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Abstract

The mouse gustatory cortex (GC) is involved in taste-guided decision-making in addition to

sensory processing. Rodent GC exhibits metastable neural dynamics during ongoing and

stimulus-evoked activity, but how these dynamics evolve in the context of a taste-based

decision-making task remains unclear. Here we employ analytical and modeling

approaches to i) extract metastable dynamics in ensemble spiking activity recorded from the

GC of mice performing a perceptual decision-making task; ii) investigate the computational

mechanisms underlying GC metastability in this task; and iii) establish a relationship

between GC dynamics and behavioral performance. Our results show that activity in GC

during perceptual decision-making is metastable and that this metastability may serve as a

substrate for sequentially encoding sensory, abstract cue, and decision information over

time. Perturbations of the model’s metastable dynamics indicate that boosting inhibition in

different coding epochs differentially impacts network performance, explaining a counterin-

tuitive effect of GC optogenetic silencing on mouse behavior.

Author summary

Neural circuits can operate in a dynamic regime characterized by sequences of metastable

states. Each state can last for hundreds of ms and is described by correlated spiking activ-

ity across ensembles of neurons. Metastable dynamics have been shown to play a role in

representing sensory information and cognitive signals. In this article, we demonstrate

that activity in the gustatory cortex of mice engaged in a decision-making task is metasta-

ble. We found that some metastable states are associated with the perception of taste,

while others are associated with decision processes. This neural activity, and the behav-

ioral performance sustained by it, can be explained by a metastable network model com-

prising connected ensembles of spiking neurons. When mimicking optogenetic silencing

conducted in previous experiments, our model simulations reveal the link between the

disruption of metastable state sequences and the behavioral impairment due to the
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optogenetic manipulation. Altogether, our results reveal the importance of metastable

states in mediating taste perception related to task performance.

Introduction

Over the past decade, the gustatory cortex (GC) has emerged as a model for studying cortical

dynamics. Analysis of neural activity in alert rats has revealed that ensembles of GC neurons

consistently hop between semi-stable patterns of activity [1–5] termed “metastable dynamics”

(for reviews, see [6, 7]). While these metastable dynamics were originally found in the context

of taste processing, recent work has reported that metastability can also be associated with cog-

nitive processes such as taste expectation [8, 9] and sensorimotor transformations [5, 10]. The

latter was shown in the case of rats producing gapes—orofacial reactions signaling aversion

and rejection [11]—in response to bitter stimulation. During the course of such a consumma-

tory experience, GC neural ensembles switch from taste-encoding to gape-anticipating meta-

stable states [5, 10]. Optogenetic manipulations of activity preceding this switch lead to a

delayed onset of gapes [10], demonstrating a causal role of GC’s metastable dynamics in natu-

ralistic consummatory behavior.

Recent studies indicated that, in addition to representing taste and naturalistic sensorimotor

transformations, GC can also contribute to taste-based decisions in mice engaged in a decision-

making paradigm [12]. Mice were given one of four tastants—two sweets and two bitters—

and, after a brief delay period, had to register a decision by licking one of two lateral spouts.

Electrophysiological recordings in mice performing this task uncovered that GC neurons

encode sensory and decision-making information during the sampling and delay periods.

Interestingly, and counterintuitively for a sensory region, optogenetic perturbation of GC activ-

ity during stimulus sampling had no impact on behavioral performance, whereas silencing dur-

ing the delay period significantly impaired task performance [12]. While important in

highlighting the role of GC in taste-based decision-making, this research raised two fundamen-

tal questions: 1) Is GC’s activity metastable during decision-making and, if so, what role does

GC metastability play in perceptual decisions? 2) Why is optogenetic perturbation of GC neural

activity during stimulus sampling less disruptive than during the delay period?

Here, we investigate these questions using a Hidden Markov Model (HMM) analysis of the

data [1, 4, 5, 13–15] and a biophysically grounded model of GC neural activity. Using HMM,

we demonstrate the existence of a temporal progression of metastable states emerging, sequen-

tially, for coding sensory information (taste quality), internal deliberations, and finally forth-

coming action. To understand the computational mechanisms underlying the genesis of

metastable activity and the emergence of coding states in the context of decision-making, we

developed a metastable spiking network model of GC. The model provides a mechanistic

understanding of the results of our HMM analysis—in particular, the temporal progression of

hidden coding states for different sensory and cognitive variables. The model is then used to

explain the experimental effects of the optogenetic perturbation—in particular, why perfor-

mance is more sensitive to perturbations during the delay period than during the stimulus-

evoked period [12]— and investigate the effects of perturbations on metastable dynamics.

Altogether, our results show that GC supports complex taste-related decisions via sequences

of metastable states that follow a precise temporal progression. The mechanism for this pro-

gression is explained by a biologically plausible model of GC, which also clarifies the counter-

intuitive effects of optogenetic silencing on performance, and further provides testable
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predictions on the effects of intensity and timing of optogenetic perturbations on metastability

and behavioral performance.

Results

Decision-making neural activity in mouse GC is metastable

Mice implanted with drivable multi-tetrode arrays in the gustatory cortex were trained on a

taste-based perceptual decision-making task [12]. In this task, head-fixed, water-restricted ani-

mals sampled a tastant—sucrose, quinine, maltose, or sucrose octaacetate—from a central

spout and learned to lick one of two lateral spouts based on the following rule: sucrose or qui-

nine means lick left, and maltose or octaacetate means lick right. A correct directional lick

resulted in a water reward from the lateral spout. The intentional counterbalancing of taste

quality between cued directions—sucrose and maltose are sweet, while quinine and octaacetate

are bitter—ensured that the animal could not rely simply on the generalization of sweet or bit-

ter to perform well on the task, but rather had to recategorize the four stimuli according to the

rule. A variable delay between sampling and availability of the lateral spouts was implemented

such that the average time between the sampling/taste event (first lick to the central spout) and

the decision event (first lick to the lateral spout) was 2.53 s (range: 1.40 − 6.66 s) (Fig 1A).

Once mice learned the task (i.e., they reached criterion performance of at least 75% for 3 con-

secutive days), recording sessions began. We recorded from a total of 16 sessions in four mice,

with an average of 198 trials per session (range: 75 − 292) and 5 simultaneously recorded neu-

rons per session (range: 3 − 9).

We hypothesized that metastable dynamics support the ability of GC to code for different

task-related variables, informed by recent findings revealing a crucial role for GC in sensory

and decision-making aspects of this task [12], as well as work demonstrating metastability in

GC [1, 4]. To test this hypothesis, we fitted a Hidden Markov Model (HMM) to our ensembles

of simultaneously recorded spike trains. This method allowed us to segment the neural activity

into recurrent sequences of discrete states that are not directly observable—a signature of

metastable dynamics previously described in this area [1, 6, 7]. The hidden states were defined

as vectors of firing rates across the simultaneously recorded neurons [1, 4, 15–18].

HMM was fitted to the spike trains of each session separately, and then used to decode,

trial-by-trial, the sequence of hidden states (see Materials and methods for details). The neural

activity in all sessions and trial types could be characterized by sequences of metastable states,

with a median of 4.5 hidden states per session (range: 3 − 8). Examples of state sequences are

shown in Fig 1B–1D, (left panel). Note how state transitions occur at random times in differ-

ent trials. The distribution of state durations resembled an exponential distribution with mean

577 ms (standard deviation: 602 ms; median: 338 ms; range: 50 − 5, 546 ms), in keeping with

previous findings in the rat GC [1, 4]. These results demonstrate that ensemble activity of

mouse GC during decision-making is metastable. Remarkably, some states occurred more

often in specific trial types, with their onset times obeying distinct probability distributions, as

we show next.

Distinct discrete states encode task-related variables

To identify whether hidden states encoded task-related variables, state occurrences were com-

pared across different trial types (i.e., characterized by different stimuli or actions; see Fig 1B–

1D, right and S1 Fig). For a state to be considered a coding state, occurrence frequencies had

to differ across correct trials of the four different stimuli (Chi-squared test, p< 0.05). An addi-

tional comparison was performed to determine whether the probability of observing the state

was significantly different for one stimulus out of the four (assessed by running pairwise
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Marascuilo post-hoc tests; see Materials and methods). If this was the case, the state was con-

sidered “Taste ID-coding.” If not, we grouped correct trials by cued direction (cue left: sucrose

or quinine; cue right: maltose or octaacetate) and by taste quality (sweet: sucrose or maltose;

bitter: quinine or octaacetate). If the state appeared with significantly different frequency

between correct cue left and correct cue right trials, but not between correct sweet and correct

bitter trials, it was considered a “Decision-coding” state. Similarly, if a state appeared with sig-

nificantly different frequency between correct sweet and correct bitter trials, but not between

correct cue left and correct cue right trials, it was considered a “Quality-coding” state. In the

case that both of these comparisons were significantly different, the state was considered

“Dual-coding” (see Materials and methods for details). Over all the 16 recording sessions we

found 8 Taste ID-coding states, 3 Dual-coding states, 15 Decision-coding states, and 4 Qual-

ity-coding states. We chose to focus on Quality-coding and Decision-coding states because

they have intuitive interpretations in the context of our behavioral task: Quality-coding states

are associated with either sweet or bitter taste qualities, which reflect processing of sensory

information. Decision-coding states are associated with either the left or right directions,

which reflect decision-making activity. These states were distributed sparsely across sessions:

Fig 1. Decision-making activity in GC is metastable and distinct metastable states encode different task-relevant variables. A:

Perceptual decision-making task schematic [12]. S: sucrose, Q: quinine, M: maltose, and O: sucrose octaacetate. B-D (left): Raster

plots and HMM-decoded metastable states for in vivo spiking activity during decision-making behavior. “Taste” indicates the

animal’s first lick to the central spout; “Decision” indicates the animal’s first lick to a lateral spout. B-D (right): Classification of

hidden states. Quality-coding (B, red), Cue-coding (C, cyan), and Action-coding (D, blue) states. � indicates significant difference by

Chi-squared test (p< 0.05, corrected for the number of decoded states in the session). Mouse graphic in A created with BioRender.

com.

https://doi.org/10.1371/journal.pcbi.1010865.g001
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62.5% of sessions contained a Decision-coding state and 25% of sessions contained a Quality-

coding state, with only 18.8% of sessions containing both (S1 Table, Column 1).

