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Global error signal guides local optimization
in mismatch calculation

John Hongyu Meng & Xiao-Jing Wang

Corollary discharge denotes internal signals about the expected sensory
consequences of one’s own actions, leading to reduced sensory responses to
self-generated stimulation. To investigate the underlying neural circuit
mechanism, here we introduce a biologically plausible three-factor learning
rule, where a global signal guides the updating of local inhibitory synapses to
enable the computation of mismatches between stimulus and their predic-
tions. We show that our network model, endowed with both positive and
negative prediction error neurons, accounts for the salient physiological
observations ofmotor-visual andmotor-auditorymismatch responses inmice.
Moreover, the model predicts that learning induces a bimodal distribution in
activity correlation with stimulus and prediction, supported by our analysis of
neural data from a recent experiment. Together, these results link global
modulation to local learning for predictive error computation in the sensory
areas, and predict howdisrupting inhibition impairsmismatch computation in
specific ways.

Since Hermann vonHelmholtz, an outstanding question in Psychology
andNeuroscience has been to elucidate how self-generatedmovement
is monitored in the brain through an internal signal called corollary
discharge or efference copy, that conveys (top-down) expectation of
sensory consequences of one’s own actions, to be compared with the
actual stimulus induced (bottom-up) input in a sensory system1

(Fig. 1a). For instance, we make rapid eye movements several times
per second. Yet, our vision is stable thanks to corollary discharge
associated with saccades2. When we walk, we do not perceive that the
world is moving, even though the visual input to our eyes suggests
motion3. Similarly, when playing an instrument in a band, wemay tune
out the sound of our own actions relative to those of others4. What
neuralmechanisms underlie this selective suppression?Answering this
question is of interest for basic neuroscience as well as psychiatry,
since deficits in corollary discharges are believed to be a root cause of
hallucination and delusion associated with mental disorders5,6.

In recent years, mismatch computation between a sensory
response and corollary discharge of self-motion has been cast in the
general framework of predictive coding7. Originally proposed for
perception, predictive coding highlights the idea that a stimulus-
induced response in a sensory circuit is compared with an internally
generated expectation/prediction signal about that stimulus, and is

suppressed when expectation is increased8. Applied to motor-sensory
feedback, the motor cortex sends a copy of the movement signal to
sensory areas, which serves as a local prediction of the incoming sti-
mulus. If the prediction and actual input match, their signals cancel
out, leading to reduced or no sensory perception (Fig. 1b). For exam-
ple, we may press a play button and hear the expected tune. But when
the prediction and stimulus mismatch, the sensory area responds,
signaling a prediction error (Fig. 1c). This mismatch can occur in two
ways: either a sound is heard without pressing the button, or we press
the button while no sound follows. Both types of mismatch elicit
stronger neural responses inmice than expected stimuli9,10. Moreover,
suppression in the expected case depends on experience, suggesting a
critical role for neural plasticity.

Though themathematical description of mismatch is as simple as
computing the absolute difference between stimulus and prediction
signals, it is not clear how the brain implements this operation (Fig. 1d).
One challenge is that neurons in sensory areas exhibit low baseline
firing rates11–13, making them highly responsive to excitatory input but
relatively insensitive to inhibition. A straightforward solution is to
introduce two separate neuronal populations: positive prediction
error (pPE) neurons, which respond to stimulus minus prediction, and
negative prediction error (nPE) neurons, which respond to prediction
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minus stimulus7. Another challenge is that long-range projections in
the brain are predominantly excitatory. Therefore, to compute a dif-
ference between stimulus and prediction signals, local interneurons
must be involved to convert long-range excitatory inputs into local
inhibition.

However, accurate prediction error computation also requires
well-tuned local connectivity. With naive connectivity (Fig. 1e), stimu-
lus and motor-related inputs can vary across individual neurons. Yet,
these neurons receive dense inhibition from local interneuron
populations14, suggesting that eachneuron receives a comparable level
of inhibition. As a result, expected stimulus input cannot be effectively
canceled by prediction-driven inhibition, and vice versa. This mis-
match implies the need for a learning mechanism that tunes local
inhibitory connections to accurately align inhibition with its corre-
sponding excitatorydrive, such that relayed stimulus inhibition targets
prediction-driven excitation and relayed prediction inhibition targets
stimulus-driven excitation. (Figure 1f). Notably, excitatory plasticity
may not play amajor role, as overall excitatory responses tomotion or
visual input are not significantly altered after learning9. Taken toge-
ther, successful prediction error computation likely depends on inhi-
bitory plasticity. This form of plasticity has been widely observed in
cortex15–17 and is modulated by neuromodulators18. In particular, nor-
adrenaline signals broadcast by the locus coeruleusmay facilitate local
circuit optimization19,20, though the underlying mechanism remains
unknown.

In this study, we introduce a biologically plausible three-factor
learning rule, inspired by ref. 21, that acts on inhibitory synapses from
interneurons to pyramidal cells and enables local circuits to compute
prediction errors. We show that this local rule converges to the same
optimal connectivity as that learned via gradient descent. We test the
rule in models composed of either simplified ReLU or biophysically
realistic neuron models. The resulting inhibitory connectivity repro-
duces key experimental observations, including the selective motion-
modulated auditory response9 and the motion-visual mismatch
response10.Moreover,we demonstrate that this learned connectivity is

functionally optimal: perturbing interneuron activity, either by exci-
tation or inhibition, consistently disrupts the population-level mis-
match response. Finally, the model predicts a bimodal distribution of
stimulus- and prediction-related correlation across neurons, a feature
supported by reanalysis of experimental data.

Results
Three-factor learning rule optimizes prediction-error
computation
We implemented a biologically feasible three-factor learning rule to
align inhibition relayed from the prediction (or stimulus) with excita-
tion driven by the stimulus (or prediction), such that population
responses are suppressed when inputs are predicted, but enhanced
during mismatches:

ΔW � cðtÞðR� R0Þr ð1Þ

This learning rule depends on the firing rates of the presynaptic
neuron r and postsynaptic neurons R, along with a global third factor
c(t) representing the mismatch between prediction and stimulus.
Inspired by recent studies19,20, this third factor may be mediated by
noradrenaline, released from the locus coeruleus. Remarkably, the
proposed rule converges to the same optimal solution as the tradi-
tional gradient descent algorithm, despite relying only on biologically
plausible global error signals. The mathematical proof of this equiva-
lence, valid for any number of ReLU neurons, is presented in the Sup-
plementary Notes. We further validate the theory through simulations
in a three-dimensional setting (i.e., 3D movement in the home cage
leads to a predictable 3D visual flow change) and by replacing ReLU
neurons with a realistic conductance-based model. Here, we provide
an intuitive explanation in a simplified case that only includes n = 2
RELU neurons to illustrate the necessary conditions required for
our model.

This simplified case is designed to capture the minimal require-
ments for computing a prediction error. First, at least two excitatory
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Fig. 1 | Motion-sensory mismatch calculation requires learning. a An efference
copy of the motion signal is compared with the incoming auditory or visual sti-
mulus to compute the mismatch. b A matched case where the incoming sound
aligns with the clicking motion. c Mismatch examples: sound is heard without a
corresponding motion, or no sound is heard when clicking the button. d The
mathematical descriptionof error calculation requires twodistinct prediction error
populations and local interneurons to invert long-range excitation into local

inhibition (see main text). e Innate connectivity fails to compute errors effectively.
f Optimal connectivity for error calculation requires inhibitory input from predic-
tion (stimulus) to balance excitation from stimulus (prediction), a pattern that can
be achieved through learning. Here, the diagrams in e, f assume that the total
excitation from the stimulus and the prediction is identical across neurons to
simplify the illustration, although this assumption is not required in theory.
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neurons (n = 2) are needed, since a single neuron cannot encode
bidirectional deviations from a low baseline firing rate. Likewise, two
interneurons are included to represent distinct inhibitory populations.
Second, one excitatory neuron is assumed to receive stronger sensory
(stimulus-driven) input, whereas the other receives stronger top-down
(prediction) input; an analogous arrangement applies to the two
interneurons. Third, we retain only the dominant excitatory synapse
onto each pyramidal neuron and each interneuron, neglecting weaker
projections for simplicity. Fourth, all neurons aremodeled as rectified
linear units (ReLUs). These assumptions together define a minimal
circuit consisting of two excitatory neurons (n = 2) and their corre-
sponding interneurons (Fig. 2a). Last, we assumeboth neurons project
equally to an output neuron whose activity encodes the difference
between stimulus and prediction. The objective is that, through
learning, these two neurons evolve into one pPE and one nPE neuron,
as shown in (Fig. 2a).

