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SUMMARY

Training biophysical neuron models provides insights into brain circuits’ organization and problem-solving
capabilities. Traditional training methods like backpropagation face challenges with complex models due
to instability and gradient issues. We explore evolutionary algorithms (EAs) combined with heterosynaptic
plasticity as a gradient-free alternative. Our EA models agents with distinct neuron information routes, eval-
uated via alternating gating, and guided by dopamine-driven plasticity. This model draws inspiration from
various biological mechanisms, such as dopamine function, dendritic spine meta-plasticity, memory replay,
and cooperative synaptic plasticity within dendritic neighborhoods. Neural networks trained with this model
recapitulate brain-like dynamics during cognition. Our method effectively trains spiking and analog neural
networks in both feedforward and recurrent architectures, it also achieves performance in tasks like
MNIST classification and Atari games comparable to gradient-based methods. Overall, this research extends
training approaches for biophysical neuron models, offering a robust alternative to traditional algorithms.

INTRODUCTION

Training networks with biophysically neuron models provides in-
sights into the cellular-level learning mechanisms underlying
brain intelligence.”” An outstanding question in this area is
how neuronal networks adapt their components to improve
task performance, a challenge known as the “credit assignment
problem”.®

In machine learning, stochastic gradient descent via back-
propagation (BP) is a primary method for solving the credit
assignment problem.” In BP, synaptic weights are updated ac-
cording to locally available signals propagated through feed-
back connections.>® However, BP applies gradient information
in a manner that is biologically implausible for calculating syn-
aptic weight updates, and it has historically been viewed as
problematic in many contexts.® Firstly, BP requires stable,
differentiable states for effective gradient accumulation, but
biophysical models are multi-dimensional nonlinear systems
with rapid, discontinuous dynamics due to “spikes” in voltage
and state variables. This complexity may lead to numerical stiff-
ness and instability, causing BP to become unstable and diver-
gent when training these models.? Secondly, the signed error
signals sent backwards through a network in BP often vary
widely in magnitude during training, leading to the phenomena
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of exploding and vanishing gradients.” Besides, implementing
such feedback of signed errors in complex, deep networks,
such as the cortex, is problematic.® Moreover, BP requires
the adjustment of weights throughout hierarchical structures.
However, given certain neuroanatomical insights,’'® the domi-
nance of cortico-centric, hierarchical architectures in deep
learning, and predictive coding networks is increasingly ques-
tioned.'” These challenges suggest that there may be critical
biological factors that BP does not account for highlighting
the need to explore alternative methods for training bio-
physically based neural networks. Our investigation focuses
on two such overlooked aspects: an algorithmic framework
distinct from gradient-based algorithms and a paradigm for
synaptic plasticity that extends beyond local rules, as elabo-
rated in the following text:

Recently, an increasing number of studies have focused on
harnessing evolutionary algorithms (EAs) to optimize neural net-
works.'® Inspired by natural evolution, EAs involve the evolution
of a population of agents (Figure 1A). Each generation of agents
are reproduced by the parental agents (i.e., the agents with
higher fitness, or in other words, better task performance) in
the previous generation through mutation or cross-over; elite
agents (i.e., the agents with the highest fitness) become agents
in the next generation without mutation, a technique called
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Figure 1. The network architecture

(A) Diagram of the evolutionary algorithm: In each generation, agents (depicted as squares) reproduce from multiple high-fitness parental agents (yellow squares)
of the previous generation (indicated by black arrows and brackets). The agent with the highest fitness (marked by a red circle) is carried over to the next
generation without mutations (illustrated by blue arrows and circles), a method known as elitism.

(B) Traditional models often assume a single connection between two neurons.

(C) Our model supposes that two pyramidal neurons are connected through multiple dendritic routes, which are gated by MD or PFC (network .4) through SST and
VIP interneurons. Only synapses (red) between pyramidal neurons are plastic in our model, all the other synapses to and from PV, SST and VIP interneurons
remain fixed.

(D) Dendritic routes labeled k (k = 1,2,3) in network N are gated by neurons labeled k in network .A. Dopamine, which represents the evaluation of the output of
network N, are released dispersedly to network A

(E) Neurons in network A are activated alternately one at a time. At time t, (k = 1,2,3), only neuron k in network A is activated (white square) with others silent
(black squares), so that the dendritic routes labeled k in network A are gated on (white circles) with others gated off (black circles). The sub-network connected by
all the kth dendritic routes in network N is regarded as the kth agent in evolutionary algorithm (lower subplots). The 3rd agent stimulates a high level of dopamine
(red text in the upper-right subplot), is therefore the parental agent; the other two agents stimulate a low level of dopamine, are therefore non-parental agents.
(F) The plasticity rule. With a high probability, the synaptic weight w;;.""'pa'ema' from the jth to ith pyramidal neurons on a non-parental agent directly inherits the
synaptic weight w,‘./?a'e”‘a' on a parental agent; with a small probability, synapses on non-parental agents are updated to be descendants of the synapses on
parental agent with some mutations (i.e., weight flip).

elitism. EAs provide a more general framework than gradient-
descent algorithms by optimizing both synaptic weights and
network connections, which are typically static in gradient-
descent approaches.’® Unlike gradient-based models, EAs do
not depend on hierarchical architectures and operate solely in
the forward pass, making them robust against noisy and rigid
losses.'® Additionally, EAs handle discrete loss formulations
and enable broader parameter exploration, positioning them as
a preferred alternative to BP.?

2 iScience 28, 112340, May 16, 2025

Synaptic plasticity rules are believed to be a pivotal physiolog-
ical mechanism for learning.® Many learning mechanisms of neu-
ral networks are proposed based on the assumption of locality,
i.e., the change of a synapse depends on its pre- and post-syn-
aptic activities, stemming from the Hebbian rule.”” Nevertheless,
synaptic plasticity is not strictly localized: a synapse can also be
modified by the activities of adjacent, non-connected neurons
through intercellular signaling pathways, a process known as
heterosynaptic plasticity.'®'® For example, the diffusive nitric
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oxide (NO) associated with a synapse potentiated by pre- and
post-synaptic spike pairing can potentiate other neighboring
synapses”®?'; the pre-synaptic release of glutamate can stimu-
late long-range propagating calcium waves in astrocytes,
depressing synapses in a broader spatial range.???* The inhibi-
tion of heterosynaptic plasticity has been shown to significantly
compromise cognitive function.”* While heterosynaptic plas-
ticity is known for aiding synaptic balance in Hebbian learning'®
as a secondary function, its potential as a powerful learning para-
digm in its own right has not been fully explored.

In this paper, we propose an original non-local heterosynaptic
learning mechanism that has not been considered in the machine
learning community. By incorporating heterosynaptic plasticity
into EA, we present a gradient-free method to train biophysical
neuron models. In our framework, the network comprises multiple
information routes, each representing an EA agent. The perfor-
mances of these agents are evaluated through alternatively gating
on each route with the others gated off. Agent selection and repro-
duction are realized by dopamine-guided heterosynaptic plas-
ticity. To examine the possible computational function of hetero-
synaptic plasticity alone, we do not add any local rule in the model.

We show that our EA model achieves three significant merits
simultaneously.

(1) Biological inspiration. Our EA model draws inspiration
from a comprehensive range of cellular-level experi-
mental findings, including heterosynaptic potentiation
mediated by NO,?*?' heterosynaptic depression medi-
ated by astrocyte calcium wave,”*?® dendritic gating,”®
binary synapses,’® dopamine gating of synaptic plas-
ticity,”” meta-plasticity,”®?° memory replay,*® coopera-
tive plasticity between the synapses within a dendritic
neighborhood,*'° etc. By integrating these biological
components, our EA model trains recurrent neural net-
works to exhibit dynamics analogous to brain dynamics
in experimental observations.**
Broad competence. Our EA model is capable of effec-
tively training neural networks, whether they are based
on feedforward or recurrent architectures and composed
of analog or spiking neurons. This versatility maximizes
the generalizability across various learning mechanisms.
(3) Powerful capability. Our EA model successfully trains
deep neural networks with binary weights to achieve per-
formance levels in MNIST classification and Atari game-
playing tasks that are on pair with those of continuous-
weight networks refined by gradient-based methods.

S

Collectively, our research sheds light on an alternative para-
digm for training networks with biophysically neuron models. It
expands the scope beyond traditional gradient-based ap-
proaches, potentially offering insights into the cellular-level
learning mechanisms that underpin brain intelligence.

RESULTS

Network architecture
In traditional computational neuroscience models, two neurons
are connected by a single connection (Figure 1B). However,
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this simplification does not reflect the actual complexity found
within the brain, where two pyramidal neurons may form multiple
synaptic connections across various dendrites (Figure 1C).°°
Each of these dendritic pathways can be independently regu-
lated by somatostatin (SST) interneurons,?® which have the ca-
pacity to inhibit dendritic activity. These SST interneurons are,
in turn, modulated by “hub” regions such as the prefrontal cortex
(PFC) or the mediodorsal thalamus (MD).>® These hubs exert
their influence through extensive corticocortical or thalamocort-
ical networks that activate vasoactive intestinal peptide (VIP)
interneurons, which then inhibit the SST interneurons.®”-*¢ Addi-
tionally, parvalbumin (PV) interneurons serve to inhibit pyramidal
neurons in proximity to the cell body or soma.?®

These biological mechanisms and neural substrate provide a
framework for constructing EA networks (Figure 1A), illustrated in
Figures 1D and 1E, where we hypothesize that the dendritic path-
ways of pyramidal neurons within a network AN, representative of
the hippocampus or neocortex, are modulated by a controlling
network A4, indicative of the PFC or MD regions. If neuron k in
network A is active, all the dendrites labeled k in network N are
gated on, with the others gated off. Neurons in network A are alter-
natively activated one at a time, such that dendrites with different
labels are gated-on alternatively (Figure 1E, upper subplots). This
gating mechanism allows network N to generate distinct outputs
in response to identical stimuli, which in turn yield varying reward
outcomes, sourced either from the external environment or inter-
nally estimated by the brain.>® These reward signals stimulate
different levels of dopamine, informed dispersedly to the whole
network to guide synaptic plasticity>”*? (Figure 1D). Within this
context, the subset of network N interconnected by dendrites
labeled k is conceptualized as the kth agent of the EA framework.
Dopamine level stimulated by an agent indicates the fitness of that
agent, such that high (or low) dopamine level indicates parental (or
non-parental) agents (Figure 1E, lower subplots).

