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ABSTRACT

Synaptic plasticity is a fundamental substrate for learning and memory, where different
synapse types exhibit distinct plasticity mechanisms. However, how functional behav-
iors emerge from heterogeneous synaptic plasticity mechanisms remains poorly under-
stood. Here, we introduce a computational framework that harnesses Darwinian evolution-
ary principles to discover biologically plausible, heterogeneous synaptic plasticity rules
within a biologically realistic model of the mouse primary visual cortex. Specifically,
we parameterize several key factors related to synaptic plasticity, including presynaptic
and postsynaptic spikes, their associated eligibility traces, and neuromodulatory signals.
By integrating these factors via a truncated Taylor expansion, we construct a large-scale
search space of candidate plasticity rules, with each rule containing over 2.6k optimizable
parameters. Each rule is subsequently evaluated on both cross-domain visual task perfor-
mance and biological validity. Leveraging a multi-objective evolutionary algorithm, we
effectively navigate this high-dimensional search space to identify plasticity rules that are
both biologically plausible and yield high task performance. We uncover diverse fami-
lies of high-performing plasticity rules that achieve similar behavioral outcomes despite
markedly different mathematical formulations, suggesting that real-world synaptic learn-
ing mechanisms may exhibit computational degeneracy. We further show that these bio-
logically plausible rules are not only robust across network scales but also enable few-shot
learning, offering a computational explanation for the emergence of innate ability.

1 INTRODUCTION

A long-standing ambition in both neuroscience and artificial intelligence has been to uncover the mecha-
nisms by which the brain learns to generate intelligent behavior. Synaptic plasticity, as one of the most
fundamental mechanisms underlying learning and memory (Bliss & Collingridge, [1993} Markram et al.|
20115 McFarlan et al| [2023)), has been primarily characterized through experimental studies, revealing a
rich repertoire of plasticity mechanisms associated with different types of synapses (Markram et al.| [1997}
B1 & Pool (1998 2001 [Woodin et al., 2003} [Froemke & Dan| (2002t |Kullmann & Lamsal [2007; [Kullmann
et al.| 2012} D amour & Froemke} 2015). Nevertheless, the technical challenges inherent in large-scale in
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vivo experiments have limited our understanding of how these heterogeneous synaptic plasticity mechanisms
cooperatively contribute to the emergence of behaviors (McFarlan et al.| [2023]).

In complement to experimental studies, theoretical modeling approaches aim to reveal the principles un-
derlying synaptic plasticity mechanisms by developing mathematical frameworks that explain how neural
activity patterns drive synaptic changes (Hebb, |1949} |Bienenstock et al.| [1982f |Ojal [1982; |Song et al.| 20005
Pfister & Gerstner}, 20006} |Clopath et al.| 2010} [Lagzi & Fairhalll 2024} |Agnes & Vogels| [2024). Data-driven
inference approaches, on the other hand, seek to extract plasticity rules directly from neural recordings or
behavioral data using machine learning or statistical methods (Bengio et al} [1991} [Stevenson & Koerding|
2011; [Robinson et al.l [2016f [Confavreux et al.| [2020; [Chen et al.| 2023 [Mehta et al.| 2024} |Bell et al.}
2024; |[Kaleb et al.| 2024} |Confavreux et al.| |2025a). However, none of these studies have explored the ex-
tensive landscape of heterogeneous plasticity rules in biologically grounded networks, while simultaneously
accounting for biological constraints and functional objectives.

In this paper, we investigate the landscape of heterogeneous plasticity rules by asking:

Scientific Question: What mathematical structure and computational principles allow
heterogeneous plasticity rules to achieve functional efficacy in realistic cortical circuits?

