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INTRODUCTION: Advances in monitoring brain
activity at large and fine scales have re-
vealed tremendous complexity in how the
brain responds to, and represents, the exter-
nal world. Although many features in brain
activity patterns (which brain cells fire and
when) are found to correlate with changes
in the external sensory world, it is not yet
known which activity features are conse-
quential for perception and how they are
combined to generate percepts. Some studies
have shown that many of these correlated
changes in activity may be redundant or even
epiphenomenal.

RATIONALE: To address how brain activity gen-
erates perception, we directly and systemat-
icallymanipulated neural activity in themouse
olfactory system while measuring perceptual
responses.Mouse olfaction is an attractivemodel
system because the relevant brain circuitry has
already been carefully mapped out and is acces-
sible for direct manipulation. We used genet-
ically engineeredmice in which brain cells can
be activated simply by shining light on them—
a technique known as optogenetics. Opto-
genetics allowed us to directly generate and
manipulate brain activity in a precise and
parametric manner. We first trained mice to

recognize light-driven activity patterns in the
olfactory system, or “synthetic odors.” Subse-
quently,wemeasuredhow recognition changed
as we systematically manipulated learned activ-
ity patterns. Some manipulations led to larger
changes in recognition than others, and the
degree of change reflected the importance of
eachmanipulated feature to perception. By the
additional manipulation of multiple features
simultaneously, we could precisely quantify
how individual features combined to produce
perception.

RESULTS: The perceptual responses of mice
not only depended on which groups of cells
were activated, but also on their activation
latencies, i.e., temporal sequences akin to

timed notes in a melody.
Critically, the most per-
ceptually relevant acti-
vation latencies were
defined relative to other
cells in a sequence andnot
to brain or body rhythms

(e.g., animal sniffing) as previously hypoth-
esized from observational studies. Moreover,
earlier-activated cells in the sequence had a
larger effect on behavioral responses; mod-
ifying later cells in the sequence had small
effects. To account for all results, we formu-
lated a simple computational model based on
template matching, in which new activity se-
quences are compared with learned sequences
or templates. Themodelweighs relative timing
within each sequence and also accounts for
the greater importance of earlier-activated
cells. Based on our model, the degree of mis-
match between the new sequence and learned
template predicts the extent to which recogni-
tion should degrade as neural activity changes
across many different manipulations.

CONCLUSION:We developed an experimental
and theoretical framework to map a broad
space of precisely and systematically ma-
nipulated brain activity patterns to behav-
ioral responses. Using this framework, we
uncovered key computations made by the
olfactory system on neural activity to gen-
erate percepts and derived a systematic mod-
el of olfactory processing directly relevant
for perception. Our framework forms a pow-
erful, general approach for causally testing
the links between brain activity and percep-
tion or behavior. This framework is especially
pertinent given the continued development
of advanced tools for manipulating brain
activity at fine scales across various brain
regions.▪

RESEARCH

Chong et al., Science 368, 1329 (2020) 19 June 2020 1 of 1

*These authors contributed equally to this work.
†Corresponding author. Email: rinberg@nyu.edu
The list of author affiliations is available in the full article online.
Cite this article as E. Chong et al., Science 368, eaba2357
(2020). DOI: 10.1126/science.aba2357

Time Time

Learned
pattern

Modified
pattern

Template 
matching model

Animal responses

M
od

el
 p

re
di

ct
io

ns

B  Changes in recognition 
patterns were measured as 
trained pattern was modified

A  Mice were trained to recognize  “synthetic odor” pattern

Probing olfactory perception with synthetic odors. (A) We trained mice to recognize synthetic odor
patterns: artificially stimulated neural activity in the olfactory bulb. Patterns were defined in space
(top right) and time (bottom right). (B) Perceptual responses were measured across systematic
modifications of trained patterns. (C) Template-matching model of pattern activity (left) accounts
for perceptual responses (right).
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How does neural activity generate perception? Finding the combinations of spatial or temporal activity
features (such as neuron identity or latency) that are consequential for perception remains challenging.
We trained mice to recognize synthetic odors constructed from parametrically defined patterns of
optogenetic activation, then measured perceptual changes during extensive and controlled perturbations
across spatiotemporal dimensions. We modeled recognition as the matching of patterns to learned
templates. The templates that best predicted recognition were sequences of spatially identified units,
ordered by latencies relative to each other (with minimal effects of sniff). Within templates, individual
units contributed additively, with larger contributions from earlier-activated units. Our synthetic
approach reveals the fundamental logic of the olfactory code and provides a general framework for
testing links between sensory activity and perception.