In the next subsection, we will show that the heterosynaptic
plasticity between pyramidal neurons is equivalent to a
learning rule: with a high probability, the non-parental synaptic
weight w°"P2e"a! girectly inherits the parental synaptic weight

parental |n this manner, the synapse w,f/?"”’pa’e”‘a', which connects
the the jth to ith pyramidal neurons on a non-parental dendrite,
becomes equivalent to the synapse Wf}are“‘a' on a parental
dendrite; with a small probability, the non-parental synaptic
weight W,?"”'pare”ta' undergoes a “flip” operation, meaning that
synapses on non-parental agents are updated to be descen-
dants of the synapses on parental agent with some mutations
(i.e., weight flip) (Figure 1F). In this way, non-parental agents
are updated to become descendants of the parental agent, un-
dergoing mutations, such as weight flips due to the stochastic
nature of the nervous system.*'**? All the synapses to and from
inhibitory interneurons are kept fixed in our model (Figure 1C).
Note that we are presently considering only mutational changes;
although the potential for cross-over is acknowledged and can
be explored in future research (refer to the discussion section
for more details).

Basic learning process

We explore a delayed reward paradigm commonly observed
both in natural settings and experimental conditions: neuronal
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Figure 2. Heterosynaptic plasticity induces EA

(A) When neuron 1 emits a spike, the large synapse c4 on the gated-on dendrite ¢ stimulates a post-synaptic spike; this pairing of pre- and post-synaptic spikes
produces diffusive NO, which, together with the spikes simultaneously invading synapses a; and by from neuron 1, induces potentiation eligibility traces in these

synapses.

(B) When neuron 2 emits a spike, the small synapse ¢, on the gated-on dendrite ¢ does not stimulate a post-synaptic spike, therefore no potentiation eligibility
traces in synapses a, and b,. In both (A) and (B), pre-synaptic release of glutamate stimulates astrocytes to produce widely spreading calcium waves, which

induce depression eligibility traces in all synapses.

(C) The synapses targeted by neuron 1 have higher potentiation eligibility traces than those targeted by neuron 2, but the depression eligibility traces in these

synapses are similar.

(D) Case I: with a low dopamine level, no synaptic change happens. Case II: with a high dopamine level, the synapses a1, b+, ¢y (or az, b, ¢2) with high (or low)
potentiation eligibility traces tend to be potentiated (or depressed), represented by upper (or lower) red arrows. Synapses a1, ¢1 (or by, ¢2) remain unchanged

because they already have large (or small) efficacy.

activities result in eligibility traces in synapses, according to (1) If asynapse on the gated-on dendrite ¢ has large efficacy
which sparse and delayed rewards then guide synaptic plas- (e.g., synapse c1 from neuron 1 in Figure 2A), a pre-synap-
ticity. Eligibility traces are molecular states in synapses, which tic spike from neuron 1 will be very likely to stimulate a
can change synaptic efficacies under a high dopamine level post-synaptic spike. This pairing of pre- and post-synap-
but have no effect under a low dopamine level.*® The aforemen- tic spikes produces diffusive messengers such as nitric
tioned plasticity rule (Figure 1F) is modeled after heterosynaptic oxide (NO).”>** This NO and simultaneously arriving
plasticity, drawing on the following cellular-level mechanisms. spikes from neuron 1 generate high potentiation eligibility
To illustrate the mechanisms, we consider a scenario involving traces in both ¢4 and neighboring synapses (a1 and b1)
two pre-synaptic neurons that form connections with a single from the same pre-synaptic neuron (i.e., neuron 1) on
post-synaptic neuron across three dendritic branches labeled gated-off dendrites a and b,%?"*° see Figure 2C. This
a, b, and ¢, each featuring binary synaptic efficacy®® (repre- heterosynaptic potentiation is subject to a spatial scope
sented by large or small boutons in Figure 2); at a certain time comparable with the scale of the dendritic arbor of a

step, dendrite c is gated on (see Figure 2).
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pyramidal neuron (~ 150 um in hippocampal CA12%2"),
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Synapses from neuron 2 (i.e., synapses az, by and c»)
cannot be potentiated by the diffusive NO without simul-
taneous pre-synaptic spikes.

If a synapse on a gated-on dendrite ¢ has small efficacy
(e.g., synapse ¢, from neuron 2 in Figure 2B), a pre-syn-
aptic spike from neuron 2 will be unlikely to stimulate a
post-synaptic spike, resulting in low potentiation eligibility
traces in both ¢, and neighboring synapses (a2 and by)
from the same pre-synaptic neuron (i.e., neuron 2) on
gated-off dendrites a and b, see Figure 2C.

Pre-synaptic release of glutamate stimulates astrocytes
to spread calcium waves®>“° (Figures 1A and 1B), which
induces depression eligibility traces in synapses spatially
widespread®>*”*® (at least 300 ~ 500 in hippocampal
CA12>%9). The depression eligibility traces on different
synapses are supposed to be similar in our model due
to the widespread spatial scale, see Figure 2C.

S

&

Collectively, if a synapse on a gated-on dendrite has high (or
low) efficacy, it will induce high (or low) potentiation eligibility
traces in the neighboring synapses from the same pre-synaptic
neuron on gated-off dendrites; the depression eligibility traces
on different synapses are similar (Figure 2C). These processes
are well-documented in the hippocampus'® (also see the refer-
ences aforementioned) and have also been observed in the
neocortex.19’45'48’5o’51

If the delayed reward is small so that the dopamine level is low
(i.e., the gated-on dendrite ¢ is non-parental, see Figure 1E), no
synaptic change will happen (case | in Figure 2D). If the delayed
reward is large so that the dopamine level is high (i.e., the gated-
on dendrite c is parental, see Figure 1E), the synapses will be up-
dated®’ according to the following rules (case Il in Figure 2D):
synapses with large potentiation eligibility traces will be potenti-
ated, while synapses with small potentiation eligibility traces will
be depressed by the depression eligibility trace. Given that bio-
logical synapses can have binary efficacies,”® potentiation (or
depression) only works in synapses with low (or high) efficacy,
whereas those already with high (or low) efficacy remain un-
changed (Figure 2D). As a result, synapses on non-parental den-
drites are updated toward those on parental dendrites connect-
ing the same pair of pre- and post-synaptic neurons (i.e.,
synapses a; and b4 are updated toward c1, whereas a, and b,
toward c,), while those on parental dendrites (i.e., synapses c1
and c») remain unchanged (Figure 2D), fulfilling the requirement
of the EA (Figure 1F).

Multiple parents and elitism realized by meta-plasticity

In EA of computer science, each generation usually has multiple
parents and at least one elite®*°® (Figure 1A). Here, we show that
both multiple parents and elitism can be implemented in our
model by introducing a meta-plasticity mechanism. In this mech-
anism, if a synapse with large (or small) efficacy on a gated-on
dendrite receives potentiation (or depression) signals under
high dopamine level, the efficacy of this synapse will get stabler
at the large (or small) level, harder to be switched in future
learning processes (Figure 3A). This mechanism ensures that
high-efficacy synapses (akin to elite agent in EA) are preserved
across learning episodes, making them less susceptible to the
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normal fluctuations of synaptic modification, thereby embodying
the principle of elitism within our neural model.

To understand the effect of this meta-plasticity, suppose
dendrite a is parental at time step 1. Without the meta-plasticity,
if another dendrite b is parental at a later time step 2, synapses
on dendrite b will reproduce their efficacies on dendrite a (Fig-
ure 3B, lower panel), under the mechanism illustrated in case Il
of Figure 2D. In this case, dendrite b will become the parent of
dendrite a. With the meta-plasticity, however, the synapses on
dendrite a are stabilized, without changing toward the synapses
on dendrite b, so that dendrite b will not become the parent of
dendrite a (Figure 3C, lower panel). When extending this consid-
eration to the training of multiple dendrites, it is observed that in
the meta-plasticity-free scenario, each dendrite at any given
time step has a single parent (Figure 3D). However, the introduc-
tion of meta-plasticity allows dendrites to have multiple parents
(Figure 3E). Moreover, even with the meta-plasticity, synapses
on a stabilized dendrite may also gradually lose their synaptic
configuration after a sufficiently long time. The parental dendrite
that induces the highest dopamine level (i.e., the elite) has the
highest stability, and therefore will be maintained for the longest
time, fulfilling the elitism technique in EA (Figure 3E, black
boxes).

Physiologically, it is well known that dopamine stabilizes
potentiated synapses of pyramidal neurons, after the excitability
of pyramidal neurons is increased by the inhibition of SST or PV
interneurons®®°*°° (upper subplot of Figure 3A). However, the
stabilization of small synapses (lower subplot of Figure 3A),
despite some clues,*®°” remains to be experimentally tested.
A better-established process to fulfill the stabilization of small
synapses is dendrite-level synaptic homeostasis,”®°° which
constrains the total synaptic efficacy on a dendrite (Figure 3F).
Under this constraint, small synapses are hard to be potentiated
if other large synapses on the same dendrite are stabilized, real-
izing the stabilization of small synapses.

EA is compatible with offline replay

The no-free-lunch theorem posits that no one learning algorithm
can excel across all possible problems.®® Consequently, it is
essential for the brain to utilize a diverse array of learning strate-
gies to optimize the animal’s chances of survival. Similarly, it is
imperative for researchers to discern the contexts in which EA
is most effective to deepen our understanding of their functional
roles. In this discussion, we demonstrate that EA is compatible
with offline replay.

Consider the following on-line learning scenario which might
occur in an awake animal (scenario 1, Figure 4A). In a learning
session, the performance of a gated-on dendritic route in
response to an input stimulus is scored by the reward feedback
from the real world, inducing a corresponding dopamine level;
learning sessions may be separated by intervals of variable du-
rations. This scenario is not compatible with EA. To see this,
consider a situation where dendritic route 1 brings 10 units of
reward in response to stimulus 1 and brings 0 units in response
to stimulus 2; dendritic route 2 brings 6 units of reward in
response to both stimuli 1 and 2 (Figure 4C). If high dopamine
is induced only in the session corresponding to the highest
reward (i.e., the session with stimulus 1 and dendritic route 1
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Figure 3. Multiple parents and elitism realized by meta-plasticity

(A) Schematic of the meta-plasticity. On a gated-on dendrite (white circles represent inactivated SST interneurons, see the legend of Figure 2), if a large (upper
panel) or small (lower panel) synapse receives potentiation or depression signal (upward or downward arrow) at a high dopamine level, the synapse will be
stabilized at large or small efficacy.

(B) Schematic of the case without meta-plasticity. At time step 1 (or 2), the gated-on dendrite a (or b) is parental, so a high dopamine level is induced at both time
steps. At step 1 (upper panel), the synaptic configuration of dendrite a is reproduced to dendrite b. At step 2 (lower panel), the synaptic configuration of dendrite b
is reproduced to dendrite a. The asterisks indicate mutations (i.e., € in Figure 1F) that happen with a small probability.

(C) With meta-plasticity, the synapses on dendrite a are stabilized when dendrite a is parental (upper panel), so that when dendrite b is parental at a later time step
(lower panel), the synapses on dendrite a will not change.