We then trained the inhibitory connections from two inter-
neurons IS, IP to both the pPE and nPE neurons to minimize the dif-
ference between the output neuron’s activity and the true error,
defined as the absolute difference between the stimulus and predic-
tion. The optimal solution in this setting requires the connectivity
configured as in Fig. 1d. In this case, the pPE neuron only receives
relayed prediction inhibition but none of the relayed stimulus inhibi-
tion, and its firing rate reflects the positive prediction error RpPE = [S
−P]+. Conversely, the nPE neuron only receives relayed stimulus inhi-
bition but not prediction inhibition, and its firing rate reflects the
negative prediction error RnPE = [P−S]+.

Learning how to compute prediction error accurately requires a
model or an animal to use the prediction signal to cancel the incoming
stimulus in the expected cases when both the prediction and stimulus
signals are present (Expected set FE: ∣S − P∣ ≈ 0). However, this result
may be from training in both the expected case (FE and the mismatch
set FMM: ∣S − P∣ > 0). Recent experiments have suggested that the neu-
romodulation signal may be different in the FE and FMM19,20. To under-
stand the updating difference in these two sets, we first examine the
behavior of the gradient descent algorithm within the expected
training set FE. Within the expected training set FE, the total inhibitory
input converges to match the total excitation (Fig. 2b, black arrow).
Yet, in this condition, it does not matter whether the inhibition origi-
nates from the prediction or the stimulus, resulting in a family of
equally valid solutions rather than a unique one. This family of solu-
tions is referred to as the slow learning manifold in the following.
Indeed, the optimal response in the expected case is zero, indicating
that excessive inhibition can suppress neural activity trivially, thereby
satisfying the objective without yielding a meaningful solution. To
resolve this ambiguity, training on the mismatch set FMM, where sti-
mulus andprediction inputs are notmatched, is necessary. In this case,
the source of inhibition becomes critical for accurate mismatch com-
putation. As a result, the synaptic weights move along the slow
learningmanifold to the unique optimal solution (Fig. 2b, blue arrow),
where the circuit correctly associates inhibition with its corresponding
excitatory drive.

The same optimal solution emerges from our three-factor learn-
ing rule, assuming expected training samples are more frequent than
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Fig. 2 | Mechanisms of the three-factor learning rule. a Diagram of network
connectivity in a simplified case with n = 2, consisting of one nPE and one pPE
neuron. b Weight updates under gradient descent. When trained on the expected
set FE, where prediction matches stimulus, weights converge to the slow learning
manifold WS + WP = 1. Constrained by the slow learning manifold, training on the
mismatch set FMM shifts the weights along it. Eventually, inhibitory selectivity
emerges as (WS,WP)→ (0, 1). cWeight updates under the local three-factor learning
rule. Inhibitory selectivity emerges through a zig-zag trajectory guided by the local
rule. c(t) represents the third factor. See “Methods” for details. d The sign of the
third factor c(t) depends on the true error. When the mismatch is small

(∣S − P∣ < 0.5), weights update as in the expected set FE; when large (∣S − P∣ > 0.5),
weights update as in the mismatch set FMM. (Top) The error distribution is drawn
from a truncated Gaussian distribution. (Bottom) Corresponding third factor c(t).
eWeight evolution when total excitatory input from stimulus and prediction is the
same across neurons. The dashed line indicates the theoretical slow-learning
manifold. Crosses mark initial weights; circles mark final weights; colors mark dif-
ferent post-synaptic neurons. The black arrow highlights fast initial learning; the
blue arrow indicates slower refinement along a slow learning manifold. f Same as
e, but the total excitatory input fromstimulus andprediction varies across neurons.
In this case, the total inhibitory input after learning diverges across neurons.
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mismatched ones, as is typical in experimental paradigms. The third
factor, c(t), presumably mediated by a neuromodulator such as
noradrenaline19, controls the sign of learning. Indeed22, demonstrated
that different concentrations of neuromodulators could control whe-
ther paired pre- and post-synaptic activity led to long-term potentia-
tion or depression. During training on expected samples, the rule
behaves like Hebbian learning, with weight updates proportional to
the product of pre- and post-synaptic activity, causing total inhibition
tomatch excitation and thereby defining a slow-learningmanifold. For
mismatched samples, the rule becomes anti-Hebbian, with weight
updates negatively correlated with the product of activity, driving
weights toward the optimal configuration. Although inhibition tem-
porarily deviates from the slow-learning manifold, the dominance of
expected samples pulls total inhibition toward themanifold, keeping it
close throughout learning. This alternation guides convergence along
a zigzag trajectory (Fig. 2c).

Next, we test our algorithmwith a network of n = 40 ReLU neurons.
At each learning step, the true prediction error is sampled from a
truncatedGaussian distribution (Fig. 2d), and the third factor c(t) reflects
the true error. Here, the third factor is only required to differentiate
expected cases from mismatched ones by its sign, while the exact form
may vary. Here, we choose a linear function for simplicity, while other
choice of the functions works (see below). For analytical convenience,
we first assume that the sum of stimulus and prediction inputs is con-
stant across neurons. Under this assumption, different neurons share
the same slow learningmanifold, which is defined by the total excitatory
input, and they can be ordered along a one-dimensional axis according
to their input affinity to the stimulus (Fig. 2e). We further assume that
the utility of mismatch signals saturates beyond a certain threshold (see
“Methods”), which causes synaptic weights to different postsynaptic
neurons to converge at distinct positions along the slow learning
manifold. However, when considering two or more stimuli modulated
by the same prediction signal, the sumof stimulus and prediction inputs
will naturally differ across neurons, since enforcing identical sumswould
collapse the representation of distinct stimuli. Indeed, our learning rule
still works, where the slow learning manifold differs for each neuron
(Fig. 2f). The corresponding activity and synaptic weights across neu-
rons are shown in Supplementary Fig. 1.

So far, we have shown that the proposed learning rule minimizes
neuronal responses in the one-dimensional (1D) expected condition,
where the prediction strength matches the stimulus strength (e.g.,
movement on a treadmill produces corresponding visual flow in one
direction). However, animals operate in a three-dimensional (3D)
environment, where free movement (e.g., a mouse exploring a cage)
generates visual-flow changes along multiple axes. To test the gen-
erality of our learning rule, we extended the model to include three
stimulus-prediction pairs, such that changes in each stimulus are
canceled by changes in the corresponding prediction (Supplementary
Fig. 2a; see “Methods”). All stimuli and predictions project to the same
excitatory neuron pool, but their synaptic strengths are shuffled to
remove correlations between any pair. We further assume that distinct
stimuli and prediction signals are relayed through separate inter-
neuron (IN) pools. This assumption is consistent with the reported IN
selectivity23,24 and/or the plasticity of excitatory synapses onto INs25,26.

In this scenario, the expected condition is defined as the L2-norm
of the error vector being below a threshold, while the mismatch con-
dition includes all remaining cases (Supplementary Fig. 2b). Similarly,
the sign of the third factor reverses between expected and mismatch
conditions. As before, we sampled theprediction error at each learning
step from a truncated 3D Gaussian distribution. After learning, we
observed qualitatively similar outcomes: neural responses in the
expected condition were suppressed, whereas those in the stimulus-
only or prediction-only conditions were amplified (Supplementary
Fig. 2c, d). This arises because the relayed inhibition aligns with the
excitation of the same pair (e.g., Supplementary Fig. 2e, f). Similar

cancellation patterns were observed for the other two stimulus-
prediction pairs (Supplementary Fig. 2g, h). In summary, although
limited experimental evidence supports this approach in high-
dimensional cases as far as we know, our model offers a biologically
plausible method for calculating high-dimensional prediction error.