A
familiar object evokes a complex pat-
tern of activity in the brain. However, it
is possible that only a structured subset
of this activity, representing critical
combinations of sensory attributes, is

essential for recognition. A key challenge is to
identify the essential components of neural
activity that induce the percept. This activity
may consist of multiple spatial or temporal
features, such as which cells respond and when
they respond relative to stimulus onset or each
other. Do individual features contribute differ-
entially to the formation of the percept? For
example, the activity of some cells in a pattern
may bemore important than others. Does the
formation of the percept depend on how fea-
tures are combined? The sequential activation
of multiple cells or the latency of their activa-
tion relative to brain rhythms are examples of
feature combinations thatmay be perceptually
meaningful (1–3).
The difficulty in addressing these questions

is twofold. First, multiple features covary with
perceptual responses, making it difficult to
disentangle their independent contributions
to perception. Previous studies have mainly
focused on correlating neural activity with
perception, in which the contributions of in-
dividual features are entangled. Although di-
verse stimulus sets may potentially disentangle

feature contributions, biophysical constraints
often impose strong correlations between fea-
tures, which makes finding such stimulus sets
difficult if not impossible. Second, we lack a
single framework for quantitatively compar-
ing the perceptual contributions of individual
and combined features. For example, we know
that single neurons (4) or small timing differ-
ences (5–7) can affect perception, but not their
relative importance and how they come to-
gether in larger patterns to produce perception.
We investigated the link between neural ac-

tivity and perception using olfaction as our
model system. Odor perception is correlated
with complex spatiotemporal activity patterns,
and these patterns can be optogenetically ma-
nipulated in mice while measuring their per-
ceptual responses. Odor-induced activity recruits
glomeruli and spatiotemporal combinations of
glomerular activity correspond to specific odor-
ants (8, 9). Both the spatial identity and temporal
latencies of glomeruli activated in the pattern
may be perceptually meaningful (6, 7) but the
relative importance of each is unknown. It is
also unclear what forms a perceptually mean-
ingful combination of glomerular activation:
ordered sequences aligned relative to each
other (10–12), sequences aligned to sniff rhythm
(6, 7, 13, 14), or the earliest activated subset of
glomeruli within a sniff rhythm (15, 16).
Here, we optogeneticallymanipulated indi-

vidual activity features independently of other
features,manipulated combinations of features,
and compared the effects of all manipulations
under a common metric.

Results

We first characterized the basic behavioral and
neural responses to optogenetic stimulation.
We chronically implanted OMP-ChR2-YFP mice

(n = 6) (6) with cranial windows to expose the
dorsal olfactory bulb and performed optoge-
netic stimulation (Fig. 1A). Similar to previous
reports (11, 17) and consistent with known
anatomy, mitral tufted (MT) cells were acti-
vated by few localized spots (Fig. 1B and fig. S1,
A and B). We observed instantaneous MT cell
firing rates up to ~100 Hz, with excitatory
responses lasting ~80ms, comparable to odor-
evoked responses (13). All spots at the same
stimulation parameters were perceptually de-
tectable but only for ChR2-positivemice (Fig. 1C)
and without systematic spatial biases (Fig. 1D).
We then used the same basic stimulation pa-
rameters for the main experiments.
We trained mice to discriminate Target ver-

susNon-target synthetic odors on a two-choice
task (Fig. 1E). Although the stimulation pat-
terns we used are unlikely to correspond to
specific known chemical odorants, our patterns
follow stimulation durations and activation
latencies that fall within known odor-evoked
distributions of glomerular activation (8). Mice
learned to discriminate a fixed Target from any
randomNon-target patternoverweeks,whereas
ChR2-negative mice did not (Fig. 1F).
We then performed systematic spatial and/or

temporal perturbationswithin Target patterns
on a small number (10%) of probe trials and
measured perceptual responses. Perturbations
consisted of replacing spots with Non-target
spots or shifting spots in time. For any set of
perturbations, we measured the fraction of
trials in which the mouse made a lick choice
toward the water spout associated with the
Target (“like-Target” response) as opposed to
theNon-target spout. Thismeasurement reflects
perceptual distances (18, 19): the perceived dif-
ference between the perturbed and original Tar-
get pattern. The larger the perceptual distance,
the lower the fraction of like-Target responses.
We performed a basic check to verify that per-
ceptual distances increased as Target patterns
were altered. In a pilot group ofmice trained on
the task, we systematically decreased the laser
intensity below the intensity used during train-
ing. As the laser intensity for Target patterns
was lowered, animals showedagradeddecrease
in like-Target responses (Fig. 1G).
Spatial perturbations led to graded changes