(D) The learning process without meta-plasticity. Each box represents an agent in EA, i.e., a dendritic route in Figure 1E. The initial condition contains one parental
agent (red square) that can induce a high dopamine level and five non-parental agents (white squares). In step 1, the red parental agents are activated (black
arrow), so that all non-parental agents are updated toward the red agent, becoming its descendants (red crosses). In step 2, the activated agent cannot induce a
high dopamine level, so this agent remains non-parental. In step 3, the activated agent induces a high dopamine level, so all the other agents (including the red
parental agent) are updated toward the activated agent, becoming its descendants (blue crosses). We see that the agents at every time step have a single parent
and no elite without meta-plasticity.

(E) The learning process with meta-plasticity. Notice that the parental agents (red, blue, yellow and black squares) are stabilized, so that in step 1, 3, or 4, non-
activated parental agents (i.e., the parental agents not indicated by the black arrow) do not update toward the activated parental agent (i.e., the parental agent
indicated by the black arrow) that stimulates high dopamine level. After many steps (last row), parental agents may also lose their synaptic configurations (the
question marks mean we do not know the states of those agents); but the elite agent (black square), which can induce the highest dopamine level, is the stablest
one, and can last for the longest time.

(F) The stabilization of small synapses can be realized by stabilizing large synapses (upper panel) together with dendrite-level synaptic homeostasis (lower panel).

gated-on), dendritic route 1 will be parental and the synapses on
dendritic route 2 will update toward those on dendritic route 1.
However, this parental selection is incorrect because it is den-
dritic route 2 that brings more rewards on average over the
two input stimuli, aligning better with the task objective of maxi-
mizing the expected average reward (Figure 4C).

This problem can be solved if we suppose that the evaluation
of dendritic routes happens during offline replay (scenario 2, Fig-
ure 4B): a gated-on dendritic route is quickly evaluated over a
number of replayed inputs, and the dopamine level is released
according to the average reward associated with a number of

6 iScience 28, 112340, May 16, 2025

input stimuli just replayed.®’ This averaging is crucial because
the efficacy of a dendritic route can vary significantly depending
on the stimulus it receives. While a particular route might perform
poorly for most stimuli, it could perform exceptionally well for
specific ones. Hence, to ensure a fair and robust evaluation,
we average the performance outcomes across a representative
sample of stimuli, as depicted in Figure 4B. In this case, the
dopamine level indicates the average performance of the
gated-on dendritic route over a batch of input samples just re-
played. If we set the batch size to be 2, the dendritic route 2
will be correctly selected as the parental agent during the replay
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Figure 4. EA is compatible with offline replay

(A) During an on-line learning scenario, the performance of a gated-on den-
dritic route in response to an input stimulus is represented by the level of
dopamine given at the end of each session. There are intervals of variable
durations between sessions (blue text).

(B) During an offline learning scenario, the model can quickly sweep over
samples of input stimuli when a dendritic route k (k = 1,2,3,---) is gated on.
Note that the stimuli presented in sequential order (1, 2, 3, ...) represent stimuli
that have been inputted. The dopamine level represents the average reward
associated with the inputted stimuli when the same dendritic route is gated on.
(C) An example situation. Route 1 brings the highest reward (bold blue text) in
response to a single stimulus, but route 2 brings the highest average reward
(italic blue text) over both stimuli.

in the case of Figure 4C. This method of averaged evaluation
does not conflict with the sequential evaluation of parental
agents shown in Figure 3E. In both scenarios, each dendritic
route is assessed across a range of stimuli to ensure that the
evaluation captures a comprehensive view of its performance.
Specifically, in Figure 3E, each evaluation step involves sweep-
ing over a sample of stimuli to assess a dendritic route effec-
tively. In conclusion, two levels of replay are involved in the
model: first, a gated-on dendritic route is evaluated over a series
of stimuli, through the replay of stimuli over a short timescale;
second, the dendritic routes are evaluated by alternatively gating
on each route while the others are gated off, through the replay of
gating-control neurons (as we illustrated in Figure 1D, the
network A is indicative of the neurons in hub areas such as the
PFC or MD regions) over a long timescale (see more details in
discussion).
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The fundamental mismatch between EA and online learning
arises from the inherent characteristics of EA. In gradient-
descent algorithms, the direction for updating a synaptic weight
is computable and corresponds to the average of directions
derived from individual input stimuli samples. Consequently,
the neural network can be optimized by accumulating small up-
dating steps in response to individual stimuli during online
learning, as seen in scenario 1. However, in EA, the synaptic up-
dating direction cannot be directly computed. Instead, it relies on
comparing the performance of different dendritic routes. This
comparison depends on the performance across multiple stimuli
samples (serving as an estimation of performance over the entire
set of stimuli) rather than a single stimulus, rendering online
learning less appropriate. This offline replay scenario, illustrated
in Figure 4B, is a prediction of our model. In the following simu-
lations, EA is performed in an offline manner.

Cooperative plasticity between synapses from
synchronous inputs

From Figure 2A, the simultaneous arrival of the pre-synaptic
spikes from neuron 1 at synapses a1, b1, and c1 is a key factor
for the potentiation of a; and b1. The inter-cellular diffusion of
NO suggests that such potentiation still happens even if the
spikes invading a1 and by do not come from neuron 1 but from
a different neuron with synchronous firing with neuron 1. This
subsection will investigate the EA process when single post-syn-
aptic neurons receive from synchronous inputs from different
pre-synaptic neurons.

Pre-synaptic neurons with synchronous activities target close
dendritic locations®>® through synapses with cooperative plas-
ticity: when a synapse is potentiated, the neighboring synapses
can also be potentiated at the same time®® or become easy to
be potentiated by only weak stimulation®’; when a synapse is
depressed, the neighboring synapses can also be depressed at
the same time.*® In our model, the synapses from synchronous-
firing pre-synaptic neurons to the same post-synaptic dendrite
are mutated downward or upward simultaneously (group muta-
tion, GM) instead of independently (individual mutation, IM),
modeling the cooperative plasticity between neighboring synap-
ses due to cellular mechanisms in the post-synaptic dendrite.*"*?
We found that GM is essential for the success of EA learning.

To illustrate the mechanisms, we consider three pre-synaptic
neurons (1, 2, 3) with synchronous activities targeting a post-
synaptic neuron through two dendrites (a, b), see Figures 5A
and 5B. At a certain time, dendrite a is gated on while dendrite
b is gated off, and the synapses from the three pre-synaptic neu-
rons on dendrite a have large efficacies at the beginning (Fig-
ure 5A, left column). Under IM, each synapse is mutated inde-
pendently with low probability. In this case, suppose synapse
as on dendrite a is mutated downward (Figure 5A, upper row).
High NO is emitted from the large-efficacy synapses a1 and a,
on the gated-on dendrite a (Figure 5A, upper row, middle col-
umn) when the spikes from neurons 1 and 2 invading a; and
a». When this happens, the spikes from neurons 1 and 2 arrive
at synapses by and b, simultaneously, and the spikes from
neuron 3 also arrive at synapses az and bz simultaneously due
to the synchronous activity of neuron 3 with neurons 1 and 2.
Therefore, there are high potentiation eligibility traces in all the
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Figure 5. The computational function of the cooperative plasticity

(A and B) Schematic to illustrate the advantage of group mutation. The green circles in dashed boxes represent pre-synaptic neurons with synchronous activity.
Large (or small) yellow triangles represent large (or small) synapses. Dashed triangles with question marks represent synapses with no matter large or small
efficacy. Dendrite a or b is gated on or off by inactivated or activated SST interneurons (white or black circle). Upward (or downward) arrows indicate that the
synapses are mutated upward (or downward). If the gated-on dendrite a is parental (i.e., induces high dopamine) after IM (or GM), its mutated configuration will not
(or will) be reproduced to dendrite b.

(C) The structure of the network to perform the XOR task. Pyramidal neurons receive from two input groups (whose activity levels can be high or low) through
synapses (red arrows) on dendrites gated by SST interneurons. Red synapses are to be changed during training, and the other synapses are fixed.

(D) Raster plot of the input neurons in one simulation trial (upper panel) and the single output neuron in multiple trials (lower panel) after training under group
mutation. Vertical blue lines delimit four intervals in which the two input groups have different high or low activities.

(E) Classification accuracy during the training process for individual (orange) or group (blue) mutation. Error belts indicate the standard error of the mean (s.e.m.)

over 100 training trials.

synapses (a1, az, as, b1, bz, bs) on both dendrites (Figure 5A, up-
per row, middle column). If the gated-on dendrite a is parental so
that high dopamine is induced, all these synapses will become
large (Figure 5A, upper row, right column): this means that the
parental synaptic configuration on the parental dendrite a after
IM (i.e., synapses a1, as, and as have large, large, and small effi-
cacies, respectively) cannot be reproduced to dendrite b, which
contradicts with the EA requirement (Figure 1F). Under GM, how-
ever, the synapses from the three pre-synaptic neurons on
dendrite a are mutated downward simultaneously (Figure 5A,
lower row, middle column). In this case, the NO received by
the synapses on both dendrites is low, inducing low potentiation
eligibility traces. If dendrite a is parental so that high dopamine is
induced, all the synapses in both dendrites will become small
(Figure 5A, lower row, right column): this means that the parental
synaptic configuration on the parental dendrite a after GM (i.e.,
synapses ai, as, and ag all have small efficacies) gets repro-
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duced to dendrite b. A similar situation happens when the three
synapses on dendrite a have small efficacies at the beginning
(Figure 5B, left column): if dendrite a is parental (i.e., induces
high dopamine) after IM (or GM), its mutated configuration will
not (or will) be reproduced to dendrite b (Figure 5B), inconsistent
(or consistent) with the EA requirement (Figure 1F).

We demonstrate the aforementioned mechanism by training a
spiking neural network on the Exclusive OR (XOR) task. In this
network (Figure 5C), a population of pyramidal neurons receives
Poisson spike trains emitted from two neuronal groups, and
then give output to a single neuron. The synapses from the two
input groups to the pyramidal neurons (i.e., red arrows in Fig-
ure 5C) should be trained so that the output neuron has a high
firing rate when one input group has a high firing rate while the
other is silent, and the output neuron has a low firing rate when
both input groups have high or low firing rates (Figure 5D). In
this model, neurons belonging to the same input group have
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neural network after trained by EA. Note that in the
motion (or color) context, this percentage in-
creases with the motion (or color) signal, but is
irrelevant to the color (or motion) signal. Error bars
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the motion context are projected into a subspace
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these axes best correlate with the motion signal and the output choice, respectively. Each fixed point, marked by a red cross, has an eigenvalue close to zero,
these fixed points collectively approximate a line attractor. The states of the neural network start near the center of the panel and flow along the black dots and
curves (the dots and curves with different grayscales represent trajectories at motion signals of different strength) toward upper left or lower right, indicated by the
dashed arrows; then the motion signal is turned off, so that the states of the neural network relax back toward the line attractor along the orange curves.

