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Recurrent neural circuits often face inherent complexities in learning and
generating their desired outputs, especially when they initially exhibit chaotic
spontaneous activity. While the celebrated FORCE learning rule can train
chaotic recurrent networks to produce coherent patterns by suppressing
chaos, it requires non-local plasticity rules and quick plasticity, raising the
question of how synapses adapt on local, biologically plausible timescales to
handle potential chaotic dynamics. We propose a novel framework called
“predictive alignment”, which tames the chaotic recurrent dynamics to gen-
erate a variety of patterned activities via a biologically plausible plasticity rule.

Unlike most recurrent learning rules, predictive alignment does not aim to
directly minimize output error to train recurrent connections, but rather it
tries to efficiently suppress chaos by aligning recurrent prediction with chaotic
activity. We show that the proposed learning rule can perform supervised
learning of multiple target signals, including complex low-dimensional
attractors, delay matching tasks that require short-term temporal memory,
and finally even dynamic movie clips with high-dimensional pixels. Our find-
ings shed light on how predictions in recurrent circuits can support learning.

Humans and animals exhibit remarkable capabilities in learning and
generating complex behaviors essential for a wide range of tasks.
Indeed, the brain can accurately acquire and recall complex sequen-
ces, from the order of words in a sentence to highly skilled motor
behaviors. The brain’s capacity to flexibly process sequential data and
generate complex outputs is underpinned by the continuous, coordi-
nated activity of neural networks, which integrate temporal and spatial
information to precisely control its outputs.

Recurrent Neural Networks (RNNs) are powerful computational
models that can capture and process sequential information while
exhibiting complex dynamics'™. Cortical circuits often exhibit chaotic
spontaneous activity’, and RNNs can generate such dynamics through
feedback loops®™. While this chaotic behavior provides a variety of
basis functions for network dynamics, the question arises as to how it
can be transformed into desired patterned dynamics. The FORCE
learning, which originated from reservoir computation>?°, has been

widely used as an algorithm for learning networks that exhibit chaotic
behavior?. However, this approach relies on non-local weight updates
with fast synaptic changes, seemingly lacking biological plausibility.
How biologically plausible learning algorithms for recurrent neural
networks can effectively leverage their rich dynamical properties to
efficiently learn and recall complex sequential information remains an
elusive challenge”**, especially when the networks show chaotic
dynamics.

In this paper, we introduce “predictive alignment”, an alternative
learning framework designed to train recurrent neural networks over a
variety of complex tasks while overcoming the limitations of existing
methods. Our proposed learning rule modifies plastic recurrent con-
nections to predict output feedback signals, while aligning these pre-
dictive dynamics with existing chaotic spontaneous dynamics (arising
from fixed recurrent connections), which in turn suppress the chaos
efficiently and improving network performance. The key innovation of
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predictive alignment lies in its ability to perform online and local
supervised learning through prediction, enabling the network to learn
multiple target signals efficiently and robustly. We demonstrate that
predictive alignment can successfully train networks to generate
diverse complex target signals with nonlinear dynamics, such as the
chaotic Lorenz attractor, delay-matching tasks that require short term
memory of temporal information, and high-dimensional spatio-
temporal patterns in a movie clip. The proposed learning rule not only
sheds light on how predications can guide learning in circuits, but
offers a biologically plausible solution for training powerful recurrent
networks in various applications.

Results

Recurrent neural network

We first considered a rate-based recurrent network (Fig. 1, see spiking
network in Supplementary Figs. 10 and 11). The network obeys the
following dynamics:

T%= —X+Jr @)

where x is a vector of membrane potentials of network units and 7 is a
time constant. The variable r is a firing rate vector, defined as
r = tanh(x). We will consider network dynamics with external drives
and noise. The matrix J is a recurrent connectivity and is assumed to be
a summation of two types of matrixes, M and G:

J=M+G (03

Although both types of connections are assumed to be initially
generated with Gaussian distributions, they have some division of
labor. First, we assumed that M is a plastic but initially weak connec-
tion, while G is a strong and fixed connection of which the large ele-
ments lead to chaotic network activity prior to learning”* (Methods).
The recurrent plasticity rule we propose in this paper is applied to M,
while G is always static. Second, these connections are assumed to
have different sparseness: M has full connections while G has a sparse
connection (Methods). After learning, M will suppress the chaotic
spontaneous activity.

The output of network, or a “readout” is assumed to be a weighted
linear summation of network activities:

z=Wr 3)
where w is a readout weight vector and T is a transpose. Multiple
readouts can be defined, each with its own set of weight vectors.
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The predictive alignment learning rule

Similar to standard gradient descent rules, readout weights were
trained to minimize the error between the target signals f and the
model's outputz: Loy = L [ || () — z(t) I2dt, where T is a duration of
learning phase. As we are considering online learning rule, at each time
step, the resulting weight update rule can be written as:

AW=nylf — 2] “)

where 1, is a learning rate. For simplicity, the time dependence
notation has been removed. The above rule for the readout weights is a
standard least-mean-square (LMS) or also called the Delta-rule, hence
not novel.

Predictive alignment is a new learning rule for the recurrent
weights. Unlike most learning rules for recurrent networks, which
minimize the same cost function for the outputs (i.e., £, defined
above), the aim of the predictive alignment is to predict a feedback
signal from the readout unit with the recurrent dynamics, while
aligning predictive recurrent dynamics to the chaotic dynamics. More
precisely, the plastic recurrent connectivity M is asked to minimize the
cost function shown below:

1/ a
Lrec= 57 / dt||Qz — Mr||* — = (Gr, Mr) (5)

Here, the first term of the cost function is a deviation between the
recurrent dynamics Mr and the feedback signal Qz, where Q is a static
feedback connection. It should be noted that feedback from readout
appears only in the learning rule, hence does not affect network
dynamics directly. Minimizing this first term in the cost function
requires the recurrent dynamics to predict the feedback signal. The
second term is a regularization term, which plays a crucial role to
suppress the chaos efficiently by aligning the predictive recurrent
dynamics Mr to the chaotic dynamics Gr. We will show the effect of
regularization in detail later. Unless other specified, we will assume
a =1 throughout the paper. The resulting online learning rule which
minimizes the cost function £, can then be written as:

AM=ny,[Qz - jr|¢ ©6)

where we defined a regularized recurrent prediction as jr with j=M —
aG (Methods).

