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Abstract:

A major outstanding question in neuroscience is whether the neocortex uses the same powerful learning 
algorithm as current AI models: error backpropagation. One way this could be accomplished is as a 
function of the temporal derivative (i.e., differences in neural activity states over time), which can closely 
approximate the backpropagated error gradient. We tested the hypothesis that the direction of synaptic 
plasticity is a function of the temporal derivative in synaptic activity over the course of a 200 ms (5 Hz) 
theta cycle. Using mouse hippocampal slices, we drove presynaptic activity across the two 100 ms halves 
of a 200 ms window at either 25 Hz or 50 Hz, combined with corresponding low and high magnitudes of 
postsynaptic depolarization, testing all four 2x2 combinations of these low and high activity levels, while 
measuring the resulting effects on synaptic efficacy (as measured by EPSP amplitude to standard test 
probes). Consistent with the computational hypothesis, a positive temporal derivative (low to high) resulted 
in LTP (increased synaptic strength), while a negative temporal derivative (high to low) resulted in LTD. 
Critically, both no-change conditions (stable low or high across 200 ms) resulted in no net synaptic change, 
even though the high no-change condition had the highest overall synaptic activity levels. Possible 
biochemical mechanisms that could support these results are discussed.

Introduction

Understanding how the neocortex learns is perhaps the single most important step in understanding human 
intelligence, because our cognitive functions emerge over years of experience-driven learning within this 
brain structure, which is unique to mammals and is most greatly expanded in primates, especially humans. 
Current artificial intelligence (AI) systems are based on the powerful error-backpropagation learning 
algorithm, which has long been recognized as the single most capable learning mechanism in artificial 
neural networks (Rumelhart et al., 1986; Widrow & Hoff, 1960; Werbos, 1974). Thus, this algorithm 
provides the best computational-level hypothesis for how the neocortex should learn.

There have been a variety of proposals for how error backpropagation could be implemented in the brain 
(Lillicrap et al., 2020). Here, we test the predictions of one of the earliest such proposals, which is based on 
the idea that the backpropagated error gradient can be approximated by the temporal derivative in neural 
activity states over time (Ackley et al., 1985; Movellan & McClelland, 1993; O’Reilly, 1996; Xie & Seung, 
2003; Scellier & Bengio, 2017). Specifically, in a network with bidirectional connectivity, which enables 
activation to flow in both bottom-up and top-down directions, changes in neural activity across any subset 
of neurons within the network will reverberate throughout the rest of the network. If these changes 
represent the difference between a prediction versus the correct outcome, and they can drive local synaptic 
plasticity according to the temporal derivative, then the resulting learning approximates error 
backpropagation.

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 7, 2026. ; https://doi.org/10.64898/2026.06.05.730489doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.05.730489
http://creativecommons.org/licenses/by/4.0/


Synaptic Plasticity as a Function of the Temporal Derivative 2

Figure 1: How bidirectional activation propagation can communicate error signals, in the simplest case of 
a three-layer network mapping from a Sensory Input to a Prediction output, with the Actual Outcome 
driving the Prediction layer only in the later plus phase, after an initial minus phase when the prediction is 
generated. The Error is the temporal difference between the (plus – minus) activity levels. There is just one 
network with three bidirectionally connected units, as shown at the left; the networks shown further to the 
right are snapshots of the activity state of this network at different points in time, which evolves from left 
to right. The thick colored lines also show the activation level of each of the three neurons over time, both 
in terms of the line height and the brightness and warmth of the color gradient. Initially, each neuron is 
inactive (blue). Then, external Sensory Input arrives, and a wave of bottom-up excitation propagates 
upward through the Hidden and Prediction layers. Critically, the Prediction and Hidden neurons mutually 
excite each other via bidirectional connections, which contributes to each of their activity levels. The 
snapshot of the network in the middle shows the neural activity at the end of the minus phase. Then, at the 
start of the plus phase, the Actual Outcome arrives, which is more active than the Prediction, and it 
therefore drives more activity in the Prediction neuron. This propagates top-down to the Hidden neuron as 
well, which is the key mechanism by which bidirectional connectivity communicates error signals, causing 
the Hidden neuron to have a (plus – minus) activity difference, reflecting the top-down influence from the 
Prediction layer. This temporal-difference based Error signal provides a good approximation to the error 
backpropagation error gradient (O’Reilly, 1996).