Prediction response depends on context after learning
After establishing our learning rule, we examine neural responses to
stimulus and prediction signals before and after learning. From this
point on, we usemore realisticmodels for both pyramidal neurons and
interneurons (see “Methods”), though ReLU neurons yield similar
results (Supplementary Fig. 1). Our pyramidal neuron model consists
of two compartments and includes a dendritic voltage variable. With
weak coupling between the somatic and dendritic compartments, the
model captures both subtractive and divisive dendritic inhibition,
depending on the level of dendritic depolarization (Supplementary
Fig. 3). Here, we use the model with strong dendro-somatic coupling,
reflecting a model of Layer 2/3 pyramidal neurons. We further select
the single-neuron parameters based on data recorded from Layer 2/3
in the mouse primary visual cortex27. Neurons receive a baseline input
thatmaintains lowbut nonzerofiring rates. Eachneuron receives input
from both the stimulus and prediction signals, with varying strengths.
They also receive inhibition that is relayed through local interneuron
populations. Given the high density of local inhibitory connectivity14,
we assume that the strength of inhibition is similar across neurons. For
simplicity, there is no recurrent connectivity among pyramidal neu-
rons or from pyramidal neurons to interneurons in this model.

Before learning, the majority of neurons exhibit stronger
responses when both the stimulus and prediction are present, com-
pared to when only one input is provided (Fig. 3a). Here, we assume
each neuron receives the same total input in the expected case, and
sort neurons based on their affinity to the stimulus. At the population
level, the response is highest when both inputs are present. Under our
learning rule, inhibitory connectivity evolves from uniform inhibition
into selective inhibition, such that excitatory input from the stimulus is
canceled by inhibition relayed from the prediction (Fig. 3b, top), and
excitatory input from the prediction is canceled by inhibition relayed
from the stimulus (Fig. 3b, bottom).

After learning, population neuronal activity reflects prediction
error computation (Fig. 3c). The left-most neuron receives the stron-
gest stimulus excitation and the least inhibition from the stimulus,
resulting in stronger responseswhen the stimulus is present alone. The
right-most neuron shows a similar pattern when only the prediction
input is provided. However, when both stimulus and prediction inputs
are present, all neurons exhibit low firing rates, slightly above baseline.
At the population level, the average response in the expected condi-
tion, when both stimulus and prediction inputs are present, is lower
than the response to either input alone. Furthermore, comparing
activity distributions before and after learning, the average activity
decreases only in the expected condition (Fig. 3d). The model has
similar qualitative results when each neuron receives a different total
input in the expected case (Supplementary Fig. 4).

From another perspective, the net effect of the prediction signal
on population responses becomes context-dependent after learning.
Before learning, adding prediction increases activity, both with the
stimulus (Fig. 3a, blue vs. gray) and without it (Fig. 3a, red vs. green).
After learning, however, prediction reduces activity when comparing
the expected case to the stimulus-only case (Fig. 3c, red vs. green),
indicating that prediction-modulated inhibition is learned and
context-specific. We will examine this further in the next section.

Here, the exact form of the third factor c(t) is not important. To
directly test this, we use a piecewise-estimatedecðtÞ instead to guide the
learning and reach the same qualitative results (Supplementary Fig. 5).
In this case, theecðtÞ requires only an approximation of the global error
by the animal.
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Since the neurons on the left respond selectively to positive pre-
diction error, [S−P]+, after learning, we refer to them as pPE neurons.
The same applies to the neurons on the right, which respond to
negative prediction error, and are referred to as nPE neurons. Along
the x-axis of input strength, the neuron identity gradually transitions
from pPE (neuron 1 to neuron 20) to nPE (neuron 21 to neuron 40). In
the following sections, the representative pPE and nPE neurons cor-
respond to neuron 1 and neuron 40, respectively.

Prediction input selectively modulates the expected stimulus
In many situations, we selectively suppress expected stimuli in com-
plex environments, while leaving the representation of other stimuli
unchanged. Recent experiments have shown that this suppression is

highly specific: only the response to the expected sound associated
with self-generated motion is reduced, whereas responses to other,
non-predicted sounds remainunaffected10,28. Does theprediction error
computation learned by our model show the same specificity to
expected stimuli?

We assess this selectivity by introducing a probed stimulus in
addition to the expected stimulus. The excitation of the probed sti-
mulus is generated by shuffling that of the expected stimulus.
Importantly, the prediction excitation to each neuron is also shuffled,
such that it is uncorrelated with both the excitation of the expected
and the probed stimuli (Fig. 4a).

During training, as shown previously, the synaptic weights gra-
dually align the inhibition relayed from the stimulus with the
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prediction input (Supplementary Fig. 6a). In contrast, inhibition
relayed from the prediction aligns specifically with the expected sti-
mulus, but not with the probed stimulus (Fig. 4b). This is because the
error signal driving the third-factor learning rule reflects only the
mismatchbetween the expected stimulus and theprediction, anddoes
not incorporate the probed stimulus.

After learning, in the absence of prediction input, the response
distributions to the expected andprobed stimuli are similar (Fig. 4c). In
contrast, when both stimulus and prediction inputs are present, strong
inhibition emerges selectively for the expected stimulus, but not the
probed stimulus (Fig. 4d, and Supplementary Fig. 6b).

To quantify the prediction-modulated response, we used the
same modulation index (MI; see “Methods”) as in refs. 10,28 to mea-
sure activity changes within the same neuron population (Fig. 4e). The
MI for most neurons for the expected stimulus is close to minus one,
indicating strong selective inhibition. In contrast, the MI for the pro-
bed stimulus shows a broader distribution centered above zero, con-
sistent with weaker or absent modulation. This difference in MI
between expected and probed stimuli was also observed
experimentally10,28. One notable difference is that, in the experiments,

the MI for the probed stimulus is closer to zero or slightly negative.
This discrepancymay be explained by a global, non-specific inhibitory
effect from motor to auditory cortex, potentially mediated by
Parvalbumin-expressing (PV) interneurons10.

It is also important for the sensory cortex to maintain accurate
stimulus processing in the absence of prediction input. We find that
discriminability, measured using a form of the Fisher information
metric (see “Methods'), is comparable between the expected and
probed stimuli (Supplementary Fig. 6c).

Model reproduces motor-visual mismatch response after
learning
In the previous section, we examined how neural responses depended
on whether a stimulus was predicted. Here, we investigate a com-
plementary scenario in which the stimulus is absent when a motor
signal is present (Fig. 5a). Recent studies9,19 used a motor-visual mis-
match protocol to explore neural responses when expected sensory
input was omitted. In this paradigm, dark-reared mice were passively
trained in a virtual environment where their movement on a treadmill
controlled the visual flowof a grating pattern (coupled training, CT). In
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parallel, a control group of mice received the same visual input gen-
erated from the CT animals, but the visual flow was decoupled from
their own movement (non-coupled training, NT). As a result, the CT
group may learn that the visual flow was a consequence of their
movement, but not the NT group. After training, Mismatch events
were introduced by abruptly pausing the visual flow during locomo-
tion for both groups. In these experiments, a larger fraction of neurons
in the CT group responded to the mismatch, and the average mis-
match response was significantly stronger in the CT group compared
to the NT group.