In summary, we have proposed a set of plasticity rules for
training chaotic recurrent neural networks. The readout weights
are simply modified to minimize the error between the actual
output and the target signal, while the recurrent connections are
modified to minimize the feedback prediction error while aligning
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Fig. 1| Recurrent neural network and predictive alignment rule. The network
consists of recurrent layer and a readout unit. Multiple readouts will be considered
later, yet only a single readout is illustrated in this example. Readout weight vector
w is trained to minimize the error between a target and the readout activity (left
figure, gray dashed arrows). Recurrent connection J is a summation of plastic yet

initially weak connections M, and strong and fixed connectivity G. The plastic
recurrent connections M is trained to minimize the error between feedback from
output through random weights Q and a recurrent prediction Mr, while aligning
predictive recurrent dynamics to the chaotic dynamics.
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Fig. 2 | Examples of predictive alignment. A During the early phase of learning,
the model output (red) deviated from the desired target (green), while it matched
the output after sufficient training even after the plasticity was turned off. B The

network activities initially showed chaotic activities and then was transformed to
coherent activities after training. C Root mean squared error between the target

and the output during training. D-F Examples of output activities trained to gen-
erate various simple target patterns. D The network learned sine waves y = 3sin (2)

with different frequencies (T = 67; orange and T =2007; green). E The model
learned discontinuous step-like target. F The model learned non-smooth sawtooth
pattern. G A network with five readout units was considered (left). Such network
could generate five distinct target patterns simultaneously (right). H A network
receiving external control inputs (left) generates corresponding output patterns
(right; colored lines). The corresponding target signals are shown as gray dashed
lines superimposed on the targets.

the predictive recurrent and chaotic dynamics—hence the name
predictive alignment.

Toy examples of learning with the predictive alignment rule
We first show some simple toy examples to demonstrate that pre-
dictive alignment can learn various forms of desired target signals.
For the sake of simplicity, we assume periodic target signals in the
toy examples, but we will consider non-periodic targets later. During
the early phase of learning (Fig. 2A; 0-0.6s), the readout activity
(Fig. 2A; red trace) showed a mismatch from the target signal (Fig. 2A;
green trace), indicating that the readout activity did not follow the
target signal at this early stage. This is in contrast to the behavior
observed in the FORCE learning paradigm, which consistently clamps
the output to the target through recursive least squares (RLS). As
learning progressed, the readout error decreased monotonically and
the readout activity became similar to the target function (Fig. 2C).
Once sufficient learning had occurred, the readout activity showed
dynamics that were well matched to the target signal, even when
plasticity was turned off (Fig. 2A; right side of vertical dotted line).
Furthermore, while the recurrent units initially showed chaotic
behavior, the activities became coherent and structured after suffi-
cient learning (Fig. 2B).

Next, we examined how learning in the network changes the
structure of the eigenvalue spectrum of the recurrent weight matrix.
Before learning, the eigenvalues were uniformly distributed in a circle
in the complex plane because the initial connectivity was a random
matrix (Supplementary Fig. 1; left). After learning, while the connec-
tions had most of their eigenvalues within a circle in the complex
plane, some pairs of leading eigenvalues with large real parts appeared
(Supplementary Fig. 1; right). Such outliers in the spectrum generated
by low-dimensional perturbations change the dynamics**¥.

We further show that predictive alignment can learn more com-
plex and diverse target patterns. The network can learn sinusoids with
small (Fig. 2D orange) or much larger (Fig. 2D green) periods, as well as
discontinuous (Fig. 2E) and even non-smooth (Fig. 2F) target signals.

In the above examples, we have demonstrated the performance of
the network using simple examples. In particular, the network archi-
tecture considered above had only a single readout unit and learns
only a single target signal. To see whether predictive alignment still
works for multiple targets, we first extended the learning paradigm
beyond a single readout unit and make the predictive alignment face
complex scenarios involving multiple readout units and correspond-
ing target signals. Here, each recurrent unit’s plasticity was modulated
by a weighted combination of all output signals (Methods). In our
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simulation, we considered five periodic target signals, each was pre-
sented to one of readout units as a corresponding target signal. We
found that the trained model exhibits five output patterns, distinctly
aligned with the specified targets. This result shows the network’s
ability to learn and generate diverse output patterns, without requiring
that feedback signals are constrained to subpopulation-specific inter-
actions; in our simulation, they indeed were all-to-all interactions
across the entire recurrent population.

Having demonstrated that a network could learn multiple target
signals, we wondered whether the network could perform input-
output transformation tasks. To test this, we introduced four static
control input patterns to the network units (Fig. 2H). Each desired
output function was paired with a corresponding input pattern. The
inputs were randomly assigned constant values, without temporal
information. They acted only as switches to generate specific output
functions. We found that such a network with a single readout unit
could learn to generate different outputs depending on the given
control input patterns (Fig. 2H).

Next, to confirm the robustness of the model, we fed the network
with different strengths of noise while training the patterned target
signal. We confirmed that while the model’s output error increased as
the noise intensity was increased, the degree of increase was suffi-
ciently small compared to FORCE (Supplementary Fig. 2).