in perceptual distances thatwere dependent on
the timing of the spot perturbed. To perform
spatial perturbations, we kept Target pattern
timing fixedwhile replacing spotswith random
Non-target spots (Fig. 2A). One ormore spots in
the Target patterns were replaced in every pos-
sible combination of the six spot positions. We
found a graded relationship between the num-
ber of spots replaced and perceptual distance
(Fig. 2B). Spot replacement effects also depended
on spot timing: Replacing earlier-activated spots
had a greater effect than later-activated spots
in both single-spot andmultiple-spot replace-
ment trials (Fig. 2C). We refer to this temporal
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dependence as “primacy” (15). We additionally
found that the effect of spot replacement de-
pends on spatial distance on the olfactory bulb
(fig. S2A). For these measurements, we used a
larger dataset including other animals (fig. S3,
A, C, and D). On average, the perceptual dis-
tance was larger between a Target and a Target
with one spot replaced by a more distant spot.
Because we did not measure spatial perturba-
tions of Target locations at systematically de-

fined locations across the olfactory bulb, our
results reveal some chemotopy, but we cannot
make conclusions about its characteristic length
scale. Our effectwas averaged across Target spot
locations but could be location dependent. For
example, if a Target spot was situated near to
(far from) the boundary between odor receptor
domains (20), replacing the spot with nearby
spots would have large (small) effects. Our re-
sults are consistent with studies that suggest

broadodor domains (21, 22) and others that rule
out fine-scale chemotopy (23–25). We also can-
not completely rule out the alternative possibility
that these effectsmay arise from activating fibers
of passage,with strength of activation dependent
on distance. However, these effects are likely
to be weak:Mitral cell responses revealed only
weak and spatially confined effects of fibers of
passage (Fig. 1B and fig. S1), similar to other re-
sults using comparable stimulation parameters
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Fig. 1. Optogenetic stimulation as synthetic odors. (A) Schematic of the
experimental setup. Dorsal olfactory bulb was exposed by a chronically implanted
3-mm window. Spatiotemporal stimulation patterns, created by a digital
micromirror device, were projected onto the olfactory bulb of a head-fixed
mouse in front of a pressure sensor for sniff monitoring, and lick spouts
delivering water. (B) MT cell responses to single-spot stimulation (120 × 120 mm2,
80-ms duration, 15 mW/mm2) across a grid of spots. Left: Heatmaps of evoked
firing (average firing rate across the stimulus duration, 80 ms) for each
stimulated spot position for two typical cells. Right: Trial-by-trial spiking activity
and peristimulus time histogram corresponding to left cell in (B) for the spot
that evoked the largest averaged response. (C) Behavioral detection (d', or
sensitivity index) of single-spot stimulation at different laser intensities
for ChR2-positive animals (black) or ChR2-negative animals (blue). Gray
vertical line marks 15 mW/mm2. (D) Left: Heatmap of d' for spot detection at
15 mW/mm2 stimulation for one ChR2 mouse at different spot positions. Right:
Histogram of d' across spots. (E) Schematics for pattern discrimination task.
Animals were trained to recognize Target versus Non-target patterns defined on

a stimulation grid. Target patterns comprised six spots, initialized randomly but fixed
across subsequent sessions, activated in an ordered sequence defined in time
where 0 marks inhalation onset. Non-target patterns were six off-Target spots,
randomly chosen from trial to trial, with randomized timing within 300 ms
from inhalation (~single sniff). (F) Learning curves on pattern discrimination
task. Mice were initially shaped by discriminating one Target pattern versus one
Non-target pattern (left) to criterion performance of 0.8, then trained on the
same Target versus multiple Non-target patterns (right). Note that performance
below chance level (0.5) for some mice at the beginning of training is explained
by a strong initial side bias (see the materials and methods). Blue stars
indicate performance of control, ChR2-negative mice after >40 sessions of
training. (G) Effect of reducing laser intensity on pattern recognition for mice
previously trained to discriminate Target versus Non-target patterns at
100 mW/mm2 (arrowhead). Shown is the probability of like-Target responses
(mean ± SEM across mice) on probe trials with randomly chosen low-intensity
Target patterns (black) and Non-target patterns (red). Horizontal dashed lines
correspond to baseline responses to Target and Non-target patterns.
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(11). Furthermore, spatial replacement effects
did not show any anisotropy that reflects the
anatomy of passing fibers (fig. S2B).
Temporal perturbations also led to graded