Figure 1 illustrates this in the context of a simple three-layer network, with two distinct phases of neural 
activity, starting with an initial prediction or minus phase that reflects the impact of a given input pattern 
presented over the Sensory Input layer of simulated neuron-like processing units. Subsequently, the 
outcome or plus phase of activity arises when the actual outcome (i.e., correct or target) activity pattern is 
driven onto the Prediction layer. An error signal can be computed via the simple subtraction of these 
activity states: (plus – minus) or (outcome – prediction), i.e., the temporal derivative or temporal 
difference, at any neuron anywhere. This error signal provides a good approximation to the error gradient 
that would otherwise be computed by error backpropagation (O’Reilly, 1996).
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Thus, the direct biological prediction from this type of error-driven learning is that the direction of synaptic 
plasticity should be a function of the change in activity (i.e., temporal derivative) across a time window 
that would encompass this transition between the prediction and outcome phases. Note that despite both 
being based on changes over time, this neocortical learning mechanism is entirely distinct from the TD 
(temporal difference) reinforcement learning algorithm that describes the behavior of dopamine neurons in 
the midbrain (Sutton & Barto, 1998; Montague et al., 1996). In TD, dopamine neurons represent the 
temporal difference explicitly in their firing rates. By contrast, in neocortical temporal derivative learning 
the error gradient remains implicit in the changes in neural firing over time, and yet this temporal derivative 
drives synaptic plasticity locally everywhere. This implicit representation of the error gradient has critical 
advantages in simplifying neural computation as elaborated in the discussion.

Figure 2: Connectivity between the neocortex and the pulvinar nucleus of the thalamus, in the case of 
primary and secondary visual areas, that is uniquely well-suited for driving predictive error-driven 
learning. The numerous and relatively weaker projections from layer 6 (VI) neurons activate a prediction 
over the pulvinar, that integrates the signals from multiple cortical areas and neurons to synthesize the 
prediction, which improves over the course of learning throughout the neocortex and in these final 
projections into the pulvinar. By contrast, the strong, focal driver inputs from layer 5 (V) intrinsic bursting 
(5IB) neurons can activate an outcome representation that is essentially an unlearned copy of the activity 
pattern in lower cortical layers (e.g., V1 trains V2 predictions in this case). The periodic bursting of the 5IB 
neurons ensures that this outcome activity is only phasically present (i.e., the plus phase), with a complete 
prediction – outcome learning cycle occurring within roughly 200 ms (i.e., theta frequency, 5 Hz). Diagram 
based on Sherman & Guillery (2006).




A further elaboration of this learning algorithm provides a specific hypothesis regarding the duration of this 
time window, and a biologically explicit hypothesis regarding the source of the prediction and outcome 
signals driving this form of learning (O’Reilly et al., 2021). Specifically, unique features of the 
thalamocortical circuitry between the neocortex and the pulvinar nucleus of the thalamus should drive an 
alternating sequence of prediction-then-outcome states (Figure 2), over the course of a 200 ms (5 Hz) theta 
cycle. This hypothesis is consistent with considerable evidence at multiple levels, as reviewed in O’Reilly 
et al. (2021) (e.g., Fiebelkorn & Kastner, 2021; Sherman & Guillery, 2006; Sherman & Usrey, 2024). 
Furthermore, this same theta-cycle temporal derivative learning mechanism also applies to learning in area 
CA1 of the hippocampus (Ketz et al., 2013; Zheng et al., 2022).
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Figure 3: Stimulation protocol to simulate temporal dynamics over a 200 ms theta cycle, where the first 
100 ms represents the prediction, and the second 100 ms represents the outcome. A Presynaptic activity 
was driven by direct electrical stimulation of axonal fibers at 25 or 50 Hz, while postsynaptic activity was 
driven by current clamping at a level that produced the approximate corresponding level of postsynaptic 
spike rate during initial calibration for each slice (e.g., 120 and 350 pA). B Sample trace of postsynaptic 
membrane potential recorded under patch clamp, under the 50 Hz stable stimulation conditions. C The 
theta-cycle dynamics were repeated 10x with 400 ms spacing, to drive a larger overall synaptic plasticity 
effect. D The predictions from the temporal-derivative learning rule are that LTP (positive delta-weight or 
dWt) should occur for positive derivatives (outcome – prediction > 0), and LTD (negative dWt) should 
occur for negative derivatives, while stable activity profiles should result in no net dWt. Note that the 
stable 50 Hz case has the highest sustained activity level, and yet we predict no weight change, while the 
two opposite-sign cases have the same overall activity level, and yet we predict different dWt directions. 
These predictions are inconsistent with standard Hebbian-like mechanisms based on total accumulated 
activity.




