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Perceptual decision-making tasks: convert noisy 
sensory signals to a motor act 

signal quality, time pressure, and the relative probability or
reward value of either response (Bogacz et al., 2006; Ratcliff
and Rouder, 1998; Ratcliff et al., 2016).

Building on this algorithmic framework for understanding deci-
sion making, the neural mechanisms underlying perceptual
choices have been studied in the macaque monkey using extra-
cellular recordings from single neurons. Research has focused
on cortical neurons that encode task-relevant sensory signals,
such as motion direction in visual area MT (Britten et al., 1993)
and vibrational frequency in somatosensory area S1 (Hernández
et al., 2000), and those that fire in advance of a choice of the rele-

Figure 1. Challenges for Understanding
Perceptual Decision Making in Monkeys
(A) The random dot motion discrimination task that
has served as a foundational task for understanding
neural contributions to perceptual decision making.
A monkey maintains eye fixation while presented
with an RDK, consisting of a field of dots that is
refreshed at regular intervals. On each refresh, a set
fraction of dots are replotted with coherent motion
toward a choice target and the rest are replotted
randomly. The monkey is rewarded for making a
saccade to the target corresponding to the direc-
tion of the coherent motion. In the reaction time
version of this task, the monkey freely responds
when it is ready.
(B) Two models for single-trial dynamics that yield
ramping trajectories when averaged across trials.
The left panel shows the canonical view that indi-
vidual trial spike rates meander in the fashion of a
drift-diffusion process with a terminating bound at
the upper extreme. The right panel shows an alter-
native model where individual trial spike rates step
up or down with the step direction and step time
determined stochastically. Reprinted from Latimer
et al. (2015).
(C) Unilateral reversible inactivation of LIP with
muscimol causes negligible effects on choices in a
pulse-based motion discrimination task. A lack of
effect is also seen following unilateral LIP inactiva-
tion when both choice targets are placed in the
hemifield contralateral to the inactivated hemi-
sphere. Reprinted from Katz et al. (2016).

vant option, such as the lateral intraparietal
cortex (LIP) and frontal eye fields (FEFs)
for saccadic choices (Hanes and Schall,
1996; Shadlen and Newsome, 1996) and
premotor cortex for manual choices (Cisek
and Kalaska, 2005; Romo et al., 2004). In
LIP and FEF, a number of findings support
the view that neurons mediate decisions
between rival saccadic responses. These
findings have been reviewed extensively
elsewhere (Gold and Shadlen, 2007; Huk
and Meister, 2012), but we summarize
them briefly here. First, after a stereotyped
dip in activity locked to stimulus onset,
average firing rates in LIP and FEF in-
crease steadily when the sensory evi-
dence favors a saccade toward a target
in the neuron’s response field, and
decrease steadily in advance of responses

to the opposing target. Second, the buildup rate depends on the
quality of the sensory information, e.g., the level of motion coher-
ence in the stimulus, with steeper slopes for stronger evidence.
Third, when response times are controlled by the monkey, firing
rates reach a common level prior to responding in the neurons’
preferred directions irrespective of signal quality, as if a criterion
threshold or bound had been breached (Roitman and Shadlen,
2002). In other words, there is evidence that at least a subset
of oculomotor neurons encode cumulative tallies of sensory in-
formation that favor a saccade toward a given spatial target, in
close correspondence to the drift rate parameter in the DDM
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step-like than PPC. We suggest that analyses such as these that
estimate the accumulator value on individual trials may provide
more traction for resolving whether neural responses on individ-
ual trials follow step-like or ramp-like dynamics (Latimer et al.,
2015), one of the challenges raised in the previous section.
Robustness of prefrontal representations may depend on time

to recover, as demonstrated by temporally precise, optogeneti-
cally mediated inactivation methods available in rodent models.
For example, inactivation of a related frontal region in themouse,
the anterior lateral motor cortex (ALM), only biases licking
choices in a tactile decision task near the time of decision report,
but not earlier (Li et al., 2016). Neural encoding of choice-related
signals recovered rapidly following this brief window, unless
inactivation was bilateral or interhemispheric communication
was blocked with callosal resection. Similarly, in the rat Poisson
click task, a bias to the ipsilateral streamwas provoked by unilat-
eral FOF inactivation that occurred late, but not early, in the
accumulation epoch (Hanks et al., 2015). This evidence for a
robust, choice-related signal in the prefrontal cortex of both
rats and mice suggests that it may correspond to a broader
property of macrocircuitry that could be observed in other spe-
cies, including monkeys and humans.
Interestingly, pharmacological inactivation of PPC had little or

no effect on perceptual decisions in the rat (Figure 2C), but did
impair free choices that did not depend on evidence accumula-
tion (Erlich et al., 2015), which was mirrored by the monkey work
highlighted above. This is also consistent with a further rodent
study employing both pharmacological inactivation and optoge-
netic perturbation methods, which found no effect of PPC inac-

tivation or perturbation on decisions about auditory pulse
frequency (Raposo et al., 2014). That same study did find that
inactivation reduced discrimination sensitivity in a visual pulse
task, but the pattern of results was more consistent with PPC
playing an auxiliary role, rather than being directly involved
in evidence accumulation (Licata et al., 2016). Together with
the monkey work described above, these studies furnish an
emerging picture in which the contributions of the parietal cortex
to perceptual decisions are not causally related to evidence
accumulation per se. Rather, it may relate to auxiliary processes
that can usefully employ an evidence accumulation signal and
contribute to decision making in conjunction with other brain
regions.
Another one of the challenges alluded to above is how tomake

sense of the heterogenous coding properties of putative deci-
sion neurons. Recent work has begun to shed light on this ques-
tion by stimulating distinct classes of neurons on the basis of
their axonal projection targets. This is currently possible in the
rodent, while still in nascent stages in the monkey, through
the use of retrogradely transported viruses that control of the
expression of optogenetic constructs in a projection-specific
manner (Figure 2D). For example, when rats were trained to
report whether a stream of auditory tones was composed of pre-
dominantly higher or lower frequencies, stimulation of tonotopic
regions of primary auditory cortex only biased choices toward
the corresponding frequency when the targeted neurons had
striatal projections (Znamenskiy and Zador, 2013). Relatedly,
response heterogeneity in motor preparatory activity during a
whisker-based object location discrimination task can be partly

Figure 2. New Approaches for Studying
Perceptual Decision Making in Rodents
(A) The ‘‘Poisson clicks’’ task, a rodent evi-
dence accumulation task inspired by the motion
discrimination task used in monkeys. In this audi-
tory discrimination task, rats fixate their nose while
presented with two competing streams of auditory
clicks, one from the left and one from the right.
These clicks are generated by Poisson processes
with different underlying rates. Rats are rewarded
for making orienting movements when cued to the
nose port corresponding to the side that played
the greater number of clicks.
(B) Neural ‘‘tuning curves’’ for accumulated evi-
dence for pre-movement side-selective PPC and
FOF neurons during the Poisson clicks task. This
shows the relationship between the accumulator
value from a continuous-time model of the deci-
sion process and neural firing rate. PPC has a
more linear encoding of accumulated evidence
compared to the more step-like encoding of
FOF. The latter seems more tightly linked to the
choice supported by the accumulated evidence.
Reprinted from Hanks et al. (2015).
(C) Bilateral inactivation of rat PPC has negligible
effects on choices in the Poisson clicks task.
Endpoints on each side show control trials with a
constantly illuminated LED cuing the correct side
that therefore did not require evidence accumu-
lation. Reprinted from Erlich et al. (2015).

