of olfactory bulb glomeruli, a linear model and a maximal
intensity projection model. Both models assumed that there are no lateral interactions between
glomeruli at the level of inputs. The first model assumed linear summation at each glomerulus to obtain
an upper bound to the mixture response. That is – the response to a mixture would be the exact linear
sum of the responses to the components. The second model provided an alternative of deriving mixture
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responses and assumed no summation. Here, the response to a mixture at each glomerulus was taken
to be the maximum of the responses at that glomerulus to the mixture components.
Masking at each target‐activated glomerulus was calculated using the following equation:
0
,

1

0

0

1

1

Where Mi m,T is the masking of target T by mixture m at the ith glomerulus, ai m and ai T are the
responses of the ith glomerulus to mixture m and target T, respectively. Only glomeruli that were
activated by the target above threshold (3 standard deviations away from the baseline) were considered
for this analysis to avoid divergence due to small denominators (see Supplementary Fig. 6 for a test of
robustness). The masking value for the mixture was then taken to be the average masking of all target‐
activated glomeruli:
1

,

,

Where M(m,T) is the masking of target T by mixture m and N is the number of target‐activated
glomeruli. Glomeruli that were not activated by the target were not considered for this analysis.
Masking values were calculated for the two targets and the larger of these was taken to be the mixture’s
masking value, with the assumption that it is enough to mask one target to preclude the mouse from
being able to make a decision. The relationship between the masking index and behavioral performance
was quantified by first binning trials according to their masking index and plotting the mean
performance in each bin against the mean masking index. A decaying logistic function was fit to these
data:
1

1
1

where a is the saturated performance and s and b determine the slope of the decay and the shift along
the masking axis. M is the masking index value.
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The similarity to the target was calculated for each mixture as the cross‐correlation between the target
and the mixture response vectors. The relationship between the target‐mixture similarity and behavioral
performance was quantified in the same way as for masking.
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Supplementary figure legends
Supplementary figure 1. Olfactometer for behavioral experiments. A custom built olfactometer was
used to deliver mixtures of odorants to the mouse. The olfactometer was designed to allow each of the
16 odorants to be present or absent in any mixture while keeping the concentration of each odorant
independent of other odorants. a. To achieve this goal, the olfactometer was built with 16 modules,
each controlling one odorant and contributing a constant and equal amount to the output flow. Input
flow into the modules and output flow from the modules were made using FEP‐lined Tygon/PVC tubing
connected in symmetric pair‐wise bifurcations. Each module had a 3‐way valve (Lee Company, USA) that
diverted the input flow of clean air to go through either of two glass tubes, one containing the odor and
solvent and one containing only the solvent. Both pathways then converged to form the module output
flow. From the point where all odorants converged to the odor port, the odorous air flowed through a 4
foot long tubing of 1/16 inch diameter. This minimized the latency from valve opening to odor
presentation and ensured mixing of the odorants to at least within the scale of the tubing. Odorant
mixtures were generated by controlling the 16 module valves allowing 216 possible mixtures. b.
Photoionization detector (miniPID, Aurora Scientific) measurements were used to analyze the output of
the olfactometer. The amplitude of the PID signal in response to an odorant mixture was equal to the
sum of the amplitudes of PID signals in response to the individual components, indicating that the
different odorant modules are independent.
Supplementary figure 2: Individual mouse performance – tiglate targets. Performance of individual
mice trained to detect tiglate targets. Plots show the percentage of correct trials as a function of the
number of components in the mixture for all trials (black), Go trials (blue) and NoGo trials (red). Lines
are linear fits to the data. Targets were Ethyl tiglate and Allyl tiglate (a and h), Benzyl tiglate and
Phenylethyl tiglate (b, c, f and g), Hexyl tiglate and Methyl tiglate (d), and Isopropyl tiglate and citronellyl
tiglate (e).
Supplementary figure 3: Individual mouse performance – non‐tiglate targets. Performance of
individual mice trained to detect non‐tiglate targets. Plots show the percentage of correct trials as a
function of the number of components in the mixture for all trials (black), Go trials (blue) and NoGo
trials (red). Lines are linear fits to the data. Targets were Ethyl propionate and 2‐Ethyl hexanal (a), Propyl
acetate and 4‐Allyl anisole (b), Isobutyl propionate and Allyl butyrate (c), and Ethyl valerate and
Citronellal (d and e).
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Supplementary figure 4: Individual mouse performance – population averages. a‐c. Performance as a
function of the number of components in the mixture for all mice (a, n=13), tiglate trained mice (b, n=8)
and non‐tiglate trained mice (c, n=5). Here data are only pooled within each mouse and then averaged
across mice. Shown are mean±SE for all trials (black), Go trials (blue), and NoGo trials (red). Lines are
linear fits to the data. d. The effect of tiglates and non‐tiglates as background odorants on the
performance of all individual mice detecting tiglates (left) and mice detecting non‐tiglates (right). Group
effects were calculated as the average change in % correct rejections when an odorant of the group is
added to the background (see figure 3). The lines are connecting data of individual mice. Colored dots
are the mean effect of each group.
Supplementary figure 5: Estimation of mixture responses as maximal intensity projection of individual
components. a and d. Percent of NoGo trials that were correctly rejected as a function of mixture
masking (a) and target‐mixture correlation (d) (top panels). Each data point represents 500 trials. Red
lines are fits of sigmoidal decay to the data (see methods). Below are shown the distributions of masking
and correlation values for all mixtures presented in NoGo trials. b and e. Average number of
components in the mixture as a function of mixture masking (b) and target‐mixture correlation (e). c and
f. Percent of NoGo trials with fixed number of components in the mixture that were correctly rejected as
a function of mixture masking (c) and target‐mixture correlation (f). Each curve shows the data from a
fixed number of components in the mixture (indicated by color). Symbols show the average percent of
correct rejections.
Supplementary figure 6: Robustness of masking analysis. Masking was calculated as described in the
methods section, but the threshold for glomerular responses was varied from 1 to 15 standard
deviations away from the baseline. Masking index was a good predictor of performance throughout this
range, indicating that the results are insensitive to thresholding. Each data point represents the mean
values of 500 trials. Red lines are fits of sigmoidal decay to the data (see methods).
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Supplementary Figure 1
Olfactometer for behavioral experiments.