To test whether synaptic plasticity in the brain might be sensitive to the temporal derivative over a period 
of roughly 200 ms, we used a standard experimental preparation in mouse-brain slices that includes area 
CA1 and its afferent axonal fibers that originate in area CA3, which has been removed. Currents from 
individual CA1 neurons were recorded in whole-cell mode and postsynaptic neurons were stimulated using 
current injection, while the axonal afferents were also stimulated using bipolar electrodes, providing 
precise experimental control over the level of activity over time at the synaptic inputs to these CA1 
neurons. We manipulated the level of activity in the synaptic inputs and the clamped postsynaptic CA1 
neuron in a coordinated manner, across the two 100 ms halves of the 200 ms theta cycle (Figure 3).

As shown in the figure, there is a 2x2 matrix of prediction (first half) vs. outcome (second half) activity 
levels, with all combinations of the presynaptic 25 Hz (low) and 50 Hz (high) activity levels coordinated 
with postsynaptic low and high depolarizations. The temporal-derivative algorithm predicts that a positive 
temporal change (i.e., outcome – prediction > 0) should result in LTP (long-term potentiation or a positive 
delta-weight (dWt) change), while a negative temporal change should result in LTD (negative dWt). 
Furthermore, any stable pattern of activity across the theta cycle should result in no net weight change (0 
dWt). This is summarized in the following equation:
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Eq 1: Temporal derivative learning rule

where  is the activity of the sending neuron in the outcome (plus) phase, while  is the activity of the 
receiving neuron in the prediction (minus) phase, and so forth. This equation can be derived from multiple 
different starting assumptions (Ackley et al., 1985; Movellan & McClelland, 1993; O’Reilly, 1996), and 
has been labeled the Contrastive Hebbian Learning (CHL) equation, because it is the difference or contrast 
between two Hebbian  factors.

The contrastive or temporal derivative aspect of this learning rule is what separates it qualitatively from 
standard Hebbian learning mechanisms, which generally predict that the direction and magnitude of 
synaptic plasticity is a function of the overall synaptic activity level, . Historically, the properties of the 
NMDA receptor in being sensitive to both pre and postsynaptic activity were quickly recognized to be 
consistent with the earlier theoretical ideas from Hebb (1949) (Dunwiddie & Lynch, 1978; Lisman, 1989; 
Bear & Malenka, 1994), with the intracellular calcium levels in the postsynaptic terminal bouton reflecting 
this Hebbian synaptic activity coproduct. For example, note that the greatest level of overall synaptic 
activity is in the 50 Hz stable case, where the temporal derivative mechanism predicts 0 weight change, but 
a standard Hebbian model would predict the greatest level of positive LTP.

As shown in the results below, we found that the direction of synaptic plasticity under our stimulation 
protocol was entirely consistent with the predictions from the temporal derivative learning rule, and thus 
strongly inconsistent with a standard Hebbian learning mechanism. We discuss below how a relatively 
simple competitive binding dynamic between two chemical pathways that have opposite effects on the sign 
of synaptic changes can produce the temporal derivative learning property. The essential property is that 
the potentiation pathway has an overall faster response time constant relative to the depression pathway, 
which then naturally produces a temporal derivative.

Materials and methods

Hippocampal slice preparation

Acute hippocampal slices 320  thickness were prepared from postnatal day 16-18 C57BL/6 mice using 
a vibratome (VT 1000S, Leica Microsystems) in ice-cold artificial cerebrospinal fluid (ACSF, in mM: 127 
NaCl, 2.5 KCl, 25 Glucose, 25 NaHCO3, 1.2 NaH2P04, 1 MgCl2, 2 CaCl2, pH 7.3, oxygenated with 95% 
O2/5% CO2). Slices were recovered in ACSF at 32°C for 25-30 min, and then at room temperature for 
20-30 min. Slices were used for up to 4-5 hours after recovery.
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Electrophysiology