Analogous to Figures 2 and 5 of the study by Hiratani N. and Fukai T.**

(D) Similar to (C), but in the color context and in the subspace spanned by the axes of choice and color.

(E) The line attractor (black or blue crosses) and selection vector (green) at each fixed point, in the subspace spanned by the motion and color input weights.
Inputs are selected by the selection vector and integrated along the line attractor. Note that the selection vector of the attractor in the motion (or color) context is
orthogonal to the color (or motion) input: this means that the dynamics of the network near the line attractor is almost irrelevant to the color (or motion) input in the
motion (or color) context. Analogous to Figure 6C of the study by Hiratani N. and Fukai T.>

correlated activities (Figure 5D, upper panel), and therefore have
higher firing synchrony than the neurons belonging to different
input groups.

We investigated the performance of two synaptic mutation
strategies: IM, where each synapse mutates independently,
and GM, where synapses from neurons belonging to the same
input group and projecting onto the same post-synaptic dendrite
mutate in a coordinated fashion. Our findings indicate that GM is
a superior strategy compared to IM. Specifically, GM allows the
network to rapidly converge to a high level of classification accu-
racy. Conversely, with IM, the network’s performance tends to
plateau at a lower level of accuracy (Figure 5E). Therefore, coop-
erative plasticity between synapses from synchronous input
neurons is necessary for EA to train the neural network success-
fully. See more details in Figure S1. We also demonstrate the
proportion of synaptic weight flips during training process for
IM and GM in the XOR task. Our findings show that the propor-
tion of synaptic weight flips remains generally below 5% in each
epoch. See more details in Figure S4.

EA-trained neural networks mimic brain dynamics

To further explore our EA model, we trained recurrent neural net-
works to perform a context-dependent decision-making task®* us
ing EA. We then compared the resulting dynamics of these EA-
trained neural networks with those observed in biological brains

and with neural networks trained using BP.>* The task required
the networks to make a binary choice based on one of two input
channels. These channels correspond to the motion or color
coherence of random dots, similar to the experiment described.**
Depending on whether the context signal pertains to motion or co-
lor (Figure 6A), the network must choose option 1 or 2 based on
whether the motion (or color) coherence is positive or negative,
while ignoring the color (or motion) signal. The networks consist
of firing-rate units, with each unit representing a group of spiking
neurons that exhibit correlated activity, analogous to input groups
shown in Figure 5C) and reflective of neuronal groupings in the
brain. We trained the neural networks using the following simple al-
gorithm (EA-Simple) to model the group mutation (Figures 5A and
5B) of the synapses from the same neuronal group.

(1) Each synaptic weight takes binary values, one positive
Aw, one negative — Aw, modeling the effective synaptic
weight when the excitatory synapse has large or small ef-
ficacy under the global inhibition of PV interneurons (Fig-
ure 5C).

(2) Descendants are mutated from parental agents with a
small probability of synaptic flip (Figure 1F).

EA-trained networks mimic the brain and BP-trained net-
works in the following four aspects.>® First, EA-trained net-
works have successfully learned the task, as evidenced by their
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Figure 7. Training spiking and analog neu-
ral networks with recurrent and feedfor-
ward architectures using EA

(A) Schematic of the SNN to generate trajectories.
Recurrent units (yellow circles) are sparsely con-
nected. The output unit (blue circle) is trained to
generate an arbitrary trajectory. Both the recurrent
[ and output connections (red arrows) are binary

’ and plastic.

(B) An example of the actual output (blue) and
target (orange) trajectory. The input signal is on
during the initial 50 ms (red shading) and off af-
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behavioral psychometric functions. These functions demon-
strate that the networks can accurately perform the required bi-
nary choice based on the motion or color coherence cues (Fig-
ure 6B). Second, when the networks make different choices,
the trajectories of their state spaces align with a line attractor
model. These trajectories diverge in directions parallel to the
line attractor, with their separation distance being proportional
to the coherence strength of the inputs. This behavior suggests
that the network state changes systematically with the strength
of the evidence (Figures 6C and 6D). Third, after defining three
axes that respectively capture the most across-trial variance in
the state space due to the choice, the motion, and color coher-
ence, we found that context usually has no substantial effect on
the directions of the axes of choice, motion, and color (Fig-
ure S2C). This invariance to context indicates that the deci-
sion-making process is robust and consistent, regardless of
the specific contextual cues, reflecting a neural mechanism
that maintains stable decision criteria across different condi-
tions. Fourth, the selection vectors (i.e., the left eigenvector of
the largest eigenvalue) of a line of attractors are aligned with
the motion (or color) input and orthogonal to the color (or mo-
tion) input in the motion (or color) context (Figure 6E), which in-
dicates that the relevant input pushes the network state along
the direction of the line attractor, whereas the irrelevant input
has no effect. This orthogonality suggests that the networks
can effectively isolate and process relevant sensory informa-
tion while ignoring irrelevant inputs, a characteristic feature of
neural processing in the brain.
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that similar computational principles
may be at work in the learning processes
of biological neural systems. This resem-
blance to biological processes is not only theoretically intriguing
but could also have practical implications for the design of artifi-
cial neural networks and the understanding of cognitive func-
tions in neuroscience. See more details in Figure S2.

EA is a broadly competent and powerful learning
paradigm

To demonstrate that EA is competent for various network archi-
tectures and capable of training neural networks for complicated
tasks, we trained neural networks with binary weights using the
EA-Simple algorithm on various tasks.

We first trained a sparse recurrent spiking neural network
(SNN) to produce an arbitrary time-dependent output trajec-
tory®*° (Figure 7A, see STAR Methods). Despite the binary na-
ture of the weights in both recurrent and output synapses, the
network was able to closely replicate the desired trajectory
(Figures 7B and S5A).

We then trained a feedforward analog neural network (ANN)
with two hidden layers (Figure 7C) to classify the modified na-
tional institute of standards and technology (MNIST) images.®®
The classification performance of this binary-weight network
was on par with that of a continuous-weight network with an
identical architecture trained using BP (Figures 7B and S5B).
We also trained continuous-weight networks layer-by-layer us-
ing a competitive Hebbian algorithm, except for the last layer,
which was trained using a supervised gradient-descent algo-
rithm (Figure 7C), and found worse final performance (Figure 7D,
third bar). Interestingly, if we supervisedly trained the last layer
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Table 1. Binary-weight networks trained by EA are competitive with continuous-weight networks trained by DQN and A3C in Atari

games
Game name DQN, cw [16] A3C, cw [16] EA, cw [16] EA, bw, ours Hebbian-Q, cw, ours
amidar 978 264 263 251 10

assault 4,280 5,475 714 873 130

asterix 4,359 22,140 1,850 1,923 92

asteroids 1,365 4,475 1,661 1,596° 146

atlantis 279,987 911,091 76,273 74,563 1,400

enduro 729 -82 60 32° 5

frostbite 797 191 4,536 4,520° 30

gravitar 473 304 476 589° 26

kangaroo 7,259 94 3,790 3,997° 151

seaquest 5,861 2,355 798 800 85

skiing —13,062 —10,911 —6,502 —6,503° —28,383

venture 163 23 969 1,070° 22

zaxxon 5,363 24,622 6,180 6,195° 24

2The scores of EA that are higher than those of DQN, but lower than A3C.
®The scores of EA that are higher than those of A3C, but lower than DQN.

°The scores of EA-trained binary-weight (bw) networks that are higher than both the scores of DQN- and A3C-trained continuous-weight (cw) net-

works.

on top of the first hidden layer, the performance got better than
the two-hidden-layer case (Figures S5C and S5D), similar to the
finding in the study by Amato G. et al.” This phenomenon im-
plies that Hebbian algorithms cannot coordinate weights in
different layers to fulfill better performance.

Our experiments further showcase the effectiveness of EA by
training deep neural networks with binary weights to play
Atari games. The performance of these EA-trained networks is
on par with that of continuous-weight networks that have
been trained using gradient-based methods, such as deep
Q-networks (DQN) and asynchronous advantage actor-critic
(A3C),°%%° as well as other EA-based methods'® (Table 1). In a
comparative experiment, we employed a hybrid Hebbian-Q
learning algorithm, wherein the lower layers of the network
were trained using a competitive Hebbian learning algorithm,”°
while the top layer was trained using Q-learning.®® The perfor-
mance of networks trained with this Hebbian-Q learning algo-
rithm was markedly inferior to that achieved by networks trained
using DQN, A3C, and EA.

These results demonstrate that our EA is a broadly competent
algorithm capable of training deep neural networks on compli-
cated tasks.

DISCUSSION

Overall, by unifying a broad spectrum of experimental evidence
into a coherent picture (Figures 1, 2, 3, 4, and 5), we demonstrate
that incorporating heterosynaptic plasticity, in conjunction with
dendrite gating, offers a foundation for constructing EA net-
works. Our neural network’s dynamics closely align with exper-
imental observations,®* suggesting that while not proving the
brain uses EA for learning, EA-based models can replicate brain
dynamics without contradicting experimental evidence (Fig-

ure 6). This supports the potential utility of EA in modeling as-
pects of neural function. Our EA model manifests its broad
competence and powerful capability in training both spiking
and analog neural networks (Figure 7; Table 1). The successful
application of our EA model across different neural network ar-
chitectures and complex tasks underscores its significance as
a tool for understanding and replicating the sophisticated
learning functions of the brain. A key contribution of this work
is demonstrating how these biological mechanisms and neural
substrates serve as a foundation for constructing EA networks,
with corresponding implementations within the EA framework
that effectively simulate these biological processes (Table 2),
though we acknowledge limitations in the model’s biological
plausibility due to necessary computational simplifications (see
more details in limitations of the study). This will equip future neu-
roscientists with a fresh lens through which they can interpret
data and formulate predictions, complementing traditional
frameworks centered around local learning rules and
backpropagation.

Computational advantages of EA

Here, we propose that our EA model is realized by heterosynap-
tic plasticity mechanisms. To examine the possible computa-
tional function of heterosynaptic plasticity alone, we do not
add any local rule in the model. Compared to homosynaptic
mechanisms (i.e., local plasticity rules) reviewed in Lillicrap
T.P. et al.,® our mechanism has the following computational
advantages.

(1) Model-free approach. Our model does not necessitate
detailed knowledge of the network architecture or the
specific objectives of the task at hand. In contrast to
backpropagation-based algorithms, which rely on intri-
cate feedback systems to direct synaptic modifications,
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Table 2. Biological mechanisms have corresponding
implementations within EA framework

Biological mechanisms Implementation in EA
Multiple dendrites between neurons Agents

(Figure 1E)

Dopamine concentration (Figure 1D) Evaluation of agents
Heterosynaptic plasticity (Figure 2) Reproduction

Neural noise (Figures 3B and 3C), Co- Mutation

plasticity of nearby synapses (Figure 5)

Meta-plasticity (Figure 3) Elitism

Memory replay (Figure 4) Offline learning

A main contribution of this work is demonstrating how these biological
mechanisms and neural substrates serve as a foundation for constructing
EA networks, with corresponding implementations within the EA frame-
work that effectively simulate these biological processes.