Decision-coding states were additionally divided into two categories: “Cue-coding” and

“Action-coding” states, the former being associated with the perceptual categorization of the

stimulus based on the direction it cues (i.e., sucrose or quinine! left; maltose or octaacetate!

right), and the latter being associated with the execution of the action (i.e., go left; go right).

This separation was based on the frequency of occurrence of states in correct and incorrect tri-

als. Decision-coding states associated with the same cued direction in correct and incorrect tri-

als were deemed Cue-coding since they were consistently associated with the cued direction,

whereas Decision-coding states associated with opposite cued directions in correct and incor-

rect trials were deemed Action-coding since they were consistently associated with the chosen

direction (see Materials and methods for details). We found 7 Action-coding states and 8 Cue-

coding states (S1 Table, Column 1). Imposing stricter criteria at this step of the classification

(i.e., requiring that sessions contain at least 10 incorrectly performed trials of each cued direc-

tion) did not qualitatively alter any of the results shown here, but decreased the number of

Action- and Cue-coding states to 5 and 6, respectively.

Temporal sequences of coding states reflect task structure

Previous literature highlights the importance of temporal dynamics in GC [1, 5, 9, 19–21],

with different variables being encoded at different times following stimulus delivery. To deter-

mine whether the variables associated with a taste-based, 2-alternative choice (2-AC) task are

encoded sequentially, we analyzed the within-trial onset times of coding states. Consistent

with the literature, we hypothesized that Quality-coding states should appear early in the trial,

followed by Cue-coding and Action-coding states. To test this hypothesis, all within-trial onset

times of the classified coding states were pooled across all sessions. Trial durations were

“warped” so that taste delivery occurred at time 0 and decision occurred at time 1; this way

timings could be compared across different trials in common time units. The distributions of

coding states’ onset times in these common time units are plotted in Fig 2A. The distributions

are clearly separated in time and arranged in a sequence where Quality-coding states appear

before Cue-coding states, which, in turn, appear before Action-coding states. Mean onset

times for Quality-coding, Cue-coding, and Action-coding states were 0.14, 0.41, and 0.67

(common time units), with inferred peaks occurring at 0.07, 0.38, and 0.87, respectively. This

coding progression emerges after pooling all trials across all sessions; coding states (specifi-

cally, Quality-coding, Cue-coding, or Action-coding) were found in 1, 028 out of 3, 160 total

trials, and occurrences of multiple coding states within the same trial were rare, likely due to

small neural ensembles per session. However, the ordering of within-trial coding state

sequences was highly reliable: out of 362 trials containing at least two different types of coding

states, 313 (86%) had the proper ordering (i.e., Quality! Cue! Action). Thus, although the

phenomenology is an inferred property of the aggregate pseudo-population of neurons, the

results are consistent with sequential encoding in each trial unfolding from sensory informa-

tion processing to perceptual categorization, and finally to decision-making and action

execution.

To ensure that coding states were meaningful, and not a by-product of HMM analysis, a

series of control analyses were performed. Randomly permuting trial type (i.e., stimulus) labels

within correct and incorrect trials and repeating the state coding classification analysis severely

reduced the probability of finding coding states in the data, as expected (4 Quality-coding

states in unshuffled data vs. an average of 0.3 in shuffled datasets; 15 Decision-coding states in

unshuffled data vs. none in shuffled datasets). In addition, two surrogate datasets were
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generated from raw data by shuffling the spike trains circularly or by swapping segments of

simultaneous activity across time (see Materials and methods). The circular shuffle preserves

individual spike train autocorrelations but disrupts co-activation (hence, pairwise correlations)

between neurons; the swap shuffle does the opposite, i.e., it preserves neuron co-activations

but disrupts autocorrelations [22]. Both types of shuffling preserve the individual neurons’ fir-

ing rates. These shuffled datasets were fitted with new HMMs and the resulting states were re-

classified for their coding properties. Overall, we found only a modest reduction in the num-

bers of different coding states (S1 Table), which may indicate that the neural autocorrelations

alone, or the pairwise correlations alone, may contain enough information to identify activity

associated with task variables (e.g., if enough information is contained in the firing rates

alone). This is possible since (i) the circular shuffling procedure will destroy the HMM states

found in the original dataset, but can still produce new states, and (ii) randomly swapping

time bins will not disrupt coordinated spiking across neurons. The states produced by shuf-

fling, however, no longer truly reflect task variables, as confirmed by the lack of temporal

information in the onset times of the coding states. In particular, the onset time distribution

plots constructed for the shuffled datasets showed no clear separation among coding states of

different types (Fig 2B and 2C). Thus, even though there was enough information in the shuf-

fled datasets for the model to find coding states, the temporal structure of these states was

completely disrupted.

Modeling metastable decision-making activity in GC

Results from HMM analysis demonstrate that GC relies on metastability to represent variables

associated with the performance of a taste-based 2-AC task. To investigate the potential

Fig 2. Coding state onset times exhibit an intuitive temporal sequence. A: Distribution of onset times of all states classified as either Quality- (red),

Cue- (cyan), or Action-coding (blue) for experimental data showing a progression from coding for sensory information to abstract cue information to

action information. B: Distribution of onset times for spiking data that are shuffled circularly. C: Distribution of onset times for spiking data that are

swapped across time.

https://doi.org/10.1371/journal.pcbi.1010865.g002
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circuit-level mechanisms driving metastable activity in the context of the 2-AC task, we devel-

oped a recurrent spiking network model of GC that could replicate the key experimental

findings.

Metastability in spiking network models can be achieved by a clustered architecture where

synaptic connections among neurons within the same cluster are stronger than those among

neurons of different clusters [4, 23–25]. Our network contained both excitatory (E) and inhibi-

tory (I) neurons, each organized into 14 uniformly-sized clusters with stronger synaptic con-

nections than among neurons of different clusters. Each excitatory cluster was paired with a

partner inhibitory cluster via stronger synaptic connections than among neurons of non-part-

ner E-I pairs [25] (see Fig 3A, S2A Fig, and Materials and methods for details).

The model was built to encode the crucial variables associated with the decision-making

task, namely stimulus (taste), cued direction (cue), and selected direction (action). This was

achieved by wiring the network such that specific properties could be assigned to 8 randomly

selected excitatory clusters, coding respectively for: sucrose, quinine, maltose, sucrose

Fig 3. Clustered spiking network model for decision-making activity. A: General structure of the network. Neurons in the network are organized

into fourteen excitatory (black) and partner inhibitory (red) clusters and connected in a highly recurrent manner. The zoomed inset indicates the

generic structure of all of the connections that exist between any two excitatory clusters and their inhibitory cluster partners (pointed arrowheads are

excitatory connections, flat arrowheads are inhibitory connections). B: Details of synaptic connections between taste, cue and action clusters, with

inputs simulating the sensory stimulus (left, top) and the gating GO signal (left, bottom). C: Raster plot of metastable network activity in the absence of

a stimulus (top) and after stimulation (bottom). Neurons are grouped by clusters (black: excitatory, red: inhibitory). S: sucrose, M: maltose, Q: quinine,

O: sucrose octaacetate, CL: cue left, CR: cue right, AL: action left, and AR: action right.

https://doi.org/10.1371/journal.pcbi.1010865.g003
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octaacetate, cue left, cue right, action left, and action right. Taste-selective clusters were charac-

terized by having half of the neurons receive additional external input when either sucrose,

quinine, maltose, or sucrose octaacetate were presented. The increased input varied in time as

an alpha function (difference of two exponentials) that began at the start of the trial (Fig 3B,

top left).