We simulate the same protocol in our model, both before and
after learning. During the expected period, both prediction and sti-
mulus inputs are active, whereas during the mismatch period, the
stimulus input is paused while the prediction input remains. In our
model, both nPE and pPE neurons exhibit reduced activity during the
expected condition after learning (Fig. 5b), consistent with previous
results (Fig. 3d). However, these two neuron types respond differently
to the mismatch signal. pPE neurons show a negative mismatch
response, indicating that they are normally excited by the stimulus. In
contrast, nPE neurons show a positive mismatch response, suggesting
that the stimulus inhibits their activity. At the population level, more
neurons are excited than inhibited during mismatch (Fig. 5c). Before
learning (Fig. 5d), the strongest excitatory and inhibitory mismatch
responses at the single-neuron level are similar in magnitude. On
average (Fig. 5e), responses in the expected condition (stimulus with
prediction) are comparable to those in the mismatch condition (pre-
diction only), indicating that mismatch signals are not readily distin-
guishable. After learning (Fig. 5f), however, the strongest excitatory
mismatch responses (e.g., neuron 40) are ~ten times larger than the
strongest inhibitory responses (e.g., neuron 1). This asymmetry arises
from two factors: first, responses during the expected condition are

strongly suppressed; second, nPE neurons become selectively inhib-
ited by stimulus-driven inhibition, resulting in stronger disinhibition
when stimulus input is absent.

Mismatch response under perturbation
If the learned connectivity is optimal in computing prediction error,
then any perturbations of it are suboptimal and should do worse. To
test this, we probed the model by perturbing the activity of inter-
neuron populations, mimicking a photostimulation experi-
ment (Fig. 6a).

By inhibiting the IS population, the pyramidal neuron population
becomes disinhibited (Fig. 6b). However, because inhibition from IS is
aligned with prediction-driven excitation, nPE neurons experience
stronger disinhibition thanpPEneurons. This asymmetry is reflected in
the increasing activity across neurons along the neuron index, which is
sorted by the stimulus affinity. As a result, nPE neurons no longer
compute prediction error accurately: they exhibit elevated responses
in the expected condition. Consequently, the change of population
response stops reflecting the prediction error. In the opposite sce-
nario, excitation of the IS population leads to widespread inhibition
across the pyramidal neuron population (Fig. 6c). Under this condi-
tion, nPE neurons are strongly inhibited in both the expected and
mismatch cases. However, accurate mismatch computation requires
nPE neurons to show increased activity in themismatch condition, and
this differential response is lost under excessive inhibition. As a result,
nPE neurons fail to compute theprediction error accurately in this case
as well. When plotting the mismatch response as a function of per-
turbation strength (Fig. 6d; additional examples shown in Supple-
mentary Fig. 7a, b), we observe that performance is optimal at zero
perturbation, indicating that any deviation impairs the network’s
ability to compute prediction error. This degradation in performance

Mismatch

S�mulus
Predic�on

Before Learning

pPE

Time (s)

Ra
te

Ra
te

nPE

Time (s)

nPE

pPEa

c

b

Av
e.

Ra
te

Mismatch

Sensory 
(V1)

Motor
(P)

nPEpPE

f

Time (s)

A�er Learning

Before Learning

M
ism

at
ch

Re
sp

on
se

nPEpPE

M
ism

at
ch

Re
sp

on
se

d e

Before
A�er

A�er Learning

Neuron NeuronB PS+P

g

Av
e.

Ra
te

B PS+P

N
eu

ro
n Rate

M
M

M
M

Fig. 5 | Three-factor learning captures responses in a motor-visual mismatch
protocol. a Schematic of the mismatch paradigm. V1 compares motor-related and
visual inputs to generate a surprise signal. The mismatch is introduced by pausing
the flow of visual stimuli during locomotion. b Example neuron responses before
and after learning. Firing rates over time for one pPE and one nPEneuron are shown
before learning (black) and after learning (blue). c Learning-induced changes in
firing rates. Firing rate changes across all neurons, comparing pre- and post-

learning conditions. d Mismatch responses before learning across neurons. The
black dashed line indicates the population average. e Population activity before
learning. The averaged response in the expected case (S+P) is higher than the
mismatchcase (Ponly), suggesting nomismatch response at thepopulation level. f,
gMismatch responses after learning. Same as (d, e). Here, a mismatch response is
detected at the population level. The model behavior before learning and after
learning reflects the behavior of the NT and CT groups in ref. 9, correspondingly.

Article https://doi.org/10.1038/s41467-026-70354-x

Nature Communications |         (2026) 17:3868 7

www.nature.com/naturecommunications


is primarily driven by nPE neurons, rather than pPE neurons (Fig. 6e),
consistent with the fact that nPE neurons receive stronger inhibition
from the IS population.

In addition to perturbing the IS population, perturbations of the IP

population (Fig. 6f) yield qualitatively similar outcomes. However, the
specific mechanisms underlying performance degradation differ
across conditions. When the IP population is inhibited, pPE neurons
become disinhibited in the expected condition (Fig. 6g, and Supple-
mentary Fig. 7c), resulting in spurious responses that distort predic-
tion error signaling.When the IPpopulation is excited, the example pPE
and nPE neurons appear less affected (Fig. 6g), but nPE neurons that
receive both prediction and stimulus inhibition (e.g., neurons 20–30)
become excessively inhibited and cease contributing to the
population-level prediction error signal (Supplementary Fig. 7d).

The impairment of predictive coding by NMDA receptor blockade
is widely observed across species29–31. To test this in our model, we
block NMDA channels on all excitatory connections. As expected, this
impairs mismatch computation (Fig. 6h), due to reduced excitatory
drive across neurons, leading to a general decrease in response
amplitude (Fig. 6i, j; and Supplementary Fig. 7e, f). Despite the differ-
ing mechanisms, the same principle holds: any perturbation disrupts
prediction error computation.

This concept of optimization canbe further tested in a conjugated
task, where a mismatch signal is introduced by pausing the prediction
input in the model (Fig. 7a). Such a mismatch could arise experimen-
tally through optogenetic suppression of axons projecting frommotor
areas to the visual cortex, thereby disrupting the prediction signal.

In contrast to the previous scenario, pPE neurons exhibit a strong
positive response to the mismatch, while nPE neurons show a modest
negative response (Fig. 7c). Across the neuronal population, the mis-
match response gradually decreases from positive to negative values,

although the average response remains positive (Fig. 7d). When
examiningmismatch responses as a function of perturbation strength,
the population response is again optimized in the unperturbed con-
dition: when neither the IS nor the IP populations, nor the NMDA
channels, are manipulated (Fig. 7e, g, i). The mechanisms underlying
performance degradation under perturbation are similar to those
described earlier (Fig. 7f, h, j, and Supplementary Fig. 8). For example,
inhibiting the IP population leads to strong disinhibition of pPE neu-
rons in the expected condition, reducing the difference between the
expected and stimulus-only responses (Fig. 7f, and Supplementary
Fig. 8a). As a result, the population-level mismatch response is
diminished (Supplementary Fig. 8b). This mechanism is analogous to
the effect of inhibiting the IS population in the original mismatch task.

Bimodal correlation distribution emerges after learning
Our model predicts that, after learning, prediction-driven excitation
should be balanced by stimulus-driven inhibition, and stimulus-driven
excitation should be balanced by prediction-driven inhibition. These
relationships between excitation and inhibition can be revealed by
examining the correlation between neuronal responses and varying
levels of stimulus and prediction input. Here, we focus on how these
correlations change as a result of learning.

We first fix the prediction input strength while randomly varying
the stimulus input each second (Fig. 8a). In ourmodel, before learning,
a subset of neurons exhibit stronger responses when both stimulus
and prediction inputs are present, compared to either input alone
(Fig. 3a; approximately from neuron 15–25). Indeed, two example
neurons (Fig. 8b; neuron 15 and neuron 25) show positive correlations
with stimulus input. After learning, however, almost no neurons
maintain elevated responses when both inputs co-occur (Fig. 3c). After
learning, neuron 25 switches from a positive to a negative correlation
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with stimulus strength (Fig. 8b).We then reverse the setupbyfixing the
stimulus input while randomly varying the prediction input (Fig. 8c).
Before learning, both example neurons again show positive correla-
tions with the prediction strength. After learning, neuron 15 switches
to a negative correlation with prediction strength (Fig. 8d).