Our approach leverages evolutionary algorithms to search a broad but interpretable candidate space of het-
erogeneous plasticity rules on a biologically realistic mouse primary visual cortex (V1) model, where each
type of synapse is allowed to employ a distinct learning mechanism. The exploration process is evaluated
under multiple objectives that balance task performance with biological plausibility. By simultaneously eval-
uating a diverse set of candidates within the population, our framework enables the study of not just a single
“optimal” rule, but a family of rules that span various trade-offs. This includes rules that are potentially
very simple yet surprisingly effective, as well as more complex and highly performant ones. As a result, our
approach offers a way to explore the rich diversity of plasticity rules that may exist in the brain. The key
contributions are:

* Methodological advances: (i) We construct an interpretable candidate space of plasticity rules through
truncated Taylor expansion, enabling comprehensive enumeration of plasticity rules ranging from sim-
ple to complex forms, while maintaining biological interpretability (see Sec. [2.]). (ii) We introduce
an evolutionary framework that allows multi-objective optimization on the constructed candidate space
for discovering diverse families of plasticity rules (see Sec.[2.2). (iii) We develop several metrics cov-
ering task performance and biological constraints, enabling the discovery and systematic evaluation of
plasticity rules with varying trade-offs among simplicity, efficiency, task effectiveness, and biological
plausibility (see Sec.[23).

* Neuroscientific insights: (i) Using the proposed framework, we uncovered families of high-performing
plasticity rules capable of producing similar memory behavioral outcomes, despite having significantly
different mathematical forms (see Sec. @ @ and @) (ii) We show that the evolved plasticity rules
discovered by our framework enable few-shot learning, suggesting a potential mechanistic basis for
innate abilities (see Sec.[3.3] and [I3). (iii) We further demonstrate that the explored plasticity rules
generalize well beyond their evolutionary settings, maintaining their effectiveness across networks of
varying scales (see Sec. [3.4).

2 SYNAPTIC PLASTICITY RULE EXPLORATION FRAMEWORK

In this section, we present the proposed multi-objective evolutionary optimization framework, which en-
ables the discovery of biologically plausible synaptic plasticity rules by evolving a large-scale population of
candidate rules, as illustrated in Fig.[I}
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2.1 CONSTRUCTION OF SYNAPTIC PLASTICITY RULE CANDIDATES

Studies have shown that cortical circuits comprise diverse synaptic connections between neuronal popula-
tions, which may be governed by distinct plasticity mechanisms (McFarlan et al.| 2023). To address this
complexity, we build on the mouse V1 cortical model (Billeh et al.| 2020; |Chen et al.||2022), a biologically
grounded spiking recurrent neural network comprising 17 neuron types: four excitatory subtypes from a
single class (Exc) and 13 inhibitory subtypes across three classes (Pvalb, Sst, and Htr3a), distributed across
six cortical layers (Fig.[Th). Specifically, as shown in Fig.[Tp, we consider 289 possible synaptic connection
types, corresponding to all pairwise combinations of the 17 neuron types. For each of these synaptic types,
we employ a set of commonly identified neural signals in constructing synaptic plasticity rules:

T = {Spr67 SposU Xpr67 Xpostv R}7 (1)

where Spre and Spoy represent pre- and postsynaptic spikes, Xy and X0 denote pre- and postsynaptic
eligibility traces that capture the history of neural activity, and R corresponds to the reward prediction error
trace that encodes neuromodulatory signals. These signals serve as fundamental building blocks, enabling
the systematic construction of diverse plasticity rules through their additive and multiplicative combinations.
It is important to note that the diversity of neuron types can significantly influence the temporal dynamics of
both reward prediction error traces (Mohebi et al.| [2024)) and eligibility traces (Kerlin et al.| [2010; [He et al.|
2015), resulting in heterogeneous plasticity rules across the network. To capture this biological heterogene-
ity, we use distinct trace decay parameters for different neuron types, as detailed below.