To replicate the experimental finding of coding states associated with a particular taste qual-

ity (i.e., sweet or bitter), clusters of neurons coding for sucrose and maltose were more strongly

connected than clusters coding for, e.g., sucrose and quinine. Similarly, clusters coding for qui-

nine and octaacetate were more strongly connected than clusters coding for, e.g., quinine and

maltose. The same structure was imposed on the corresponding inhibitory partners. This

structure was obtained by randomly selecting one quarter of the neurons in each partner E-I

pair and connecting them with strong synaptic weights J++Jαβ, with Jαβ being a common refer-

ence synaptic weight from neurons in cluster β to neurons in cluster α (α, β 2 {E, I}). Neurons

in the same taste cluster, but outside this more strongly connected subpopulation, had weaker

synaptic connections (mean J+Jαβ, with J++ > J+ > 1; see Materials and methods, S2B Fig, and

S3 Table for model parameters). This structure mimics overlapping populations of neurons

with similar response properties, and reflects the fact that many neurons in the GC [26] and

elsewhere in the cortex [27] respond to multiple stimuli.

The 2 cue-selective clusters received stronger input from the appropriate pair of taste-selec-

tive clusters (i.e., connections from sucrose and quinine clusters to the “cue left” cluster and

from maltose and sucrose octaacetate clusters to the “cue right” cluster were stronger com-

pared to the cross-connections; see Fig 3B and S3 Fig for additional details); similarly the 2

action-selective clusters received stronger input from the appropriate cue-selective cluster (i.e.,

stronger connections from the “cue left” cluster to the “action left” cluster, and from the “cue

right” cluster to the “action right” cluster). Cue- and action-selective clusters also had stronger

intracluster connections than other clusters (S3 Table) to promote more “persistent” activity

intended to reflect stable mental constructs.

To represent the approach of the lateral spouts in the behavior task, which prevents mice

from acting on a decision until the end of the delay period, we incorporated a preparatory

action gating signal in the model (Fig 3B, bottom left). The gate prevents the action-selective

clusters from receiving input until a randomly chosen point in time in each trial, representing

availability of the spouts. The gating mechanism is implemented as a multiplicative modifier

of input that ramps linearly from 0 to 1 over 0.5 s, beginning at a random time (uniformly dis-

tributed over [1.1 s, 1.9 s]).

Altogether, the anatomy and topology of the model network gave rise to a random-looking,

metastable dynamics in the absence of a stimulus (Fig 3C, top), and to a cascade of processes—

from taste to cue to action—in the presence of a stimulus [28], due to preferential connections

embedded within the highly recurrent network model (Fig 3C, bottom). The network typically

responded to stimuli with high firing rates initially in the stimulus-responsive cluster and its

overlapping partner, then in a cue cluster, and then in an action cluster (Fig 3C, bottom).

To infer the model’s choice on each trial, we computed firing rates for action clusters in 50

ms bins and considered a cluster to be “on” when it fired at� 40% of its maximum firing rate

across the whole session. Behavioral scoring of trials was then evaluated following this simple

rule: if the correct action cluster came on between 0.5 s and 3.0 s after stimulus onset and the

incorrect action cluster did not, the trial was scored as correct; if the incorrect action cluster

came on during the same window and the correct action cluster did not, the trial was scored as

incorrect; if neither action cluster or both action clusters came on during this window, the

decision was assigned randomly.
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To test the model, we randomly generated 10 different synaptic weight matrices, which

may be thought of as 10 independent network instances. For each instance of the network, we

ran 100 trial simulations (25 simulations per tastant); in each simulation, a stimulus was

applied and the network was allowed to evolve over 3 seconds. Over all 10 realizations, the net-

work had an average accuracy rate of 80.1%, which is comparable to the experimental perfor-

mance of mice performing the real task (82.8%; [12]). To assess whether the network model

could reproduce the metastable dynamics observed experimentally, we randomly selected one

neuron from each excitatory cluster to form a 14-neuron sample. The spike trains of these

sampled 14-neuron ensembles were fitted with an HMM over the 100 trials (Fig 4A). Metasta-

ble states were decoded on a trial-by-trial basis as was done for the experimental data, and

state coding properties were classified according to the same definitions used in Fig 1B–1D

(see Fig 4C–4E).

Analysis of state onset times (Fig 5A) revealed that these distributions corresponded quite

well with those observed in the experimental data. Most notably, the model captured the tem-

poral sequence of distribution peaks observed in the data, showing a progression through time

Fig 4. HMM analysis of network-simulated data. A: Example network activity showing sucrose-triggered response. B: Raster plot with overlaid

HMM-decoded hidden states corresponding to the trial shown in A. Arrows indicate onsets of different coding states. C-E (left): Raster plots and

HMM-decoded metastable states for simulated spiking. C-E (right): Classification of hidden states. Quality-coding (B, red), Cue-coding (C, cyan), and

Action-coding (D, blue) states. � indicates significant difference by Chi-squared test (p< 0.05, corrected for the number of decoded states in the

session).

https://doi.org/10.1371/journal.pcbi.1010865.g004
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from taste-coding to abstract cue-coding and finally to action-coding. The mean onset times

for Quality-coding, Cue-coding, and Action-coding states were 0.04, 0.49, and 0.74 common

time units, with inferred peaks occurring at 0.03, 0.40, and 0.82, respectively. Similarly to the

experimental data, no coding states with any meaningful temporal dynamics were found when

shuffling the simulated data (circular or swap shuffle, see Materials and methods and Fig 5B

and 5C). This finding confirms that coding the temporal structure of the task via a sequence of

metastable states requires a particular network structure, with our model providing a specific

link between network structure and function.

Relationship between GC dynamics and behavioral performance

To further probe the relationship between network structure and function, we subjected our

model network to a series of external perturbations, inspired by the optogenetic silencing

experiments carried out by [12]. Those experiments showed that task performance is unaf-

fected by silencing GC during the “sampling period” (from 0 to 0.5 s post-taste event) but

impaired by silencing GC during the “delay period” (from 0.5 to 3 s post-taste event). We

modeled optogenetic silencing as a simple square pulse input on top of the baseline external

current and with strength (height) measured as percent increase in the baseline. The silencing

input targeted all inhibitory neurons in the network. Representative spike rasters for network

activity with simulated silencing during the sampling and delay periods are shown in Fig 6A.

We ran 100 simulated trials for each of our 10 networks under both silencing conditions and

measured task accuracy as we did before under control conditions. S5A Fig shows the results

of silencing on network performance. Silencing during the delay period induced a more dra-

matic drop in performance than silencing during the sampling period (p< 0.0001;

Fig 5. Coding state onset times in the simulated data qualitatively reflect those in experimental data. A: Distribution of onset times of all states

classified as either Quality- (red), Cue- (cyan), or Action-coding (blue) for simulated data showing a progression from coding for sensory information

to abstract cue information to action information. B: Distribution of onset times for spiking data that are shuffled circularly. C: Distribution of onset

times for spiking data that are swapped across time.

https://doi.org/10.1371/journal.pcbi.1010865.g005

PLOS COMPUTATIONAL BIOLOGY Discrete coding states during gustatory decisions

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010865 February 7, 2023 10 / 28

https://doi.org/10.1371/journal.pcbi.1010865.g005
https://doi.org/10.1371/journal.pcbi.1010865


Bonferroni-corrected post-hoc after significant 1-way within-subjects ANOVA); however,

silencing during the sampling period also reduced the performance (p = 0.0013), contrary to

our previous experimental findings [12].

These results depend on the specific parameters used to model the stimulus and the effect

of silencing, parameters on which there is little or no experimental information. We therefore

adjusted the taste stimulus gain and time constant to capture both the effects of silencing and

our HMM results under control conditions. Increasing the stimulus decay time constant from

160 ms to 705 ms yielded performance results that matched the silencing experiments (S5C

Fig), however, repeating the HMM analysis with this new stimulus revealed disrupted coding

state dynamics (S5D Fig). Instead, leaving the decay time constant at 160 ms and increasing

the stimulus gain from 60% to 200% captured both the silencing experiments (Fig 6B) and the

temporal progression of the coding states (Fig 6C; compare with Fig 5C). Thus, with

Fig 6. Effect of simulated optogenetic silencing on model performance. A: Rasters showing representative network activity when silencing is applied

during “sampling” (0 to 0.5 s) and during “delay” (0.5 to 3 s). Shaded yellow regions indicate that silencing (100% increase in external baseline current

for all inhibitory neurons) is on. B: Stimulus time courses and periods of silencing for 10 networks receiving full stimulus input (top) and their

corresponding distributions of task accuracies (bottom). C: Distributions of onset times of coding states for 10 networks with stimulus input with gain

of 200% (compare to Fig 5A, wherein the stimulus gain is 60%). D: Stimulus time courses and periods of silencing for 10 networks receiving partial

stimulus input (top) and their corresponding distributions of task accuracies (bottom). Partial stimulus input was divided into Head only (left panel)

and Tail only (right panel). Grey bars represent means ±1 standard deviation for the corresponding None (baseline) condition; N.S. represents no

significant difference with respect to the corresponding None; � represents significant difference with respect to the corresponding None (p< 0.05,

Bonferroni-corrected post-hoc for 2-way within-subjects ANOVA with factors Stimulus and Silencing).

https://doi.org/10.1371/journal.pcbi.1010865.g006
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appropriate stimulus parameters, the model can explain the silencing effects as well as the

metastable dynamics of coding states found in the HMM analysis of the data.