We further investigated the robustness of the model with respect
to its hyperparameters. The results were robust against variations of
the learning rate (Supplementary Fig. 3A), the initial strength of the
plastic recurrent connections, (denoted by the scale “g”, see Methods,
Supplementary Fig. 3B) and the connection probability of M (Supple-
mentary Fig. 3C).

In summary, we have tested our predictive alignment learning rule
over various forms of target signals and multiple readouts. Further, the
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model can transform static input signals to the transient output pat-
terns by modifying the recurrent connectivity.

Recurrent prediction aligns to the chaotic dynamics

To understand the mechanism underlying the predictive alignment,
we next analyzed the effect of recurrent plasticity in the network
undergoing learning of a simple periodic signal (as shown in Fig. 2A).
Learning of the recurrent connections minimizes of error between the
regularized recurrent dynamics and the feedback signal (Eq. 6). The
error therefore dropped monotonically and a plastic recurrent
dynamics (Jr) gradually matched to the feedback signal (Qz) (Fig. 3A,
B). We would emphasize that the term Jr is the regularized recurrent
prediction (see Eq. 6). Recall that minimization of our cost function
(Eq. 5) requires alignment of the predictive recurrent dynamics Mr to
the chaotic dynamics Gr. In the following, we will call such an align-
ment of two types of dynamics “recurrent alignment”.

We next demonstrate the role of recurrent alignment in our
plasticity rule. To this end, we first calculated the output error over
various degree of regularization parameter a. We found that increas-
ing the value of o resulted in a reduction in the model output error
relative to the target function (Fig. 3C). Interestingly, the variance of
the error over multiple simulations also decreased with higher values
of a. These results suggest that larger « increases the accuracy and
stability of learning. To further understand the mechanism underlying
these results, we first calculated the correlation term in the cost
function (i.e., (Gr, Mr)) over the entire learning period in two cases. For
the first case, we trained the network with a=1, indicating that the
learning rule reduces the error under a trade-off with the regulariza-
tion term (aligned case). In contrast, in the second case, the recurrent
connections were trained with a=0, hence such trade-off was not
considered (control case). As expected, the value of correlation grew in
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Fig. 3 | Network mechanism of predictive alignment. A The recurrent error
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rec

\/ [dty; [(ir),«(t) — (Qz),»(t)}2 /(NT 4) between the regularized recurrent

prediction Jr and the feedback signal Qz during training. Here, N is the number of
units in the network and T, denotes the duration of each time segment, with the
entire time period equally divided into 10 segments. The time integration was
performed over the duration of each segment. B Example dynamics of the reg-
ularized recurrent prediction jr and the feedback signal Qz during early (top) and

late (bottom) phases of learning are shown. C Root mean squared errors between
the target and the trained output over different values of the regularization para-
meter are shown. D The dynamics of the correlation between the plastic recurrent
Mr and the chaotic Gr dynamics are shown for with (red) and without (blue) reg-
ularization. E Joint distributions of plastic recurrent Mr and chaotic Gr dynamics

are shown with (top) and without (bottom) regularization. In (A, C) error bars stand
fors.d.s over 20 independent simulations. In D, shaded areas represent s.d.s over 10
independent simulations.
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the aligned case, while such behavior was not observed in the control
case (Fig. 3D, E). Furthermore, we found that in the aligned case, the
network’s Lyapunov exponent was shifted further toward the negative
side compared to the control case, indicating more effective sup-
pression of chaos (Supplementary Fig. 4).

Altogether, these results indicate that the predictive alignment
suppresses the chaotic activity more efficiently by aligning the recur-
rent prediction to the chaotic dynamics, allowing for robust
computation.

Learning performance around the edge of chaos

While we have introduced a static strong recurrent connectivity G, the
role of spontaneous chaotic activity generated by such strong con-
nectivity remains to be explored. Following the standard rate-based
recurrent network, the strength of static connectivity within the net-
work was scaled by a factor g%. Recurrent networks with g <1 produce
decaying activity in the spontaneous activity regime, while g >1 leads
to irregular chaotic spontaneous activity”. In FORCE learning, initial
networks with g just above such a critical point, the so-called “edge of
chaos”, show the best performance for learning,.

We wondered to what extent the performance of our model
depends on the strength of the scaling factor g. To test this, we first
measured the average root mean square (RMS) error after training,
across different networks with different values of g. Similar to FORCE,
the error between the target function and the output of the network
shows best performance when the scaling factor is just above 1.0 (i.e.,
the edge of chaos) (Supplementary Fig. 5A). We found that the RMS
error between recurrent prediction and the feedback also showed a
minimum value when the scaling factor g was around the edge of
chaos (Supplementary Fig. 5B). The model performs best at the edge of
chaos because it facilitates the richness of network dynamics, which in
turn provides diverse basis functions from which the output units can
readout the appropriate dynamics.

We then measured the strength of the output weight vector and
the recurrent connection matrix. Large values of the weights can lead
to training instability and also make the network more sensitive to
noise, indicating that the network is losing robustness (Supplementary
Fig. 5C, D). We found that both weights had a minimum when the
network is on the edge of chaos initially.

Taken together, these results suggest that predictive alignment
produces accurate and robust output when the initial network state is
on the edge of chaos. This chaos is then tamed gradually by the
recurrent alignment (see Fig. 3).