Electrophysiology was performed using a Multiclamp 700B amplifier (Molecular Devices). Area CA3 of 
the hippocampus was removed from slices prior to patching. EPSPs were recorded from hippocampal CA1 
neurons (P16-18) in current-clamp mode at a sampling rate of 10 kHz filtered at 1 kHz under the whole-
cell patch-clamp configurations, in ACSF. For whole-cell patch-clamp recordings, the patch pipettes were 
filled with (in mM): 136 K-gluconate, 5 NaCl, 10 HEPES, 0.6 EGTA, 4 Na-ATP, 0.4 Na-GTP at pH 7.3 
adjusted with KOH. Current injections were performed prior to implementation of the experimental 
stimulus protocol (Figure 3) to determine the postsynaptic current injection amplitudes for the two phases 
of the induction protocol, to approximately match the presynaptic 25 and 50 Hz firing rates (e.g., 120 and 
350 pA). For the presynaptic stimulation, bipolar platinum-iridium microelectrodes (FHC) were used with 
an ISO-Flex stimulus isolator. The bipolar electrode was placed in the stratum radiatum approximately 5 
mm away from the dendrites of the target CA1 cell. Stimulus strength was adjusted to evoke a ~5 mV 
EPSP during the 5-6 min baseline recording period. Pipette seal and cell health were monitored throughout 
the experiment by injection of a short hyperpolarizing current. EPSPs were recorded for up to 45 min after 
induction. Only one induction was performed per slice.

Stimulation protocol

To set the stimulation patterns used in our experiments, we first compared the maximum spike rate that 
could be produced by a stable 200 ms current injection, which was ~55 Hz, with that obtained from driving 
discrete action potentials using short duration pulses (3 ms), which was ~100 Hz (Figure 4a and b). We 
chose to move forward with the stable long-duration (200 ms) current injection because that should be 
more naturalistic. We then determined the length of the gap that was needed between 200 ms theta 
windows for no obvious degradation across 10 repetitions. As shown in Figure 4c, a gap of 200 ms resulted 
in degradation of spikes, while a gap of 400 ms did not, so we selected the 400 ms gap.

It is important to note that, even after assessing and selecting the appropriate current injection amplitudes 
to obtain the targeted specific postsynaptic firing rates, we found that postsynaptic spiking rates were often 
below what was originally expected with a given current injection. We considered it likely that the 
synapses on the postsynaptic cell respond more to the overall depolarization amplitude and duration for 
plasticity induction (often in the case of postsynaptic plateau without dendritic spikes altogether), therefore 
we used fixed low and high current injection amplitudes in our stimulation protocol.
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Figure 4: Determination of stimulus parameters. A and B compare the spiking rates generated by a 
prolonged postsynaptic current injection across the 200 ms theta cycle, versus discrete short (3 ms) current 
pulses. The maximum spiking rate from a consistent current was ~55 Hz, with higher currents producing 
spike dropout, as shown in the upper right plot of panel B. Discrete current pulses produced up to 100 Hz 
firing, but are less representative of the slower postsynaptic depolarizations typically observed in the brain. 
C shows that a 200 ms quiet gap between the 200 ms theta window of patterned activity resulted in visible 
degradation of spike profile, while 400 ms and above showed no such degradation.




Data analysis

EPSP amplitude (mV) was measured as the peak membrane depolarization from baseline membrane 
potential (mean of first 100 ms of recording). Analysis was performed in Clampfit 10.7 (Molecular 
Devices).
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Statistics

All presented numeric values and graphic representations represent mean ± standard error of the mean, and 
all statistical analyses used two-tailed t-tests. Statistical significance level ( ) was set to p < 0.05 for all 
tests. A minimum of three independent hippocampal preparations contributed to each data set. All statistics 
were calculated across cells.