With the effect of silencing on behavior now captured by the model, we investigated the

mechanism by which silencing during the sampling period fails to impair task performance.

There could be two (not mutually exclusive) mechanisms underlying the ineffectiveness of

silencing during sampling: (1) the silencing input cannot overcome the simultaneous, strong

stimulus input during the first half second; (2) the residual stimulus input occurring after the

first half second provides sufficient information to drive network performance. We tested

these hypotheses by decomposing the stimulus into two segments: the “head” that occurs dur-

ing the first half second and the “tail” that occurs after the first half second. We then conducted

additional simulations to measure network accuracy under control and under both silencing

conditions for each component of the stimulus (Fig 6D). We compared performance values

using a 2-factor within-subjects ANOVA with two 3-level categorical factors: Taste Stimulus

(levels: Full, Head, and Tail) and Silencing (levels: None, Sampling, and Delay). We found a

significant Stimulus-Silencing interaction and carried out post-hoc comparisons with a Bon-

ferroni correction. Although each stimulus component was necessary for normal performance

when no silencing was present (Full/None vs. Head/None, p = 0.0026; Full/None vs. Tail/

None, p< 0.0001), the tail of the stimulus was both necessary and sufficient for normal perfor-

mance in the presence of silencing during the sampling period (Full/Sampling vs. Head/Sam-

pling, p< 0.0001; Full/Sampling vs. Tail/Sampling, p = 0.6572). This supports the latter of the

two explanations described above—i.e., that residual stimulus input occurring after the first

half second is sufficient for accurate performance. This also suggests that the dynamics of lin-

gering stimulus information in GC can rescue the silencing-induced performance deficits after

the sampling period.

To further explore this time-variable effect of silencing with a higher resolution, we took a

250 ms-wide silencing square pulse and slid its center along the 3 s trial window in 50 ms

increments, computing the 10-network, 100-trial average performance at each point. Two

silencing strengths were used: “Weak” (25%) and “Strong” (100%). This revealed 3 temporal

windows of interest: i) sampling onset, when both weak and strong silencing have no effect on

performance; ii) sampling offset and cue cluster onset, when both weak and strong silencing

impair performance; and iii) mid-trial, when strong silencing impairs performance but weak

silencing does not (S6 Fig). We investigated the impact of silencing in these three windows on

network activity by taking a representative network and comparing its control trials (i.e., those

without silencing) to silenced trials. We used the same initial conditions in all cases and 6 dif-

ferent combinations of silencing perturbation: Weak or Strong at the beginning of the sam-

pling (“Beginning”: 0 to 250 ms), Weak or Strong at cue onset (“Cue onset”: 250 ms window

centered on the onset time of the cue cluster in the corresponding control trial—these onset

times have mean * 0.6 s), and Weak or Strong during the middle trial period (“Middle”: 1,

375 to 1, 625 ms). We fit an HMM to the 700 total trials of spiking activity generated by this

network, and decoded its hidden states in each trial (Fig 7A). Effects on metastable states paral-

leled the effects on network task performance. Visually, the sequences of states under the con-

trol condition appear similar to those under silencing conditions that did not impact

performance (Weak/Beginning, Strong/Beginning, and Weak/Middle) and different from

those under silencing conditions that did impact performance (Weak/Cue onset, Strong/Cue

onset, and Strong/Middle), wherein state transitions are much more frequent and state

sequences appear muddled. This phenomenon is confirmed by computing an average pairwise

state matching rate relative to control conditions (see Materials and methods) as a measure of

sequence similarity to control sequences over time (Fig 7B). Classifying the hidden states fur-

ther reveals a significant decrease in the fraction of trials containing a correct Action-coding
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Fig 7. Effect of simulated optogenetic silencing on network activity. A: HMM-decoded states for a network subjected to various simulated

optogenetic perturbation conditions. Silencing time courses for each condition are shown at the top of each column; decoded states over all 100 trials

for each condition are shown below. Trials are ordered in stimulus blocks from bottom to top (S: sucrose, M: maltose, Q: quinine, O: octaacetate) and

are ordered in outcome blocks within each stimulus block from bottom to top (correct, incorrect, omitted; incorrect and omitted trials are indicated by

black and grey shading, respectively, on the left-hand side). B: Average state sequence similarities over time. For each silencing condition in A, the

corresponding curve represents how similar the state sequence is (on average) to the state sequence obtained under control (i.e., under no silencing).

Each raw similarity score (ranging from 0 to 1) was normalized by the score obtained by comparing the control condition with itself (see Materials and

methods for details, Eq 5). C: Numbers of trials out of 100 for each condition (W: Weak, S: Strong, B: Beginning, C: Cue onset, M: Middle) that contain

correct, incorrect, or no Action-coding states, based on a coding state classification of the states from A. Action-coding states are considered correct or

incorrect in each trial based on whether their direction preference (in correct trials) matches that trial’s correct direction. � indicates significant

difference vs. control in fraction of trials with correct Action-coding states (Chi-squared test across conditions, followed by pairwise Marascuilo post-

hoc with α = 0.05).

https://doi.org/10.1371/journal.pcbi.1010865.g007
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state under the three silencing conditions that impair performance (p< 0.05 for Marascuilo

post-hoc tests vs. control after significant Chi-square test across conditions; Fig 7C).

Discussion

In this study, we demonstrate that neural activity associated with taste-based decisions is meta-

stable and temporally organized to sequentially encode information related to sensory stimuli,

decision variables, and upcoming actions. We further provide a computational model that

accounts for metastable dynamics in GC and its link with behavior. It further shows the rela-

tionship between silencing, metastable dynamics, and network performance. This model

allows us to explain why silencing GC during sensory stimulation has a smaller impact on per-

formance compared to perturbation during the deliberation period. These results significantly

advance our understanding of GC and its role in decision-making, and confirm metastability

as a dynamic regime relevant for GC’s function.

Temporal dynamics of GC activity and functional roles of metastability in

GC

GC neurons produce time-varying responses following gustatory stimulation [19, 29, 30]. Fir-

ing rates transition through three successive epochs, each having a different onset and encod-

ing a distinct aspect of taste. The earliest epoch lasts for* 250 ms and encodes the contact of

taste with the tongue. The second epoch (from * 250 ms to * 1 s) represents chemosensory

information—that is, taste quality (i.e., bitter, sweet, salty, sour, and savory). Finally, the third

epoch (after * 1 s) encodes the palatability of the stimulus and correlates with ingestive or

aversive behaviors. This sequence is believed to result from recurrent interactions among GC,

thalamic, and limbic areas such as the basolateral nucleus of the amygdala [8, 31–34]. These

dynamics were initially uncovered through a careful analysis of single neuron firing rate mod-

ulations averaged across trials [19]. Additional studies of the ensemble activity from simulta-

neously recorded neurons further confirmed the existence of these dynamics at the single trial

level, revealed trial-by-trial consistency of epochs, and identified epochs as metastable states

with rapid onsets [1, 3, 4].

Recent experiments in rodents engaged in behavioral tasks suggest that additional epochs

containing task-dependent variables could exist. For instance, recordings from GC of rodents

intentionally licking a spout show preparatory activity that precedes the somatosensory epoch

[35, 36]. Studies using taste-anticipating cues prove the existence in GC of anticipatory firing

rate modulations, which encode general and specific expectations [8, 33, 37]. Similarly, experi-

ments in rodents performing a decision-making task show neural activity consistent with

sequences of epochs encoding decision-related variables [12, 38]. While this more recent work

has been relevant in showing that GC does not just multiplex sensory variables, it has largely

relied on single neuron analyses and across-trial averages.

The work presented here is the first that shows that variables associated with reward-driven

decision-making are encoded by GC as metastable states. Our HMM analysis of GC ensemble

activity during the four-taste, perceptual decision-making task has demonstrated that GC

activity traverses sequences of metastable states encoding relevant task variables. These results

are in line with prior evidence from higher order areas [15, 39–42] and are the first to show

such a phenomenon in a sensory area. Our analysis further shows that, in the rodent GC,

metastable states undergo a temporal progression with taste-coding states occurring first, fol-

lowed by cue-coding states, and finally by action-coding states. This progression is consistent

with a model in which GC first encodes sensory information (e.g., sweet vs. bitter), then deci-

sional variables (e.g., predictive value of taste or preparatory activity associated with actions),
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and then actions (e.g., lick left vs. lick right). Importantly, coding state transitions occur at var-

iable times in different trials, allowing for pinpointing of the internal occurrence time of sen-

sory perception or decision. This also allows for disentangling of the neural activity related to

internal processes from the neural activity immediately following external triggers.

Perturbing GC dynamics

GC dynamics and their behavioral significance have been extensively tested via temporally

precise optogenetic perturbations. Studies in rats receiving tastants through intraoral cannulae

demonstrated that the effects of perturbations on gaping depend on the specific timing of

silencing [10]. The differential impact of perturbations during specific temporal epochs was

also present in mice performing a four-taste, perceptual decision-making task [12]. Optoge-

netic activation of parvalbumin-positive interneurons—an established method for silencing

cortical activity [43]—was effective in reducing behavioral accuracy only if performed during

the delay period, when cue-related, preparatory activity occurs, and not during the period of

taste sampling. While these results were interpreted as evidence that GC’s cognitive signals

play a role in guiding taste-based decision-making, they also raised questions about the behav-

ioral role of GC taste-coding states. In this work, we capture those results in our spiking net-

work model and provide a possible explanation. Our results suggest that the ineffectiveness of

silencing during the sampling period is best explained by residual stimulus input sufficing to

drive the network after silencing, although competition between simultaneous stimulus and

silencing inputs may also play a role.