Structured diversity at the edge of chaos enhances learning
We further asked what is the role of edge of chaos. Optimal learning is
thought to require a balance between representational diversity and
dimensionality. High diversity allows the network to encode rich
information, while low dimensionality ensures compact representa-
tions. To quantify this trade-off, we measured the entropy of the
eigenvalues of the correlation matrix (H;) as an indicator of repre-
sentational diversity, and the square root of the participation ratio
(v/PR) as a measure of the network’s effective dimensionality (see
Methods). We computed the ratio of these two measures,

Efficiency = H—% (7)

and found that this ratio was maximized around the edge of chaos. In
the subcritical regime, the participation ratio was low, indicating that
activity was concentrated in a low-dimensional subspace, reducing
the network’s ability to learn diverse representations (Supplemen-
tary Fig. 6B). In contrast, in the chaotic regime, the participation ratio
was high, but the eigenvalue entropy decreased, suggesting
excessive dispersion of information, leading to loss of meaningful

structure (Supplementary Fig. 6A). At the edge of chaos, both
measures were balanced, enabling the network to achieve the highest
learning performance (Supplementary Fig. 6C). These findings
suggest that learning is most efficient when the network exhibits
rich yet structured dynamics, balancing representational diversity
and stability.

Fixed-point attractor analysis in the network

To gain further insight into how the proposed network reorganizes
chaotic activity into the desired dynamics, we examine a network
consisting of three readout units, each corresponding to the state of an
independent memory bit*®. The state of each output is determined by
transient pulses from the corresponding input units. At random
intervals, each input unit generates a transient pulse that can be either
+1 or -1. These pulses affect the corresponding output unit, causing it
to switch or maintain a value of either +1 or —1. Once the output value is
set, it remains fixed until the arrival of the next pulse from the input
unit. We trained a network (N =500) to perform the task using the
predictive alignment rule. We found that the trained network is cap-
able of producing outputs that show transition between states in
response to input (Supplementary Fig. 7A). Specifically, through the
influence of random pulses from the inputs, the network learns to
maintain each state and transition to the next based on the incom-
ing input.

To observe how the trained network switches between memory
states, we focus on a specific single transition (i.e., from a memory
state (-1, -1, -1) to another one (1, -1, -1)). We perturbed the state of
the network with input pulses to observe transitions between two fixed
points over six trials. In these trials, the strength of the input was
gradually increased. We visualized the network states in a state space
spanned by the first principal component vector and the input vector
in order to observe both the effects of input perturbations and
memory transitions. When the input was weak, we found that the
network activity briefly deviated from its fixed point and, when the
input was removed, returned to the original fixed point. In striking
contrast, when the input was strong enough, the network switched to a
different fixed point, suggesting the existence of saddle nodes
between the two stable fixed points (Supplementary Fig. 7B).

In summary, these results suggest that the predictive alignment
can learn multiple stable fixed point attractors. Importantly, the
learned stable fixed-point attractors were separated by saddle nodes
that provide transitions between states, and such saddle nodes were
not explicitly learned.

Learning low-dimensional chaotic attractor: the Lorenz
attractor

The tasks we have shown so far are relatively simple, with periodic
targets only. This raises the question of whether our models can learn
more complex dynamics such as the three-dimensional Lorenz
attractor (shown in Fig. 4G) as a target trajectory. Unlike the simple
periodic signals studied in the previous scenarios, the Lorenz attractor
exhibits non-periodic and complex behavior.

We considered a network with three readout units to learn the
three-dimensional Lorenz attractor. Even though the desired targets
are not periodic, the late phase of learning showed readout dynamics
that closely matched the desired output (Fig. 4A, 0-3s). We found
that, when plasticity was off, the output predicted the subsequent
dynamics well, but then showed divergence from the targets because
the model itself is a chaotic system. Interestingly, despite this deviation
from the desired dynamics, the readout activity still showed complex
oscillations similar to those of the target.

We compared the trajectories of the dynamics of the trained
network when plasticity was off and the target signals. Both the pro-
jected trajectories on the two-dimensional planes and the full trajec-
tories show striking similarities between the two, suggesting that the
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Fig. 4 | Learning chaotic dynamics: the Lorenz attractor. A First component of
target Lorenz attractor signal (green) and the output activity of the network
(orange). The vertical red line represents the time when plasticity was turned off
from on after learning. The output of the network after training showed almost the
same dynamics as the target signal when the plasticity was on. Even after the
plasticity was turned off, the output initially showed the same dynamics as the
target, but after a while it showed a pattern different from the target but similar to
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Lorenz dynamics. B Error between the two signals shown in (A) is shown. C

-E Trajectories projected on two-dimensional state spaces are shown. F Target
Lorenz attractor in three-dimensional state space is shown. G Same as in (F) but for
the outputs. H Tent map representation plotting the current local maximum of the
third component against the previous local maximum for the target signal (green)
and network output (orange) is shown.

model learns the manifold representative of the true Lorenz attractor
(Fig. 4C-G). Quantitative analysis of the tent map® of successive
maxima relative to the previous maxima further indicates that the
model has adequately learned the Lorenz attractor (Fig. 4H).

In summary, we have shown that predictive alignment can learn
and generate low-dimensional complex autonomous dynamics
through recurrent plasticity.

Learning generalized representations

The above results have demonstrated that the predictive alignment
can learn and generate complex target signals by adapting both
readout and recurrent connections through plasticity. This was

achieved by precise adjustment of both recurrent and output weights.
In a machine learning framework called Reservoir Computing (RC), it
has been shown that recurrent networks can learn complex tasks
without relying on the plasticity of recurrent connections”2°. This is
achieved by generating rich basis function in the network dynamics
such that the readout unit can decode the arbitrary output signals.
Inspired such a rich generalization ability in the recurrent networks, we
then probed the model’s potential to generalize pretrained simpler
output patterns to more complex targets without recurrent plasticity.