We next vary the stimulus and prediction input strengths simul-
taneously and compute each neuron’s response correlation with sti-
mulus and prediction input separately. To improve statistical
reliability, we use a larger model with N = 200 neurons and a con-
tinuous simulation duration of 200 seconds. In Fig. 8e, each dot
represents a single neuron, with its correlation with stimulus input on
the x-axis and correlationwith prediction input on the y-axis. The color
indicates the mismatch response after learning. The dots lie approxi-
matelyon aunit circle, suggesting that the variance inneural responses
can be fully explained by the combination of stimulus and
prediction input.

We define the angular deviation θ for each neuron as the differ-
ence between the angle of its correlation vector in polar coordinates
and π/4. A value of θ = 0 indicates equal correlation with stimulus and
prediction input. We further weight each θ by the radius of the cor-
responding point in polar coordinates and plot the weighted

distribution of θ. Before learning, θ follows a unimodal distribution
centered near zero (Fig. 8f). After learning, however, the correlation
points cluster in the second and fourth quadrants, consistent with a
functional split between nPE and pPE populations (Fig. 8g). This
separation is further reflected in the emergence of a bimodal dis-
tribution in the weighted distribution of θ (Fig. 8h).

Finally, we test whether a similar bimodal correlation structure
emerges in experimental data. Previously in Fig. 5, we showed that our
model reproduces neuronal responses observed in both non-coupled
training (NT) and coupled training (CT) mice during a motor-visual
mismatch protocol9. Here, we analyze data from the same study,
focusing on neuronal responses in NT and CT mice under the open-
loop condition, where movement and visual flow are decoupled.

As in the model, we compute the correlation between neuronal
responses and either visual flow (stimulus) or locomotion speed
(prediction), and represent these in polar coordinates (Fig. 8i, k). We
then plot the weighted distribution of the angular difference θ as
defined earlier (Fig. 8j, l). In the NT group, the distribution of θ is
unimodal and centered near zero, indicating similar correlation with
stimulus and prediction inputs. In contrast, the CT group shows a
bimodal distribution, suggesting that the functional separation into
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pPE and nPE neurons emerges only with coupled sensorimotor
experience, consistent with our model predictions. This bimodality is
further confirmed by fitting the angular data to Gaussian mixture
models (GMM) with one or two components (see “Methods”; Fig. 8j, l,
Supplementary Fig. 9).

Discussion
Our work proposes that a three-factor learning rule optimizes local
inhibitory connectivity for the computation of prediction errors in
sensory areas. Each component of the rule is biologically supported,
essential for the learning process, and converges to the same optimal
solution as the gradient descent algorithm. After learning, positive
prediction error (pPE) and negative prediction error (nPE) neurons
emerge simultaneously, and their population activity reflects the pre-
diction error: the difference between prediction and stimulus input.
Because error is minimized only for stimuli that have been paired with
a prediction signal, the model captures the selective modulation of

responses observed in auditory cortex10,28. We reproduce the response
in a motor-visual mismatch task9 and further argue that any pertur-
bation to the optimized circuit impairs performance. Finally, the
model predicts a bimodal distribution of correlationwith stimulus and
prediction inputs after learning, a pattern that is confirmed by reana-
lysis of existing data.

The three-factor learning rule, also known as the neoHebbian
learning rule, was first introduced by Gerstner and colleagues21,32,33. It
extends traditional Hebbian plasticity34 by incorporating a third factor
in addition to pre- and postsynaptic activity. This third factor can
represent signals such as reward, punishment, or surprise, and is often
mediated by neuromodulators like dopamine18,22,35,36. In the three-
factor framework, the pre- and postsynaptic activity sets a “tag” at the
synapse, marking it as eligible for modification. The third factor can
then arrive later (within a certain time window) to modify the actual
synaptic weight using that tag. In doing so, three-factor learning
bridges the timescales between fast neuronal activity (milliseconds)
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and slower behavioral outcomes (seconds)21,37. Moreover, any biolo-
gically realistic learning mechanism must address the stability-
plasticity dilemma38, in which high plasticity leads to forgetting and
high stability impairs new learning. The third factor has been proposed
as a solution to this dilemma39,40, by dynamically gating plasticity in a
context-dependent manner.

In motor-sensory mismatch paradigms, animals are typically
trained passively to associate specific motor outputs with corre-
sponding sensory stimuli, thereby minimizing confounding top-down
influences such as attention9,10. Because these tasks are not reward-
based, the dopamine-dependent temporal-difference (TD) learning
mechanism41 is unlikely to be engaged. Recent findings show that locus
coeruleus axonal activity correlates with the amplitude of unsigned
prediction error signals, presumably reflecting noradrenaline release
in sensory areas19,20. We therefore propose an alternative learning rule,
inwhich the sign of synaptic weight changedepends on themagnitude
of theunsignedpredictionerror (∣S−P∣) rather thanon a signed reward
prediction error (RPE). In addition to noradrenaline, serotonin may
serve a complementary modulatory role in guiding synaptic plasticity
and local circuit optimization42.

In our model, the three-factor learning rule is applied at local
inhibitory synapses onto pyramidal cells, but not at the excitatory
synapses onto interneurons.We omit the latter for three reasons. First,
mismatch responses in interneurons do not appear to depend on
experience, as reported in ref. 9. Second, successful balancing of
excitation via relayed inhibition requires that interneurons be stimu-
lus-selective, a condition that may not be biologically feasible given
their dense and non-selective connectivity14 (but see ref. 24). Third,
optimizing excitatory synapses onto interneurons would require
access to the firing rates of their downstream pyramidal targets,
implying a non-local learning rule. Nevertheless, the potential role of
plasticity of excitatory synapses onto interneurons may contribute to
circuit flexibility in ways not addressed here.

By leveraging the framework of the three-factor learning rule, our
model simplifies the assumptions required for the emergence of nPE
and pPE neurons. First of all, including nPE neurons in themodel is not
intuitive, as their activity must be anti-correlated with stimulus
strength while residing within sensory regions. Consequently, the
classic predictive coding framework8 and subsequentmodels43–49 have
primarily focused on a single pPE component, representing bidirec-
tional error changes through both positive and negative firing rates.
Only recently did Keller and colleagues demonstrate the emergence of
nPE neurons after learning9, highlighting the importance of incorpor-
ating both pPE and nPE populations in predictive coding models7.

To our knowledge, the work from Hertäg and Sprekeler50 is the
first to propose a mechanism by which nPE and pPE neurons emerge
simultaneously within the same circuit. In their model, co-emergence
relies on establishing excitation-inhibition (EI) balance at both den-
dritic and somatic compartments through inhibitory plasticity. How-
ever, achieving this outcome depends on several specific assumptions.
First, the model requires two distinct PV interneuron subtypes, each
selectively receiving either stimulus or prediction input. Second, the
learning scheme is not entirely local, raising questions about its bio-
logical feasibility. Third, dendritic input can only excite the connected
soma but cannot exert inhibition. In contrast, we show that a biologi-
cally plausible, fully local three-factor learning rule is sufficient to
reproduce the emergence of nPE and pPE neurons without these
assumptions. In addition, only the sign of the third factor is critical for
the emergence of nPE and pPE neurons in our model, whereas its
amplitude plays no essential role, though it may facilitate rapid rule
switching51.

Our simplification can be understood as a shift in the objective of
circuit optimization. The studies by refs. 50,52 propose that neural
circuits aim to minimize overall firing rates to conserve energy, con-
sistent with the original formulation of predictive coding8. In their

framework50, the error signal arises as a by-product of the circuit’s
limited experiencewithmismatched inputs, rather than as anexplicitly
learned feature. In contrast, we argue that the neuronal population is
explicitly optimized to compute the prediction error with the correct
amplitude in mismatched conditions, rather than merely suppressing
activity in expected cases. Indeed, we demonstrate mathematically
(see SupplementaryNotes) that the optimal local connectivity can only
be achieved through learning driven by error in mismatched
conditions.