Results

To test whether synaptic plasticity could be sensitive to the temporal derivative over a period of roughly 
200 ms, we manipulated the activity level of CA3 synaptic inputs onto a postsynaptic CA1 neuron, across 
the two 100 ms halves of the 200 ms theta cycle. Figure 5 shows the results from all four temporal 
derivative conditions shown in Figure 3, plotting the EPSP amplitude before and after the induction 
stimulation protocol at time 0. The both increase condition (presynaptic neurons stimulated 100 ms at 25 
Hz then increased to 50 Hz for the remaining 100 ms, and corresponding postsynaptic low to high 
depolarization) resulted in LTP (normalized EPSP at 30-35 min = 1.42 ± 0.15, n=12, orange circles and 
bars in the figure). Conversely, the both decrease condition (50 to 25Hz with corresponding high to low 
depolarization) resulted in LTD (normalized EPSP at 30-35 min = 0.73 ± 0.10, n=18, blue circles and bars 
in the figure). Finally, both of the flat protocols (constant 25 Hz or 50 Hz with corresponding stable low or 
high depolarization) resulted in no net change in EPSP amplitudes, and there were no differences between 
25 Hz (normalized EPSP at 30-35 min = 1.12 ± 0.15, n=12, light gray circles and bars) and 50 Hz 
(normalized EPSP at 30-35 min = 1.09 ± 0.08, n=11, dark gray circles and bars).

Our results are fully consistent with the predictions of the temporal derivative learning mechanism (Eq 1), 
and strongly inconsistent with existing Hebbian-like learning rules, which would have predicted that the 
constant 50 Hz case should exhibit the most LTP, while constant 25 Hz should be the weakest or result in 
LTD. The idea that the same overall level of spiking, distributed differently across the 200 ms theta 
window in the 25-to-50 and 50-to-25 cases, could produce opposite patterns of LTP and LTD (respectively) 
is beyond the scope of standard Hebbian frameworks.
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Figure 5: Results, which are consistent with the predictions of the temporal derivative learning 
mechanism. A Schematic of stimulation protocols. B Representative traces showing before (dotted line) 
and after (solid line) for each stimulation protocol. C Normalized EPSP amplitudes before and after the 
stimulation protocol at time 0, showing that the increasing temporal derivative (25 to 50 Hz, low to high, in 
orange) resulted in LTP, while the decreasing temporal derivative (50 to 25 Hz, high to low, in blue) 
resulted in LTD. Both flat profiles (constant 25 Hz, low or 50 Hz, high) resulted in no net synaptic efficacy 
change. D, E Summary showing all cell values (open circles) and averages (bars) for the individual 
conditions at different times after stimulation. n values represent number of cells, with statistically 
significant results highlighted with asterisks (* = P < .05, ** = P < .01, *** = P < .001).




Discussion

We tested the hypothesis that the direction of synaptic plasticity should be a function of the change in 
synaptic activity over time, the temporal derivative, which would be consistent with the ability to perform 
an approximation to the computationally powerful error backpropagation learning algorithm. We drove 
coordinated changes in pre and postsynaptic activity for all four combinations of low x high activity 
(presynaptic firing rates of 25 Hz or 50 Hz, with corresponding low or high postsynaptic depolarization) 
across two sequential 100 ms windows, and measured the resulting changes in synaptic efficacy on test 
probes. We found that an increasing change in activity (low to high) resulted in LTP (increased synaptic 
efficacy), while a decreasing change (high to low) resulted in LTD (decreased synaptic efficacy). 
Meanwhile, both flat activity profiles, at either a stable low or high level, resulted in no net synaptic 
efficacy changes.
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This pattern of synaptic efficacy changes is entirely consistent with the predictions of the temporal 
derivative-based approximation to error backpropagation known as GeneRec (O’Reilly, 1996; see also Xie 
& Seung, 2003; Scellier & Bengio, 2017), which is a generalization of the Recirculation algorithm (Hinton 
& McClelland, 1988), and builds on the phase-based learning ideas initially developed in the Boltzmann 
Machine (Ackley et al., 1985). Thus, the results reported here provide critical empirical support for the 
hypothesis that the neocortex learns via error backpropagation, leveraging the well-established 
bidirectional excitatory connectivity that is uniquely present in this brain area (Van Essen & Maunsell, 
1983; Markov et al., 2013). This bidirectional connectivity allows activity changes in any part of the 
neocortex to propagate widely, thereby accomplishing the same effect as error backpropagation.

Furthermore, the unique properties of the thalamocortical connectivity between the neocortex and the 
higher-order thalamic nuclei (pulvinar and mediodorsal) provide a mechanism for reliably driving 
alternating phases of prediction and outcome activity states (O’Reilly et al., 2021), which is an essential 
requirement for temporal-derivative based error backpropagation learning. Thus, the available 
neurobiological data at multiple levels of analysis is overall consistent with the requirements for this 
computationally powerful form of learning.