We considered a structured task with a network consisting of two
different groups of readout units to answer our above question. The
weights projecting to these two groups of readout units and the
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recurrent weights were learned differently through two distinct
learning phases. The first group underwent the predictive alignment
learning to generate a set of simple multi-frequency sinusoidal signals
(Supplementary Fig. 8A; left). During this first learning phase, both
recurrent and readout weights were trained on the first group of
readout units, while the weights on the second group of readouts
remained static. Once the first group was successfully trained to gen-
erate sinusoidal targets, we introduced a second phase into the
learning process, in which recurrent plasticity was terminated while
the readout weights of the second group were started to train to
generate novel target signals (Supplementary Fig. 8A; right). We basi-
cally used our pretrained network with the predictive alignment as a
reservoir computing network, in terms of learning only readout
weights with fixed recurrent weights. Note that, in principle, any per-
iodic function can be approximated by a summation of a sufficient
number of sinusoidal components. The second group successfully
learned and generated novel signals, despite the fact that the recurrent
connections were not trained to optimize for such targets (Supple-
mentary Fig. 8B). In contrast, the network without training in the first
phase failed to learn the target signals in the second phase, as the
network did not learn the sinusoids (Supplementary Fig. 8C).

In summary, we have shown that the network can generalize from
learning simple multi-frequency oscillations to learn and generate
novel signals without relying on the plasticity of recurrent connections.

Learning Ready-Set-Go task
Up to now, we have explored whether the network can learn autono-
mous dynamics or input-output transformations. We then wondered
whether the proposed mechanism could learn more complex task,
Ready-Set-Go (RSG), in which the desired output was indicated by the
time interval between two identical pulse inputs. In the RSG task, the
network was required to measure that interval, keep it in memory
during a delay period of random duration, and then reproduce it after
the set signal®’. This task is more difficult than the production of a
periodic output due to the requirement for the RNN to learn to store
the information about the interpulse delay, and then produce
responses at different times depending on the value of delay.

To mimic such an RSG in our simulation, we considered two input
units sending pulses to the network. In each trial, one of four delay

Tdelay Tdelay

Inp7\ Output

Tde|ay = 60 ms
<>

Tde|ay= 100 ms

Tde|ay= 160 ms

C

Input1

Input1

Output

values T 5, Was sampled and the two units generated pulses with an
interpulse delay of T, (Fig. SA). Note that our delay values were
more than ten times larger than the time scale of each neuron (i.e.,
10 ms). The network projected to a single readout unit and the weights
were modified such that the output should be a pulse delayed by T g1,y
relative to the second input pulse. After learning, network generated
the output with the desired time delay over all four samples (Fig. 5B;
colored squares). This generation of the desired timing results from
the phasic responses of the network activity, which are controlled by
the time delay between input pulses (Supplementary Fig. 9). More
interestingly, the network interpolated well to input intervals in
between those used for training, while failed at extrapolation (Fig. 5B;
gray curve, Fig. 5C). These results suggest that the network did not
simply learn individual output mappings, but instead learned an
underlying manifold structure encoding the range of possible delays.

We then wondered whether the low dimensional network
dynamics already shows the structured representations for the tem-
poral delay information in the task. To test this prediction, we per-
formed the principal component analysis (PCA) on the trained network
and visualized the low dimensional representation in the network.
Projected dynamics on the two-dimensional PC axis showed linear
shifts of trajectories along the linear manifold with increasing delay,
revealing that the temporal structure of the task is embedded in the
low-dimensional recurrent dynamics (Fig. 5D). Taken together, these
results demonstrate the network’s ability to generalize by acquiring
the underlying manifold structure inherent to the task.

Learning with spiking recurrent network

To test the applicability of predictive alignment to spiking recurrent
networks (SRN), we implemented a recurrent network consisting of
1,000 leaky integrate-and-fire (LIF) neurons coupled to a single linear
readout unit as the output (see Methods). We found that, as in the rate-
based network model, the readout unit of the spiking model learned to
generate a smooth sinusoidal waveform that closely matched the tar-
get signal (Supplementary Fig. 10A), the performance of which was
compatible with FORCE and e-prop (Supplementary Fig. 10C). Fur-
thermore, we showed that the proposed learning rule enables learning
even in a recurrent spiking neural network composed of two popula-
tions (i.e., excitatory and inhibitory) (Supplementary Fig. 11).

Output interval (ms) 09

PC1

100
Input interval (ms)

160
PC2

Tde|ay= 200 ms

>

OQutput

Fig. 5 | Learning ready-set-go task. A In each trial, two input units (blue and
orange) send pulses to the network with a random delay T 4o, between pulses. The
target network output (green) should be a pulse delayed by T ,, relative to the
second input pulse. B Networks were trained on a set of samples (colored squares)
and tested for generalization to novel inputs, including interpolation within the

training range (shaded region) as well as extrapolation beyond the training range.
C The network after training failed to extrapolate beyond the training range.

D Principal component analysis (PCA) of the trained network revealed that as the
delay T 4e1y increased, the network states corresponding to the output peak shifted
linearly along a manifold in state space.
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Fig. 6 | Predictive alignment for movie data storage and replay. A Schematic of
the network architecture for learning video sequences, with 22,080 pixel target
signals and 800 units in the recurrent network. B Learning curves showing the
monotonic decrease in readout weight error (cyan) and recurrent weight change

(magenta) over 1500 epochs of training on the upsampled 1000-frame video
sequence. C Samples of the original video frames (top) compared to the output
frames generated by the network (bottom) after training.

Learning and replay of high-dimensional movie data

Finally, we demonstrate that the model can learn natural high-
dimensional signals. Here, we train recurrent neural network to learn
and replay high-dimensional video patterns in pixel space. The original
video sequence consisted of 100 frames. However, to enable learning
of finer temporal dynamics, this sequence was temporally upsampled
by interpolation to a higher resolution of 1,000 frames for use during
training. Each individual video frame had a spatial dimension of 80x92
pixels, with three color channels (RGB) per pixel, resulting in a total of
22,080 units representing the pixel values (Fig. 6A). In contrast to the
high-dimensional target signals, the recurrent neural network model
itself consisted of only 800 units. During training, weights were
modified to minimize the error between 22,080 readout activities and
the movie data. At time zero in each trial, we set the network activity to
the predefined initial states, generated by Gaussian distributions with
zero-mean and the standard deviation of one. The same initial state
was used in both the learning and testing phases.