However, our model assumes that the animal can estimate a glo-
bal error signal in some form, which could raise concerns about cir-
cular reasoning: if prediction error drives learning, how can it be
computed before an accurate internal model exists? Yet, studies show
that passive exposure is sufficient for animals to generate prediction
error-like signals9,10. This suggests that animals may rely on approx-
imate surprise signals, such as arousal responses to unexpected
events19, rather than precise prediction error estimates. Theoretically,
this arousal signal could be derived by tracking variations in sensory
input over longer timescales, such as across training sessions, andmay
serve as a latent predictive signal that guides the learning process39.
Though such arousal signals may not represent the true global error,
we show that an approximation is sufficient to guide local synaptic
optimization (Supplementary Fig. 5). Still, the mechanisms by which
animals generate these signals remain an important topic for future
investigation.

Functionally, we argue that learning in sensory areas serves to
reduce cognitive load, the mental resources required to perform a
task, during prediction error computation53,54. For example, when first
learning to ride a bicycle, one must consciously monitor every move-
ment to avoid falling. With experience, however, bicycling becomes
effortless, even on uneven terrain. Over time, the skill becomes auto-
matic. Similarly, if visual and motor systems learn to compute pre-
diction error locally, as our model proposes, this may offload
computation from higher-order areas, such as the prefrontal cortex,
and thereby conserve cognitive and metabolic resources. Supporting
this view, an fMRI studyofhumans learning a visual-motion association
task shows reduced activity in prefrontal regions in the later stages of
learning compared to the early stages55. Future work should investi-
gate whether similar signatures emerge in mice trained on predictive
coding tasks.

Todissect the circuitry underlyingpredictive coding, it is essential
to selectively target andperturbeach component of themodel. Recent
studies suggest that Layer 2/3 Rrad and Baz1a pyramidal neurons are
enriched for pPE responses, whereas Adamts2 neurons preferentially
exhibit nPE responses56,57. These transcriptomic subtypes may also
possessdistinct electrophysiological properties58. Consistentwith this,
we demonstrate mathematically that different initial conditions,
defined by gene expression, lead to distinct pPE and nPE outcomes
after learning (see Supplementary Notes), providing a potential
mechanism linking transcriptomic identity to learned functional roles.
Local interneurons are essential for converting long-range excitation
into local inhibition. Among them, somatostatin-positive (SST) inter-
neurons are the most likelymediators of stimulus-driven inhibition, as
supported by studies of motion-visual mismatch responses7,9,59.

However, the identity of the interneurons that relay prediction-
driven inhibition remains unclear. In the auditory cortex, parvalbumin-
positive (PV) interneurons have been implicated in mediating motion-
related inhibition60,61. However, findings from10 suggest that PV cells
may instead implement a more uniform gain control mechanism,
rather than conveying specific predictive signals. In contrast, SST
interneurons have also been shown to mediate stimulus-selective
inhibition61, raising the possibility that they may also relay prediction-
related inhibition. If so, the model would require functionally distinct
subpopulations of SST cells to carry inhibition from different sources.
Indeed, heterogeneous responses within the SST population (see
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Fig. S3 in ref. 9) support this possibility. Another major interneuron
subtype, vasoactive intestinal peptide-positive (VIP) cells, primarily
inhibit SST interneurons and thereby disinhibit pyramidal neurons62,
making it less likely a candidate for mediating prediction-driven inhi-
bition. However, recent findings from our group identify a VIP sub-
population that co-expresses the neuropeptide cholecystokinin (CCK)
and targets pyramidal neurons directly, with comparable synaptic
strength to that onto SST cells, and receives input directly from the
motor cortex63. These VIP/CCK cells may serve as a candidate popu-
lation for mediating prediction-driven inhibition.

To elucidate the functional role of a specific interneuron subtype,
our model predicts distinct signature behaviors of IS or IP populations
under targeted perturbations. These signatures can help determine
the functional identity of a given interneuron subtype. Importantly,
they are not detectable at the population level, since any perturbation
suppresses the overall mismatch response (Fig. 6, Fig. 7), but must be
identified at the single-cell level. In the motion-visual mismatch task,
both exciting and inhibiting IS are predicted to reduce the response of
nPE neurons (Fig. 6e). In contrast, excitation of the IP population
increases the response of pPE neurons in the expected condition,
thereby reducing the mismatch signal at the population level (Fig. 6g).
Additionally, inhibition of the IP population leads to a functional
shrinkage of the nPE population (Supplementary Fig. 7c), though not
necessarily a decrease in individual response amplitude. Similar pat-
terns are expected in the conjugated task as well (Fig. 7, Supplemen-
tary Fig. 8). Future experiments can test these predictions using high-
resolution genetic tools to target specific interneuron subtypes,
combined with continuous rather than binary perturbation strategies.

In general, our theory provides a unifying framework for any
instance in which functionally relevant signals are compared across
cortical areas, consistent with ref. 7. Indeed, similar nPE and pPE
response patterns have been observed in the visual cortex during
audio-visualmismatch64 and in the auditory cortexduringmotor-audio
mismatch65. Notably, in the audio-visual paradigm, the auditory input,
serving as the predictive signal, only suppresses visual responses after
learning64, further supporting the idea that prediction-driven inhibi-
tion becomes aligned with stimulus-driven excitation through plasti-
city. Moreover, the functional segregation of suppressive and
enhanced neural responses in the auditory cortex of vocalizing
marmosets66 can also be accounted for by the emergence of pPE and
nPEneurons inourmodel. It isworthnoting that self-generated sounds
can change over time, requiring continuous plasticity to maintain
accurate cancellation over age. These observations suggest that our
model offers a unified framework for understanding one aspect of
corollary discharge1,67, wherein motor-related signals are sent to sen-
sory areas to suppress predictable reactions. A companion study68

addresses a separate question, extending the current framework to
cases in which prediction is driven by stimulus history rather than
motor-related signals, and examines additional phenomena such as
mismatch negativity69.

Methods
Simplified neural circuit
We begin with a simplified neural circuit with ReLU neurons to illus-
trate the mechanism of our three-factor learning rule. Here, all the
variables are dimensionless and are updated instantaneously without
temporal dynamics.

For the i-th ReLU unit, activity is given by:

Ri = ½λSi uS + λPi u
P �WS

i u
S �WP

i u
P �+ : ð2Þ

For simplicity, we omit the subindex i in the following. Within
the above equation,λS and λP denote the excitatory input

strengths from stimulus and prediction, respectively. The stimu-
lus and prediction input are denoted by uS and uP, or simply S and
P when unambiguous. WS and WP represent the inhibitory synaptic
weights from interneuron populations IS and IP, whose activity is
the same as the stimulus and prediction input uS and uP. The
operator [x]+ denotes a rectifier (ReLU) function, where
½x�+ = maxð0, xÞ. The synaptic weights WS and WP are plastic and
updated according to our three-factor learning rule.

In the case of homeostasis, λS + λP = 1. Thus, for i-th neuron, we can
write λSi = λi and λPi = 1� λi. In the case of two neurons Nneu = 2, we set
λ1 = 1, λ2 = 0. In the case of forty neurons Nneu = 40, the values of λi are
linearly spaced from 1 to 0 across the population.

In the case without homeostasis, we shuffled the λPi across neu-
rons such that the total input λSi + λ

P
i is no longer constrained to equal 1.

Three-factor learning rule
Our learning mechanism can optimize the mismatch calculation, as
proven in the Supplementary Notes.

The inhibitory connections are initiated with Wj
iðt0Þ for both

interneuron populations j = S, P with some jitter, mimicking the aver-
age synaptic strength from a population that should be similar across
post-synaptic neurons. Again, we omit the subscript i in the following
derivations.

These inhibitory synapses areupdatedwith a three-factor learning
rule as follows:

ΔWj =αcðtÞðR� R0Þrj, ð3Þ

where j = S, P. Here, R denotes the activity of the postsynaptic pyr-
amidal neuron, and rj represents the steady-state activity of the
presynaptic interneuron. R0 is a small target firing rate shared by all
neurons, and α is the learning rate.