12

synaptic updates in our EA model arise from spontaneous
mutations. This key difference underpins broad applica-
bility of our EA model and training algorithm across
various network architectures.

Scalability via agent-limited evaluation. Our EA algorithm
aims to select the optimal pattern from an exponentially
growing number of patterns (e.g., for a subcircuit of N
neurons, under the assumption of binary synapses, the
possible connectivity patterns is 2VV-1), Although the
total number of patterns grows exponentially, the number
we need to evaluate per iteration to find the optimal one is
limited to the number of agents, keeping the computa-
tional load manageable.

Multi-objective optimization. EA excels at addressing
multi-objective optimization problems, which are ubiqui-
tous in real-world scenarios.”’ These problems typically
involve navigating trade-offs between competing objec-
tives. For example, the process of purchasing a house.
Buyers often face a conflict between cost and location;
a budget-friendly house is rarely found in a downtown
area. Consequently, a potential homeowner might weigh
options between an expensive residence in the city center
and a more affordable one in the suburbs, each offering
distinct advantages in terms of convenience or cost.
Gradient-based optimization methods tend to approach
such dilemmas by constructing a single objective func-
tion. This function is a weighted linear combination of
the various goals, with the weights reflecting predeter-
mined preferences. A homebuyer might assign greater
weight to either the price or the location based on their pri-
orities. In contrast, EA can explore a spectrum of potential
solutions through a population of agents, each evolving
toward different trade-offs. This approach enables the
discovery of the Pareto front: a set of optimal solutions
where no objective can be improved without worsening
another.”" Therefore, EA provides a more creative and
comprehensive strategy for tackling problems with
conflicting objectives, revealing a range of viable solu-
tions that might not be immediately apparent through
gradient-based methods.
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(4) Inspired by biological mechanisms. Natural selection cre-
ates our brain, endowing us with amazing learning capa-
bilities, such as meta-learning,’® zero-shot (or few-shot)
learning,”® transfer learning,”* continuous learning,”®
etc. Therefore, EA resonates with a universal principle
for the evolutionary development of high intelligence,
especially in the context of complex environments. By
incorporating biological learning mechanism, our EA is
capable of replicating brain dynamics without contradict-
ing experimental evidence, while also optimizing its
adaptability to solve different tasks. In essence, EA ex-
pands the scope beyond traditional gradient-based ap-
proaches and local rules, potentially offering insights
into the cellular-level learning mechanisms that underpin
brain intelligence.

Alternative to BP. BP is a highly successful algorithm in
deep learning, which requires precise error signals to be
transmitted through feedback connections, a process
that seems problematic in biological brains.® Further-
more, BP relies on the use of the same weight matrices
for both forward and backward paths, which is not
feasible in biological neural networks due to the physical
independence of synapses in feedforward and feedback
pathways.”® To address these limitations, alternative
methods such as feedback alignment,”®’” and weight
mirror’” have been proposed to circumvent the weight
transport issue. Feedback alignment and weight mirror
address the weight transport problem by using random
fixed matrices and adjusting feedback weights to approx-
imate transpose of forward weights, respectively. Also,
the forward-forward algorithm replaces the forward and
backward passes of BP with two forward passes, thus
avoiding backpropagation of the error signal.””:’® The
PEPITA algorithm achieves local updates by modulating
the input during the second forward pass using informa-
tion about the error from the first forward pass’’ and
shares similar learning principles with forward-forward.
Although these alternative methods improve BP to vary-
ing degrees by employing a forward-only approach, their
weight updates depend on local information. In our work,
we introduce an EA that also operates solely in the for-
ward pass. Unlike the aforementioned methods, our EA
does not rely on local information updates. Inspired by
the heterosynaptic plasticity mechanism observed in the
brain, our EA represents an original non-local heterosy-
naptic learning mechanism not previously considered in
the machine learning community.

G

Potential strategies to speed up learning

Compared to gradient-based methods, EA exhibits a slower
learning speed. For instance, classifying MNIST images requires
upwards of 10,000 learning epochs when using EA (Figure S4B),
while gradient-based methods might only need dozens to hun-
dreds of epochs. However, the rate of learning may not be a
pivotal concern under certain circumstances because EA is
believed to primarily facilitate offline learning (Figure 4). Here,
we list potential strategies that may speed up learning.
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(1) Combination with homosynaptic mechanisms. One such
strategy involves the integration of homosynaptic mecha-
nisms that align with gradient-based methods.® While our
model is designed to showcase the distinct effectiveness
of heterosynaptic plasticity, hence omitting any local ho-
mosynaptic rules, the inclusion of these rules could direct
mutations along the gradient, providing a hint toward the
optimal solution and, consequently, speeding up the
learning process. This integrated approach could marry
the broad search capabilities of EA with the faster conver-
gence of gradient-based learning, potentially leading to a
more efficient learning paradigm.

Curriculum learning. It involves learning the easier as-
pects of the task first and then gradually increasing the
task difficulty, which can significantly improve the speed
and success rate of learning complicated tasks.”**° To
achieve optimal learning effects, the brain may adapt
the contents of replay (so that the replayed contents are
neither too simple nor too complex) to its current
capability in solving problems: a process called autocur-
riculum.®’ It has been found that the brain prioritizes
high-rewarded memories for replay,®’ which may be the
mechanism of autocurriculum: the brain automatically ad-
justs the complexity of replayed contents and prioritizes
the highest-rewarded situations within the current prob-
lem-solving ability.

Incorporation of cross-over operations. A third strategy is
to add cross-over operation into EA. A recent theoretical
study®? suggests that compared to EA with only mutation,
EA that utilizes cross-over operation exhibits a polynomial
order of improvement in speed relative to the number of
agents. Our model currently incorporates only the muta-
tion operation; however, it can be easily expanded to
cross-over. See more details in Figure S6.

S
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Simplification of EA in comparison to biological systems
To facilitate a clear and comprehensible presentation of the core
concepts to our readers, we have intentionally streamlined our
model by omitting certain biological complexities. Here we pro-
vide a thorough discussion of the reasons behind these simplifi-
cations and explore the potential impact of these simplifications
in the following texts.

(1) Exclusion of local rules. We acknowledge the simulta-
neous existence of both local and non-local rules in the
brain.® However, in our simulation, we did not incorpo-
rate any local rules into the model. This simplification facil-
itates the isolation and focused examination of the effects
of non-local rules of heterosynaptic plasticity, thereby
streamlining our analysis of these less-understood mech-
anisms. For instance, local rules such as 3-factor rules
and the role of inhibitory synapse plasticity are not
included in the EA model. The concept of 3-factor rules
posits that synapse plasticity depends on the activities
of the pre- and post-synaptic neurons and is additionally
modulated by dopamine levels, categorizing it within the
domain of local rules.®* Furthermore, in our current model,
all synaptic connections to and from inhibitory interneu-

-
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rons are fixed. We maintain fixed synapses to and from
inhibitory interneurons for two reasons: first, existing
experimental literature provides a clearer understanding
of the heterosynaptic plasticity mechanisms in excitatory
neurons.®® In contrast, the mechanisms for inhibitory syn-
apses are primarily aimed at achieving network homeo-
stasis. Second, our study isolates the computation of het-
erosynaptic plasticity (a non-local rule) by excluding local
rules, including inhibitory synapse plasticity. While this
could potentially be addressed by introducing an indirect
connection via an inhibitory synapse, such a modification
would allow the net output from one excitatory neuron to
another to be inhibitory, which aligns with established
neurobiological principle. We recognize the crucial role
that plasticity in inhibitory synapses plays in maintaining
neuronal homeostasis and enhancing the network’s
feature selectivity.®® To clearly delineate the distinct con-
tributions of non-local plasticity rules without the con-
founding effects of local synaptic changes, our model
intentionally excludes changes in inhibitory efficacies.
Even though local rules are currently not incorporated in
our model, we believe that non-local and local rules are
not mutually exclusive, they may work together to
enhance both the learning capabilities and the stability
of the model.®®

Non-consideration of Dale’s law. Dale’s law mandates
that neurons are exclusively either excitatory or inhibi-
tory,®® a principle not strictly enforced in our initial model
setup, except for the XOR task. For example, in our simu-
lation, the presence of inhibitory synapses directly be-
tween excitatory neurons not strictly follows the setting
of Dale’s law. We acknowledge the significance of Dale’s
law in neural architecture; however, our decision to not
strictly enforce Dale’s law in our initial model setup is
informed by prior computational studies.>*®” These
studies indicate that networks can replicate dynamics
observed in biological experiments even without strict
adherence to Dale’s law. This suggests that while Dale’s
law is a fundamental biological principle, its rigorous im-
plementation may not be essential for achieving dynamics
that qualitatively resemble those seen in the brain.
Despite the limitations of our simplified framework, we
believe it provides a valuable foundation for further explo-
ration into how EA can be constructed based on various
biological factors. Future research could investigate
more complex activation patterns and interactions be-
tween agents to enhance and validate the biological plau-
sibility of our model.

Omission of VIP neurons and axonal arbors in the simula-
tion. VIP neurons, known for their role in inhibiting SST
neurons and receiving long-range connections from other
brain areas,®”*® were depicted in the schematic diagram
(Figure 1C) to illustrate the biological inspiration behind
our computational model. Their inclusion was intended
to provide a comprehensive view of the interneuronal in-
teractions that can influence cortical processing and plas-
ticity, which are pivotal to the theoretical framework of our
study. However, to simplify the computational models for
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the simulations, we decided to omit VIP neurons from the
subsequent numerical analysis. This decision was aimed
at streamlining the simulation process and concentrating
on the fundamental aspects of our model, thereby avoid-
ing the additional complexity that the inclusion of VIP neu-
rons would introduce at this stage of our research. Also,
our work focuses on dendritic rather than axonal arbors
due to the more robust inhibitory control systems present
in dendrites. Research shows that dendrites are modu-
lated by inhibitory neurons, such as SST interneurons,?®
which effectively regulate dendritic activity. While axonal
control systems may exist, they are less well character-
ized. To clearly articulate our model’s intentions and
leverage well-understood biological mechanisms, we
have chosen not to include axonal arbors in our current
study.

Neurophysiological underpinnings of replay involved

in EA

This dynamic reconfiguration of information routes (Figure 1E) is
a fundamental hypothesis of our EA model, essential for encap-
sulating the multi-agent dynamics of EA within the neural frame-
work. We speculate that this dynamic reconfiguration is similar to
how slow timescale replay events in hub regions like the PFC and
MD might control the sequential gating-on of dendritic routes in
other brain areas,®*®® particularly during offline replay (Figure 4).
We discuss the neurophysiological foundations of multiple time-
scales and the dynamic reconfiguration of our EA as given in the
following texts.