Despite the large dimensionality mismatch between the target
signals and the recurrent layer, the readout and recurrent weight
training errors decreased monotonically and converged to near zero
values after sufficient training iterations, suggesting the network
dynamics were able to be trained successfully (Fig. 6B). Indeed, readout
activities driven by the autonomous network dynamics after learning
showed that the network dynamics accurately encoded and replayed the
full training video patterns (Fig. 6C; Supplementary Movie 1). These
results indicate that the proposed predictive alignment is not restricted
to few target signals but can be applicable to high dimensional signals.

Discussion

Many cortical and subcortical circuits exhibit complex, dynamic pat-
terns of activity that underlie crucial cognitive functions such as
working memory®, decision-making®>*, motor control**, and sensory
processing®. In this paper, we have presented a novel learning fra-
mework which we call “predictive alignment” that enables recurrent

neural networks to learn and generate a variety of patterned activities,
even when the network initially exhibits chaotic spontaneous dynam-
ics. The key insight of our approach is that instead of directly mini-
mizing the output error to train recurrent connections, as in most
existing recurrent learning rules>****°, we instead focus on predicting
the recurrent activity itself and aligning this prediction with the chaotic
dynamics of the network. This allows us to efficiently suppress the
chaotic spontaneous activity and shape the network dynamics to
produce the desired patterns.

The predictive alignment learning rule we proposed has several
advantages in terms of biological plausibility. First, the synaptic plas-
ticity rules are local, depending only on the activity of the pre- and post-
synaptic units and their predicted activities, without requiring non-
local information such as the inverse of the correlation matrix of the
network activities” or unfolding the dynamics through time*?. Sec-
ond, our framework does not rely on clamping the network’s outputs
to target signals. FORCE learning and its variants'®?"**** tame the chaos
by clamping the output to be close to the target during learning. They
use weight changes which are faster than the time scale of the
dynamics, which seems to lack biological plausibility. Instead, our
predictive alignment learns to generate the desired patterns by pre-
dicting the feedback signal with aligning the recurrent and the chaotic
dynamics, which does not require such assumptions. Since our rule
uses multiple localized activities within each unit (e.g., Mr and Gr), we
expect that multicompartmental recordings from individual neurons
during a learning task would enable to test whether biological neural
circuits use similar local predictive learning rules. The proposed rule
predicts that the correlation between multiple dendritic synaptic cur-
rents and/or somatic membrane potentials should increase as learning
progresses. Further experimental studies are needed to better under-
stand how such rules might give rise to structured neural dynamics.

Recently, several local learning rules for recurrent neural networks
have been proposed, such as FOLLOW?* and RFLO*. While the FOLLOW
rule relies on clamping outputs to target values similar to FORCE, it
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achieves this clamping via negative error feedback from an auto-
encoder, allowing slower weight changes that make the error signal
locally available at post-synaptic units. In contrast, our model does not
require clamping at all because it can learn to generate desired output
patterns even when the initial recurrent dynamics differ from the tar-
get, as described above. Furthermore, because FOLLOW drives outputs
based on input dynamics, it cannot perform the delayed adaptation
tasks considered here”. Another framework, RFLO, approximates
backpropagating output errors through random feedback connections
to train the recurrent connections®. While both our predictive align-
ment and the RFLO rely on random feedback projection from the
output, the two rules have significant difference: the RFLO feedback the
output error signal, whereas our rule adapts recurrent predictions to
the output signals directly without relying on output errors.

Another powerful learning framework that approximates Back-
propagation Through Time (BPTT)***, which is the most celebrated
training method for recurrent neural networks in machine learning, is
the e-prop*. In the e-prop, the gradual changes in the hidden variables
of units generate eligibility traces that extend over long periods of time
which in turn are combined with subsequent instantaneous error sig-
nals. While our model also combines the instantaneous error signal and
the presynaptic activity, there are some differences between the two.
First, although the e-prop assumes low-passed presynaptic activity as an
eligibility trace, our rule considers instantaneous presynaptic activity.
Second, our rule requires the instantaneous error between the output
activity via the feedback signal Qz and the regularized recurrent pre-
diction Jr, whereas the e-prop utilizes the error between the desired
target signal and the output activity. Future work should clarify whether
the proposed rule can approximate BPTT in some way, as e-prop does.

How can a predictive alignment framework be realistically imple-
mented in the brain? The motor cortex provides a prime example of a
recurrent circuit capable of learning complex temporal patterns. Neu-
rons in the motor cortex receive input about the planned action from
the premotor cortex and information about the current state of the
body from sensory input. They are thought to use this combined signal
to compute the error necessary for learning and adjusting their neural
activity patterns to generate the desired output trajectory. In the
predictive alignment framework, instead of transmitting an error signal
derived from a target output, the feedback from the network’s own
output could be transmitted to each unit as a “teacher” signal. Previous
experimental studies suggest that the apical dendritic compartment
receives input from higher cortical layers, which in turn is attenuated
before reaching the somatic compartment®. Our framework predicts
that this attenuated apical input does not directly influence somatic
firing rates, but instead acts as a teaching signal that incorporates pre-
dictive feedback, allowing individual neurons to modify their recurrent
connections to better anticipate and generate the required motor out-
puts. Further experimental studies would be needed to understand the
specific biological mechanisms that could organize such a predictive
alignment process within recurrent cortical circuits.