(D) Method to selectively stimulate neurons in primary auditory cortex that project to the striatum. First, the striatum is injected with herpes simplex virus-1 (HSV)
that expresses Cre recombinase. HSV is transported in retrograde fashion up axons to cell bodies projecting to the injected region, some of which reside in
primary auditory cortex. This region is then injected with a Cre-dependent adeno-associated virus (AAV) driving expression of channelrhodopsin-2 (ChR2) in
neurons co-infected with Cre—that is, those projecting to the striatum. ChR2 is a light-sensitive ion channel that allows the artificial stimulation of neurons that
express it. Thus, this allows for the selective stimulation of primary auditory cortex neurons that project to the striatumwithout stimulating those that do not project
to the striatum. Reprinted from Znamenskiy and Zador (2013).
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Perceptual decision-making relies on a distributed 
network of cortical and subcortical areas
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Rich paradigm for understanding how neural 
dynamics subserve cognition

signal quality, time pressure, and the relative probability or
reward value of either response (Bogacz et al., 2006; Ratcliff
and Rouder, 1998; Ratcliff et al., 2016).

Building on this algorithmic framework for understanding deci-
sion making, the neural mechanisms underlying perceptual
choices have been studied in the macaque monkey using extra-
cellular recordings from single neurons. Research has focused
on cortical neurons that encode task-relevant sensory signals,
such as motion direction in visual area MT (Britten et al., 1993)
and vibrational frequency in somatosensory area S1 (Hernández
et al., 2000), and those that fire in advance of a choice of the rele-

Figure 1. Challenges for Understanding
Perceptual Decision Making in Monkeys
(A) The random dot motion discrimination task that
has served as a foundational task for understanding
neural contributions to perceptual decision making.
A monkey maintains eye fixation while presented
with an RDK, consisting of a field of dots that is
refreshed at regular intervals. On each refresh, a set
fraction of dots are replotted with coherent motion
toward a choice target and the rest are replotted
randomly. The monkey is rewarded for making a
saccade to the target corresponding to the direc-
tion of the coherent motion. In the reaction time
version of this task, the monkey freely responds
when it is ready.
(B) Two models for single-trial dynamics that yield
ramping trajectories when averaged across trials.
The left panel shows the canonical view that indi-
vidual trial spike rates meander in the fashion of a
drift-diffusion process with a terminating bound at
the upper extreme. The right panel shows an alter-
native model where individual trial spike rates step
up or down with the step direction and step time
determined stochastically. Reprinted from Latimer
et al. (2015).
(C) Unilateral reversible inactivation of LIP with
muscimol causes negligible effects on choices in a
pulse-based motion discrimination task. A lack of
effect is also seen following unilateral LIP inactiva-
tion when both choice targets are placed in the
hemifield contralateral to the inactivated hemi-
sphere. Reprinted from Katz et al. (2016).

vant option, such as the lateral intraparietal
cortex (LIP) and frontal eye fields (FEFs)
for saccadic choices (Hanes and Schall,
1996; Shadlen and Newsome, 1996) and
premotor cortex for manual choices (Cisek
and Kalaska, 2005; Romo et al., 2004). In
LIP and FEF, a number of findings support
the view that neurons mediate decisions
between rival saccadic responses. These
findings have been reviewed extensively
elsewhere (Gold and Shadlen, 2007; Huk
and Meister, 2012), but we summarize
them briefly here. First, after a stereotyped
dip in activity locked to stimulus onset,
average firing rates in LIP and FEF in-
crease steadily when the sensory evi-
dence favors a saccade toward a target
in the neuron’s response field, and
decrease steadily in advance of responses

to the opposing target. Second, the buildup rate depends on the
quality of the sensory information, e.g., the level of motion coher-
ence in the stimulus, with steeper slopes for stronger evidence.
Third, when response times are controlled by the monkey, firing
rates reach a common level prior to responding in the neurons’
preferred directions irrespective of signal quality, as if a criterion
threshold or bound had been breached (Roitman and Shadlen,
2002). In other words, there is evidence that at least a subset
of oculomotor neurons encode cumulative tallies of sensory in-
formation that favor a saccade toward a given spatial target, in
close correspondence to the drift rate parameter in the DDM
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Figure 3. Decision attractor network is reconfigured during different epochs of a trial. In the phase-plane plot, orange and green lines are, respectively,
nullclines of the population firing rates selective to leftward (rL) and rightward (rR) motion. Black (brown) filled circles are the stable (unstable) steady-states of
the network. In (C) and (D), black lines with direction of arrows toward and away from the unstable steady-state (i.e., saddle point) are the stable and unstable
manifolds of the saddle point. In the absence of noise, these manifolds determine the network dynamics. In (A) and (B), only the stable manifolds are plotted to
show the multiple basins of attraction. Gray region is the basin of attraction of the spontaneous state in (A), or that of the symmetrical stable state in (B). (A)
Without visual target nor motion stimulus input to decision network. (B) With target input only. Steady-states after adaptation. (C) With both (reduced) saccadic
target input and motion stimulus of zero coherence. The stable time constant τstable(= 79 ms) toward the saddle unstable steady-state is about half that of
the unstable time constant τunstable( = 175 ms). (D) With both (reduced) saccade target input and motion stimulus of 12.8% coherence. τstable = 77 ms and
τunstable = 159 ms. See the text for more details.

and 4D. During the motion stimulus, the network is forced to move toward
one of the attractors such that the mean firing rates of the two competing
neural pools eventually diverge over time. Whenever one of the firing rates
(rL or rR) crosses a prescribed decision threshold (55 Hz in our case), a
decision (L or R) is made and the corresponding response time is read
out. The specific value of the threshold is chosen to fit the behavioral data
of the experiment. In Figures 4B and 4D, the net direction of the motion
stimulus was leftward. Therefore, the blue trajectory corresponds to the
average correct choices while the red trajectory corresponds to incorrect
choices.

Comparing Figures 4A and 4B, and also in Figure 2, we can see that
the ramping time course is generally faster at higher coherence. Moreover,
given a fixed motion coherence (Figure 4B), the neural dynamics are
slower on error trials (red curves) than on correct trials (blue curves). This
can be understood in the phase-plane plot (Figure 4D). In error trials, the
trajectory has to cross the separatrix of the saddle point so that it eventually
converges to the “wrong attractor” (with a high rR in this example). This
implies that the trajectory follows the stable manifold for a while, and then
passes very near the saddle point, where the network dynamics are slower
(see Wong and Wang, 2006 for explanation). The behavioral implication
is that reaction times are slower on error trials than on correct trials,
consistent with the observations in the monkey experiment (Roitman and
Shadlen, 2002).

Temporal integration of a brief pulse of sensory evidence
After re-evaluating the dynamics of the attractor model with the addition of
target input, we next study how the model can integrate an additional brief
motion stimulus. We used the same task protocol as in Huk and Shadlen
(2005), in which a 100 ms motion pulse was applied after a time delay
from motion stimulus onset (see Figure 5). The direction of the pulse could
be the same as or opposite to that of the coherent motion of the random
dots, which will be referred to as positive and negative, respectively. As in
the experiment, we varied the onset times of the motion pulse to be 100,
150, 211, 287, and 392 ms after motion stimulus onset.