changes in perceptual distances dependent on

the timing of the spot perturbed. To perform
temporal perturbations, we shifted one or
more spots of the Target pattern in 10-ms in-
crements in randomly chosen combinations of
spot and shift magnitude (Fig. 2D). Increasing

the overall amount of temporal shift (defined

as Euclidean shift =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
i

Dt2i
r

where Dti are

individual spot shifts) led to an increase in
perceptual distance (Fig. 2E). Similar to spa-
tial perturbations, temporal perturbations also
exhibited primacy. In trials in which only one
spot was shifted, shifting earlier-activated spots
had stronger effects than shifting later-activated
spots (Fig. 2F). Furthermore, we observed an
asymmetry in temporal shift effects: Shifting
spots earlier, toward the beginning of the sniff
cycle, had a stronger effect than shifting spots
later, toward the end of the sniff cycle. This
asymmetry is consistentwith primacy:Although
later-activated spots were less important percep-
tually, shifting them earlier may interfere with
the early, more important spots, hence inducing
larger behavioral effects.
To quantify the effect of spatial and tem-

poral perturbations, we performed regression
analyses using either binary variables for spot
replacement (xi = 1, if the spot is replaced
and xi = 0, if not) or continuous variables for
temporal shifts (Dti). The regression models
quantified primacy in spatial perturbations
(Fig. 2G) and primacy and asymmetry for
temporal perturbations (Fig. 2H). Primacy
was reflected in larger-magnitude coefficients
for earlier spots; temporal asymmetry was re-
flected in larger-magnitude coefficients for
shifting spots earlier as opposed to later. Re-
sponses of individualmice are plotted in fig. S4.
The effects of temporal perturbations sug-

gest that animals encode spot latencies refer-
enced to sniff: As spots were shifted with
respect to inhalation onset, animals’ responses
changed. Another possibility is that spot laten-
cies are encoded with respect to other spots in
the pattern. To test this, we considered the
synchronous shift of the Target pattern, where
all spots are shifted by the same amount with
respect to inhalation (Fig. 3A). Synchronous
shifts alter sniff-referenced timing while keep-
ing pattern-referenced timing constant. Per-
ceptual distances varied, but only weakly, with
synchronous shifts (Fig. 3B). We attempted to
predict the effect of any synchronous shift by
summing the effects of single spots shifted by
equal amounts referenced to inhalation. The
prediction markedly overestimated the weak
perceptual effect of synchronous shifts (Fig.
3B), suggesting an important role for pattern-
referenced timing. Pattern-referenced timing
can also be reflected in the order or sequence
of spot activation. Order-changing temporal
perturbations had a larger effect than order-
preserving perturbations, controlling for equiv-
alent amounts of sniff-referenced shift from the
Target (Fig. 3C).
To explain thewhole spectrumof behavioral

results, we propose a spatiotemporal template-
matching (STM) model. Template matching is
the general process of comparing new inputs to
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Fig. 2. Perceptual effects of spatial and temporal perturbations. (A) Illustration of spatial perturbations:
One or multiple spots in Target patterns were randomly replaced with Non-target spots. (B) Probability
of like-Target responses as a function of number of replaced spots in Target patterns averaged across
animals. Here and later in plots of like-Target responses, horizontal dashed lines correspond to baseline
responses to Target and Non-target patterns and blue lines show the corresponding regression fits.
(C) Probability of like-Target responses as a function of a spot position for single-spot replacement. Inset:
Probability of like-Target responses as a function of a spot position marginalized over trials with multiple
spots replaced. (D) Illustration of temporal perturbations in which one or multiple spots in Target patterns
were temporally shifted. (E) Probability of like-Target responses as a function of the amount of temporal shift
(“Euclidean shift”) in the pattern. (F) Effect of single-spot shifts plotted by spot position. (G) Regression
coefficients showing the effect of replacing each spot in all trials, including single or multiple spot
replacement. Negative coefficients imply that replacing the spot lowers like-Target responses; coefficients of
zero imply no effect on responses. Regression coefficients represent the change in log-odds per unit
change in the corresponding variable. (H) Same as (G) but for temporal perturbations. Separate coefficients
were fitted for positive shifts (toward the end of the sniff cycle, solid line) and negative shifts (toward the
beginning of the sniff cycle, dashed line).
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Fig. 3. Animals encode pattern-referenced timing. (A) Illustration of temporal perturbations in which Target patterns were shifted synchronously from
inhalation by Dtsync. (B) Like-Target response as a function of Dtsync (black), with the predicted response from summing up effects of single spots shifted
relative to inhalation (blue). (C) Comparison of average responses to temporal perturbations that preserve (green) and do not preserve (orange) temporal spot
sequence for the same amount of Euclidean shift.