Reward prediction error trace model. Neuromodulators, such as dopaminergic signals, typically influence
synaptic plasticity in the form of reward prediction errors (Steinberg et al.|[2013|Chang et al.|[2016} Corkrum
et al.| [2020; |Gershman et al., 2024). Motivated by this finding, we model the neuromodulator signal as a
reward prediction error R in our plasticity formulation, with optimizable neuron-type-specific decay time
constants Tr to capture the potentially heterogeneous temporal profiles of neuromodulation across different
neural populations.

In each trial, the neuron population maintains and shares a reward prediction signal, modeled as a simple
moving average of recent rewards: H;, = [r,_1,7,-2,...,7,—N,,,], Where Ny, = 20 is the window
size. This approach reflects the fact that reward signals can persist and influence neuronal activity even after
the immediate reward has been received (Hamid et al.| |2016). Specifically, the population-shared reward
prediction error 0 (I;) for trial I; can be formulated as:

1 Nuyin
T(l;) = Tli—n, (2)
Nwin nz::l

Eqs. @)-(@) drives d close to 0 when rewards become predictable. Given that neuromodulators signals
exhibit distinct dynamics across different synaptic types (Huang et al.||2024b; Mohebi et al.,[2024)), we model
this biological heterogeneity by allowing different neuronal types to maintain distinct reward prediction error
traces R™:
R
=3 E @)
& during trial execution,
R

dR™ —f—: +0g(l;) attrial onsetl; + 1
da

where 777" is the time constant for neuron type m that controls the temporal dynamics of the reward signal.

Note that the reward prediction error dz(l;) is only given at the onset of the next trial.

Eligibility trace model. Similar to neuromodulatory signals, the eligibility traces of pre- and postsynaptic
activities also exhibit heterogeneous temporal dynamics across different neuron types (He et al., [2015)). In
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Figure 1: Overview of synaptic plasticity rule exploration framework. a. Our framework accounts for synap-
tic heterogeneity by considering one excitatory (Exc) and three classes of inhibitory synapses (Pvalb, Sst,
Htr3a), each highlighted with a distinct color. Light and dark variants further indicate layer-specific subtypes
within these classes. b. Plasticity rules are constructed from fundamental neural signals, including pre- and
postsynaptic spikes, their associated eligibility traces, and the reward prediction error. These signals are sys-
tematically combined to generate candidate plasticity sub-rules for each synapse type. c. Plasticity rules are
evolved through a multi-objective optimization process that simultaneously considers both biological and
task performance metrics in a manner that parallels Darwinian evolutionary processes. d. The evolutionary
search produces a Pareto-optimal subgroup of plasticity rules in the final generation, from which additional
constraints are applied to select the filtered population and the overall best-performing rule.

our model, each neuron type maintains an eligibility trace that decays exponentially over time, with neuron-
type-specific time constants to reflect this biological diversity. Specifically, the eligibility trace X* for neuron
1 is denoted as

Xt 4 At) = X'(t) — gXi(t) + S%(t), 5)

m
R

where 71 refers to the time constant of the eligibility trace for neuron type m, and S%(t) denotes spike
occurrence at time ¢.

Candidate rule set. We further generate candidate synaptic plasticity terms that act as fundamental building
blocks for plasticity rules. Leveraging Taylor expansion’s ability to enumerate possible neural signal inter-
actions while preserving biological interpretability, we derive these plasticity terms by expanding the basic
neural signals defined in Eq. (I} up to third order. Formally:

q
P = { T s | 45 € {Smes Sposs Xores Xpous B} 0 < 3. ©)
j=1
In practice, redundant terms (e.g., Sp2re = Spre since Spre is binary) and non-meaningful terms (e.g., R?) are

removed. This results in a candidate term set S = {P* ;]CV;’ 1» where Np = 25, to be used in the subsequent
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Figure 2: Overview of the biologically realistic mouse V1 model (Billeh et al.}[2020; |Chen et al.|2022) used
in this work.
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Figure 3: Overview of the multitask experimental setting. a. In each evaluation, stimuli are drawn either
from gratings or from natural images in ImageNet (not mixed), and are presented to the V1 model. b. Each
evaluation consists of training trials in the first half, with plasticity rules enabled, followed immediately by
validation trials in the second half, with rules disabled.