In general, we expect a good integrator to be able to add or subtract
additional sensory evidence, thereby enhancing or reducing the proba-
bility of a given decision outcome. A motion pulse in the direction of the
coherent motion should result in more likely choices in that direction and
faster decisions. Conversely, a motion pulse in the direction opposite the
coherent motion should result in less accurate and slower decisions. As
an example, Figure 5B shows, for a fixed motion coherence and pulse
onset time, the impact of a motion pulse on trial-averaged population
firing rate when the choice is correct and in the response field. The
pulse (100 ms after motion stimulus onset) is in the same (green) or
different (red) direction as that of the coherent motion. We see from the
figure that, on average, the motion pulse perturbs the ramping dynam-
ics of the population firing rates. A positive pulse increases the time
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Basic questions about this distributed network

• What are the differential roles of cortical and subcortical areas?
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signal quality, time pressure, and the relative probability or
reward value of either response (Bogacz et al., 2006; Ratcliff
and Rouder, 1998; Ratcliff et al., 2016).

Building on this algorithmic framework for understanding deci-
sion making, the neural mechanisms underlying perceptual
choices have been studied in the macaque monkey using extra-
cellular recordings from single neurons. Research has focused
on cortical neurons that encode task-relevant sensory signals,
such as motion direction in visual area MT (Britten et al., 1993)
and vibrational frequency in somatosensory area S1 (Hernández
et al., 2000), and those that fire in advance of a choice of the rele-

Figure 1. Challenges for Understanding
Perceptual Decision Making in Monkeys
(A) The random dot motion discrimination task that
has served as a foundational task for understanding
neural contributions to perceptual decision making.
A monkey maintains eye fixation while presented
with an RDK, consisting of a field of dots that is
refreshed at regular intervals. On each refresh, a set
fraction of dots are replotted with coherent motion
toward a choice target and the rest are replotted
randomly. The monkey is rewarded for making a
saccade to the target corresponding to the direc-
tion of the coherent motion. In the reaction time
version of this task, the monkey freely responds
when it is ready.
(B) Two models for single-trial dynamics that yield
ramping trajectories when averaged across trials.
The left panel shows the canonical view that indi-
vidual trial spike rates meander in the fashion of a
drift-diffusion process with a terminating bound at
the upper extreme. The right panel shows an alter-
native model where individual trial spike rates step
up or down with the step direction and step time
determined stochastically. Reprinted from Latimer
et al. (2015).
(C) Unilateral reversible inactivation of LIP with
muscimol causes negligible effects on choices in a
pulse-based motion discrimination task. A lack of
effect is also seen following unilateral LIP inactiva-
tion when both choice targets are placed in the
hemifield contralateral to the inactivated hemi-
sphere. Reprinted from Katz et al. (2016).

vant option, such as the lateral intraparietal
cortex (LIP) and frontal eye fields (FEFs)
for saccadic choices (Hanes and Schall,
1996; Shadlen and Newsome, 1996) and
premotor cortex for manual choices (Cisek
and Kalaska, 2005; Romo et al., 2004). In
LIP and FEF, a number of findings support
the view that neurons mediate decisions
between rival saccadic responses. These
findings have been reviewed extensively
elsewhere (Gold and Shadlen, 2007; Huk
and Meister, 2012), but we summarize
them briefly here. First, after a stereotyped
dip in activity locked to stimulus onset,
average firing rates in LIP and FEF in-
crease steadily when the sensory evi-
dence favors a saccade toward a target
in the neuron’s response field, and
decrease steadily in advance of responses

to the opposing target. Second, the buildup rate depends on the
quality of the sensory information, e.g., the level of motion coher-
ence in the stimulus, with steeper slopes for stronger evidence.
Third, when response times are controlled by the monkey, firing
rates reach a common level prior to responding in the neurons’
preferred directions irrespective of signal quality, as if a criterion
threshold or bound had been breached (Roitman and Shadlen,
2002). In other words, there is evidence that at least a subset
of oculomotor neurons encode cumulative tallies of sensory in-
formation that favor a saccade toward a given spatial target, in
close correspondence to the drift rate parameter in the DDM
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step-like than PPC. We suggest that analyses such as these that
estimate the accumulator value on individual trials may provide
more traction for resolving whether neural responses on individ-
ual trials follow step-like or ramp-like dynamics (Latimer et al.,
2015), one of the challenges raised in the previous section.
Robustness of prefrontal representations may depend on time

to recover, as demonstrated by temporally precise, optogeneti-
cally mediated inactivation methods available in rodent models.
For example, inactivation of a related frontal region in themouse,
the anterior lateral motor cortex (ALM), only biases licking
choices in a tactile decision task near the time of decision report,
but not earlier (Li et al., 2016). Neural encoding of choice-related
signals recovered rapidly following this brief window, unless
inactivation was bilateral or interhemispheric communication
was blocked with callosal resection. Similarly, in the rat Poisson
click task, a bias to the ipsilateral streamwas provoked by unilat-
eral FOF inactivation that occurred late, but not early, in the
accumulation epoch (Hanks et al., 2015). This evidence for a
robust, choice-related signal in the prefrontal cortex of both
rats and mice suggests that it may correspond to a broader
property of macrocircuitry that could be observed in other spe-
cies, including monkeys and humans.
Interestingly, pharmacological inactivation of PPC had little or

no effect on perceptual decisions in the rat (Figure 2C), but did
impair free choices that did not depend on evidence accumula-
tion (Erlich et al., 2015), which was mirrored by the monkey work
highlighted above. This is also consistent with a further rodent
study employing both pharmacological inactivation and optoge-
netic perturbation methods, which found no effect of PPC inac-

tivation or perturbation on decisions about auditory pulse
frequency (Raposo et al., 2014). That same study did find that
inactivation reduced discrimination sensitivity in a visual pulse
task, but the pattern of results was more consistent with PPC
playing an auxiliary role, rather than being directly involved
in evidence accumulation (Licata et al., 2016). Together with
the monkey work described above, these studies furnish an
emerging picture in which the contributions of the parietal cortex
to perceptual decisions are not causally related to evidence
accumulation per se. Rather, it may relate to auxiliary processes
that can usefully employ an evidence accumulation signal and
contribute to decision making in conjunction with other brain
regions.
Another one of the challenges alluded to above is how tomake

sense of the heterogenous coding properties of putative deci-
sion neurons. Recent work has begun to shed light on this ques-
tion by stimulating distinct classes of neurons on the basis of
their axonal projection targets. This is currently possible in the
rodent, while still in nascent stages in the monkey, through
the use of retrogradely transported viruses that control of the
expression of optogenetic constructs in a projection-specific
manner (Figure 2D). For example, when rats were trained to
report whether a stream of auditory tones was composed of pre-
dominantly higher or lower frequencies, stimulation of tonotopic
regions of primary auditory cortex only biased choices toward
the corresponding frequency when the targeted neurons had
striatal projections (Znamenskiy and Zador, 2013). Relatedly,
response heterogeneity in motor preparatory activity during a
whisker-based object location discrimination task can be partly

Figure 2. New Approaches for Studying
Perceptual Decision Making in Rodents
(A) The ‘‘Poisson clicks’’ task, a rodent evi-
dence accumulation task inspired by the motion
discrimination task used in monkeys. In this audi-
tory discrimination task, rats fixate their nose while
presented with two competing streams of auditory
clicks, one from the left and one from the right.
These clicks are generated by Poisson processes
with different underlying rates. Rats are rewarded
for making orienting movements when cued to the
nose port corresponding to the side that played
the greater number of clicks.
(B) Neural ‘‘tuning curves’’ for accumulated evi-
dence for pre-movement side-selective PPC and
FOF neurons during the Poisson clicks task. This
shows the relationship between the accumulator
value from a continuous-time model of the deci-
sion process and neural firing rate. PPC has a
more linear encoding of accumulated evidence
compared to the more step-like encoding of
FOF. The latter seems more tightly linked to the
choice supported by the accumulated evidence.
Reprinted from Hanks et al. (2015).
(C) Bilateral inactivation of rat PPC has negligible
effects on choices in the Poisson clicks task.
Endpoints on each side show control trials with a
constantly illuminated LED cuing the correct side
that therefore did not require evidence accumu-
lation. Reprinted from Erlich et al. (2015).