Fig. 4. STM maps olfactory inputs to perceptual outputs. (A) Learned
pattern stored in memory (Target, blue) compared with a new input pattern
(probe, red). Patterns are transformed into waveform representations: Pulse
activations convolved with exponentials with decay of activation parameter tact
and an amplitude that is a different exponential function (tprim) of the pulse
timing from the onset of the pattern. For each set of waveforms, the center of
activity, TtargetC and TprobeC , and their absolute difference,DTC ¼ jTtargetC � TprobeC j, are
calculated. Individual waveforms are then aligned to their respective pattern’s
center of activity and the difference in nonoverlapping area per waveform
channel is integrated. This nonoverlapping area is summed linearly across all
channels (Dchannels). DTC is exponentiated, weighted, and then added to the
weighted Dchannels value, producing a perceptual distance value. A logistic
function on perceptual distances produces a probability of making a like-

Target response to the given probe pattern. (B) STM model predictions
against mouse responses across all trial types. Within each trial type, trials
were sorted by perceptual distance in the model and grouped. Each dot
represents a set of 50 trials. The dashed unity line indicates perfect
prediction. Different colors indicate different types of perturbation: spatial,
blue; synchronous temporal shifts, green; all other temporal shifts, white;
Non-targets, gray; and spatial and temporal perturbation in same pattern,
red. The model has the following fitting parameters: tact, tprim, tTC , bchannels,
bTC, and bias term b0. (C) Example of template matching for synchronously
shifted patterns. TC changes, but there are no waveform differences.
(D) Template matching for patterns in which activation in one channel
is replaced by another channel. TC does not change but waveform
differences arise.
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templates stored in memory (26). In systems
neuroscience, templatematching can refer tometh-
ods used by experimenters to compare spatio-
temporal neural population activity (27–29).
We propose that olfactory circuits compute
similar forms of matching of neural activity for
odor recognition.
The STM model consists of input transfor-

mation followedby templatematching (Fig. 4A).
Any olfactory input is transformed to temporal
activations in discrete spatial channels (spots
or, more generally, glomeruli). Activations de-
cay over time and are represented by exponen-
tialwaveforms. The decay slope reflects animals’
sensitivity to temporalperturbations,with slower
decays corresponding to higher invariance to
temporal shifts. The strength of activations is
further multiplicatively modulated by primacy,
such that earlier-activated channels within the
pattern evoke larger waveforms. Each learned
Target input is transformed and stored as a tem-
plate against which new patterns are compared.
A template-matching procedure then com-

putes the perceptual distance between new
patterns andTarget templates. Templatematch-
ing considers two effects independently: the
difference in the center of activity and differ-
ences within individual spatial channels. The
center of activity captures the average posi-
tion of each template within a sniff cycle; sim-
ilar centroid measures have been defined to
characterize the mean response latency across
multiple neurons (30). To perform within-
channel comparisons, themodel measures the
amount of nonoverlap between waveforms.
This comparison is done in reference to each
template’s center of activity. Consider synchro-
nous shifts of Target patterns (Fig. 3B): Only
the center of activity changes, not waveforms
relative to the center of activity (Fig. 4C). There-
fore, within-channel comparisons are primar-
ily sensitive to changes in pattern-referenced
timing as opposed to sniff-referenced timing.
The choice of using a centroidmodel for pattern-
referenced timing was further corroborated
by regression analyses showing that the cen-
troid model best predicts responses to tem-
poral perturbations comparedwith othermodels
(fig. S5). Within-channel comparisons are also
sensitive to differences in spatial activations,
for example, in the spot replacement of patterns
(Fig. 4D). The nonoverlap per channel is then
linearly summed across all channels to produce
an overall channel difference value. Channel dif-
ferences and the difference in center of activity
are separately weighted and then combined to
produce perceptual distances.
The STMmodel succeeded at predicting ani-

mals’ responses to the whole spectrum of pat-
tern perturbations (Fig. 4B) and reproduced
the observed trends for individual perturba-
tions (Fig. 5A). Themodel captured the graded
effects of both spatial and temporal perturba-
tions, with primacy in spatial perturbations