Our additional silencing perturbation simulations, conducted at higher temporal resolution

than explored experimentally, revealed precise points of susceptibility and resilience to silenc-

ing in the model, both in terms of task accuracy and metastable state sequences (S6 Fig).

Model activity, metastable dynamics, and performance were robust against silencing when it

occurred at the beginning of a trial, were disrupted by silencing when it was applied at the

onset time of a cue cluster, and—depending on silencing strength—were conditionally

impaired by silencing when it occurred in the middle of a trial (Fig 7). Furthermore, metasta-

ble dynamics and their ability to sequentially encode stimulus and task variables were tightly

linked to network performance. The model therefore provides experimentally testable predic-

tions for optogenetic silencing of neural decision-making activity with various intensities and

windows of application.

Modeling GC: Metastability and decision-making

The observation of reliable and reproducible metastable dynamics in GC has inspired model-

ing efforts aimed at explaining the network mechanisms underlying this phenomenon and its

functional significance. [28] showed how a spiking metastable network can account for state

sequences observed during consummatory behavior (associated with ingestion or rejection of

tastants); later, [4] demonstrated the existence of metastable dynamics in the absence of overt

stimulation, and built a spiking network model of GC able to spontaneously produce metasta-

ble dynamics. This network has formed the basis of subsequent models that have captured a

wealth of data pertaining to neural dynamics in GC [3, 9]. The model described here repre-

sents another significant advancement, in that the model can further process stimuli based on

the abstract decision they instruct. The four tastants instructing decisions are categorized

according to their taste quality first and their predictive value after, reproducing the temporal

sequence of metastable states representing taste quality, predictive value of the taste, and

action. The model also produces decisions with a similar performance to our experimental

subjects.
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In order to reproduce the experimental results observed in mice performing the four-taste,

2-AC task, the network had to include the following features: i) partial overlapping of clusters

representing stimuli that share the same taste quality; ii) biased intercluster connections creat-

ing a flow of information from sensory clusters to cue clusters to action clusters; iii) an action

gate signal priming action. These ingredients were absent in previous models and suggest the

existence of possible biological counterparts in GC. Partially-overlapping clusters take into

account that GC neurons may respond to multiple tastes [26] and may be the basis of stimulus

generalization based on predominant taste quality. Biased intercluster connectivity may be the

result of synaptic plasticity leading to the formation of neuron ensembles producing prepara-

tory and action-related activity. The action gate was inspired by the presence of the lateral

spouts moving toward the mouse, hence providing an implicit, ramping “GO” signal that may

correspond either to an anticipatory input from areas like the amygdala, or to a disinhibitory

signal triggered by the cue. This gate is also similar in spirit and implementation to the

“urgency-gating model” described by [44]. Additional experiments are needed to test these

predicted mechanisms.

The model also explains the effects of optogenetic perturbations and makes further predic-

tions based on the strength of the perturbation and the period in which it is applied, as dis-

cussed in the previous section.

In summary, the present work shows that metastable dynamics occurs in GC during deci-

sion-making and provides a computational model explaining the genesis of metastability and

its role in taste-based decisions. The ability of our model to reproduce the experimental results,

together with our past body of work [3, 4, 9], suggest that the clustered inhibitory-excitatory

network model may truly underlie the anatomical and functional organization of the rodent

GC.

Materials and methods

Summary of behavioral procedure and electrophysiology

Methods for behavior and electrophysiology are available in [12], which presents the dataset

analyzed in this study. Briefly, mice were unilaterally implanted with 8 tetrodes in the left gus-

tatory cortex for chronic electrophysiological recording. After recovering from surgery, mice

were water-restricted and trained to perform a four-taste, perceptual decision-making task to

obtain water rewards. For the task, head-fixed mice sample a tastant—either sucrose, quinine,

maltose, or sucrose octaacetate—from a central spout. The sampling period (time between

first and last lick to the central spout) was * 0.5 s. After a delay period (* 2 s) two lateral

spouts advance in front of the animal’s mouth. To receive the water reward, the mouse must

lick the left spout if the tastant was sucrose or quinine and must lick the right one if the tastant

was maltose or sucrose octaacetate. Testing commenced once mice achieved a criterion perfor-

mance of at least 75% for 3 consecutive days. Electrophysiological recordings were obtained

while mice performed the task.

Raw data and preprocessing

Raw data consisted of spike trains from simultaneously recorded neurons over 21 recording

sessions involving 5 mice. Within each recording session, trained mice performed an average

of 190 trials (range: 75 − 292) of the behavioral task at an average accuracy of 82.8% (range:

71.0% − 93.3%). Only spikes within 100 ms before the taste event (first lick to central spout) to

100 ms after the decision event (first lick to lateral spout) were considered for each trial (we

refer to these 100 ms segments before and after events as “padding”). These windows of analy-

sis for each trial were concatenated and, prior to model fitting, neurons whose firing rates
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averaged over this total window were< 2 Hz were excluded from analysis. Sessions with < 3

simultaneously recorded neurons were then excluded from analysis. This resulted in 16

recording sessions involving 4 mice, with an average of 5.4 neurons per session (median: 5.5;

range: 3 − 9).

Model fitting and hidden state decoding

Hidden Markov Models (HMMs) were fit to spiking data from [12] as described in [9]. Briefly,

spike sequences in a single session were binned into 2 ms bins, and each bin was assigned a

symbol from 1 to N + 1, where N is the number of neurons and symbol s means that only the

sth neuron fired in the current bin (multiple firings were rare and were replaced with a ran-

dom selection of one of the firing neurons). The HMM is completely determined by the num-

ber of hidden states, M, the transition probability matrix, T, and the emission probability

matrix, E. The entry Tij of the M ×M transition probability matrix is the probability of making

a transition from state i to state j; the entry Eis of the M × (M + 1) emission probability matrix

is the probability of producing symbol s while in state i. This model can be considered an

approximation to a Poisson-HMM in the case of very short time bins, with the exception that

firing of multiple neurons in the same bin is not permitted (see [4] for details). The HMMs

were fitted to the data by maximum likelihood, using the standard Baum-Welch expectation-

maximization algorithm [45]. For each dataset, we fitted HMMs with values of M ranging

from 2 to 50 and then chose the model with the lowest BIC score as the best model (see below).

The maximal number of hidden states selected in the best model never exceeded 29. For each

value of M, 10 different random initial conditions were used for T and E. For initial values of

T, off-diagonal entries were close to zero and diagonal terms were close to 1. For initial values

of E, entries were drawn independently from a uniform distribution between 0 and 1.

From each initial condition, the Baum-Welch algorithm was performed for 50 iterations (or

until convergence at<10−10 tolerance on the log-likelihood, transition, and emission probabili-

ties). Out of the 10 models, the model with the highest log-likelihood was selected as the best

model for that given value of M. The best models for different M values were then compared

using the Bayesian Information Criterion (BIC) to obtain the optimal model with the optimal

number of states [9, 15, 42]. Specifically, the optimal model was the one that minimized the

BIC score: −2LL + [M(M − 1) + MN]lnB, where LL is the log-likelihood of the model given the

data, M is the number of hidden states, N is the number of neurons, and B is the total number

of observations in each session (i.e., the total number of time bins across all trials).

After fitting the models, we computed the posterior probabilities of each hidden state given

the model and the data in each bin in single trials. A state admissibility criterion was then

imposed: a state was considered detected with enough confidence only if its posterior probabil-

ity was� 0.8 for� 50 consecutive ms ([9]; see also [1, 4, 15, 17, 18, 28, 42] for similar

methods).

Classification of decoded states

For each session, all trials were associated with two labels: a stimulus label (sucrose, quinine,

maltose, or sucrose octaacetate) and an outcome label (correct or incorrect). This allowed us

to compute occurrence probabilities of states given the trial labels, P(S | Stimulus, Outcome),

as the fraction of trials with the given labels in which state S was detected at least once. Each

decoded state’s coding properties were determined by first looking only at correct trials and

comparing the state occurrence probability P(S | Stimulus, Correct) across all 4 stimulus labels

through a Chi-squared test. If significant, all 6 pairwise post-hoc Marascuilo tests [46] were

examined. If there was exactly one stimulus label for which all post-hoc tests involving it were
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significant, S was classified as a Taste ID-Coding state. Otherwise, coding properties were

investigated by grouping all trials into cue left vs. cue right trials (sucrose and quinine vs. malt-

ose and sucrose octaacetate trials) and sweet vs. bitter trials (sucrose and maltose vs. quinine

and sucrose octaacetate trials). The fraction of cue left, correct trials featuring S, P(S | Cue

left, Correct), was compared to the fraction of cue right, correct trials featuring S, P(S | Cue

right, Correct) through a second Chi-squared test, and the fraction of sweet, correct trials

featuring S, P(S | Sweet, Correct), was compared to the fraction of bitter, correct trials featur-

ing S, P(S | Bitter, Correct), through a third Chi-squared test (see S1 Fig). In each case, signifi-

cance level was taken to be 0.05, corrected for the number of decoded states, Nd (i.e.,

p < 1 � ð1 � 0:05Þ
1=Nd is considered significant). Results from these tests were used to classify

states as Decision-coding (significant result on second test but not on third test), Quality-cod-

ing (significant result on third test but not on second test), Dual-coding (significant results on

both tests), and Non-coding (non-significant results on both tests). Decision-coding states

were further divided into Cue-coding and Action-coding, as explained below. To control for

chance occurrences of coding states, stimulus labels on correct trials were randomly permuted

10 times and, following each permutation, proportions of trials containing each decoded state

were re-computed and the same Chi-squared tests were re-run to re-classify the states. We

then compared the numbers of coding states found with this shuffling procedure to the num-

ber found from unshuffled data.