construction of plasticity rules. Each plasticity rule is formulated as a weighted combination of a subset
of these candidate terms. Specifically, for a given pair of presynaptic neuronal type My, and postsynaptic
neuronal type mypos, the candidate plasticity rules are defined as:

Np
AW("”prea"”posl) — Z gk Ckv(mprhmposl) ’Pk’ (7)
k=1

where ¢ (") denotes the coefficient for the k-th candidate term specific to synapses connecting neu-
ronal type My tO type Mmpost. The variable g* € {0,1} is a binary selection gate that determines whether
the k-th term is active, shared across all synaptic types. According to Eq. (7), the total number of optimiz-
able parameters for each plasticity rule exceeds 2.6K, with the detailed calculation provided in Appendix
During the weight optimization, Dale’s law (Strata et al.| [1999)) is enforced and hard bounds on the maxi-
mum and minimum weight (Gerstner et al., 2014) are implemented to maintain biological plausibility and
numerical stability during the weight update. The implementation details are also provided in Appendix [D}

2.2  PLASTICITY RULE EXPLORATION VIA MULTI-OBJECTIVE EVOLUTIONARY OPTIMIZATION

All optimizable parameters of each synaptic plasticity rule are collected in a vector 8 = {c,g,Tr, Tr},
which comprises the plasticity coefficients ¢, binary gates g, and the time constants 75 = {7’} and 75 =
{7} } that govern the temporal dynamics of eligibility and reward traces across distinct neuron populations,
respectively. This parameterization allows us to formulate synaptic plasticity rule exploration as a multi-
objective optimization problem:

Minimize F(0) € Y, 0 € Qy, (8)
where F(0) = (f1(0),. .., fn,(0)) represents N,, competing objective functions within the objective space
Y, while €2y defines the feasible parameter search space. For each candidate synaptic plasticity rule defined



Published as a conference paper at ICLR 2026

a 1.0 b 08
q:) . lation 03) Filtered-Pareto-optimal population
o ] < [60.07, 71.86] <— Best-performing plasticity rule
>0.8 >
0.6
wn w
g g
S 0.6 f=4
b Eo4 [115.63, 199.02]
- 115.63, 1
S04 B
N N
g 0.2 g 02 10.00,0.07)] ({0.73,17.22]
= s =
5] == <)
Zo00 — Z0.0

ACC ) s UM e (H2) gir proRe rave dff  yigrri diff ACC L) s nuM . ove (HZ) g proR. - ate diff - yigeri diff
m Ter! ) MaXh”H Async(“ Fr W Fir ) m Ter! ) Maxf‘r"” Async“‘ Fr ) Fir )

Figure 4: Performance of the filtered plasticity rules after convergence of the population. a. Normalized
fitness value of 6 objectives for the whole plasticity rule population (N=4000). b. Normalized fitness value
for the filtered Pareto-optimal population (N=70). The fitness values are normalized to [0, 1], with original
value ranges provided for reference.

by the parameter vector 8, we evaluate its performance by applying it to update the synaptic weights of the
V1 model across different cognitive tasks.

As shown in Fig. |2 the input pathway to the V1 model is constructed based on biological data follow-
ing Billeh et al.|(2020). Visual stimuli are first processed by the fixed lateral geniculate nucleus (LGN) and
LGN-V1 models before being passed to the learnable V1 model. Model performance is evaluated via readout
from the layer 5 excitatory neurons in the V1 model. Model implementation is detailed in Appendix[C]

Each plasticity rule undergoes a multi-objective evaluation based on its performance across different cogni-
tive tasks. The evaluation framework incorporates biological plausibility metrics to assess whether both the
V1 model’s connectivity patterns and neural dynamics align with experimental observations after applying
the plasticity rule. The evaluation framework also employs task performance metrics to quantify the plas-
ticity rule’s ability to solve the presented cognitive tasks. To explore this complex optimization landscape,
we introduce a custom multi-objective evolutionary algorithm, whose design is described in Appendix
During the evolutionary process, following principles analogous to Darwinian evolution, high-performing
plasticity rules are retained and given opportunities to undergo crossover and mutation with other successful
plasticity rules, thereby generating novel plasticity rules. Conversely, plasticity rules that exhibit poor per-
formance on cognitive tasks or low biological plausibility are progressively eliminated from the population.