Chong et al., Science 368, eaba2357 (2020) 19 June 2020 5 of 8

Fig. 5. Validation of the STM model. (A) Fits of the STM model (red) to individual spatial or temporal pertur-
bations. (B) STM model compared against modified models. Vertical dashed line indicates prediction error of STM
model. Short tact and long tact, changing tact from the fitted value (~60 ms) to 10 or 200 ms, respectively. tprim →∞,
setting tprim to a large value, essentially removing the primacy effect. sniff reference, within-channel comparisons
referenced to sniff and not center of activity. null, null model. Asterisks indicate a p < 0.001 significant difference in
model prediction error versus the STM model obtained from analysis of variance corrected for multiple comparisons.
(C) Comparison of regression models for spatial perturbations, with nonlinear interactions (orange) or without
(gray). The unity line (dashed) indicates perfectly predicted responses. Each dot represents a specific combination of
spatial replacement by spot position. (D) Coefficients for models in (C) for model with interactions (orange)
or without (black) plotted by spot position replaced. Right: histogram of coefficient values for interaction terms.
(E) Comparison of temporal interactions in data as quantified by regression (top) and in simulated data run through the
STM model (bottom). We considered pairwise interactions of directional shifts of spots (numbered). Left: shifting two
spots later (+,+); middle: shifting two spots earlier (–,–); and right: shifting one spot later (+) and another spot earlier (–).
Colors indicate magnitude and direction of interaction; red and teal indicate sublinear and superlinear interactions,
meaning that the effect of paired shift is less or more than predicted from the linear sum, respectively. (F) Predictions
of the STM model plotted against regression models for all data for the same grouping of trials as in Fig. 4B.
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and primacy and asymmetry in temporal per-
turbations. The model also captured the weak
effects of synchronous shifts. Changing any
component in the model decreased model
performance (Fig. 5B).
The STMmodel essentially performs a linear

readout of spatial channels, because within-
channel differences are summed up linearly
without added interactions between channels.
If animals respond to patterns according to
model predictions, then the observed effects of
spatial perturbations should also sum linearly.
This is because replacing spots while keep-
ing timing fixed produces only changes within
channels (which are summed linearly) (Fig. 4D).
We therefore compared a regressionmodel con-
taining only linear terms versus a regression
model allowing for nonlinear effects. The non-
linear model did not perform better than the
linear one (Fig. 5C, nonlinear/linear model
errors = 0.160/0.158), and coefficients for non-
linear interactions were negligible (Fig. 5D).
Furthermore, a more general form of the

STM model with an added parameter that al-
lowed for possible interactions between spatial
channels did not explain the data any better
(see the supplementary text). Therefore, to the
first approximation, the olfactory system per-
forms a linear readout of spatial glomerular
activity: Glomeruli contribute additively to
the overall percept largely independently of
the identity of the other activated glomeruli
in the pattern.
On the other hand, the STMmodel predicts

strong temporal interactions between chan-
nel activations: Shifting any spot changes the
latencies of all other spots encoded in refer-
ence to the whole pattern. Therefore, the effect
of shifting any spot depends on how other
spots are shifted. We confirmed the existence
of temporal interactions with regression: A
regression model allowing temporal interac-
tions between spots (Eq. 4) was superior to one
that didnot (model error =0.1647 versus 0.1725,
p < 0.001, t test). The STMmodel run on a large
simulated dataset of random temporal pertur-
bations produced the same pattern of tempo-
ral interactions in the data, as revealed by
the regression model (Fig. 5E, r = 0.83).
We quantitatively compared the STMmodel

with the best regression model fitted sepa-
rately for each individual class of spatial or
temporal perturbations. The regression mod-
els form a standard for comparison because
they place minimal prior assumptions on the
structure of the data. Despite the STM model
having fewer parameters than the regressions
(six versus 21), the STMmodel performed slightly
better (model error = 0.159 versus 0.160 p <
0.001, t test). Furthermore, for any given pat-
tern, the STM model and regression models
produced responses that were tightly corre-
lated (Fig. 5F), and the correlation between
models was greater than the correlation be-

tween the STM model and the data (r = 0.997
versus r = 0.97). Therefore, the STM model
produces patterns of responses similar to re-
gression analyses, which could in principle
capture more complex relationships within
the data.
We further validated the STM model with