A custom built olfactometer was used to deliver mixtures of odorants to the mouse. The olfactometer was
designed to allow each of the 16 odorants to be present or absent in any mixture while keeping the
concentration of each odorant independent of other odorants. a. To achieve this goal, the olfactometer
was built with 16 modules, each controlling one odorant and contributing a constant and equal amount to

the output flow. Input flow into the modules and output flow from the modules were made using FEPlined Tygon/PVC tubing connected in symmetric pair-wise bifurcations. Each module had a 3-way valve

(Lee Company, USA) that diverted the input flow of clean air to go through either of two glass tubes, one
containing the odor and solvent and one containing only the solvent. Both pathways then converged to
form the module output flow. From the point where all odorants converged to the odor port, the odorous

air flowed through a 4 foot long tubing of 1/16 inch diameter. This minimized the latency from valve

opening to odor presentation and ensured mixing of the odorants to at least within the scale of the
tubing. Odorant mixtures were generated by controlling the 16 module valves allowing 216 possible

mixtures. b. Photoionization detector (miniPID, Aurora Scientific) measurements were used to analyze
the output of the olfactometer. The amplitude of the PID signal in response to an odorant mixture was

equal to the sum of the amplitudes of PID signals in response to the individual components, indicating
that the different odorant modules are independent.

Supplementary Figure 2
Individual mouse performance – tiglate targets.

Performance of individual mice trained to detect tiglate targets. Plots show the percentage of correct

trials as a function of the number of components in the mixture for all trials (black), Go trials (blue) and
NoGo trials (red). Lines are linear fits to the data. Targets were Ethyl tiglate and Allyl tiglate (a and h),
Benzyl tiglate and Phenylethyl tiglate (b, c, f and g), Hexyl tiglate and Methyl tiglate (d), and Isopropyl

tiglate and citronellyl tiglate (e).

Supplementary Figure 3
Individual mouse performance – non-tiglate targets.

Performance of individual mice trained to detect non-tiglate targets. Plots show the percentage of correct
trials as a function of the number of components in the mixture for all trials (black), Go trials (blue) and

NoGo trials (red). Lines are linear fits to the data. Targets were Ethyl propionate and 2-Ethyl hexanal (a),
Propyl acetate and 4-Allyl anisole (b), Isobutyl propionate and Allyl butyrate (c), and Ethyl valerate and
Citronellal (d and e).

Supplementary Figure 4
Individual mouse performance – population averages.

a-c. Performance as a function of the number of components in the mixture for all mice (a, n=13), tiglate

trained mice (b, n=8) and non-tiglate trained mice (c, n=5). Here data are only pooled within each mouse

and then averaged across mice. Shown are mean±SE for all trials (black), Go trials (blue), and NoGo trials

(red). Lines are linear fits to the data. d. The effect of tiglates and non-tiglates as background odorants on
the performance of all individual mice detecting tiglates (left) and mice detecting non-tiglates (right).

Group effects were calculated as the average change in % correct rejections when an odorant of the group
is added to the background (see figure 3). The lines are connecting data of individual mice. Colored dots
are the mean effect of each group.

Supplementary Figure 5
Estimation of mixture responses as maximal intensity projection of individual components.

a and d. Percent of NoGo trials that were correctly rejected as a function of mixture masking (a) and

target-mixture correlation (d) (top panels). Each data point represents 500 trials. Red lines are fits of
sigmoidal decay to the data (see methods). Below are shown the distributions of masking and correlation
values for all mixtures presented in NoGo trials. b and e. Average number of components in the mixture

as a function of mixture masking (b) and target-mixture correlation (e). c and f. Percent of NoGo trials
with fixed number of components in the mixture that were correctly rejected as a function of mixture
masking (c) and target-mixture correlation (f). Each curve shows the data from a fixed number of
components in the mixture (indicated by color). Symbols show the average percent of correct rejections.

Supplementary Figure 6
Robustness of masking analysis.

Masking was calculated as described in the methods section, but the threshold for glomerular responses
was varied from 1 to 15 standard deviations away from the baseline. Masking index was a good predictor

of performance throughout this range, indicating that the results are insensitive to thresholding. Each

data point represents the mean values of 500 trials. Red lines are fits of sigmoidal decay to the data (see
methods).