2.3 METRICS

To effectively evaluate each plasticity rule across the population, a comprehensive assessment comprising
both task performance and biological metrics is employed, as illustrated in Fig. [Tc. To maintain compu-
tational tractability and ensure a balanced evaluation, the following six objectives are considered in the
experiments, including cross-domain task performance, rule complexity, maximum firing rate, asynchronous
firing proportion, firing rate difference and firing rate distribution difference. We leave the implementation
details in the Appendix

3 EXPERIMENTS AND RESULTS

3.1 EXPERIMENTAL SETTINGS

Cross-domain task setting. Based on the mouse behavioral studies in two visual change detection exper-
iments (Garrett et al.| [2020; [Siegle et al., |2021), we designed a cross-domain generalization learning (see
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Mathematical formulation of ‘ | Obj-1(1) Obj2(l) Obj-3(1) Obj-4(l) Obj-5(]) Obj-6(})

Ratio
plasticity rules in filtered population ‘ ‘Avg Best ‘Avg Best ‘ Avg  Best ‘Avg Best ‘Avg Best ‘Avg Best

| 48.57% [65.18 70.29 [0.04 0.04 [157.22 127.83 [0.00 0.00 |1.25 0.86 [0.83 0.71

AW = Spre - Xpost | 7.14% [64.54 68.43 [0.04 0.04 [165.10 125.96 [0.00 0.00 [1.16 0.87 [0.91 0.86

Aw = Spost - Xpre 5.71% 162.50 63.21 |0.04 0.04 {170.62 137.43 (0.00 0.00 |1.04 0.84 [0.91 0.85

Aw = Xpost + Spre * Xpre+

1.4 1.86 71. .20 0.20 [115.63 115. . X 1.76 1. . .
Spost'XpreJrXiostJFXpost‘R 3% [71.86 71.86 [0.20 0.20 |115.63 115.63 [0.00 0.00 |1.76 1.76 [0.98 0.98

Table 1: Mathematical formulations of plasticity rules ranked by ratio of occurrence in the filtered population
and their average performance on two visual change detection tasks. Each formulation may contain multiple
rules with identical mathematical form but varying parameters. Avg: average fitness across individuals
within each formulation; Best: optimal fitness within each formulation.

Fig. l) For the natural image change detection, all stimuli are selected from a set of 8 randomly cho-
sen 1mages from the ImageNet dataset (Deng et al.| [2009). For the grating image change detection, static
grating images are generated with orientations uniformly sampled from the range [60°, 120°] at 0.1° pre-
cision. The probability of stimulus change between consecutive presentations in two tasks is maintained
at 50%. Change detection is signalled when the mean firing rate of the readout excitatory neurons during
the response window exceeds a learnable, task-shared threshold ¢. This experiment requires plasticity rules
to endow the V1 model with working memory capabilities analogous to those required in 1-back working
memory tasks (Owen et al.| 2005)).