(D) Method to selectively stimulate neurons in primary auditory cortex that project to the striatum. First, the striatum is injected with herpes simplex virus-1 (HSV)
that expresses Cre recombinase. HSV is transported in retrograde fashion up axons to cell bodies projecting to the injected region, some of which reside in
primary auditory cortex. This region is then injected with a Cre-dependent adeno-associated virus (AAV) driving expression of channelrhodopsin-2 (ChR2) in
neurons co-infected with Cre—that is, those projecting to the striatum. ChR2 is a light-sensitive ion channel that allows the artificial stimulation of neurons that
express it. Thus, this allows for the selective stimulation of primary auditory cortex neurons that project to the striatumwithout stimulating those that do not project
to the striatum. Reprinted from Znamenskiy and Zador (2013).
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• How do these networks reconfigure across conditions and perturbations? 

• What dynamical regime is the network operating in?
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the state space (Fig. 1a, middle column). Thus, there is not a clear notion 
of distinct ‘cell assemblies’. In a special case of Hopfield networks, neu-
rons are partitioned into largely disjointed groups with self-excitation 
within groups and inhibition between groups. In these winner-take-all 
(WTA) networks, the attractor states consist of largely non-overlapping 
active cell groups, which might then be called ‘assemblies’ (Fig. 1b).

Continuous attractors
How can one construct networks with a continuum of stationary attrac-
tor states? Weight matrices with a particular symmetry (across the diago-
nal) give rise to discrete attractors, as we have seen. If the weights instead 
exhibit a continuous symmetry — for example, if the weight profiles are 
invariant across neurons (they look the same at each neuron, thus the 

symmetry is translational) — then the set of formed attractors will be 
related by the same symmetry and could thus form a continuous set.

The general principle for the formation of stationary continuous 
attractors is pattern formation36–42. Simple and spatially local com-
petitive interactions across the neural sheet lead to the emergence of 
spatially structured activity patterns that are stable states: neurons 
with excitatory coupling between them become co-active and suppress 
the rest of their neighbours through inhibition in what is known as a 
linear Turing instability36.

Three conditions are generally sufficient (although not strictly 
necessary) to provide a solution to the inverse problem for forming sta-
tionary continuous attractors (Box 1). First, the system must include non-
linear neurons with saturating responses or inhibition-dominated 
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LTM maintenance. How is a long-term memory, once acquired, 
maintained over months and years, given that protein lifetimes are 
typically on the order of days? A widely hypothesized possibility is 
that LTM stability arises from synaptic stability (see below for alterna-
tives). Positive feedback is often discussed for STM, but the concepts 
are general and relevant to LTM. Autocatalytic reactions or mutually 
exciting or inhibiting molecular interactions can stabilize intrinsically 
non-persistent molecular states45,64,65, allowing them to serve as the 
synaptic maintenance signal (Fig. 3).

If synaptic strength were specified solely by the state of a single  
bistable molecular switch, a synapse could have only two sizes, unless 
different copies of the molecules are compartmentalized and inde-
pendently switchable or if there exist multiple switches involving  
different molecular species with staggered switch thresholds. In 
the latter two cases, the synapse could have multiple discrete levels. 
Experimentally, leading candidates for maintaining synaptic state 
through positive feedback include calcium/calmodulin-dependent 
protein kinase II (CaMKII) and protein kinase MZ (PKMZ).

CaMKII autophosphorylation acts as positive feedback, potentially 
allowing it to serve as a bistable switch66. Inhibiting the interaction of 
CaMKII with the NMDA receptor after LTP induction disrupts poten-
tiation in a manner that persists after the inhibitor is removed67,68, 
and disrupting CaMKII-NMDAR complexes has long-term effects on 
spatial learning69. Moreover, CaMKII may form a bistable switch with 
the translation factor CPEB70. However, not all CaMKII inhibitors, in 
the procedures tested, affect LTP maintenance71.

The constitutively active protein kinase PKMZ inhibits a protein 
that suppresses its translation (positive feedback through mutual inhi-
bition)72–74. The PKMZ inhibitor ZIP disrupts both LTP and memory 
maintenance75, and models suggest that PKMZ can maintain its state 
once it is highly expressed76,77. However, ZIP is not specific to PKMZ, 
and intact LTP maintenance and memory in PKMZ knockout mice 
complicate PKMZ’s role in memory maintenance78,79, although the 
latter results might not apply to wild-type mice80,81.

Clearly, the case remains open for both of these candidate  
mechanisms.

As in STM, feedback could generate a molecular maintenance sig-
nal of analog strength. If a synapse produces a number of molecules 
of a certain type in proportion to its current size (synapse size is 
proportional to strength; Fig. 3b)82,83, and if these molecules capture 

resources for synaptic maintenance, the process can correspond to 
tuned positive feedback. As discussed below, creating analog persist-
ent states with positive feedback involves fine-tuning. Even if well-
tuned, and more so if not, the states can drift over time—problematic 
over the long timescales of LTM—suggesting that maintenance is 
more likely to be based on discrete attractors. Synapse strengths may 
therefore be discretized. Electron microscopy results showing that dif-
ferent synapses between the same axon and dendrite have essentially 
the same volume seem to be consistent with a discrete set of sizes84, 
but much more needs to be done to settle this question.

Negative derivative feedback. A system with strong excitatory cou-
pling, similarly strong inhibitory feedback and slower excitatory than 
inhibitory interactions can also generate memory states85,86. The 
general principle is negative feedback control87,88, commonly used 
by biological systems89,90. Fast-acting inhibitory couplings counter-
act changes of state, allowing the network to maintain the states it 
is placed into. Similar to positive feedback networks, a (neural or 
molecular) network with negative derivative feedback can exhibit 
stable states or very long transients, is responsive to inputs despite its 
long persistence times, and is in some ways more robust (see below). 
Experimentally, it is unclear whether observed continuous attrac-
tors are based on positive feedback, negative derivative feedback or 
a combination of both.

Long transients, feedforward structures and chaotic states. The 
above mechanisms, when well-tuned and in the absence of noise or 
other inputs, in principle allow memory to persist for infinite time. 
There are also more transient memory mechanisms.

Sufficiently strong positive feedback with particular architectures 
creates attractors, but more generally positive feedback creates ‘slow 
modes’, which exhibit activity decay at timescales slower than the 
biophysical time constants of the individual elements (Fig. 2b). These 
slowly decaying traces can be used to store inputs and decode them 
from the instantaneous output of the system91–93.