Decision-coding states were further subclassified by whether their “preferred direction”

switched or remained the same between correct and incorrect trials. A coding state’s preferred

direction was defined, separately for correct and incorrect trials, as the cued direction that

maximized its occurrence frequency (assuming this frequency differed between trials of

opposite cued directions): if P(S | Cue left)> P(S | Cue right) in correct and incorrect trials,

Decision-coding state S codes for the left cued direction, and analogously for states coding

for the right cued direction. Vice versa, if P(S | Cue left)> P(S | Cue right) in correct trials, but

P(S | Cue left)< P(S | Cue right) in incorrect trials, Decision-coding state S codes for the action

taken; the same conclusion is reached if P(S | Cue left)< P(S | Cue right) in correct trials, but

P(S | Cue left)> P(S | Cue right) in incorrect trials. Finally, if the state S occurred equally often

in cue left and cue right trials (either for correct or incorrect trials), we did not subclassify the

Decision-coding state.

Randomization controls

Prior to model fitting, raw data were manipulated to form two additional surrogate data sets

that served as additional controls [22, 42, 47]. For the first control, each spike train was shuf-

fled circularly in each trial of a given session: a random number Δt from the uniform distribu-

tion on [0, ttrial], where ttrial is the time length of the trial (including the padding), was added to

each neuron’s spike train in each trial independently such that the portion of the spike train

that now exceeded the end of the trial would “wrap back around” to the beginning (i.e., if a

trial window starts at 0 and ends at ttrial, and the spike train {ti} is shifted by Δt, the new spike

train is {tj} = {ti + Δt, if ti + Δt< ttrial; ti + Δt − ttrial, otherwise}). This procedure preserves the

autocorrelations of individual neurons but alters the co-activation/pairwise correlations

between neurons. For the second control, each session had its raw spiking data swap-shuffled:

each trial’s neuron-by-time spike raster was segmented into 5 ms bins and then these bins/col-

umns were randomly permuted for each trial independently. This randomization procedure

preserves the co-activation/pairwise correlations between neurons but removes the autocorre-

lations of individual neurons. Both procedures preserve the trial-averaged firing rates of indi-

vidual neurons.
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Onset time analysis

For each session, lists of decoded states of each classified type (Quality-coding, Cue-coding,

and Action-coding) were obtained. For each state in each list, all onset times of the state in

each trial were obtained. Onset times were expressed relative to their trial’s taste event (t = 0),

with any negative times (i.e., states beginning during the left padding period) taken to be 0. To

account for the fact that the inter-event interval (IEI) between the taste and decision event var-

ied across trials (average: 2.52 s; range: 2.01 − 6.66 s), time was rescaled (or “warped”) in each

trial by dividing onset times by the value of IEI in that trial. As a result, warped onset times

were between 0 and 1 (where 0 is the time of the taste event and 1 is the time of the decision

event) regardless of trial, neuron, session, and classification of the hidden state, and could be

directly compared. From this, we obtained a list of (warped) onset times for coding states of

each classified type. These lists were pooled across all sessions to obtain histograms of the

onset times for coding states of each classified type (bin size: 0.05 warped time units). From

the histograms, probability distributions of the onset times were estimated from linear interpo-

lation on the peaks (100 points between any two adjacent bins). Distributions were then

smoothed with a Gaussian filter (400 point width).

Spiking network model

The core of the model was a clustered excitatory/inhibitory spiking network with 4, 000 excit-

atory (E) neurons and 994 inhibitory (I) leaky integrate-and-fire (LIF) neurons. Each neuron i
had subthreshold dynamics that obeyed the differential equation in time t:

dViðtÞ
dt
¼ �

ViðtÞ � VL

tm
þ

Ii;extðtÞ þ Ii;synðtÞ
C

; ð1Þ

where Vi(t) is neuron i’s membrane potential, VL its equilibrium/leak potential, τm its mem-

brane time constant, C its capacitance, and its total current Ii(t) is the sum of its external input

current Ii,ext(t) and its synaptic current Ii,syn(t). The synaptic current to neuron i in turn obeyed

the differential equation in time t:

dIi;synðtÞ
dt

¼ �
Ii;synðtÞ
tsyn

þ
1

tsyn

X

j

Jij
X

n

dðt � tðnÞj Þ; ð2Þ

where τsyn is the synaptic time constant (different for excitatory and inhibitory presynaptic

neurons), Jij is the synaptic connection strength from presynaptic neuron j, δ is the Dirac delta

function, and tðnÞj is a presynaptic spike time with n indexing over all spikes from a particular

presynaptic neuron j. This system of differential equations was integrated numerically using

the forward Euler algorithm with time step dt = 0.05 ms. Whenever Vi(t) hit a threshold Vth, a

spike was emitted and the membrane potential was immediately reset to a value Vr for a refrac-

tory period τr (see S3 Table for parameter values).

The E neurons were arranged into 14 clusters of 250 neurons each, plus 500 neurons not

arranged in clusters (the “background population”). The I neurons were arranged into 14 clus-

ters of 71 neurons each. Neurons were randomly connected with probability Pαβ, with α, β 2
{E, I}. In general, neurons in the same cluster had stronger synaptic connections than neurons

belonging to separate clusters, given by JE++JEE inside E clusters and JI++JII inside I clusters.

Each E cluster was paired with a partner I cluster. Synaptic weights between E and I neurons

belonging to E-I partner clusters (JI+Jαβ, with α, β 2 {E, I}) were stronger than between E and I

neurons in non-partner E-I clusters (JI−Jαβ, with α, β 2 {E, I}) (see S2A Fig and S3 Table for

network parameters).
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Eight out of the 14 excitatory clusters were randomly selected and assigned “roles” to

represent crucial task information: taste clusters (sucrose, quinine, maltose, and sucrose

octaacetate), cue clusters (cue left and cue right), and action clusters (action left and action

right). For each taste cluster, half of the neurons inside the cluster responded to additional

external input when that particular stimulus was presented to the network. All presented

stimuli had the functional form f ðtÞ ¼ ðG=hÞðe� t=tD � e� t=tRÞ, where G is the maximum

gain, τD and τR are the decay and rise time constants, respectively, of the function f(t),

h ¼ ðtR=tDÞ
tR=ðtD � tRÞ � ðtR=tDÞ

tD=ðtD � tRÞis a normalization constant, and the value of the func-

tion determined the percentage increase in external current at time t for selective neurons in

the appropriate cluster (i.e., Ii;extðtÞ ¼ I�i;ext � ð1þ f ðtÞ=100Þ for the constant baseline exter-

nal current I�i;ext).

Unlike generic clusters (i.e., clusters not ascribed a role), only 25% of neurons in a taste

cluster were strongly connected (via synapses JE++JEE or JI++JII, see above), while the remaining

75% were less strongly connected (JE+JEE or JI+JII, respectively for E and I clusters, with J++ >

J+ > 1; see S2B Fig). The subcluster of taste neurons with strong interconnections was also

strongly connected with the subcluster of neurons representing the same taste quality (sweet

or bitter), i.e., the sucrose and the maltose subclusters were connected with synapses equal to

JE++JEE or JI++JII (for E or I neurons, respectively), and the same was true for the quinine and

sucrose octaacetate subclusters. The rest of the connections were as for generic clusters shown

in S2A Fig. As shown in S2B Fig, (top), it may help to think of this structure as introducing

overlaps between taste clusters that share the same taste quality (i.e., sweet or bitter).

Excitatory cue clusters had stronger synaptic connections from the appropriate E taste clus-

ters. For example, 60% of the weights from sucrose and quinine clusters to the cue left cluster

and 60% of the weights from maltose and sucrose octaacetate clusters to the cue right cluster

were increased by 85% (JCT,EJE−JEE, see S3 Fig and S3 Table for parameter values). To facilitate

longer lasting representations of cue information in the model, cue clusters had 60% of their

excitatory intracluster weights scaled up by 5% (JCC,EJE++JEE), and their synaptic time constants

(τsyn,CueE, τsyn,CueI) increased (2.3 times greater for excitatory clusters, 1.3 times greater for

their inhibitory partners). To discourage simultaneous activation of both cue clusters, 50% of

the connections from inhibitory partner clusters of one cue direction to excitatory clusters of

the opposite cue direction (JCC,IJI−JEI) were increased by 40%.