Evaluation setting. Each plasticity rule is evaluated independently on each task using a two-phase proto-
col: 100 training trials (plasticity enabled) followed by 100 validation trials (plasticity disabled). After the
population converges, rules undergo a final evaluation using 100 training and 200 testing trials per task to
assess average performance across both tasks, with additional testing trials employed to reduce overfitting
bias in performance assessment. Our evolution maintained a population of 4,000 plasticity rules across 150
generations, with each individual evaluated by applying its plasticity rule to a V1 model of 3,000 neurons,
sampled following the strategy proposed in (Chen et al.|(2022). Details about the experimental setting and
the search space §2y can be found in Appendix [E]

3.2 DISCOVERED PLASTICITY RULES

As shown in Fig. 4| we identified and filtered 70 candidate plasticity rules from the Pareto-optimal popula-
tion from the last generation based on overall task performance and biological validity criteria. The prevalent
mathematical formulations, as demonstrated in Tablem were ranked and selected according to their ratio of
occurrence within the filtered population. We found that most plasticity rules exhibited performance consis-
tent with biological observation. Specifically, the V1 model optimized using these plasticity rules achieves
task accuracies comparable to those observed in mice (~60% for grating change detection (Glickfeld et al.|
2013)) and ~73% for natural image change detection (Garrett et al.|[2020)). Results were consistent across
seeds; one representative seed is shown. The full mathematical formulation table is provided in Appendix[H

In Table the simple presynaptic dependent plasticity rule (i.e., Aw = Sp..) emerged as the most prevalent
formulation, comprising nearly half of the filtered rules. Several reward-free plasticity rules (e.g., Aw =
Spre * Xpost) also succeeded in our reward-required task settings. To further analyze the explored plasticity
rules, we selected the overall best-performing plasticity rule from the filtered population, which takes the
mathematical form Aw = Xpost + Spre * Xpre + Spost * Xpre + Xgost + Xpost - I2 (highlighted in red in
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Figure 5: Visualization of spike raster plot and firing distribution of the V1 model optimized by the overall
best-performing plasticity rule.

a b 80%
o7 4 @ Best-performing rule  / ® Gradient-Adam
© Baseline
Sos Best rank 1 rule »
- \ /// _70%
o 0.5 \\ @ Best rank 2 rule ‘!,‘ §
S o4 4 Y
= 60%
T 03 7"
o -
N 3
= 0.2
g = 50%
;6 0.1
=2
0.0
40%
ACC‘()%) Terms VL fir rote (M) fir P18 rate diff o giguri oiff °© N N N N N S8
( 0 1) ) ) ) N training samples v

Figure 6: Comparison of performance on visual change detection of grating images between the best individ-
ual of three representative rules highlighted in Table[T]and the widely used gradient-based Adam optimizer.
a. Performance overview. b. Mean test accuracy and standard deviation over 5 seeds (200 test trials each).

Fig.[b and Table[T). The spike raster plot generated by this plasticity rule, as presented in Fig.[5h, illustrates
the temporal dynamics of neural activity across cortical layers during both stimulus change and no-change
conditions. Fig.[5b demonstrates the comparison of firing rate distributions between biological data (Garrett
et al., 2020) and the optimized V1 model, both obtained during the grating change detection task. The
analysis reveals that, consistent with the biological data, the optimized V1 model also demonstrates a heavy-
tailed firing rate distribution during the grating change detection task.

3.3 DATA EFFICIENCY ANALYSIS

To evaluate the efficiency of the discovered plasticity rules, we compared their performance against a con-
ventional gradient descent (GD) baseline. Specifically, we trained the V1 model on the same visual change
detection tasks using the Adam optimizer (Kingma & Bal [2014) with a surrogate gradient function (Neftci
et al.l 2019a)), serving as a baseline that utilizes global error signals but learns without evolutionary pri-
ors. To ensure a fair comparison, the biological validity metrics described in Sec. 23] were incorporated as
regularization terms in the loss function. A detailed training setup is provided in Appendix [G}

For benchmarking, we selected three representative rules from our discovered population: the best-
performing rules from the top two prevalent formulations (shown in yellow and green in Table [I)), and
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Figure 7: Evaluation of the scalability of the overall best-performing plasticity rule across network sizes.
Red bars indicate test accuracy on the V1 model size used during the evolutionary search, while blue bars
show test performance on different V1 model sizes. Results represent mean accuracy across 5 independent
random seeds, with each evaluated with 200 testing trials. Error bars denote standard deviation across seeds.