Another way to prolong decay is through delay lines, which were 
used to construct memory in the earliest days of computing43,94. In 
the brain, a delay line can consist of neurons coupled in a feedforward 
architecture, each feeding activity into the next95–98, or a cascade 
of subcellular molecular reactions24,40. The signal decays rapidly at 
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a b c d e fFigure 2 Circuit mechanisms for persistent 
states. Top row, schematics of various 
architectures (green, excitatory interaction; 
orange, inhibitory; line weight proportional to 
strength). Shaded cubes show state space of 
network population activity. (a) Non-interacting 
units. Any state decays to the sole fixed point at  
0 with the short intrinsic time constant of each 
unit. Traces at bottom show activity of three  
units over time in response to a transient input 
(input duration shown by thin red bar below).  
(b) Moderate-strength positive- or negative-
derivative feedback can produce long transients. 
(c) Strong structured recurrent feedback (as in a 
Hopfield network) can generate multiple discrete 
attractors (stable states; white circles). Each corresponds to one pattern of population activity (row) at bottom, with the all-black pattern representing 0.  
(d) Bistable switches can be implemented by two mutually exciting pools or by mutually inhibiting ones (combined with a uniform excitatory drive), and can 
be viewed as a special case of a Hopfield network. Fixed points of the mutual-excitation switch are on the main diagonal; mutual-inhibition fixed points are 
on the cross-diagonal. Bottom, activity of two units from different pools of the mutual inhibition network (gray, black at bottom) and inputs to these pools 
(short gray, black pulses, top). (e) Highly structured networks with symmetries or fine tuning in weights can generate continuous attractors via positive 
feedback or negative derivative feedback. (f) Complex trajectories and responses can be generated in networks with feedforward and non-normal architectures 
such as synaptic chains (depicted here). Traces at bottom show population activity at different points in time.

Chaudhuri & Fiete, 2016Khona & Fiete, 2022

In many experiments, ours included (Figure 1A), the observed
neural states appeared confined to a lower-dimensional region
of the neural state space, termed the ‘‘neural manifold’’ (Aksay
et al., 2003; Gallego et al., 2017; Ganguli and Sompolinsky,
2012; Hopfield and Tank, 1986; Jazayeri and Afraz, 2017; Luc-
zak et al., 2009; Okun et al., 2015; Pang et al., 2016; Sadtler
et al., 2014; Shenoy et al., 2013; Stopfer et al., 2003; Tsodyks
et al., 1999; Williamson et al., 2019; Yu et al., 2009). Given the
large numbers of neurons we can now record from, and the
expectation that brain circuit dynamics are nonlinear, many
recent efforts have focused on using nonlinear dimensionality
reduction methods to describe neural manifold structure. These
methods have the advantage of being able to approximate the
manifolds using a small and therefore easily examined number
of coordinates. However, complex transformations used to
nonlinearly map neural data to low dimensions can make it diffi-
cult to interpret dimensionality-reduced observations in terms
of neural circuit mechanisms (see Erem et al. [2016] for a dis-

cussion of methods specifically designed to preserve dynamical
structure). The alternative that we pursued is motivated by how
the smoothness and continuity of physical systems often allow
accurate approximations of the system’s behavior using simple
(e.g., low-order polynomial) models, provided that the models
are restricted to a sufficiently local region of the system’s
parameter space. We show that locally linear projections can
be used to both clearly visualize and quantify intriguing struc-
ture in our neural data. Specifically, the neural activity did not
depend on an absolute measure of time (e.g., in seconds) per
se, but rather a task-specific measure of progression through
the trial (‘‘epoch’’ defined in Results). We found that the neural
states at a fixed epoch in the trial, taken across trials, corre-
sponded to local regions of the neural manifold (Figure 1B).
We thus used subsets of the neural data, each subset being
at one epoch in the trial, to construct locally linear approxima-
tions of how the neural state depended on various behavioral
factors (Figures 1C and 1D).

A C E

FDB

Figure 1. Conceptual framework for quantifying the trial-progression-dependent structure of the neural-population encoding of multiple
task variables
(A) Visualization of 10 trials in one example imaging dataset (same data as in Figure 3, 3rd column). The coordinated activity of neurons can be thought of as a point

in a high-dimensional neural state space, where each axis is the activity level of one neuron. To visualize this, we linearly projected this neural state data down to 3

dimensions, as explained later for Figure 3A. As the trial progresses, the neural state traces out a trajectory in the neural state space (black curve: neural state at 11

epoch-bins in the trial, joined lines to guide the eye).

(B) Illustration of how neural states appear confined to a lower-dimensional subset of the state space, termed the neural manifold (gray volume). For a fixed epoch,

the neural states across trials (colored dots) appear furthermore confined to a local region of the manifold (dashed circles).

(C and D) For each epoch/local region of the manifold (dashed circles), we show that the neural states across trials have substructure related to each of the trial-

specific behavioral factors, e.g., navigational choice illustrated in (C) and evidence levels in (D).

(E) For a given epoch t, the substructure in (C) and (D) can be approximated using a linear regression model to describe how the neural state FðtÞ changes as task
variables XðtÞ change. Each row of the regression weight matrixWencðtÞ is a vector w

.ðiÞ
enc (‘‘encoding direction’’) of response strengths across neurons to a given

task variable xi and can be thought of as a gradient direction in the neural state space, e.g., arrows in (C) and (D).

(F) We call the set of dot products between all pairs of encoding directions the ‘‘encoding geometry’’; the dot product is proportional to the cosine angle between

the two vectors.
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Poisson clicks change detection task

FLJXUeV 

 

FLJXUe 1. E[perimental approach. a, For each rat, a Neuropi[els recording probe Zas 
implanted using a custom designed assembl\ that alloZed use of a strain-relieving 
attachment for the tether. b, The probe Zas positioned to record simultaneousl\ from 
both FOF and ADS, Zith the schematic shoZing the coronal plane. The right side shoZs 
traces from e[ample sites recorded across both regions simultaneousl\. c, Task 
schematic.  
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FLJXUe 2. BehaYioral performance. a, Combined hit rates as a function of change 
magnitude. Hit rate Zas calculated e[cluding false alarm trials (i.e. onl\ including trials 
in Zhich the rat Zas presented Zith a change). b, Reaction times for hits measured as 
the time of center port ZithdraZal folloZing a change. c, Ps\choph\sical reYerse 
correlation (PRC). Calculated as the aYerage local click rate preceding false alarms. For 
all plots, error bars and error shading shoZ SE. 
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Neuropixels population recordings across 
rat frontal cortex and dorsal striatumFLJXUeV 

 

FLJXUe 1. E[perimental approach. a, For each rat, a Neuropi[els recording probe Zas 
implanted using a custom designed assembl\ that alloZed use of a strain-relieving 
attachment for the tether. b, The probe Zas positioned to record simultaneousl\ from 
both FOF and ADS, Zith the schematic shoZing the coronal plane. The right side shoZs 
traces from e[ample sites recorded across both regions simultaneousl\. c, Task 
schematic.  
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Cortical and striatal activity show similar 
stereotyped trajectories over trial

 

FLJXUH 9. Temporal WrajecWor\ of PCA loadingV from decoder ZeighWV. a, PCA loadingV 
aV a fXncWion of Wime in ADS for each VeVVion. Color indicaWeV Wime from VWimXlXV VWarW. 
b, PCA loadingV aV a fXncWion of Wime in FOF for each VeVVion. Color indicaWeV Wime from 
VWimXlXV VWarW. c, PCA loadingV aV a fXncWion of Wime in ADS for each VeVVion. Color 
indicaWeV Wime from moYemenW onVeW. d, PCA loadingV aV a fXncWion of Wime in FOF for 
each VeVVion. Color indicaWeV Wime from moYemenW onVeW. In all ploWV, darker poinWV 
correVpond Wo Whe loadingV for Whe e[ample VeVVion from earlier figXreV. N = 16 
VeVVionV. 
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Trajectories encode elapsed time from stimulus start
• Time is linearly decodable 