Excitatory action clusters had potentiated connections from E neurons in cue clusters, with

a preference for the appropriate direction: 50% of the weights from, e.g., cue right to action left

were multiplied by 2.60 (JAC,IncJE−JEE), while 50% of the weights from, e.g., cue left to action

left were multiplied by 2.75 (JAC,CorJE−JEE). We encouraged action clusters, similar to cue clus-

ters, to represent information over longer time scales by scaling up 50% of their intracluster

weights by 7% (JAA,EJE++JEE) and increasing their synaptic time constants (τsyn,ActE and τsyn,

ActI) 3.30 times for excitatory clusters and 3.25 times for their inhibitory partners. As done

with cue clusters, we discouraged co-activation of action clusters by increasing the strength of

50% of the connections from inhibitory partner clusters of one action direction to excitatory

clusters of the opposite action direction three-fold (JAA,IJI−JEI). Finally, to promote a transfer of

information from cue to action via negative feedback, we increased the strength of 50% of the

connections from inhibitory partners of action clusters to excitatory neurons in cue clusters

(JCA,IJI−JEI) by 40%. The full synaptic matrix for the whole model network is shown in S4 Fig.

HMM analysis of the model simulations

For HMM analysis of model data, 10 different networks were used to mimic variability across

sessions and/or subjects. The networks were obtained each time by sampling a new synaptic
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matrix (all having the same basic structure described earlier). Although each network had ran-

dom connectivity, the in-degree connectivity from each presynaptic population was fixed

across the 10 networks. This enforced some degree of uniformity in firing rates across clusters

and minimized the presence of bias in the performance of each network.

A simulation of each network was run for 100 trials (25 trials per taste stimulus). For each

trial, each neuron started with a random initial membrane potential (normally distributed

with mean 0 and standard deviation 4) and received a constant external input current. At the

start of the trial, the network was presented with one of the stimuli (which modified the exter-

nal input current for select neurons) and evolved over 3 seconds. We then sampled one neuron

per excitatory cluster, excluding those that fired at< 2 Hz on average whenever possible. An

HMM was fitted to the spike trains of the sampled neurons following the same procedure used

for the HMM analysis of experimental data. Trials were scored by inferring the model’s

selected direction from the firing rates of its action clusters. Cluster firing rates were calculated

by binning spikes in 50 ms windows, and a cluster was considered “on” when its firing rate

was at least 40% of its maximum observed over the 100-trial simulation (setting a constant

threshold at 34 Hz yielded exactly the same results). A trial was deemed correct if the appropri-

ate action cluster came on after 0.5 s after stimulus onset while the opposite action cluster did

not. A trial was deemed incorrect if the opposite action cluster came on during this window

and the correct one did not. For an ambiguous trial, in which neither action cluster came on

or both action clusters came on, we assigned a decision randomly such that the expected accu-

racy was 0.5, but also excluded the trial from further analysis. We then used the scored trials to

classify the coding properties of the hidden states from each HMM, following the same proce-

dure used for the experimental data. Onset times of all coding states were pooled over the 10

models, and distributions of these onset times were compared for Quality-coding states, Cue-

coding states, and Action-coding states.

Simulated optogenetic silencing experiments

The same 10 networks (characterized by the same 10 synaptic weight matrices used above)

were subjected to various perturbations in a series of simulations meant to mimic experimental

optogenetic silencing of cortical activity [12]. Silencing was implemented as a simple, square

stimulus pulse to all inhibitory neurons in the network. The height of the square pulse quanti-

fied the percent increase in baseline external current to inhibitory neurons. As a function of

the square pulse’s center c, its duration Δsil, and its strength κsil, the formula for the square

pulse in time t read:

φðt; c;Dsil; ksilÞ ¼ ksil � ½Yðt � ðc � Dsil=2ÞÞ � Yðt � ðcþ Dsil=2ÞÞ�; ð3Þ

where Θ is the Heaviside step function. For silencing during the sampling period, κsil = 100%,

Δsil = 500 ms, and c = 250 ms. For silencing during the delay period, κsil = 100%, Δsil = 2, 500

ms, and c = 1, 750 ms.

To test network performance across silencing conditions, we ran two independent ANO-

VAs, one for the stimulus with gain 60% and decay time constant 160 ms, and one for the stim-

ulus with 60% and decay time constant 705 ms. These were 1-way within-subjects (repeated

measures) ANOVAs with a single categorical factor, Silencing (levels: Full, Sampling, Delay).

Both were significant and Bonferroni-corrected post-hoc tests were conducted (S5A and S5C

Fig). Network performances across different silencing and stimulus conditions for our best

stimulus (gain 200% and decay time constant 160 ms) were compared using a 2-way within-

subjects ANOVA with 3-level categorical factors, Silencing (levels: None, Sampling, Delay)
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and Stimulus (levels: Full, Head, Tail). The interaction was significant, and post-hoc analysis

was conducted using a Bonferroni correction (Fig 6B and 6D).

We further tested perturbation strengths of κsil = 25% and κsil = 100% for a constant dura-

tion of Δsil = 250 ms and variable c. Here we computed mean network accuracy as a function

of the silencing center c by “sliding” the square pulse center along the trial window from 0 to 3

s in increments of Δc = 50 ms. For each value of c, we simulated 100 trials for each of the 10

networks under the given parameter set {κsil, Δsil}, and then averaged the accuracy over the col-

lated 1, 000 trials.

For HMM analysis of a network with and without silencing perturbations, we chose the net-

work whose average baseline accuracy was closest to the mean (samples shown in Fig 6B, bot-

tom left). We reused the initial conditions from its 100 control trials 6 times, each time with a

different silencing perturbation, either κsil = 25% (“Weak”) or κsil = 100% (“Strong”) and either

c = 125 ms (“Beginning”), c ¼ tCuei (“Cue onset”), or c = 1, 500 ms (“Middle”), where tCuei is the

cue cluster onset time for the ith control trial, determined by thresholding the firing rates of

the cue clusters as done for action clusters to infer network choice. In all cases Δsil = 250 ms. A

single HMM was then fitted to this collection of 700 trials and used to decode, trial-by-trial,

the sequence of hidden states shown in Fig 7A. Classification of the coding properties of these

states (for Fig 7C) was done as before by comparing state occurrence frequencies across differ-

ent stimulus and outcome conditions. In each trial, an Action-coding state is called “Correct”

if its direction preference in correct trials matches the current trial’s correct direction (e.g., an

Action-coding state with left direction preference in correct trials is considered “Correct”

when it appears in Sucrose and Quinine trials, and is considered “Incorrect” when it appears

in Maltose and Octaacetate trials).

To quantify hidden state sequence similarity over time (Fig 7B), we compared the average

state sequences under conditions of silencing and control (i.e., in the absence of silencing) in

the following way. We discretized time into 2 ms bins (full resolution of the HMM) and, for
each time bin, obtained a vector x of 25 dimensions, one for each trial where the same taste

stimulus was given (for example, sucrose). Each dimension contained either the current hid-

den HMM state in that trial, or a zero if no clear HMM state had been decoded in that trial.

For example, if x = {3, 2, 0, . . ., 1}, in the first trial the HMM state was 3, in the second trial it

was 2, in the third trial no state had been decoded in that bin, and so on, until the last trial,

where state 1 was the decoded HMM state. A vector xk was built for each silencing condition

k shown at the top of Fig 7A, and an analogous vector x0 (in the same bin) was built for

sequences under control (i.e., under no silencing). From each vector xk we built a measure of

similarity with x0 by counting how many times two states were the same across all 25 trials.

This required summing up 25 × 25 comparisons dxkðtÞ;x0ðsÞ
, where t, s = 1, . . ., 25, index the trial

(i.e., the elements of vectors xk, x0), and δa,b = 1 if a = b and δa,b = 0 otherwise. We performed

this for all 4 taste stimuli and took the average. Since the total number of trials across all stimuli

was 2, 500 = 25 × 25 × 4, the final measure of similarity in a single bin was

hxk; x0i ¼
1

2500

X4

stim¼1

X25

t;s¼1

dxkðtÞ;x0ðsÞ
: ð4Þ

We finally normalized this measure by the similarity of x0 with itself:

rðxk; x0Þ ¼
hxk; x0i

hx0; x0i
: ð5Þ
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We repeated this procedure for all silencing conditions in Fig 7A (top), i.e., for k standing

for “Weak; Beginning”, “Strong; Beginning”, etc., and plotted the time course of each ρ(xk, x0)

in Fig 7B after convolving each curve with a Gaussian filter with binwidth of 150 time bins.

The hidden states shown in Fig 7B were classified for their coding properties by comparing

their occurrence frequencies across trials based on stimulus and outcome (regardless of the

silencing condition) using the same rules we followed previously. States classified as “Action-

coding” were considered “Correct” or “Incorrect” based on their “preferred direction” in cor-

rect trials (see Classification of decoded states). If this direction matched the trial’s correct

direction, the state was “Correct”; otherwise, it was “Incorrect.” Fractions of trials containing

Correct Action-coding states were compared over all 7 conditions with a Chi-squared test.