The third factor, c(t), is defined as:

cðtÞ= c0 � juS � uP j, ð4Þ

such that when uS = uP, c(t) = 1, and when ∣uS − uP∣ = 1, c(t) = − 1. The
threshold c0 of 0.5 is chosen for simplicity. Also, our choice of c0
implies that a rough estimation of the prediction error is sufficient to
serve as the third factor, since any input with c(t) > 0 is considered as
an expected case.

We further show that an estimated piece-wise third factor is suf-
ficient to guide the local learning. In this case,

ecðtÞ= 1, if juS � uP j<0:2; ð5Þ

ecðtÞ= � 1, if juS � uP j>0:8; ð6Þ

ecðtÞ=0, others: ð7Þ

During training, ϵ = uS − uP is drawn from a truncated normal
distribution (Fig. 2d) with mean zero and standard deviation σϵ = 0.5,
reflecting the assumption that training samples are dominated by
expected cases where uS ≈ uP.

The mismatch modulation saturates when the mismatch signal
becomes sufficiently large, and is defined as:

cðtÞeff = cðtÞ 1�
�R

κR0

� �
+
, if cðtÞ<0, ð8Þ

where κ is a scaling factor that sets the saturation level of themismatch
utility, and �R is the average activity of the neuron population.
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In the caseof realistic neuronmodels, synapticweight updates are
further capped at high conductance values:

ΔW eff
j =ΔWj �

ηW0 �Wj

η� 1
, ð9Þ

where η > 1 is the saturation factor for synaptic weights, andW0 is the
initial averaged synaptic strength.

Generalization in the 3-dimension
We next tested whether the proposed learning rule generalizes to a
scenario in which the model need to use a three-dimensional (3D)
prediction signal to cancel a 3D stimulus input. The simulation results
are shown in Supplementary Fig. 2.

In this case, the i-th ReLU unit, activity is given by:

Ri =
X3
j = 1

ðλSji uSj + λ
Pj

i u
Pj �W

Sj
i u

Sj �W
Pj

i u
Pj Þ

" #
+

: ð10Þ

For each timestep, the maximum of the pair νj = maxðuSj ,uPj Þ is
randomly drawn from a linear distribution from 0 to 1. Then, the error
for the pair ϵj =uSj � uPj is drawn from a truncated Gaussian distribu-
tion withmean zero and standard deviation σϵ = 0.4 and further scaled
by themaximum input νj. The valueofuSj anduPj is calculatedbasedon
the νj and the error ϵj. Each stimulus-prediction pair is generated
independently. Please note that ϵj is only used in generating the
training samples, while the model has no access to the error signal in
each dimension.

The third factor remains as a scaler, which is calculated based on
the L2-norm of the difference between the 3D-simulus and the 3D-
prediction at each time step:

ϵ= jjðuS1 ,uS2 ,uS3 Þ � ðuP1 ,uP2 ,uP3 Þjj2, ð11Þ

cðtÞ= c0 � ϵ, ð12Þ

with c0 = 0.3.

Pyramidal neuron and interneuron models
In this work, we use a simplified hybrid dendritic model. For each
pyramidal neuron, the dendritic membrane potential Vd and somatic
firing rate Rs are updated at each time step as follows:

Cd dV
d

dt
= Id + Id, leak � gcðVd � VsÞ+ IbAP, ð13Þ

τs
dRs

dt
= � Rs + f ðIs � gcðVs � VdÞÞ, ð14Þ

where Is and Id are the total synaptic currents into the soma and
dendrite compartments, respectively. The dendritic leak current is
given by Id,leak = − gd,leak(Vd − Vd,rest), where Vd,rest is the resting dendritic
potential and gd,leak is the leak conductance. The soma and dendrite are
coupled via conductance gc, resulting in a coupling current
Isd = gc(Vd − Vs).

The dendritic compartment also receives input from back-
propagating action potentials (bAPs), which we model as a rate-
averaged current following70: IbAP = − gc(Vd −VbAP)tbAPRs, whereVbAP is the
averagedmembrane potential during a spike, tbAP is the duration of the
bAP, and Rs is the firing rate at the soma.

As observed in ref. 70, themembrane potential fluctuations at the
soma are considerably smaller (10 mV) than those at the dendrite (50
mV). To simplify the computation of the coupling current between

somatic and dendritic compartments, we approximate the real
somatic potential in simulations by the time-averaged somatic
potential between action potentials, defined as Vs, eff � Vs0 = hVsit .

The activation function f that converts somatic input current to
firing rate is taken from71:

f ðIÞ= ΔV

τðV th � V resetÞ 1� exp � aΔV
σV

� �� � , ð15Þ

where ΔV = I/gL + Vl − Vth.
The model parameters are selected based on prior experimental

work70,72. The coupling conductance gc is set to a small value for neu-
rons with extensive dendritic trees, such as Layer 5 pyramidal cells,
where our single-neuron model reproduces shunting dendritic inhi-
bition (Supplementary Fig. 3a). In contrast, gc is set higher for neurons
with more compact dendritic arbors, such as Layer 2/3 pyramidal
neurons, where dendrites are closer to the soma and dendritic inhi-
bition exhibits primarily subtractive effects (Supplementary Fig. 3b).

We use a point-neuron model to describe the average activity of
each interneuron population:

τ
drj

dt
= � rj + f ðIÞ, ð16Þ

where j = S, P denotes the stimulus- or prediction-driven interneuron
population, and f(I) is the same activation function defined previously.

Synapse model
We use a conductance-based synaptic model in our simulations,
following73. The AMPA and GABA synapses are described by:

Isyn = � gsynssynðV � V synÞ, ð17Þ

dssyn

dt
= � ssyn

τsyn
+Rpre, ð18Þ

where syn = A, G denotes AMPA and GABA synapses, respectively.
Here, gsyn is the maximal synaptic conductance, ssyn is the gating vari-
able representing the fraction of open channels, Vsyn is the synaptic
reversal potential (determined bywhether the synapse is excitatory or
inhibitory), τsyn is the synaptic time constant, andRpre is the presynaptic
firing rate.

The NMDA synapse model includes both a voltage-dependent
magnesium block, fMg(V), and a saturating gating variable, sN:

IN = � gNsNðV � VE ÞfMgðV Þ, ð19Þ

fMgðV Þ= 1
1 + expð�0:062V Þ=3:57 , ð20Þ

dsN

dt
= � sN

τN
+ ð1� sNÞγRpre: ð21Þ

Here, gN is the maximal NMDA conductance, VE is the excitatory
reversal potential, τN is the NMDA time constant, γ is a saturation
scaling factor, and Rpre is the presynaptic firing rate. The function fMg(V)
captures the voltage-dependent magnesium block characteristic of
NMDA receptors.

The stimulus input to both pyramidal neurons and the first
interneuron population IS is modeled as an excitatory conductance to
the soma, denoted by g soma

E . When illustrating the behavior of indivi-
dual pyramidal neurons in Supplementary Fig. 3, the dendritic com-
partment additionally receives excitatory and inhibitory input
conductances, denoted by g dend

I, E . Because our model employs
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conductance-based synapses with distinct reversal potentials for
excitation and inhibition, the total input current is not simply a linear
difference between excitatory and inhibitory conductances. This for-
mulation allows us to capturemore complex and dynamic behaviors in
the circuit.

Input and network connectivity
We include only the necessary connections required for the
model. A schematic of the network architecture is shown in
Fig. 1e. The maximum synaptic conductance from interneuron
population j to pyramidal neuron i is denoted by Wj

i, where j = S, P
corresponds to the stimulus- and prediction-driven interneuron
populations, respectively.

In the simulations, synapses originating from the same pre-
synaptic interneuron population share a common gating variable,
denoted by sj. The total inhibitory conductance received by a post-
synaptic pyramidal neuron i from both interneuron populations is
given by:

gi =
X

j2S,PW
j
isj, ð22Þ

where sj is the gating variable for population j.
Our model captures pyramidal neuron activity at both the single-

cell and population levels. The network consists of Nneu pyramidal
neurons, with two distinct interneuron populations relaying stimulus-
and prediction-driven inhibition, respectively.