(1) Multiple timescales of replay. Here, two levels of replay
are involved in our model. First, a gated-on dendritic route
is evaluated over a series of stimuli, through the replay of
stimuli over a short timescale (as in Figure 4B). Second,
the dendritic routes are evaluated by alternatively gating
on each route while the others are gated off, through the
replay of gating-control neurons (as we illustrated in Fig-
ure 1D, the network A is indicative of the neurons in hub
areas such as the PFC or MD regions) over a long time-
scale. This resembles the activities across multiple time-
scales during sleep or in a resting state, where the hippo-
campus handles fast timescale replay for immediate
evaluation, and the PFC manages slower timescale infor-
mation integration.®® The rapid replay in the hippocam-
pus, often occurring during slow-wave sleep, facilitates
the transfer of information to the neocortex for long-
term storage.®° Conversely, PFC is involved in slow replay
events, which are typically associated with the integration
and long-term consolidation of memories. During sleep,
specific patterns of brain waves, such as sleep spindles
and slow oscillations in the PFC, support these pro-
cesses, allowing for the gradual integration of information
over extended periods.®’ This multi-timescale dynamic
interaction of hippocampus and PFC during sleep facili-
tates the consolidation and integration of memories.® In
our EA model, the processes of short timescale stimulus
replay and long timescale gating-control neuron replay
closely resemble the multi-time-scale replay of hippo-
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campus and PFC during sleep or resting state. Such
collaboration is likely crucial for the sequential, one-at-
a-time activation process in our model. Furthermore,
this sequential activation may be driven by these multi-
timescale replays, which also suggests that our model is
well-suited for offline replay.

Offline replay learning shares similar neurophysiological
conditions as sleep. The compatibility of EA with offline
replay suggests that EA might play a crucial role in the
transformation of episodic memory into unconscious,
dexterous skills during periods of rest or sleep. It is well
established in cognitive neuroscience that certain cogni-
tive processes, such as memory replay and consolida-
tion, are predominantly facilitated during sleep.”> We
propose that our EA might operate under similar neuro-
physiological conditions, leveraging the unique environ-
ment that sleep provides for such cognitive processes.
This includes: (1) neurotransmitter levels: sleep is charac-
terized by significant reductions in neurotransmitters like
acetylcholine, noradrenaline, and cortisol, creating an
optimal environment for memory consolidation;** (2) hor-
monal levels: elevated melatonin levels during the eve-
ning, which regulate the sleep-wake cycle, are favorable
for memory consolidation;? (3) brain wave activity:
sleep-specific brain wave patterns, such as spindles
and sharp wave-ripples, are crucial for memory consoli-
dation®* and may provide the neural dynamics that facili-
tates the selective modulation of synaptic connections
required by our EA. In essence, our EA might mirror the
memory consolidation process, occurring under specific
neurophysiological conditions related to neurotransmitter
and hormonal levels, and brain wave activity, thereby
operating offline during sleep.

S

These perspectives shed light on innovative experimental
research. We encourage investigators to delve into the mecha-
nisms and effects of dynamic route reconfiguration in neural mi-
crocircuits. Examining the brain’s modulation of informational
pathways across various states may provide profound insights
into learning and memory consolidation processes. Pursuing
such research could substantially advance our comprehension
of neural plasticity and the brain’s capacity for adaptation and
evolution through experience.

Limitations of the study

Our model, while simplified and in need of further empirical
validation, effectively introduces potential insights into the
cellular-level learning mechanisms that underpin brain intelli-
gence. However, our limitations stem from a lack of strong evi-
dence supporting the biological plausibility of the one-at-a-
time activation mechanism, the number of agents required to
perform different tasks, and its extension to a population of neu-
rons. We offer our speculations on these points and address the
limitations of the EA framework as follows.

Speculations about neuroscience involved in EA
(1) One-at-a-time activation. The primary focus of our
study is to delve into how biological mechanisms and
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neural substrates found in the brain can help to
construct EA networks. We have established a set of
implementations within the EA framework that effec-
tively simulate these biological processes (Table 2).
Our EA model represents a simplified framework where
the model comprises multiple information routes, each
represented by an EA agent. The one-at-a-time activa-
tion mechanism involves evaluating agents by alter-
nately activating each route while deactivating the
others. Although there is no direct evidence supporting
this mechanism, we provide indirect connections. In the
brain, multiple timescale replay levels exist during sleep
or rest: the hippocampus handles fast timescale replay
for immediate evaluation, while the PFC manages slow
timescale information integration. Our model simulates
this with two replay levels: first, by evaluating a
gated-on dendritic route over a series of stimuli on a
short timescale; second, by alternately gating and eval-
uating dendritic routes over a long timescale using
gating-control neurons. This one-at-a-time activation
mechanism resembles the slow timescale replay in
hub regions like the PFC and MD, which may sequen-
tially gate dendritic routes in other brain areas, facili-
tating sequential activation and reinforcement of
neuronal pathways.®® However, given the brain’s vastly
more complex and concurrent information processing
capabilities, the one-at-a-time activation mechanism
is insufficient to fully capture the complexity of biolog-
ical scenarios, many situations that are biologically
plausible are not accommodated within our model, as
illustrated in Figure 8A. In Figure 8A, the ideal scenario
represents the simplified mode supported by our
model, where only one agent is activated at each
time. In contrast, non-ideal scenario A demonstrates
multiple agents being activated simultaneously at
each time, while non-ideal scenario B shows multiple
agents undergoing partial activation concurrently.
Both of these non-ideal scenarios are biologically plau-
sible, but our model does not account for them. This
discrepancy highlights the model’s reduced biological
plausibility compared to actual neural system function-
alities. We are developing another algorithm that over-
comes the constraints of the one-at-a-time activation
mechanism. In essence, the one-at-a-time activation
approach is a fundamental hypothesis of our model,
essential for encapsulating the multi-agent dynamics
of EA within the neural framework. While the lack of
direct evidence to support one-at-a-time activation is
a limitation of our model, our EA model with heterosy-
naptic plasticity offers a valuable perspective for
training biophysical neuron models and represents an
original non-local heterosynaptic learning mechanism
not previously considered in the machine learning
community.

Task-specific agent requirements and population cod-
ing. An additional consideration that may challenge the
study is the potential requirement for a substantial num-
ber of agents to successfully navigate complex tasks.
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For example, in the context-dependent decision-making
task, we observed that if the number of agents is smaller
than 50, the performance of the EA model starts to dete-
riorate (Figure S3C); this contrasts with the observation
that performance hardly decreases if the number of
agents is as small as 2 in the simpler XOR task
(Figures S3A and S3B). This implies that for complex
tasks, a considerable quantity of agents may be neces-
sary to sustain peak performance. However, as the num-
ber of agents increases, the number of dendritic com-
partments requiring independent control also grows,
which may be challenging to reconcile with biological re-
ality. To address this concern, we propose a supplemen-
tary interpretation wherein each neuron in our model
(see Figure 2) could be representative of a cluster of
physically proximate pyramidal neurons rather than an
individual neuron (Figure 8B, upper panel). It aligns
with the concept of population coding, a well-accepted
framework in computational neuroscience that empha-
sizes the collective behavior of neurons.®>°° Specifically,
populations are defined by the synchronization of neural
firing patterns, where neurons sharing response proper-
ties or engaged in the same cognitive task exhibit coor-
dinated activity.?”~'%° Within the framework of popula-
tion coding, heterosynaptic mechanisms (Figure 2)
mediated by intercellular pathways remain effective
even when synapses are located on different pre- or
post-synaptic neurons, provided they are in close spatial
proximity.*> Since neuronal populations are composed
of numerous neurons (Figure 8B, middle panel), it is
plausible that many independently controlled connec-
tions exist between two populations during complex
tasks such as context-dependent decision-making
task. This population coding approach reflects the coop-
erative nature of brain regions, where neurons often act
in concert rather than in isolation.®® However, this
approach introduces ambiguity in defining population
boundaries due to uncertainties in neuronal synchroniza-
tion, leading to unclear delineation between different
neuronal populations (Figure 8B, lower panel). Addition-
ally, due to concerns about simplicity and computational
resources, we opted not to develop detailed numerical
experiments on neuronal populations.

Despite the limitations inherent in our simplified framework, we
believe it serves as a valuable starting point for how EA can be
constructed based on various biological factors. Future research
could delve into more complex activation patterns and interac-
tions between agents to enhance and validate the biological
plausibility of our model.

RESOURCE AVAILABILITY
Lead contact

Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Zedong Bi (zedong.bi@outlook.com).

Materials availability
This study did not generate new materials.
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Figure 8. Biological plausibility limitations of EA

(A) Our EA model employs one-at-a-time activation pattern, where each agent is activated sequentially at distinct time t, (k = 1,2,3) (i.e., the ideal scenario where
black, blue, and red solid arrows point to agents 1, 2, and 3 at times t;, t, and t3, respectively). However, this approach cannot fully capture the complexity of
biological scenarios. For example, non-ideal scenario A depicts multiple agents are activated simultaneously at each time point. Specifically, at t1, agent 1 is
primarily activated (black solid arrow) alongside agent 2 and agent 3 (black dashed arrows). Similarly, at t, and t3, agents 2 and 3 are primarily activated (marked
by blue and red solid arrows), respectively, with concurrent activations of the other agents shown by dashed arrows of corresponding colors. In non-ideal
scenario B, partial activations of multiple agents at each time point. Specifically, at t1, agent 1 is partially activated (marked by a black solid arrow, with activated
neurons highlighted by a black circle), agent 2 is also partially activated (marked by a black dashed arrow, with activated neurons highlighted by a black circle). At
t3, agent 3 is partially activated (marked by a red solid arrow, with activated neurons highlighted by a red circle), agent 2 is also partially activated (marked by a red
dashed arrow, with activated neurons highlighted by a red circle). These concurrent activation patterns are biologically plausible but are not supported by our
model.