the overall best-performing rule (shown in red). As illustrated in Fig.[0p, we observed a substantial disparity
in data efficiency. All three plasticity rules achieved superior detection accuracy within the first 100 training
trials, whereas the Adam baseline required nearly 5000 x more samples to attain comparable performance
levels. In practice, the wall-clock training time for the Adam optimizer is even greater than this factor sug-
gests, due to the additional computational overhead introduced by backpropagation. A similar phenomenon
is also observed in visual change detection on natural images (see Fig.[ST3). The detailed hyperparameter
analysis of both Adam and Stochastic Gradient Descent (SGD) is provided in Appendix [G.2}

3.4 SCALABILITY OF DISCOVERED PLASTICITY RULES

To evaluate the robustness and scalability of our discovered plasticity rules, we tested the overall best-
performing plasticity rule across different network scales. Specifically, we varied the V1 model size from
1,000 to 5,000 neurons using the sampling strategy described in|Chen et al|(2022). As shown in Fig.[7] the
overall best-performing plasticity rule maintained strong performance across different network sizes. This
scalability suggests that the discovered plasticity rule captures scale-invariant principles underlying memory
formation and retrieval, rather than being overfit to the 3,000-neuron V1 architecture used during the evolu-
tionary optimization. This overall best-performing rule also demonstrates remarkable homeostatic properties
under a significantly long time horizon modulation beyond its evolutionary setting (see Appendix [F.7).

4 DISCUSSION

4.1 FUNCTIONALLY EQUIVALENT PLASTICITY RULES

Table[T] demonstrates that high task performance is not restricted to a single plasticity rule. In other words,
multiple structurally different computational strategies can generate identical functional behavior, implying
a degree of computational degeneracy similar to the recent findings in |Confavreux et al.|(2025b). This
observation sheds light on why experimental synaptic plasticity studies focusing on the same type of synapse
in the visual cortex sometimes report contradictory mechanisms (Lu et al.| 2007} [Sarihi et al} 2008}, [Huang]
[2013), complementing previous explanations based on neuromodulation (McFarlan et al.| [2023).
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4.2 EXPLORED PLASTICITY RULES SUPPORT MEMORY EMERGENCE

Fig. [5] and Fig. [ST0] reveal that sustained neural firing during delay periods between stimulus windows
emerges naturally within the optimized V1 model, which is a canonical neural activity signature of working
memory (Fuster & Alexander, [1971} Miyashital [1988)). Notably, reward-free plasticity rules relying ex-
clusively on presynaptic activity constitute a significant proportion of the high-performing population (see
Table[T)) and also result in stable firing dynamics as the reward-required rule (see Fig.[STT). This computa-
tional efficacy challenges the exclusivity of classical Hebbian coincidence detection and aligns with recent
computational modeling in episode memory (Pang & Recanatesil 2025)). It also echoes experimental evi-
dence from hippocampal mossy fiber synapses, where presynaptic activity has been identified as sufficient to
support robust memory storage and recall (Vandael et al.| {2020} Pelkey et al., 2023} |Vandael & Jonas|, [2024)).

4.3 EVOLUTIONARY PRIORS AND THE SYNAPTIC PLASTICITY VIEW OF INNATE ABILITIES

As illustrated in Fig. [0} our comparison with GD is not intended to establish algorithmic superiority, but
to provide a possible explanation of the origins of biological learning efficiency. While GD operates as
a general-purpose solver requiring extensive data to learn from scratch, evolution can embed task-related
inductive biases into the structure and parameters of the plasticity rules. Consequently, this may enable the
plasticity rules, even in a reward-free formulation, to achieve few-shot adaptation. This may explain why
the sucking behavior of newborn mice requires maternal pheromone signals to be expressed (Logan et al.,
2012). This perspective advances a ‘synaptic plasticity view’ of innate behaviors beyond hardwired neural
circuitry (Wilmer et alf|2010;|Haimson & Mizrahil [2025)): innate capabilities may depend on pre-configured
plasticity mechanisms that render specific behaviors accessible with minimal experience, thus bypassing the
extensive trial-and-error learning required by acquired capabilities.