In the case where the sum of stimulus and prediction inputs is the
same across neurons, the excitatory synaptic inputs from the stimulus
and prediction are anti-correlated. The stimulus input strength is lin-
early spaced from a maximum value gS

max to zero. Thus, for the i-th
neuron, the stimulus input strength is defined as:

gS
i = g

S
max

Nneu � i
Nneu

ð23Þ

With input strength uS ∈ [0, 1], the total excitatory current from the
stimulus is:

ISi = � uSg
S
i ðVs0 � VE Þ: ð24Þ

Similarly, the stimulus input to the IS interneuron population is
defined by the synaptic strength parameter gIS . In the perturbation
experiments, the perturbation level is normalized by this baseline
input strength. A perturbation value of IS perturb = − 1 indicates that
the IS population receives no excitation when the stimulus is pre-
sented, whereas IS perturb = 1 indicates that the IS population receives
double the baseline excitation.

The top-down input ismodeled as a presynaptic predictor neuron
firing at a rate of 5(1 + uP) Hz, where uP ∈ [0, 1] represents the pre-
diction strength. This yields a predictor firing rate in the range [5, 10]
Hz. The synaptic weights from the predictor neuron to the dendritic
compartments of pyramidal neurons are linearly spaced from zero to a
maximum value gEd

max. For the i-th neuron, the top-down connectivity
strength is given by gEd

i = gEd
max

i
Nneu

. Furthermore, the excitatory
synaptic input is composed of a mixture of NMDA and AMPA recep-
tors, with a fraction κmediated by NMDA synapses and the remaining
(1 − κ) by AMPA synapses.

The input conductance is computed by substituting the predictor
neuron’s firing rate into Equations (18) and (21). Specifically, the
dynamics of the AMPA and NMDA gating variables become:

dsA

dt
= � sA

τA
+ 5ð1 +uPÞ, ð25Þ

and

dsN

dt
= � sN

τN
+ ð1� sNÞγ � 5ð1 +uPÞ: ð26Þ

The input current to pyramidal neuron i depends on both the
gating variables s syni and the dendritic membrane potential Vd

i :

IEdi = � gA
i s

AðVd
i � VE Þ � gN

i s
NðVd

i � VE ÞfMgðVd
i Þ, ð27Þ

where gA
i = κg

Ed
i and gN

i = ð1� κÞgEd
i .

Similarly, the prediction input to the IP population is defined by
the input strength gIP . In the perturbation experiments, the degree of
perturbation is normalized by the input strength to the IS population,
gIS , so that equivalent perturbationmagnitudes are comparable across
the IS and IP populations.

We further include background stimulus conductance to all neu-
rons in the model, ensuring that each cell maintains a similar low, but
non-zero, baseline firing rate.

In the realistic model, we shuffle the synaptic weights from the
predictor neuron to pyramidal cells, such that the input strengths from
the stimulus and prediction are uncorrelated. Naturally, the sum of
stimulus and prediction inputs is different across neurons.

We do not include lateral connectivity between pyramidal neu-
rons in this model. While lateral inhibition may aid in differentiating
responses between nPE and pPE neurons, it cannot contribute to
canceling stimulus or prediction inputs in the expected condition,
where activity is low across the population. For simplicity, we omit
these connections from the model.

All parameters used in this study are listed in the Supplementary
Table. All code will be available on GitHub upon publication
acceptance.

Data analysis
In the motion-modulated auditory response analysis (Fig. 3), we
quantify the selective modulation effect of the prediction signal using
the same modulation index (MI) as defined in ref. 10. If the prediction
increases the response to the stimulus, the MI is positive; if it sup-
presses the response, theMI is negative. Specifically, for each cell, let rs
denote the response to the unmodulated stimulus and rm the response
to the modulated stimulus. We compute the angular deviation from
the diagonal (indifference) line as: θ= arctanðrm=rsÞ � π=4 The
resulting θ ∈ [ − π, π] is linearly rescaled to the range [ − 2, 2] for
visualization clarity. An MI of − 1 indicates that the response to the
modulated stimulus is zero. Only cells with responses greater than
2 × (1 + 1.28), corresponding to a statistically significant response
(p = 0.1) compared to the baseline rate r = 2, are included in the
analysis.

The discriminability between stimulus pairs is computed to assess
whether the sensory area can continue to process stimuli accurately.
Discriminability is quantified using a form of the Fisher information
metric74, specifically the squared d-prime, summed across neurons:

F =
XNneu

i = 1

ðrAi � rBi Þ
2

rAi + r
B
i

, ð28Þ

where A and B denote two different stimulus conditions. With this
formulation, the Fisher information can be interpreted as the dis-
criminability of an optimal linear decoder75.

In the motion-vision mismatch test (Fig. 4), we examine the
emergence of a bimodal distribution in the correlation diagram fol-
lowing learning. To generate this distribution, we randomize the
strengths of the stimulus and prediction inputs and run 200 trials
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continuously in the model. For each neuron, we calculate the corre-
lation between its response and the input strengths uS and uP. We then
compute an angular difference, θ, in polar coordinates, where θ = 0
indicates equal correlation with stimulus and prediction. This angular
metric is further weighted by the radial distance in the polar plane to
emphasize neurons with larger response variance. A bimodal dis-
tribution of θ after learning reflects the emergence of both pPE and
nPE neuronal populations. Because neuronal responses in the model
are solely determined by the stimulus and prediction input strengths,
the response variance is almost entirely explained by these two vari-
ables. Consequently, the data points lie approximately on a ring
manifold in the correlation space.

We further apply the same analysis to data collected from C57BL/
6Jmiceof either sex (n=6per group) under both coupled training (CT)
and non-coupled training (UT) conditions, originally published in
ref. 9. The total number of cells under examination isNCT = 939 for the
CT group, and NNT = 690 for the NT group. We demonstrate that the
bimodal distribution emerges only in the coupled training condition
by fitting the angular data to Gaussian Mixture Models (GMMs) with
one or two components76.

To perform this analysis on weighted data, we first construct a
pseudo-dataset. For each cell in polar coordinates with angle θi and
radius ri, we replicate θi by 100 × ri times to reflect the weighting. Only
data with θi ∈ [ − π/2, π/2] are included, in order to avoid spurious
peaks near θ = − π. All replicated values are collected to form the
pseudo-dataset. The resultingpseudo-dataset is thenfitted toGaussian
Mixture Models using the MATLAB function fitgmdist, with either one
or two components and default parameter settings.

To evaluate whether one-component or two-component fitting
is superior, we use the Bayesian Information Criterion (BIC)77. Typi-
cally, a difference of ΔBIC > 10 is considered strong evidence in favor
of the model with the lower BIC. In our analysis, fitting two-
component GMMs to both pseudo CT and NT datasets yields
ΔBIC > 10, favoring the two-component model in both cases (Sup-
plementary Fig. 9). However, when we overlay the fitted GMMs on
the pseudo-datasets, only the CT datasets show a true bimodal dis-
tribution. In contrast, the uncoupled condition shows a single
dominant peak, suggesting that the means of the two Gaussian
components are nearly identical (Supplementary Fig. 9a, blue
dashed line).

Declaration of generative AI and AI-assisted technologies in the
writing process. During the preparation of thiswork, the authors used
ChatGPT-4o in order to assist with proofreading and improving the
clarity of the manuscript. After using this tool, the authors reviewed
and edited the content as needed and take full responsibility for the
content of the publication.

Data availability
We have re-analyzed previously published data from9, which is avail-
able in the original paper. All other simulated data presented in this
study were generated using code developed by the authors. The
results can be reproduced using the code provided below.

Code availability
We analyze the model-generated data using Python 3.9 and the
experimental data usingMATLABR2024b. All analysis code is available
on GitHub at (https://github.com/johnhongyumeng/
DuetPredictiveCoding_Plasticity). and on Zenodo at78.
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