• Similar performance across areas

 

FLJXUH 3. ReWURVSecWiYe WePSRUal decRdiQg fURP VWiPXlXV RQVeW. a, E[aPSle decRdiQg 
³cRQfXViRQ PaWUi[´ deUiYed fURP ADS XQiWV. CRlRU baU iQdicaWeV QXPbeU Rf WUialV (RXW Rf 
169) claVVified iQWR each biQ cRPSaUiQg SUedicWed WR WUXe WiPe fURP VWiPXlXV RQVeW. b, 
DecRdiQg cRQfXViRQ PaWUi[ fURP FOF XQiWV iQ Whe VaPe VeVViRQ. c, AYeUage URRW-PeaQ 
VTXaUed eUURU (RMSE) Rf WePSRUal decRdiQg fRU each VeVViRQ aV a fXQcWiRQ Rf Whe WRWal 
QXPbeU Rf XQiWV iQ WhaW VeVViRQ VeSaUaWed b\ UegiRQ. DaUkeU SRiQWV cRUUeVSRQd WR Whe 
e[aPSle VeVViRQ VhRZQ iQ eaUlieU SaQelV. N = 61 VeVViRQV. G, RMSE aV a fXQcWiRQ Rf 
WiPe fRU each VeVViRQ. MageQWa WUace VhRZV e[aPSle VeVViRQ fURP eaUlieU SaQelV. Red 
WUace VhRZV aYeUage RMSE acURVV VeVViRQV. H, RMSE aV a fXQcWiRQ Rf WiPe fRU each 
VeVViRQ. MageQWa WUace VhRZV e[aPSle VeVViRQ fURP eaUlieU SaQelV. BlXe WUace VhRZV 
aYeUage RMSE acURVV VeVViRQV. I, SeVViRQ b\ VeVViRQ cRPSaUiVRQ Rf RMSE fRU FOF 
YeUVXV ADS. MageQWa SRiQW VhRZV e[aPSle VeVViRQ fURP eaUlieU SaQelV. C\aQ SRiQW 
VhRZV PeaQ aQd SEM acURVV VeVViRQV. OQl\ VeVViRQV WhaW PeeW cUiWeUia fRU balaQce 
beWZeeQ ADS aQd FOF XQiWV aUe iQclXded iQ SaQelV G-I. N = 16 VeVViRQV. 
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Dorsal striatum (ADS) Frontal cortex (FOF)



Classification of neurons by decoder weights reveal 
ramps and transient dynamics

 

FigXUe 5. RetrospectiYe temporal encoding from stimXlXs onset in ADS. a, E[ample 
session shoZing each Xnit plotted in the space of the first tZo principal components of 
the decoder Zeights. Each point corresponds to one Xnit. b, ]-scored firing rate of all 
Xnits from this session aligned to stimXlXs start. The Yertical line corresponds to the end 
of the decoding epoch for all panels shoZing neXral d\namics. c, ]-scored firing rate of 
all Xnits from all sessions aligned to stimXlXs start. d, Same as panel a, bXt Zith Xnits 
sorted into qXintiles along the first principal component. e, ]-scored firing rate of all Xnits 
from this session sorted into qXintiles along the first principal component and aligned to 
stimXlXs start. f, ]-scored firing rate of all Xnits from all sessions sorted into qXintiles 
along the first principal component and aligned to stimXlXs start. g, Same as panel a, 
bXt Zith Xnits sorted into qXartiles along the second principal component. h, ]-scored 
firing rate of all Xnits from this session sorted into qXartiles along the second principal 
component and aligned to stimXlXs start. i, ]-scored firing rate of all Xnits from all 
sessions sorted into qXartiles along the second principal component and aligned to 
stimXlXs start. j, Same as panel a, bXt Zith Xnits sorted into si[ groXps along both of the 
first tZo principal components. k, ]-scored firing rate of all Xnits from this session sorted 
into si[ groXps along both of the first tZo principal components and aligned to stimXlXs 
start. l, ]-scored firing rate of all Xnits from all sessions sorted into si[ groXps along both 
of the first tZo principal components and aligned to stimXlXs start. N = 16 sessions. 
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FigXUe 6. RetrospectiYe temporal encoding from stimXlXs onset in FOF. a, E[ample 
session shoZing each Xnit plotted in the space of the first tZo principal components of 
the decoder Zeights. Each point corresponds to one Xnit. b, ]-scored firing rate of all 
Xnits from this session aligned to stimXlXs start. The Yertical line corresponds to the end 
of the decoding epoch for all panels shoZing neXral d\namics. c, ]-scored firing rate of 
all Xnits from all sessions aligned to stimXlXs start. d, Same as panel a, bXt Zith Xnits 
sorted into qXintiles along the first principal component. e, ]-scored firing rate of all Xnits 
from this session sorted into qXintiles along the first principal component and aligned to 
stimXlXs start. f, ]-scored firing rate of all Xnits from all sessions sorted into qXintiles 
along the first principal component and aligned to stimXlXs start. g, Same as panel a, 
bXt Zith Xnits sorted into qXartiles along the second principal component. h, ]-scored 
firing rate of all Xnits from this session sorted into qXartiles along the second principal 
component and aligned to stimXlXs start. i, ]-scored firing rate of all Xnits from all 
sessions sorted into qXartiles along the second principal component and aligned to 
stimXlXs start. j, Same as panel a, bXt Zith Xnits sorted into si[ groXps along both of the 
first tZo principal components. k, ]-scored firing rate of all Xnits from this session sorted 
into si[ groXps along both of the first tZo principal components and aligned to stimXlXs 
start. l, ]-scored firing rate of all Xnits from all sessions sorted into si[ groXps along both 
of the first tZo principal components and aligned to stimXlXs start. N = 16 sessions. 
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Trajectories collapse to lower-dimensional subspace 
upon decision commitment movement

 

FLJXUH 10. Dimension of neural population activity across trial. a, Schematic of 
locally-linear approach to characteri]ing dimension. PCA is used to find subspaces of 
high variance at different points in the task. The dimension is then calculated using the 
participation ratio, which measures the effective number of modes needed to capture 
variance. Schematic captures activity becoming lower-dimensional over the course of 
trial. b, Dimension of activity in late evidence evaluation against dimension in early 
evaluation, capturing stability of subspaces. c, Dimension of activity during decision 
commitment movement initiation against dimension during late evidence evaluation, 
capturing decrease of dimension. Si]es of points show numbers of neurons in each 
recording session. 
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dimension comparison

dimension estimated by participation ratio



Cortex and striatum diverge near time of decision 
commitment and movement initiation

Dorsal striatum (ADS) Frontal cortex (FOF)

 

FLJXUH 9. Temporal WrajecWor\ of PCA loadingV from decoder ZeighWV. a, PCA loadingV 
aV a fXncWion of Wime in ADS for each VeVVion. Color indicaWeV Wime from VWimXlXV VWarW. 
b, PCA loadingV aV a fXncWion of Wime in FOF for each VeVVion. Color indicaWeV Wime from 
VWimXlXV VWarW. c, PCA loadingV aV a fXncWion of Wime in ADS for each VeVVion. Color 
indicaWeV Wime from moYemenW onVeW. d, PCA loadingV aV a fXncWion of Wime in FOF for 
each VeVVion. Color indicaWeV Wime from moYemenW onVeW. In all ploWV, darker poinWV 
correVpond Wo Whe loadingV for Whe e[ample VeVVion from earlier figXreV. N = 16 
VeVVionV. 
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Cortical dynamics rotate into new subspace near 
decision commitment movement