4.4 LIMITATIONS AND FUTURE WORK

Building on these findings, our framework has several limitations that motivate future extensions. First,
while several neural signals are used as building blocks of plasticity rules, incorporating additional vari-
ables such as synaptic weights would allow capturing a broader range of possible mechanisms. Second,
by grounding our plasticity rules in mouse V1 data and visual processing pathways, we ensure biological
fidelity to some extent but limit conclusions about generalization to non-visual sensory modalities, such as
auditory data. Third, our framework captures only millisecond-scale plasticity driven by spike timing, with-
out incorporating second-scale mechanisms such as behavioral timescale synaptic plasticity (BTSP) found in
hippocampal CA1 (Bittner et al.| [2017; Milstein et al.|[2021)). Fourth, the similarity between the optimized
V1 model and biological data is evaluated from a neural representation-based aspect. Future work could
incorporate recent advances in dynamics-based similarity metrics (Zhang et al., [2025) to constrain and ac-
celerate the exploration. Addressing these limitations through expanded signal sets, cross-modal validation,
multi-timescale integration, and advanced biological constraints represents important future directions.

5 CONCLUSION

In this paper, we present a computational framework that employs a multi-objective evolutionary algorithm
to discover biologically plausible, heterogeneous plasticity rules within an experimentally grounded mouse
V1 model. Our approach uncovers structurally distinct yet functionally equivalent rules, highlighting the role
of computational degeneracy in neural robustness. Furthermore, our findings offer potential explanations for
the origins of memory and innate abilities, suggesting that efficient learning can emerge from local synaptic
dynamics. This work bridges the gap between evolutionary constraints and synaptic diversity, suggesting
that the key to biological intelligence may lie in the degenerate yet robust landscape of learning rules.
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Potential applications and dual use. The discovered plasticity rules could inform the development of more
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cial applications in assistive technologies and computational efficiency, we acknowledge that any powerful
learning algorithm could potentially be misused. However, our work focuses on fundamental scientific un-
derstanding rather than specific applications, and the biological constraints inherent in our approach naturally
limit potential for misuse.
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REPRODUCIBILITY STATEMENT
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Computational framework. Complete implementation details of our multi-objective evolutionary algo-
rithm are provided in Appendix F, including the custom selection operators, reproduction mechanisms, and
evaluation procedures. The framework is implemented using JAX and the EvoX library, with specific and
hardware requirements detailed in Appendices[E]and [H]

Model specifications. The V1 model architecture, connectivity patterns, and neuronal parameters are fully
specified in Appendix [A] building upon the publicly available Allen Brain Atlas data (Billeh et al.| [2020)
and following the architecture modification in|Chen et al|(2022). All modifications to the original GLIF3
model (Teeter et al.l [2018]) for plasticity compatibility are explicitly documented.

Experimental protocols. Detailed experimental settings, including stimulus generation, task protocols,
evaluation metrics, and hyperparameter ranges, are provided in Appendices [D] and [E] The visual change
detection paradigm follows established behavioral protocols (Garrett et al.| 20205 |Siegle et al.| 202 1)).
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Baseline comparisons. The gradient-based Adam optimizer baseline implementation, including surrogate
gradient functions and training procedures, is fully described in Appendix [G]to enable direct replication of
comparative results.

Statistical analysis. All reported results include appropriate statistical measures (means, standard devia-
tions, sample sizes) across 5 random seeds. The evolutionary search was conducted with a population of
4,000 rules over 150 generations, with final evaluations performed using 5 independent seeds and 200 test
trials each.
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