(B) When extensive synapses are required between neurons, each neuron in our EA model could be representative of a cluster of physically proximate pyramidal
neurons; this aligns with the concept of population coding. However, this population coding approach introduces ambiguity in defining population boundaries
due to uncertain neuronal synchronization, leading to unclear delineation between different neuronal populations.
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STARXMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Database: MNIST Yann et al.®® http://yann.lecun.com/exdb/mnist/
Software and algorithms

Python version >3.7 Python Software Foundation https://www.python.org

Sklearn Pedregosa et al.'”" https://scikit-learn.org
Tensorflow-gpu >1.2 Abadi et al.’*? https://github.com/tensorflow
Pytorch Paszke et al.'*® https://github.com/pytorch/pytorch
Numpy Harris et al.' https://github.com/numpy/numpy
Brian 2 Stimberg et al.’® https://github.com/brian-team/brian2
Scripts for analysis This paper https://drive.google.com/drive/folders/

1rpoqedy9YWOtffkUC6CAIMdQCo0aoXaQ?dmr=
1&ec=wgc-drive-hero-goto

METHOD DETAILS

XOR task

In the network of Figure 5C, 20 pyramidal neurons receive from two groups of excitatory neurons (each group has 20 neurons)
through 20 dendrites gated by different SST interneurons. These pyramidal neurons are inhibited by PV interneurons, which receive
input from both groups of excitatory input neurons. Pyramidal neurons also give output to a single neuron. Pyramidal neurons, PV
interneurons and the output neuron are modeled with leaky integrate-and-fire equations:

av; .
Cd_tl = —aVi-v)- Zgif(vi — Vi) + lbackground (Equation 1)

)

where V, = — 74mV, g, = 25nS, C = 500pF, and lpackground = 425pA (parameters are chosen according to'°°). When the mem-

brane potential V; reaches the firing threshold V, = 54mV, a spike is recorded and V; is reset 10 Vieset = — 60mV . The reversal po-
tential Vjj is OmV if the synapse fromjto i is excitatory, or — 70 mV if this synapse is inhibitory. The dynamics of the synaptic conduc-
tance gj is

dg;

T,‘ja = —gj +W,'/'Z($(t — tu), (Equation 2)
!

with t;; being the time of the /th spike of the jth neuron. The time constant 7; is 10ms for the synapses from the PV interneurons to the
pyramidal neurons and 5ms for the other synapses. The synaptic efficacy wj is 4.8nS from the excitatory input neurons to the PV
interneurons, 2.4nS from the inhibitory input neurons to the PV interneurons, 2.4nS from the PV interneurons to the pyramidal neu-
rons, and 4.8nS from the pyramidal neurons to the single output neuron. All the above synapses are connected with probability 0.4,
and fixed during training. The synapses from the excitatory input neurons to the pyramidal neurons are all-to-all connected in every
dendrite of the pyramidal neurons, and have either large efficacy of 2.4nS or small efficacy of OnS. The excitatory input neurons pro-
duce Poisson spike trains. The firing rates of the two groups of excitatory input neurons are respectively (OHz, 0Hz), (20Hz, OHz), (OHz,
20Hz), and (20Hz, 20Hz) in the four successive intervals with duration 500ms in each training epoch (Figure 5D, upper panel). The
pyramidal neurons also receive from a group of inhibitory neurons (not depicted in Figure 5C), which output Poisson spike trains
of 40Hz. Our simulation was performed in the Brian simulator'® using the exponential Euler method with time step of 0.1ms.
The potentiation eligibility trace of the synapse from a pre-synaptic excitatory input neuron to a post-synaptic pyramidal neuron
through the dth dendrite is
& posta = AD)S O (tmpost — tipre)e (meost ~toe) /7o, (Equation 3)
Im

pre post.d
where @( -) is the step function, t.p0st (OF t1.0re) is the time of the mth (or /th) spike of the post- (or pre-) synaptic neuron, 7,05 = 20msis

the characteristic time window indicating the simultaneity of the pre- and post-synaptic spikes that induces potentiation eligibility
trace, A(d) = 1 for a synapse on the gated-on dendrite, and A(d) = 0.5 for a synapse on a gated-off dendrite modeling the effect
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of diffusive NO emitted from the gated-on dendrite. Here we suppose that the potentiation effect of the NO emitted from a gated-on
dendrite of a pyramidal neuron can only influence the dendrites of the same pyramidal neuron, and has no influence on the dendrites
of other pyramidal neurons, based on the experimental observation that the spatial scope of this potentiation effect is comparable
with the dendritic arbor of a pyramidal neuron.?®"

Synaptic efficacy was updated according to the eligibility trace and the dopamine level, satisfying the following rules or constraints,
explained below:
Wjig(T) = 0 0r Wa

wia(T) = wia(T — 1)+ 0 (ef%(T — 1) — & )B(r(T). {r(t)},.r)

Z,Wif,d(T) = ij,-,-_d(T -1)

Wia(T) = wia(T — 1),if hyg(T — 1)>0and wya(T — 1) = Wy (Equation 4)
hia(T) = hia(T = 1)+ @ (&f%(T = 1) = &*)C(r(T), {r(®)} 1), F Wya(T) = Wi

h,/d(T) = hud(T — 1) — 1

0 < hjo(T) < Pmax

The first equation indicates that the synapse wj; 4(T) from the jth excitatory input neuron to the ith pyramidal neuron through the dth
dendrite at the Tth epoch has binary efficacies 0 or wmax = 2.4nS. The second equation indicates that w; 4 is potentiated if eﬁl’.f’; is
larger than a threshold value e’;"t = 0.45 and the factor B controlled by the reward r(T) at the Tth epoch is larger than zero. In our
simulation, B = 1if r(T) is not smaller than the second largest reward obtained in the last 20 training epochs, and B = 0 otherwise.

The reward at an epoch is defined as
r = — [o(high, high)], — [ — o(high,low)+10], — [— o(low, high)+10],, (Equation 5)

where o(high, low) means the number of spikes of the output neuron during the interval of 500ms when Group 1 of the excitatory input
neurons have high firing rate and Group 2 have low firing rate; o(high, high) and o(low, high) have similar definitions; o(low, low) = 0
all the time. The third equation in Equation 4 indicates dendrite-level synaptic homeostasis (Figure 3C, lower panel), which keeps
constant the total synaptic efficacy on a dendrite (specifically, half of the synapses on a dendrite are large). The fourth equation in-
dicates that if the hidden state h;; 4 in a synapse with large efficacy is larger than zero, this synapse will remain unchanged in the cur-
rent epoch. In other words, a large synapse can only be depressed when its hidden state is zero. Note that the hidden state remains at
zero for synapses with low efficacy. The fifth equation indicates that if the eligibility trace e,‘.;f’cf is larger than e‘;"t and the factor C
controlled by the reward is larger than zero, the hidden state in the large synapse will be increased. In our simulation, C is 20 if
r(T) is not smaller than the largest reward obtained in the last 20 training epochs, C is 10 if r(T) is smaller than the largest but not
smaller than the second largest reward obtained in the last 20 training epochs, and C = 0 otherwise. The sixth equation indicates
that the hidden state in every large synapse is decreased by 1 in each training epoch, so that the synapse gradually
becomes less stable. The seventh equation indicates that the hidden state is non-negative and no larger than a maximum value
hmax = 20. Here in the sixth and seventh equations, for each synapse, they have hidden state h, without high dopamine level, the
hidden state in every large synapse is decreased by 1 in each training epoch. The hidden state has maximum value hmna. When
the hidden state of synapse reaches hn., the synapse will stay at a large efficacy wnax for a long time, which indicates elitism
(see Figure 3E).

The second and third equations in Equation 4 may conflict with each other. In our simulation, when too many synapses had large
potentiation eligibility traces and were to be potentiated, we kept synaptic homeostasis (i.e., the third equation) non-violated, and set
the synapses with largest potentiation eligibility traces at large efficacy. Specifically, at the Tth epoch when B >0, we collected the
synapses either with wj (T —1)>0and hj4(T —1) = 0 or with w;4(T — 1) = 0and &% (T — 1) >e{* into a set S, sorted the poten-
tiation eligibility traces in the synapses in S in descending order, and let the first Ninput/2 — Netable large Synapses have large efficacy,
and let the rest synapses have small efficacy. Here, Ninput = 40 is the number of synapses on a single dendrite (which is the total num-
ber of excitatory neurons in the two input groups), and we constrained the number of synapses with large efficacy on a dendrite fixed
at Ninput /2, modeling dendrite-level synaptic homeostasis (the third equation of Equation 4). Nstaple 1arge is the number of synapses with
wjg(T —1)>0and h;o(T —1)>0 on the dth dendrite.

In our model, each pyramidal neuron has 20 dendrites, labeled from 1 to 20. Every neuron in the two input populations gives output
to every dendrite (Figure 5C). At each training epoch, the dendrites of all the pyramidal neurons with the same randomly selected label
were gated-on, with the other dendrites gated off (Figure 1E). Synaptic mutation was performed at the gated-on dendrites at the
beginning of each epoch. In individual mutation, synapses with large efficacy and zero hidden state were randomly set to small ef-
ficacy with probability 0.25 at the gated-on dendrites; at the same time, the same number of randomly selected synapses with small
efficacy were also set to large efficacy, to maintain the total number of large synapses on every gated-on dendrite. In group mutation,
all the synapses (except for those synapses with non-zero hidden states) from a randomly selected input group to the gated-on
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dendrite of a randomly selected pyramidal neuron were set to small efficacy; at the same time, the same number of synapses on the
gated-on dendrite from another input group to the selected pyramidal neuron were set to large efficacy to maintain the total number
of large synapses on that gated-on dendrite. In both mutation strategies, a single large synapse with zero hidden state has almost
equal probability 0.025 to be mutated (Figure S1C), so that the performance difference under these two strategies (Figures 5E, S1B,
and S1C) is caused by these strategies themselves, instead of the difference of mutation rate.

Context-dependent decision-making task
Our model to study the context-dependent decision-making task in Figure 6 closely follows that of.>* The recurrent neural network
contains N = 100 neurons, and is all-to-all connected with the following dynamics:

™® = — X+Jr+b°Ug+b" Uy +bCUge + B Ugy + € + py (Equation 6)
r = tanh(x)
zZ=wlr+c

The variable x(t) is an N-dimensional vector containing the total synaptic current of each neuron in the network, and r(t) are the
corresponding firing rates. Each neuron has a time constant 7 = 10 ms. The matrix J defines the recurrent connections in the network.
The network receives 4-dimensional input, u(t) = [uc(t),um(t),ucc(t),ucm(t)]r, through synaptic weights, B = [b°,b™, b b°"].
These four inputs represent, respectively, the sensory evidence for color and motion, and the contextual cues instructing the network
to integrate either the color or the motion input. Finally, ¢* is a vector of offset currents and p, is a white noise drawn at each time step
with standard deviation 0.1. The output z of the network is a weighted sum of the firing rates, with weights wZT and bias c?. All the
synaptic connections in J, B and w; are binary, taking values of = 1/v/N, =1 and +1/+/N, respectively. During training, the network
dynamics were integrated for the duration T = 750 ms using Euler updates with At = 1 ms. After training, model dynamics were in-
tegrated for an additional 200 ms with the sensory inputs turned off, according to which we plotted the orange dots and lines in
Figures 6C and 6D.

The contextual inputs uc, and ug. were constant for the duration of the trial. In the motion context ucm (t) = 1andus:(t) = 0, while
in the color context ucm(t) = 0 and us:(t) = 1. The motion and color inputs up,, and u. are one-dimensional white-noise signals:

Un(t) = dm+py(t)

uc(t) = dc+pc(t)

The white noise terms p,,, and p. have zero mean and standard deviation 1. During training, the offsets d,,, and d. were randomly chosen
on each trial from the range [ — 0.1875,0.1875]. During simulations after training, d, and d. took 6 values ( +0.009, +0.036, +0.15),
corresponding to weak, intermediate, and strong evidence toward either choice. In the psychometric curves (Figure 6B), the coherence
value is normalized so that +0.15 of d,,, or d.. corresponds to + 1 of the horizontal coordinate in the figure.