unseen classes of spatiotemporal perturbations.
In our described experiments andmodel fitting
so far, Target pattern perturbations were either
spatial or temporal, not both. We tested the
fitted STM model on additional patterns con-
taining both temporal shifts and spatial re-
placements within the same pattern. Themodel
could predict animals’ responses to spatiotem-
poral perturbations despite never encounter-
ing these manipulations during model fitting
(Fig. 4B, prediction error on spatiotemporal
perturbations = 0.23, spatial perturbations
alone = 0.23, temporal perturbations alone =
0.21). Another form of spatiotemporal per-
turbations was inherent in Non-target trials,
in which all Target spots were replaced and
randomly shifted. No Non-target pattern was
ever repeated for any animal, guaranteeing
that all Non-target stimuli inmodel fittingwere
distinct fromNon-target stimuli inmodel test-
ing. The STMmodel predicted responses across
different Non-targets (Fig. 4B, error = 0.10).
Our results did not merely reflect reinforce-

ment learning of rewarded versus unrewarded
stimulus (Target/Non-target) statistics, because
a classifier trained to use all available reward
information in the stimulation patterns did
not reproduce animals’ responses (fig. S6). The
results also cannot be explained by animals
responding idiosyncratically to probe trials
(from lack of reward) because fitting the STM
model to individual mice or to other groups of
mice with different stimulus parameters (fig.
S3) yielded similar results.
STMof olfactory bulb activity, linearly summed,

constrained by activity-centered timing, and
with preferential weighting on early activations,
can account for how the olfactory system maps
complex activity to perceptual outputs.

Discussion

We developed a framework for finding the per-
ceptually meaningful subspace of spatiotemporal
sensory activity. We optogenetically manipu-
lated features in glomerular activity indepen-
dently of other features, with manipulations
that finely and extensively tiled spatiotemporal
dimensions in a model-agnostic manner. By
comparing all manipulations under a common
metric, we derived a unifying, model-based ac-
count of olfactory computations. Other studies
have used similar optogenetic techniques to
probe olfaction, manipulating single-feature di-
mensions while measuring downstream neural
responses (11, 17, 31) or the limits of behavioral
discrimination (6, 7, 12). Those studies estab-
lished which single-activity features are po-

tentially accessible to the olfactory system,
whereas our approach allows us to under-
stand how features are organized in complex
patterns to generate perception.
Wemeasured howperceptual responses vary

across systematic input manipulations, a basic
approach in psychology applied to various
classes of stimuli (e.g., images, sounds) to reveal
underlying models of sensory representation
(18, 19). We derived models of neural repre-
sentation by measuring perceptual responses
across changes in neural activity.
The STMmodel resolves several open issues

in olfactory coding. First, the model suggests a
linear readout of spatial glomerular patterns.
It has been proposed that odors are encoded
in specific spatial combinations of glomeruli
(32), but there are multiple possible combi-
natorial coding schemes that have not been
tested. For example, one extreme possibility is
a “barcode” representation in which any slight
change to the combination leads to a completely
unrelated odor, maximizing the system’s repre-
sentational capacity for odors. Instead,we found
a perceptual readout of spatial patterns that
is linear. This is consistent with studies that
imaged odor-evoked glomerular activity (33–35)
or directly stimulated individual glomeruli (36).
A linear readout implies that two patterns will
generate odors that are perceptually similar
depending on the degree of glomerular overlap.
Although a linear readout has lower represen-
tational capacity, itmayexplain thegeneralization
of odor percepts across varying concentrations
or backgrounds.
The role of temporal sequences in odor per-

ception has long been hypothesized (8, 13) but
is not theoretically required to support odor
perception (37). We provide direct experimen-
tal evidence for the role of temporal sequences:
Mice trained to recognize a synthetic odor pat-
tern use temporal sequences in odor recognition
even though other (spatial) cues are sufficient
to solve the task. These sequences were de-
fined with relative latencies within a pattern
(10), as opposed to latencies with respect to
sniff (6, 8, 13). Pattern-referenced timingmay
reflect how inputs compete or are integrated
downstream because competition or integra-
tion can depend on temporal proximity be-
tween inputs (11, 38, 39). Biologically plausible
mechanisms for reading out these pattern-
referenced sequencesmay involve delay circuits
(40–42). Long delays on the order of 100 ms
can be implemented by recurrent circuitry: In
piriform cortex, recurrent excitation (43, 44)
or inhibition (43, 45–47) can potentially gen-
erate sensitivity to long delays in olfactory in-
puts (11, 48).
We found aweak perceptual effect for chang-

ing the overall position (center of activity) of
the pattern within sniff, possibly arising from
weak modulation of glomerular activity by
sniff-coupled mechanosensory responses (14).
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Alternatively, mice may be using the overall
position of the pattern in sniff as a weak cue to
solve the task, because the average randomly
generated Non-target pattern has a different
positionwithin sniff comparedwith the Target
pattern.
We found a primacy effect in which earlier-