Our plasticity rule assumes two types of recurrent connections
(i.e., M and G), one is plastic and the other is static. While the biological
relevance of this is still an open question, it has been reported
experimentally that the degree of synaptic plasticity varies across
different compartments of dendrites*®. Based on this experimental
evidence, we can speculate that the plastic connections could be
synapses that project onto proximal basal dendrites and the static
connections could be projecting onto distal basal dendrites.

We considered the predictive alignment in a recurrent network
with balanced excitatory and inhibitory synaptic currents. The
implementation we used in this paper does not satisfy Dale’s law"’. A
more biologically plausible model would require separate excitatory
and inhibitory neuron populations®. It would be an interesting
question how maintaining an appropriate excitation/inhibition

balance via inhibitory plasticity*** is critical for stable learning in

such two-population network with chaotic spontaneous activity.
Future extensions of our model should explore more biologically
plausible architectures consists of spiking neurons as well**75,
Another interesting direction would be to explore how our predictive
plasticity interacts with reward signals. Reward signals could poten-
tially guide the shaping of top-down feedback signals®®, with pre-
dictive alignment then fine-tuning the dynamics. Alternatively,
predictive and reward-based plasticity could operate in parallel on
distinct synaptic subpopulations. Combining these plasticity
mechanisms could provide new insights how different forms of
learning interact to give rise to robust and flexible neural computa-
tion in reinforcement learning.

In conclusion, predictive alignment presents a novel and biolo-
gically plausible learning approach for training chaotic recurrent
neural networks. This framework suggests that prediction within the
local circuit can guide powerful, robust and generalizable learning.

Methods

Predictive alignment learning rule

Our network consists of N rate-based units, mutually connected with
the recurrent connections. Here, we considered two types of recurrent
connections: strong and fixed connectivity G and initially weak yet
plastic connectivity M. The strength of each connection was generated
by a Gaussian distribution, and unless other specified, with zero-mean
and the standard deviation of g//pN, with (p,g)=(0.1,1.2) for G and
(p,8)=(1.0,0.5) for M. Here, g is a gain of connection, leading chaotic
spontaneous activity with g >1, thus the fixed recurrent connectivity G
generates initial chaotic spontaneous activity. The dynamics of mem-
brane potential with the external input I was governed by the following
equation:

TX= — X+(G+M)r+W"l+o€ @®

where § is the time-varying Gaussian noise with zero mean and unit
variance, and the strength of noise was controlled by the scalar value of
0. We have controlled the noise level in Supplementary Fig. 3, while
setting it to zero for the rest of our simulations. The variable x is a
membrane potential and r is a firing rate of unit, defined as:

r=¢x) ©

¢(X) = tanh(x) 10)
The matrix W™ is a feedforward connectivity projecting from
input layer, which is assumed to be fixed during the whole simulation.
The parameter 7 is a membrane time constant, which we set as 7=10
(ms). The recurrent units project to readout units, of which the output
value was defined as a linear summation of firing rates:
z=Wr (11)
where W is a readout weight matrix.
The cost function for the plastic recurrent connectivity is defined
over a period of learning phase T as follows:

1 o
Lo 57 / deiiQz — Mr|2 — % (Gr, M) 1)

where Q € RV*¥ is a random feedback matrix projecting from the
readouts and (Gr, Mr) is a correlation defined as:

(Gr,Mr) = / ' dt(Gr)" (Mr) (13)
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All elements of Q were chosen randomly and uniformly over
the range —3/vK to 3/+/K, where K is a number of readouts.
Taking the gradient of this cost function, we obtain an online learn-
ing rule as:

AM=—p,, aaﬁ“’/‘l“'c =ny{[Qz — Mrlr" +aGrr'} =1,[Qz — (M — aG)r]r"
(14)

where T is a transpose. Readout weights were trained by simple least-
mean-square (LMS):

AW=n,,(f —z)r" (15)

where f is a vector of teaching signal for the model’s outputs.

Details for learning Lorenz attractor
In Fig. 4, we trained a network with three readout units with Lorenz
attractor as the target signal following the dynamics below:

flzs(xz—xl)
Sa=rx —x; — X103 (16)

f/3 =Xx1X; — bxs,
fi=fi/10k=1,2,3)

where (s, r, b)=(10, 28, 8/3) in our simulation. Learning was performed
using a 15,000 s trajectory generated according to these dynamics as a
target signal.

Details for ready-set-go task

In Fig. 5, we trained a network consists of N=1,200 neurons to learn
the Ready-Set-Go task. The two input pulses (s; and s,) and a target
pulse (0) were scaled Gaussians with a standard deviation of A =15 ms.
The two inputs had a delay T,y between them. All pulses had a uni-
form shift of T, =60 ms to ensure that the first pulse was presented
after the start of each trial. The network was trained for 200,000 trials,
and in each trial, the delay value T 4,, was randomly selected from one
of the four values (100 ms, 120 ms, 140 ms, and 160 ms).

2
s(6)=2exp {_ (t_AZT")} ~1 17)
2
t—To— Tgena
St =2exp|— % -1 (18)
(t - TO - 2Tdelay>2
ot)=2exp|-——————""1| -1 19)

AZ

Details for learning with noise

In Supplementary Fig. 2, we trained a network with various levels of
noise by changing the scalar value of ¢ (see Eq. 7). In all conditions, we
trained the network with the predictive alignment and the FORCE for
100s. To train with FORCE, we chose the reguralization parameter of
unity, which is the standard setting in FORCE learning?.

Details for learning fixed-point attractors

In Supplementary Fig. 7, the neural network was trained using ran-
domly presented pulses as inputs. The strength of each pulse during
training was either +1 or -1, with a duration of 100 ms. The intervals

between consecutive pulses varied randomly within a range of
500-700 ms. The network was trained for 300 s. After training, the
network was stimulated with similar pulses while varying the intensity
between 0.27 and 0.33.