 

FLJXUe 11. GeRmeWU\ Rf neXUal SRSXlaWiRn acWiYiW\ acURVV WUial.  a, LefW: SchemaWic Rf 
lRcall\-lineaU aSSURach WR chaUacWeUi]ing geRmeWU\ Yia Whe alignmenW Rf VXbVSaceV Rf 
high YaUiance aW diffeUenW SRinWV in Whe WUial. SchemaWic VhRZV Whe VXbVSace Rf high 
YaUiance URWaWing RYeU Wime. RighW: An alignmenW inde[ iV calcXlaWed b\ cRmSaUing hRZ 
Zell SUinciSal cRmSRnenW YecWRUV (PCV) fURm Rne eSRch caSWXUe SRSXlaWiRn acWiYiW\ in 
anRWheU eSRch Zhen cRmSaUed WR PCV fURm WhaW eSRch. The alignmenW inde[ iV Whe aUea 
Rf Whe gaS beWZeen Whe cXmXlaWiYe fUacWiRn Rf YaUiance e[Slained b\ each VeW Rf PCV 
(VhaUed aUea) nRUmali]ed b\ Whe WRWal aUea XndeU Whe higheU cXUYe (Vee main We[W and 
MeWhRdV fRU mRUe deWailV). b, LefW: CXmXlaWiYe fUacWiRn Rf YaUiance Rf ADS acWiYiW\ dXUing 
eaUl\ eYidence eYalXaWiRn e[Slained b\ eaUl\ eYidence PCV (WRS cXUYe) and b\ laWe 
eYidence eYalXaWiRn PCV (bRWWRm cXUYe) fRU an e[amSle VeVViRn. InVeW VhRZV VimilaU 
SlRW bXW fRU acWiYiW\ dXUing laWe eYidence eYalXaWiRn. RighW: AV in Whe lefW SlRW bXW VhRZing 
mRYemenW YV. laWe eYidence eYalXaWiRn. c, AV in (b) bXW fRU FOF acWiYiW\. d, ScaWWeU SlRW 
Rf alignmenW inde[ Rf ADS acWiYiW\ beWZeen laWe eYidence eYalXaWiRn and mRYemenW 
againVW alignmenW inde[ beWZeen eaUl\ eYidence eYalXaWiRn and laWe eYidence 
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• Construct an alignment index to compare local subspaces (inspired 
by Elsayed et al., 2016) 

• Captures how direction of high variance (principal components) 
during one task epoch capture variance during another epoch



Cortical dynamics rotate into new subspace near 
decision commitment movement
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Optogenetic inactivation of frontal cortex suggests role 
in withholding decision response

• √

a

A contributory role for the rat frontal orienting field (FOF) in withholding free response decisions 
Kendall Stewart1, Tanner Stevenson1, Rishidev Chaudhuri1,3,Timothy D. Hanks1,2

1Center for Neuroscience, 2Department of Neurology, University of California Davis, 3Department of Mathematics & Neurobiology, Physiology, and Behavior, University of California Davis

Introduction Rat auditory change detection task allows us to study evidence evaluation in a free response task 

Summary

500 ms – 4.5s 600 ms 

Variable wait time Response window RewardTrial initiation

∆

FOF

#5344

Optogenetic inactivation of FOF affects performance only 
during the last 600ms of trial 

• Whole session inactivation of FOF increases responsiveness in free response decisions 
• Trial epoch specific inactivation increases responsiveness only when inactivation occurs later in the trial
• Psychophysical reverse correlation analyses of late trial inactivation significantly changes timing of stimulus features preceding detection
• FOF plays an active role in withholding decision commitment during deliberation

This work was supported by R01MH124818 (TDH), NSF 2207895 (TDH and RC), T32MH112507 (KS and TS), T32 
MH082174 (KS and TS), and NSF NRT2152260 (KS).  

The ability to flexibly accumulate sensory evidence over time is 
essential for adaptive behavior and successful decision making. While 
the frontal orienting field (FOF) has been implicated as a brain region 
important for decision selection during perceptual decision making, 
few studies have investigated its role in free response decisions. Here, 
we performed transient, reversible inactivation of FOF while rodents 
performed an auditory change detection task to investigate the role 
FOF plays in free response decisions. 

Methods
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window

Optogenetic inactivation

Detect Task

Session-length inactivation of FOF reduces task 
engagement, not ability to detect changes

Session-length inactivation of FOF increases decision 
responsiveness with minimal changes to the amount of 

evidence require for decision commitment

Inactivation of PPC affects behavior on change detection 
task differently from FOF
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Ganupuru P., Goldring A., B., Stevenson T., Stewart K., Chaudhuri R., Hanks T., D. (2025) Time-adaptive modulation of evidence 
evaluation in rat posterior parietal cortex. eLife 14:RP108890.
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Introduction Rat auditory change detection task allows us to study evidence evaluation in a free response task 

Summary

500 ms – 4.5s 600 ms 

Variable wait time Response window RewardTrial initiation

∆

FOF

#5344

Optogenetic inactivation of FOF affects performance only 
during the last 600ms of trial 

• Whole session inactivation of FOF increases responsiveness in free response decisions 
• Trial epoch specific inactivation increases responsiveness only when inactivation occurs later in the trial
• Psychophysical reverse correlation analyses of late trial inactivation significantly changes timing of stimulus features preceding detection
• FOF plays an active role in withholding decision commitment during deliberation

This work was supported by R01MH124818 (TDH), NSF 2207895 (TDH and RC), T32MH112507 (KS and TS), T32 
MH082174 (KS and TS), and NSF NRT2152260 (KS).  

The ability to flexibly accumulate sensory evidence over time is 
essential for adaptive behavior and successful decision making. While 
the frontal orienting field (FOF) has been implicated as a brain region 
important for decision selection during perceptual decision making, 
few studies have investigated its role in free response decisions. Here, 
we performed transient, reversible inactivation of FOF while rodents 
performed an auditory change detection task to investigate the role 
FOF plays in free response decisions. 
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Detect Task
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engagement, not ability to detect changes

Session-length inactivation of FOF increases decision 
responsiveness with minimal changes to the amount of 

evidence require for decision commitment

Inactivation of PPC affects behavior on change detection 
task differently from FOF

-0.6 -0.5 -0.4 -0.3 -0.2 -0.1 0

Time from False Alarm (s)
16

18

20

22

24

26

28

30

32

34

36

Cl
ick

 R
at

e 
(H

z)

False Alarm Reverse Correlation

Saline
Muscimol

PPC Inactivation

-0.6 -0.5 -0.4 -0.3 -0.2 -0.1 0

Time from False Alarm (s)

14

16

18

20

22

24

26

28

30

32

34

Cl
ick

 R
at

e 
(H

z)

False Alarm Reverse Correlation

Saline: FOF
Muscimol: FOF

FOF Inactivation

Session-length inactivation of FOF with muscimol alters 
decision process

-0.6 -0.5 -0.4 -0.3 -0.2 -0.1 0

Time from False Alarm (s)

16

18

20

22

24

26

28

30

32

C
lic

k 
R

at
e 

(H
z)

False Alarm Reverse Correlation

10 15 20 25 30 35 40 45 50
Delta Click Rate (Hz)

0.4

0.6

0.8

1.0

Pr
op

or
tio

n 
H

it

Psychometric Function

10 15 20 25 30 35 40 45 50

Delta Click Rate (Hz)