Comparison with Hebbian learning

The predominant computational-level interpretation of neocortical learning in the literature has generally 
focused on various forms of Hebbian learning, based on the well-established data demonstrating a 
relationship between the level of postsynaptic calcium, entering via NMDA receptors, and the direction and 
magnitude of synaptic plasticity (Lisman, 1989; Bear & Malenka, 1994). Specifically, low levels of 
calcium result in LTD, while higher levels result in LTP. This is generally consistent with the BCM 
(Bienenstock et al., 1982) version of a Hebbian learning algorithm.

Spike-timing dependent plasticity (STDP) (Bi & Poo, 1998) has been a primary focus of computational 
models (e.g., Kheradpisheh et al., 2018; Diehl & Cook, 2015). However, it is now clear that the simple 
computationally compelling form of STDP originally described, which required a very particular 
stimulation protocol with individual pairs of spikes separated by 1 s intervals, is not generally applicable to 
more realistic patterns of neural activity (Debanne & Inglebert, 2023). Indeed the same BCM-like pattern 
emerges with more realistic, denser activity patterns (Shouval et al., 2010; Izhikevich & Desai, 2003).

The critical computational advantage of error backpropagation over these Hebbian learning mechanisms is 
that it is mathematically designed to coordinate the learning across all of the neurons in the network, to 
minimize a distal error signal. By contrast, Hebbian learning only has a local, heuristic function in terms of 
extracting statistical regularities of co-activation (Oja, 1982; Rumelhart & Zipser, 1985; Intrator & Cooper, 
1992). Therefore, there is no reason to believe that Hebbian learning can effectively train deep layered 
networks like those present in the neocortex, whereas this is precisely the case where error 
backpropagation excels. Thus, the present results provide an important potential way forward in 
reconciling the computational-level demands of neocortical learning with the underlying neural 
mechanisms.
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More recently, behavioral timescale synaptic plasticity (BTSP) has been extensively studied in area CA1 of 
the hippocampus, where elevated plateau potentials in distal dendrites provide the critical plasticity-
inducing mechanism that establishes an eligibility trace over the course of several seconds (Magee, 2026; 
Bittner et al., 2015; Bittner et al., 2017). These distal plateau potentials are activated by entorhinal cortex 
(EC) layer 3 inputs, which thus serve as a special training signal for driving plasticity in the other major 
population of synaptic inputs, from area CA3. These EC inputs can encode reward-predictive cues, 
accounting for the over-representation of rewarded locations in CA1 neurons (Grienberger & Magee, 
2022). A similar mechanism has recently been described in layer 5 pyramidal neurons in neocortex, which 
also have a prominent distal dendritic tuft (Yaeger et al., 2025; Xiao et al., 2025).

In both of these BTSP cases, the learning mechanism appears to be a relatively simple case of rapid and 
transient plasticity specifically for the output pathways, to decode the slowly learning internal 
representations onto output targets of current behavioral relevance. This is computationally related to the 
way that reservoir computing networks are trained (Verstraeten et al., 2007; Tanaka et al., 2019), where a 
complex internal dynamical state can be read out by only adapting a single layer of output neuron 
synapses. There is an inhibitory feedback mechanism that can prevent overlearning in the CA1 neurons 
(Campbell et al., 2026).

This rapid and transient readout mechanism thus provides a way to preserve slow, incremental learning of 
systematic internal representations (driven by a version of the computationally powerful error-
backpropagation algorithm), while also rapidly adapting to the current behavioral demands, providing a 
reasonable compromise solution to the fundamental stability-plasticity dilemma (Magee, 2026). 
Specifically, we propose that CA1 neurons, and layer 5 neurons in the neocortex, also exhibit a slower, 
incremental learning mode as we demonstrate in this paper, along with a rapid BTSP learning mode to 
specifically focus on areas of greatest behavioral relevance.

Temporal derivative plasticity via competing kinases

How could the results we obtained arise from the biochemical processes operating at the synapse? 
Mathematically, the temporal derivative can be computed as the difference between fast minus slow 
integrals of a common driving input signal. Intuitively, the fast integral more closely reflects the more 
recent outcome state, while the slow integral still retains more of the trace from the earlier prediction state. 
See temporal derivative on compcogneuro.org for an interactive demonstration of this principle.