The target p of network training is that the output z approaches 1 (or —1) at time T when d,, > 0 (or (0) in the motion context, and
approaches 1 (or —1) when d. > 0 (or (0) in the color context. In the EA, the number of agents was 100, the number of elite agents in
each generation was 5. These agents were evaluated by averaging (p — z(T))2 over 128 simulation trials. At each training epoch,
every non-parental agent copied the synaptic weights J, B and w; as well as the bias ¢* and ¢ from a randomly chosen elite agent,
with the following mutation: every synaptic weight was flipped with probability 0.0005; to every bias was added a random Gaussian
number with zero mean and standard deviation 0.002. The mutation of bias models the mutation of synaptic weights inputted from
other brain areas.

The axes of choice, motion and color in Figures 6C and 6D were obtained by first linear regressing the trajectory x(t) of all simu-
lation trials and then orthogonalizing the regression coefficient using QR-decomposition.®* Similar to,** we plotted x(t) — (X(t))tia In
Figures 6C and 6D, with the urgency signal (x(t))yia being the average trajectory over all simulation trials in the motion (Figure 6C) or
color (Figure 6D) context.

The attractors in Figures 6C-6E were obtained by minimizing the function

qx) = %|F(X)|2» (Equation 7)

where F(x) is the right-hand side of Equation 6 after settingu: = un = p, = 0, representing the speed of changing of neural state.
To get the attractors in the motion context, ucm(t) = 1 and ucc(t) = 0; to get the attractors in the color context, ucm(t) = 0 and
ucc(t) = 1. We used the L-BFGS-B algorithm of the ‘minimize’ routine of the Scipy package to minimize q(x), initializing x to be a
random point in the trajectory of x(t). To find slow-dynamic points on the line attractor instead of the two stable fixed points, we
set the tolerance parameter ‘ftol = 0.002’ to early stop the minimization algorithm. The found slow-dynamic points have a close-
to-zero negative eigenvalue and many large negative eigenvalues. The small bars in Figure 6E are the left eigenvectors of the
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close-to-zero eigenvalues of these points (i.e., selection vectors), projected in the subspace spanned by the input weights b® and b™.

Trajectory generation task
In the trajectory generation task (Figures 7A and 7B), we considered a network of N = 1000 randomly and sparsely connected
(connection probability p = 0.1) quadratic integrate-and-fire neurons with dynamics'®”

dV,' 2 i
T = /,-n(t)+;n(k)lzsf,,k<t>+v,, (Equation 8)

where 7 = 10ms; v; is a dimensionless variable representing the membrane potential; s is the synaptic current from neuron j to
neuron j through dendrite k; and I(k) = 1 or O, indicating whether or not dendrite k is gated on. The dynamics of sj is
- dS,‘j.k
S dt

= — Sjk +Wi/,kz5(f — ty), (Equation 9)
]

where 7s = 20ms, wjik is the synaptic weight from neuronj to neuron i through dendrite k, and t; is the time of the /th spike of neuron .
To simulate the dynamics of quadratic integrate-and-fire neurons, we used theta neuron model derived by a simple change of vari-
ables v; = tan(6; /2), getting

r% =1 — cos 6 + (l;,,(t) + Z[I(k)s,v,;k(t)> (1 + cos ). (Equation 10)
I
The output of the network is
o(t) = Y 1(Kk)> WojkSoj(t) (Equation 11)
K j
where wy; is the output weight of neuron j through dendrite k, sy is the synaptic current with the dynamics
TSdZ‘;f‘k = — Soik +w0,¢k2’:6(t — ty). (Equation 12)

The recurrent synapse wj;x takes binary values: either 20/+/pN or — 20/+/pN. The output synapse w,;« also takes binary values:
either either 1/v/N or — 1/v/N.

The target trajectory (orange curve in Figure 7B) was defined as f(t) = Asin2n(t — To) /T1)sin(2n(t — Ty) /T2), where A, To, T4
and T, were randomly sampled from intervals [0.5,1.5], [0, 1000 ms], [500 ms, 1000 ms| and [100 ms, 500 ms]| respectively. At the
beginning of each simulation session, every neuron was stimulated for 50 ms with constant external stimulus that had random ampli-
tude sampled from [— 1, 1] (red shading in Figure 7B). The pattern of the stimulation was the same for the same target function. Sim-
ulations were performed in the Brian simulator'®® using the Euler method with time step of 0.1ms.

Our EA was performed with the aim to reduce the loss function

loss = Y (f(t) — o(t))*. (Equation 13)

t>50ms
Inthe EA, the number of agent was 100, the number of elite agents in each generation was 5. At each training step, every non-parental
agent copied the synaptic weights of a randomly chosen elite agent, then every synaptic weight was flipped with probability 0.0005.

MNIST classification task

In Figures 7C and 7D, we train a multi-layer perceptron with 2 hidden layers with 256 and 128 neurons respectively to classify the
MNIST images (size 28%x28 = 784 pixels) into 10 classes. Adjacent layers in the feedforward network are all-to-all connected. The
non-linear activation function is ReLU.

The EA was performed on networks whose synaptic weights took binary values { — \/1/Nin ,1/1/Nin }, where Ni, represents input
size: 784 for weights between the input layer and the first hidden layer; 256 for weights between the first and second hidden layers;
and 128 between the second hidden layer and the output layer. We initialized 100 network configurations. At every training epoch,
negative log likelihood loss averaged over all the 60000 images in the training dataset was evaluated for every configuration. The elite
configuration (the one with the smallest loss) remained unchanged, whereas each weight of the other configurations was updated to
be the corresponding weight of the elite configuration with probability 0.99995, and to be different with probability 0.00005 (mutation).
Therefore, there is only one parent in each generation of agents in this algorithm. We also studied the case of dendrite-level synaptic
homeostasis (Figure 3C, lower panel), in which the number of synapses with large efficacy received by a neuron in a configuration was
kept fixed after the random initialization of synaptic weights. Adding this homeostasis mechanism hardly influences the classification
performance (Figure S5B).

Back-propagation was performed on networks whose synaptic weights took continuous values. We used Adam optimizer of Py-
torch for the training. Batch size was 100, learning rate was 0.0001, the number of training epochs was 400.
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The Hebbian learning was also performed on continuous-weight networks. All the low-level layers (except the top layer) were
trained by competitive Hebbian learning.”® In every step, the weights were updated by

AW,'/' xgi |:2U/' — <ZijUk> Wi
k

where wj; is the synaptic weights from the jth pre-synaptic neuron to the ith post-synaptic neuron, u; is the input from the jth pre-syn-
aptic neuron, g; is 1 for the highest activated post-synaptic neuron, — 0.4 for the second highest activated post-synaptic neuron, and
0 for others. Batch normalization was performed on the pre-synaptic input u;. Layers were trained one after another, such that when a
higher-level layer was trained, all the lower-level layers were fixed. Adam optimizer was used to supervisedly train the top layer.
Following,”® the learning rate of Hebbian learning linearly decreased from the maximal value 0.04 at the first epoch to 0 at the last
epoch, and the learning rate of supervised learning was kept at 0.0001. Both Hebbian and supervised training was performed
with minibatch size 100 for 1000 epochs.

, (Equation 14)

Atari game task

The structure of the deep neural network to play Atari games closely followed those of°® and.'® Specifically, the neural network map-
ped 4 recent frames of size 84 x84 to actions through 3 convolutional layers and 2 fully connected layers. Of the three convolutional
layers, the kernel sizes were 8 x 8, 4x4 and 3% 3 respectively, the strides were 4, 2 and 1 respectively, and the numbers of features
were 32, 64 and 64 respectively. The first fully connected layers had 512 neurons. ReLU activation function was used.

EA was used to train neural networks whose synaptic weights took binary values { — \/2/Nin,\/2/Nix }, with Ni, being the input
size. The training protocol closely followed that of.'® Specifically, each generation had 1000 agents, each was evaluated by one
episode (i.e., from the start to the end of a game, when the player succeeded or was killed in the game). The top 20 agents were
selected to be parents and reproduced the next generation by flipping their binary weights with probability 0.002 (mutations).
Then the top 10 agents were further evaluated by 30 episodes, based on which the elite agent was selected to be the agent that
achieved the highest score. The elite agent became a member of the next generation without any mutation. The performance of
EA at any training epoch was the average score of the elite agent in further 200 episodes. We trained the network in 2.5x 108 epochs.
Each number of EA in Table 1 represents the median value of the scores in the final epochs of 5 training trials.

To perform Hebbian-Q learning, batch normalization was inserted between each layer of the network. The low-level layers were
trained using Equation 14, and the last layer was trained supervisedly using Adam optimizer. When training a higher-level layer, all
lower-level layers were kept fixed.

When unsupervisedly training a low-level layer, at each time step, a random action was taken of a game,'°® then minibatches of
size 32 were randomly extracted from a buffer of 10° recent frames to train the network using Equation 14. To train convolutional
layers, we averaged over the weight updating at different spatial locations to update the sharing weights. Similar to,”° learning
rate linearly decreased from the maximal value 0.02 at the first epoch to 0 at the last epoch. The three convolutional layers were
trained in 1.6x10° epochs, and the first fully connected layer was trained in 4.8x10° epochs.

When supervisedly training the top layer, minibatches of size 32 were randomly extracted from a buffer of 108 recent frames at each
epoch in a similar protocol to0.°® The action policy during training was e-greedy, with e linearly annealed from 1 to 0.1 in the first 10°
epochs. The target network was cloned from the Q-network every 10000 epochs. Every 2x10° epochs, the performance of the agent
was evaluated by the average score over 200 episodes of games. We trained the top layer for 2x 108 epochs, and found no sign of
continuing increase of performance. Each number of Hebbian-Q in Table 1 represents the maximal value of the evaluation scores in 2
training trials.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses are presented as mean + standard error of the mean (s.e.m.), calculated as a/+/n, where ¢ is the standard
deviation and n is the number of trials. The s.e.m. is shown with error belts in Figure 5E and error bars in Figures 6B and 7D. Spe-
cifically, the classification accuracy in Figure 5E was averaged across 100 independent training trials (n = 100) and visualized
with error belts. The psychometric curves in Figure 6B show the averaged choice percentages across 8 training trials (n = 8)
with error bars. Similarly, the classification accuracy in Figure 7D was averaged across 8 training trials (n = 8) and displayed with
error bars. All the results were analyzed using Python version 3.8 (Python Software Foundation, Wilmington, DE, USA) with
NumPy package.
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