0.25

0.3

0.35

0.4

R
ea

ct
io

n 
Ti

m
e 

(s
) Chronometric Function

1.1 – 5.1 s

Variable wait time RewardTrial 
initiation

500 ms – 4.5s 600 ms 

Variable wait time Response 
window

RewardTrial 
initiation

∆Change Trial 

Catch Trial 

Ganupuru P., Goldring A., B., Stevenson T., Stewart K., Chaudhuri R., Hanks T., D. (2025) Time-adaptive modulation of evidence 
evaluation in rat posterior parietal cortex. eLife 14:RP108890.
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A contributory role for the rat frontal orienting field (FOF) in withholding free response decisions 
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Introduction Rat auditory change detection task allows us to study evidence evaluation in a free response task 

Summary

500 ms – 4.5s 600 ms 

Variable wait time Response window RewardTrial initiation

∆

FOF

#5344

Optogenetic inactivation of FOF affects performance only 
during the last 600ms of trial 

• Whole session inactivation of FOF increases responsiveness in free response decisions 
• Trial epoch specific inactivation increases responsiveness only when inactivation occurs later in the trial
• Psychophysical reverse correlation analyses of late trial inactivation significantly changes timing of stimulus features preceding detection
• FOF plays an active role in withholding decision commitment during deliberation

This work was supported by R01MH124818 (TDH), NSF 2207895 (TDH and RC), T32MH112507 (KS and TS), T32 
MH082174 (KS and TS), and NSF NRT2152260 (KS).  

The ability to flexibly accumulate sensory evidence over time is 
essential for adaptive behavior and successful decision making. While 
the frontal orienting field (FOF) has been implicated as a brain region 
important for decision selection during perceptual decision making, 
few studies have investigated its role in free response decisions. Here, 
we performed transient, reversible inactivation of FOF while rodents 
performed an auditory change detection task to investigate the role 
FOF plays in free response decisions. 
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Inactivation of PPC affects behavior on change detection 
task differently from FOF
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withholding free response decisions



Basic questions about this distributed network

• What are the differential roles of cortical and subcortical areas?

• How do these networks reconfigure across conditions and perturbations? 

• What dynamical regime is the network operating in?

Activity follows stereotyped nonlinear paths, suggesting dynamic 
coding by internally-generated neural trajectories rather than static or 
predominantly stimulus-driven representations.

Flexibly modulated cortico-striatal loop: frontal cortex and striatum tightly 
coupled, but cortex controls decision commitment



Latent variable model to capture underlying behavioral 
states during task
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• Adapt Generalized Linear Model - 
Hidden Markov Model (GMM-HLM) 
(Calhoun et al., 2019; Ashwood et al., 2022) 

• Latent states shape mapping 
between task inputs and outputs



Rats alternate between a task-engaged and an 
impulsive state

• Engaged state is 
responsive to evidence 

• Impulsive state is false 
alarm prone
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Behavioral state reflected in fronto-striatal coupling 
strength but not in mean firing rate

Nov. 16, 2025, 8:00 AM - 12:00 PM 
PSTR088.12 - From impulsivity to engagement: latent behavioral 
states modulate neural dynamics in perceptual decision-making

Aya Akhmetzhanova 
(co-mentored with Hanks)

(Points not significantly off of y=x line) (Slope significantly different from 0)



Conclusions

• Sequence coding: activity follows stereotyped nonlinear 
paths, suggesting dynamic coding by internally-
generated neural trajectories rather than static or 
predominantly stimulus-driven representations. 

• Basic anatomical unit of computation seems to be a 
flexibly modulated cortico-striatal loop: frontal cortex and 
striatum tightly coupled, but cortex controls decision 
commitment 

• Rats switch between engaged and impulsive behavioral 
states, with corresponding changes in fronto-striatal 
coupling 

• Highly-dynamic and distributed decision-making circuit 
that is strongly shaped by internal state

In many experiments, ours included (Figure 1A), the observed
neural states appeared confined to a lower-dimensional region
of the neural state space, termed the ‘‘neural manifold’’ (Aksay
et al., 2003; Gallego et al., 2017; Ganguli and Sompolinsky,
2012; Hopfield and Tank, 1986; Jazayeri and Afraz, 2017; Luc-
zak et al., 2009; Okun et al., 2015; Pang et al., 2016; Sadtler
et al., 2014; Shenoy et al., 2013; Stopfer et al., 2003; Tsodyks
et al., 1999; Williamson et al., 2019; Yu et al., 2009). Given the
large numbers of neurons we can now record from, and the
expectation that brain circuit dynamics are nonlinear, many
recent efforts have focused on using nonlinear dimensionality
reduction methods to describe neural manifold structure. These
methods have the advantage of being able to approximate the
manifolds using a small and therefore easily examined number
of coordinates. However, complex transformations used to
nonlinearly map neural data to low dimensions can make it diffi-
cult to interpret dimensionality-reduced observations in terms
of neural circuit mechanisms (see Erem et al. [2016] for a dis-

cussion of methods specifically designed to preserve dynamical
structure). The alternative that we pursued is motivated by how
the smoothness and continuity of physical systems often allow
accurate approximations of the system’s behavior using simple
(e.g., low-order polynomial) models, provided that the models
are restricted to a sufficiently local region of the system’s
parameter space. We show that locally linear projections can
be used to both clearly visualize and quantify intriguing struc-
ture in our neural data. Specifically, the neural activity did not
depend on an absolute measure of time (e.g., in seconds) per
se, but rather a task-specific measure of progression through
the trial (‘‘epoch’’ defined in Results). We found that the neural
states at a fixed epoch in the trial, taken across trials, corre-
sponded to local regions of the neural manifold (Figure 1B).
We thus used subsets of the neural data, each subset being
at one epoch in the trial, to construct locally linear approxima-
tions of how the neural state depended on various behavioral
factors (Figures 1C and 1D).

A C E

FDB

Figure 1. Conceptual framework for quantifying the trial-progression-dependent structure of the neural-population encoding of multiple
task variables
(A) Visualization of 10 trials in one example imaging dataset (same data as in Figure 3, 3rd column). The coordinated activity of neurons can be thought of as a point

in a high-dimensional neural state space, where each axis is the activity level of one neuron. To visualize this, we linearly projected this neural state data down to 3

dimensions, as explained later for Figure 3A. As the trial progresses, the neural state traces out a trajectory in the neural state space (black curve: neural state at 11

epoch-bins in the trial, joined lines to guide the eye).

(B) Illustration of how neural states appear confined to a lower-dimensional subset of the state space, termed the neural manifold (gray volume). For a fixed epoch,

the neural states across trials (colored dots) appear furthermore confined to a local region of the manifold (dashed circles).

(C and D) For each epoch/local region of the manifold (dashed circles), we show that the neural states across trials have substructure related to each of the trial-

specific behavioral factors, e.g., navigational choice illustrated in (C) and evidence levels in (D).

(E) For a given epoch t, the substructure in (C) and (D) can be approximated using a linear regression model to describe how the neural state FðtÞ changes as task
variables XðtÞ change. Each row of the regression weight matrixWencðtÞ is a vector w

.ðiÞ
enc (‘‘encoding direction’’) of response strengths across neurons to a given

task variable xi and can be thought of as a gradient direction in the neural state space, e.g., arrows in (C) and (D).

(F) We call the set of dot products between all pairs of encoding directions the ‘‘encoding geometry’’; the dot product is proportional to the cosine angle between

the two vectors.
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