Although the possible molecular basis for our observations is yet to be determined, we describe one 
molecular signaling scenario that is well-aligned with the fast-minus-slow mechanism. Neurochemically, 
existing evidence shows that the difference between LTP versus LTD is determined in part by a 
competition between two different kinases, CaMKII (calcium calmodulin-dependent protein kinase II) and 
DAPK1 (death-associated protein kinase 1), both of which are driven by calcium-activated calmodulin 
(CaM) ((Goodell et al., 2017; Goodell et al., 2021; Cook et al., 2021; Tullis & Bayer, 2023; Bayer & Giese, 
2025). If CaMKII had a faster overall integration of the common CaM driver, and DAPK1 a slower such 
integration, then this would implement the necessary temporal derivative mechanism.

Thus, a difference in overall integration rate stands as a prediction from this overall framework, and is 
expected to be reflected in the neurochemical processes underlying the form of synaptic plasticity that we 
report here. There are many questions that remain to be explored, including how the coordination and 
timing between pre- and postsynaptic activity impacts the outcome.
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Cortical dynamics versus predictive coding

The error-driven learning supported by the corticothalamic prediction vs. outcome mechanism (Figure 2; 
O’Reilly et al., 2021) represents an alternative to the widely discussed Bayesian predictive coding 
framework (e.g., Rao & Ballard, 1999; Friston, 2009), and to other proposed implementations of error-
backpropagation (Lillicrap et al., 2020). The temporal derivative basis for this alternative greatly simplifies 
the cortical dynamics necessary to support predictive learning, which aligns better with the available data.

The Bayesian model requires that a sub-population of neurons explicitly represent the prediction error, by 
subtracting a top-down prediction from the bottom-up actual outcome. Thus, different populations of 
neurons must be somehow segregated so that they can represent fundamentally distinct information. 
Furthermore, all three of these different signals (prediction, outcome, error) should in principle be 
communicated across layers, in different directions, requiring strongly segregated pathways.

By contrast, in the temporal derivative model, the entire network is always coherent and synergistic at any 
given point in time: all layers and neurons are fundamentally cooperating to represent a consistent 
interpretation of the current state of the world. This current state just alternates over time between 
representing the prediction versus the outcome. If the outcome matches the prediction, then there is no 
change, which would typically be the situation in a mature, well-trained system: a stable and accurate 
representation of the world. However, earlier in developmental learning, and in relatively novel or 
challenging situations in the mature system, unexpected outcomes can drive learning to improve the 
accuracy of the prediction states.

This form of learning thus allows for all levels in the network to work together to drive parallel constraint 
satisfaction processing, integrating top-down and bottom-up constraints, to drive coherent interpretations 
of the current state (Hopfield & Tank, 1985; O’Reilly et al., 2013). This represents a powerful form of 
search through representation space, operating as a kind of inner-loop optimization within the outer-loop of 
error backpropagation search through synaptic weight space to improve the predictive accuracy of the 
system. Computational models reported in O’Reilly et al. (2021) and extensively on compcogneuro.org 
demonstrate the efficacy of this form of learning and processing, using biologically realistic spiking 
neurons.

The available neural evidence is consistent with the coherent, synergistic, redundant encoding of 
information across all levels of the cortex, with no significant evidence of the kind of structural segregation 
required by the Bayesian model (Walsh et al., 2020; Heilbron & Chait, 2018). The primary positive 
evidence that has been found, a suppression of neural activity for expected outcomes relative to unexpected 
ones, is compatible with the alternative temporal derivative model in conjunction with well-established 
neural adaptation / accommodation mechanisms (Kok & Lange, 2015; see O’Reilly et al., 2021 for detailed 
discussion).

Thus, the temporal derivative framework supports the widely accepted idea that the neocortex learns by 
generating top-down predictions of what will happen next, in a way that appears to be more compatible 
with available neural evidence at multiple levels of analysis.
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Conclusion

In conclusion, the results presented here represent an important first step in testing the possibility that 
neocortical learning implements the computationally powerful error backpropagation learning mechanism, 
based on synaptic plasticity that is driven by a temporal derivative. This form of learning is consistent with 
a wide range of existing data, and would benefit from further experimental investigation that thoroughly 
tests this possible answer to one of the most important outstanding questions in neuroscience.
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