activated glomeruli had larger effects on per-
ceptual responses. Primacy has been suggested
as a strategy for animals to recognize the same
odor across varying concentrations, because
early-activated glomeruli remain stable across
different concentrations. The ability of ani-
mals trained to recognize odors across varying
concentrations was impaired during coarse
optogenetic disruption, but only when the
disruption occurred in the initial ~100 ms of
inhalation (15). In the present study, animals
were trained to recognize a single Target syn-
thetic odor and displayed a primacy effect
without explicit training to “concentration var-
iants” of the Target. Therefore, the preferential
weighting of early inputs occurs under differ-
ent task demands, suggesting that primacy is a
fundamental property of the olfactory system.
Primacy may be supported by downstream
computations at the level of mitral cells (49) or
piriform cortex (16, 50).
In our task, the animal could use multiple

neural features to form a decision boundary
for Target/Non-target discrimination because
we did not tune task difficulty to the limit of
perception where decision boundaries can be
more confined. Therefore, we cannot rule out
the possibility that nonsensory processes such
as decision-making or action-related processes
contributed to the observed responses, and
the STM model might misattribute some of
these more downstream phenomena to sen-
sory processing alone.
We cannot rule out the possibility that fibers

of passage were activated during our spot
stimulation. However, this effect is likely to be
weak; MT cells were activated by few localized
spots at the laser intensity chosen for our ex-
periments. Another study using similar stimu-
lation parameters also foundnegligible effects of
fibers of passage (11). Furthermore,we observed
negligible nonlinear interactions between spots
during spatial replacements, which would not
be expected if there were widespread coacti-
vation of glomeruli from fibers of passage.
Our experiments did not explore the depen-

dence of perceptual similarity on the chem-
ical tuning of glomeruli. Various studies have
suggested several chemical dimensions that
may correlate with perception (51, 52). If per-
ceptual similarity between glomeruli depends
on chemical similarity along specific dimen-
sions, then chemical similarity may be an ad-
ditional variable that modulates interactions
between glomeruli in the STM model.
Our synthetic stimuli may not capture the

full complexity of glomerular activity evoked

by natural odors. We view the synthetic ap-
proach as complementary to approaches using
more naturalistic stimuli. The claim is not that
these synthetic stimuli are direct proxies for
naturalistic stimuli, but rather that synthetic
stimuli affordwell-controlled experiments with
precise parameterization and causal manipula-
tion, and can be used to establish basic prin-
ciples of the neural code. In other well-studied
sensory systems, foundational understanding
of sensory processing has been built upon syn-
thetic, reduced stimuli (53), whereas natural-
istic stimuli have been used to test and refine
foundational models (54).
We developed an experimental and theoretical

approach that links the complex spatiotem-
poral language of the brain with perception
and behavior. This is especially pertinent given
continued advancements in optical techniques
that allow direct access and manipulation of
the spatiotemporal neural codes at the level
of computations consequential to behavior
(55–58).

Methods summary

We used OMP-ChR2 mice in which ChR2 is
expressed in all olfactory glomeruli in the ol-
factory bulb. Dorsal olfactory bulbwas exposed
for optogenetic stimulation with chronically
implanted glass coverslips. In separate neural
recording experiments, mice were implanted
with glass windows containing pre-drilled,
~1-mm holes, which allowed insertion of sili-
con probes formeasuringmitral cell responses.
For patterned optogenetic stimulation, we used
digital micromirror devices in optical setups
that were either purchased commercially or
custom-built, allowing stimulation patterns
with up to 10-mm spatial and 1-ms temporal
resolution. Stimulus presentation and the
recording of behavioral variables such as res-
piration and lick responses were performed
with a custombehavioral control systembased
on Arduino microcontrollers. For the main
behavioral experiment, mice were trained on
a two-alternative forced choice task in which
one lick spout was assigned to a Target pattern
and the other was assigned to Non-target pat-
terns, and mice were rewarded with a water
droplet for licking to the correct spout when
the associated pattern was presented. A par-
tial reinforcement schedule was used in which
only 70% of all trials were rewarded. A subset
of these unrewarded trials were later sub-
stituted with probe trials (perturbations of
Target patterns), such that probe trials were
never rewarded regardless of the animal’s
response. Animals’ responses on each trial
were then recorded as binary responses: lick-
ing to the Target-associated spout or Non-
target–associated spout. We fitted this binary
response data using logistic regressionmodels
to quantify the behavioral effect along each
spatial or temporal perturbation dimension.

The STMmodel was then used to account for
responses to all perturbation dimensions, both
individually and combined.
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