This was significant, so Marascuilo post-hoc tests were conducted to compare individual

silencing conditions to the control condition (Fig 7C).

Supporting information

S1 Fig. Pipeline for classification of HMM states. Given a state S, the probability of observing

S in a correctly performed trial was compared across the four trial types using a Chi-squared

test. If the result was not significant (N), S was labeled “Non-coding.” Otherwise (Y), all six

pairwise Marascuilo post-hoc tests were performed. If there was exactly one trial type for

which all post-hoc tests involving it were significant (Y), S was labeled “Taste ID-coding.” Oth-

erwise (N), the four trial types were grouped in two orthogonal ways: sweet (sucrose and malt-

ose) and bitter (quinine and sucrose octaacetate), and cue left (sucrose and quinine) and cue

right (maltose and sucrose octaacetate). Two additional Chi-squared tests were run: one to

compare the probability of observing S in correctly performed trials between the sweet and bit-

ter categories, and another to compare the probability of observing S in correctly performed

trials between the cue left and cue right categories. These two tests are run independently, lead-

ing to four possible significance outcomes. If neither test was significant, S was labeled “Non-

coding.” If both tests were significant, S was labeled “Dual-coding.” If the sweet vs. bitter test

was significant and the cue left vs. cue right test was not, S was labeled “Quality-coding.” If the

sweet vs. bitter test was not significant and the cue left vs. cue right test was, S was labeled

“Decision-coding,” but could be further classified by examining its frequency of occurrence in

correctly vs. incorrectly performed trials. If the cued direction for which S was more likely to

be observed in correctly performed trials was the same for incorrectly performed trials

(referred to as the “preferred direction” for S in correct and incorrect trials), S was labeled

“Cue-coding.” If the preferred directions in correct and incorrect trials were opposite, S was

labeled “Action-coding”.

(PDF)

S2 Fig. Synaptic structure for taste clusters. A: Generic synaptic structure between clusters

without task roles. Top: Cartoon representing a pair of E-I partner clusters with their synaptic

connection weights (red, flathead arrows: inhibitory connections; black, pointed arrows: excit-

atory connections). Bottom: synaptic matrix for the generic pair of E-I partner clusters (color-

map corresponding to units of pA×ms). Given any two excitatory clusters, E1 and E2, and

their inhibitory partners, I1 and I2, synaptic connections were strong between neurons within

the same cluster or belonging to partner clusters (JE++JEE or JI++Jαβ, with α, β 2 {E, I}), and

weak between neurons in different clusters (JE−JEE or JI−Jαβ, with α, β 2 {E, I}). B: Top: Venn

diagram depicting the “overlapping” structure of two E-I taste cluster pairs with the same qual-

ity (sweet or bitter). Bottom: synaptic matrix of “overlapping” taste clusters depicted at top

(colormap corresponding to units of pA×ms). Taste neurons in different clusters with the

same taste quality had strongly connected overlapping subclusters (E1\E2 and I1\I2 in the
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Venn diagram), with synaptic strength JE++JEE or JI++Jαβ, with α, β 2 {E, I}. These overlapping

subclusters are shown in the bottom right corner of each taste cluster in the synaptic matrix.

Taste neurons in the same cluster but outside the overlapping subclusters were connected with

synaptic strength JE+JEE or JI+Jαβ, with α, β 2 {E, I}. All other neurons were connected as in the

generic clusters of panel A, with JE−< 1< JE+ < JE++ and JI−< 1< JI+ < JI++.

(PDF)

S3 Fig. Details of synaptic connections among taste, cue, and action E-I cluster pairs (com-

pare with main Fig 3B). The main synaptic connections are depicted by curved lines (pointed

arrowheads are excitatory connections, flat arrowheads are inhibitory connections). The

strength of each connection is indicated next to the corresponding curved line (see S3 Table

for parameter values). Synaptic weights from excitatory taste clusters to appropriate excitatory

cue clusters (i.e., S! CL, M! CR, Q! CL, and O! CR) were larger by a factor JCT,E com-

pared to generic weights between different clusters (e.g., S! CR, M! CL, Q! CR, and

O! CL). Excitatory cue clusters had stronger intracluster connections (by a factor JCC,E) com-

pared to generic clusters; the synaptic weights from an inhibitory cue cluster to the opposite

excitatory cue cluster were larger by a factor JCC,I. Connections from excitatory cue clusters to

correct excitatory action clusters (i.e., CL! AL and CR! AR) were larger by a factor JAC,Cor,

while the connections to incorrect excitatory action clusters (i.e., CL! AR and CR! AL)

were larger by a factor JAC,Inc, with JAC,Cor > JAC,Inc. Excitatory action clusters had stronger

intracluster connections (scaled up by JAA,E) and the weights from their inhibitory partners to

the opposite excitatory action cluster were scaled up by JAA,I. Connections from inhibitory

action clusters to excitatory cue clusters were magnified by JCA,I. All synaptic weight modifiers

were applied with a given probability (reported in S3 Table). Connections among clusters not

explicitly depicted here were as in S2 Fig (also see S4 Fig for the full synaptic weight matrix).

Key: S: sucrose, M: maltose, Q: quinine, O: octaacetate, CL: cue left, CR: cue right, AL: action

left, AR: action right.

(PDF)

S4 Fig. Full synaptic weight matrix of the network model. The value in a block occupying

row i and column j is the average synaptic weight (in units of pA×ms) from a presynaptic

neuron belonging to cluster j to a postsynaptic neuron belonging to cluster i. The average syn-

aptic values shown in the table were obtained (up to rounding) as: Pab½f 2
ovJgþþ þ ð1 � f 2

ovÞJgX�Jab
for connections involving taste clusters with the same taste quality (sweet or bitter), and

Pαβ(PMJM + 1 − PM)JγY Jαβ for all other connections. Here α, β, γ 2 {E, I}, γ = E if and only if

α = β = E, X 2 {−, +}, Y 2 {−, ++ }, JM 2 {JCT,E, JCC,E, JCC,I, JAC,Cor, JAC,Inc, JAA,E, JAA,I, JCA,I} is a

weight modifier, and PM 2 {0, PCT,E, PCC,E, PCC,I, PAC,Cor, PAC,Inc, PAA,E, PAA,I, PCA,I} is the cor-

responding probability of applying the modifier (PM = 0 when modifier was not applied). Key:

S: sucrose cluster, M: maltose cluster, Q: quinine cluster, O: octaacetate cluster, CL: cue left

cluster, CR: cue right cluster, AL: action left cluster, AR: action right cluster, 9–14: clusters

without task roles, B: background (excitatory) population.

(PDF)

S5 Fig. Network’s performance and onset times of coding states for different parameters of

the stimulus input (supplements main Fig 6). A, C: Effect of simulated silencing during sam-

pling and delay periods on task performance for models with stimulus input with gain 60%

and decay time constant 160 ms (A) and 705 ms (C), respectively. B, D: Distribution of onset

times of coding states after fitting HMMs to models with stimulus input as in corresponding

left panel. � indicates significant difference (p< 0.05) for Bonferroni-corrected post-hoc test
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vs. None condition after significant within-subjects ANOVA across the 3 conditions. N.S. indi-

cates no significant difference.

(PDF)

S6 Fig. Effect of simulated optogenetic silencing on network task performance as a func-

tion of time of silencing. Silencing was implemented as a square pulse stimulus with width

250 ms and height (strength, 100% or 25%) determining the increase in baseline external cur-

rent for all inhibitory neurons in the network. Each point is an average accuracy over 1, 000

trials (100 trials from each of 10 networks) for silencing centered at that point. For all points,

the input stimulus had a gain of 200% and decay time constant of 160 ms. Grey region repre-

sents the mean ±1 standard deviation of accuracy for networks with no silencing (same as in

main Fig 6B). Regions-of-interest for silencing employed in main Fig 7A (Beginning, Cue

onset, and Middle) are shaded in yellow.

(PDF)

S1 Table. Summary of the numbers of states found by HMM models fit to unshuffled, cir-

cularly shuffled, and swap-shuffled experimental data. Also indicated is the distribution of

these states over sessions (16 sessions total). The same coding state classification procedure

(see S1 Fig) was applied to the trial-by-trial decoding results from each model. “Hidden states”

is the theoretical best number determined from model fitting; “Decoded states” is how many

were actually found after decoding trial-by-trial.

(PDF)

S2 Table. Summary of numbers of states found by HMM models fit to unshuffled, circu-

larly shuffled, and swap-shuffled simulation data. Also indicated is the distribution of these

states over sessions (10 sessions total). The same coding state classification procedure (see S1

Fig) was applied to the trial-by-trial decoding results from each model. “Hidden states” is the

theoretical best number determined from model fitting; “Decoded states” is how many were

actually found after decoding trial-by-trial.

(PDF)

S3 Table. Model parameters. Symbols, values, and brief descriptions for all parameters used

in the simulations of the spiking network model presented in the main text.

(PDF)
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