Quantification of representational diversity and information
balance

In Supplementary Fig. 6, to assess the network’s ability to generate
diverse and structured representations, we analyzed the correlation
matrix C of the network activity. The entropy of the eigenvalues H; was
computed as

A
Hy= =) pilogp,pi= <5 (20)
Ei: l l l Zj/lj

where A; are the eigenvalues of C, and p; represents their normalized
contributions. This measure quantifies how evenly the network’s
activity is distributed across different representational modes. Note
that we analyzed the network dynamics before training.

To evaluate the effective dimensionality of the network’s activity,
we computed the participation ratio:

2
PR= (Zi"iz)
>l

which reflects the number of significant dimensions contributing to
the network’s representations. To prevent excessive weighting of high-
dimensional representations and to maintain a more proportional
scaling with the network’s effective dimensionality, we applied a
square root transformation to the participation ratio as a measure of
representational balance. Finally, we defined a efficiency index as:

@n

H,

Efficiency = JPR

(22)

and examined how this metric varied across different network
regimes. We found that this index was maximized at the edge of chaos,
indicating that learning performance is optimal when representational
diversity and effective dimensionality are properly balanced.

Details for estimating Lyapunov exponent
In Supplementary Fig. 4, we quantified the degree of chaos using the
Lyapunov exponent A*, defined as follows.

*= Iimk%oilog <$—’(§)

with y, being the initial distance between the perturbed and the
unperturbed trajectory, and y, being the distance at time k. For sub-
critical systems, A* <0 and for chaotic systems A*> 0.

At each training step, we generated two copies of the network
with states denoted as x® and x®. We introduce a small perturbation
to initially separate the states by y,=10"°. Next, we simulated the
network for 500 steps without inputs to eliminate transient effects
from the initial states. After this initialization, we ran the network for
1,000 additional steps—also without inputs—to estimate the Lyapunov
exponent. During this process, we recorded the state difference at
each step, defined as y, = ||xV(k) — x@(k)||. To prevent the difference
between x® and x? from saturating or diverging, we reset the dis-
tance to y, at every step while preserving the direction of the vector
x? (k) — xD(k), as follows®:

(23)

XA (k) < xD(k) + %o (x2(k) — xB (k) 24
k
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Then, the average of the logarithm of the distances was calculated

as follows:
Yk
= (e ) )
& Yo/ /k

Details for learning spiking recurrent network

In Supplementary Fig. 10, we trained a network consisted of 1,000 leaky
integrate-and-fire (LIF) neurons, coupled with a single linear readout
unit as the output. The network obeyed the following dynamics:

(25)

TV=—V+(G+M)F+ I, (26)
where 7, is a membrane time constant of 10 ms and v is a membrane
potential over a whole network. Once the membrane potential exceeds
a threshold of v, =1, it was reset to a resting potential Of Vyeee = — 1.
The LIF model has a refractory period of 1, =2 ms, where the neuron
cannot generate spike. The vector I, is a constant background cur-
rent set at the threshold value. Each element of the synaptic current
vector r is a filtered spike train as:

Fi= —TLS+TlStZU6<t—t,-j)

@7

where 7,=20 ms is the time constant for the filter and ¢; is the j-th
spike fired by the i-th neuron. The function &(-) is the Dirac delta
function. The output of the network was calculated as a linear sum-
mation of synaptic currents with the readout weights, just as in the
rate-based network (i.e., Eq. 10).

Similar to our rate-based model, we considered two types of
recurrent connections: strong and fixed connectivity G and initially
weak yet plastic connectivity M. The strength of each connection was
generated by a Gaussian distribution, with zero-mean and the standard
deviation of g//pN, with (p, g)=(0.1,0.3) for G and (p,g) =(1.0, 0.05)
for M. Further, the mean for the realization for these weight matrices
was explicitly set to O to counterbalance the resulting firing rate
heterogeneity*>. All weights were trained with the same plasticity rules
in the rate-based network (i.e., Egs. 13 and 14).

In Supplementary Fig. 10C, we compared learning performance
across different spiking models: predictive alignment, FORCE*, and
e-prop*. All models were composed of Leaky Integrate-and-Fire neu-
rons. For all models, we used a network of 500 neurons and trained on a
5 Hz sine wave for 1000 epochs. In e-prop, we used 100 input neurons,
generating frozen Poisson spiking patterns with the instantaneous firing
rate of 50 Hz. Learning accuracy was evaluated using the root mean
square error (RMSE) at the final epoch. The results are presented as a
bar graph, with error bars indicating the standard deviation.

In the two-population scenario with the distinct excitatory and
inhibitory populations,

TV = — Ve + (G + Mge ) ¥ — (G + Mg )1y + I (28)

TmVi= — Vi + (G + Mg )1 — (Gy + My )1y + B 29)
with the fixed connections Gyy and the plastic connections Myy, where
X and Y indicate either excitatory or inhibitory. All connections were
first generated using a Gaussian distribution, as in the single popula-
tion case, and then any negative values were flipped to positive. Both
populations were assumed to have connections to the readout unit.

Simulation details
All simulations were performed in customized Python3 code written
by TA with numpy 1.17.3 and scipy 0.18. Differential equations were

numerically integrated using a Euler method with integration time
steps of 0.5ms in Supplementary Fig. 8 and 1 ms in the rest of the
simulations. All source code will be available after publication on
GitHub and will be distributed to the reviewers.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All numerical datasets necessary to replicate the results shown in this
article can easily be generated by numerical simulations with the
software code provided below. No datasets were generated during
this study.

Code availability
All codes were written in Python3 with numpy 1.23.5 and scipy 1.10.1.
Example program codes used for the present numerical simulations
and data analysis will available at: https://github.com/TAsabuki/
PredictiveAlignment®.,
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