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Supplementary Information
Additional experiments and information regarding the experimentation to
evaluate synaptic diversity transferred to ANNs

Predictions with Default Hyperparameters
To systematically evaluate the general impact of our proposed methods on
neural networks, we conducted extensive parameter tuning experiments. The
initial parameter optimization was performed on a carefully selected 1% subset
of the MNIST dataset, split into a 2:1 ratio for training and validation. Using
the nevergrad optimization framework [1] with a computational budget of 100
iterations, we tuned an MLP architecture over ten epochs with a batch size
of 1,000. This process yielded optimal values for our key parameters: gradient
scaling rate τ = 0.09, rejuvenation distance factor dre = 14, and division factor
Γ = 2. These parameters were then applied consistently across all subsequent
experiments to ensure fair comparison.

Detailed Analysis of Training Dynamics
Figure 1 presents a comprehensive examination of how different combinations
of biological modifications affect the training dynamics across three neural
architectures (AlexNet, MLP, and ResNet56) and three datasets (MNIST,
CIFAR10, and CIFAR100). The training curves reveal distinct patterns in
learning behavior and stability across different configurations of fuzzy learning
(FL), weight rejuvenation (WR), and weight splitting (WS).

In baseline configurations (FL=0, WR=0, WS=0), ResNet56 exhibits
notable overfitting tendencies, particularly visible in CIFAR10 and CIFAR100
tasks where accuracy declines after reaching peak performance. This over-
fitting pattern persists when only weight splitting is applied. However, the
introduction of fuzzy learning rates or weight rejuvenation demonstrates a
clear mitigating effect on this overfitting behavior, with combinations including
both FL and WR showing the most stable post-peak performance.

Architecture-specific responses to these modifications are particularly note-
worthy. The MLP architecture achieves optimal performance through the
combination of weight rejuvenation and weight splitting for CIFAR10 and
CIFAR100, while fuzzy learning rates alone prove most effective for MNIST.
AlexNet shows similar differentiation, with WR+WS yielding the best results
for MNIST but preferring fuzzy learning rates for CIFAR100. ResNet56 consis-
tently performs best with the full combination of all three modifications across
all datasets.

The learning trajectories also demonstrate varying speeds of convergence.
Configurations incorporating weight splitting consistently show faster initial
learning phases, while the full modification set (FL=1, WR=1, WS=1) achieves
the fastest overall convergence to peak accuracy. This acceleration in learning
is particularly pronounced in more complex tasks, with CIFAR100 showing
the most dramatic improvements over baseline performance.



These findings suggest that biological modifications not only enhance final
accuracy but fundamentally alter the learning dynamics of neural networks.
The synergistic effects of combining FL, WR, and WS are particularly evident
in the stability of training trajectories and resistance to overfitting, especially in
deeper architectures like ResNet56. This analysis complements the main results
by providing a detailed view of how these biological mechanisms influence the
temporal aspects of neural network training.

Our experiments on varying sampling methods for FL did not show
significant differences

Tables
Tables 1, 2, 3, and 4 show the results presented in Figures 1 and 2 in the main
paper.

Supplementary Table 1: Results of the experiment on accuracy. The table shows the observed
mean accuracy in percent and standard deviations for 3-fold cross-validation runs for a given
combination of parameters for the datasets MNIST (M10), CIFAR-10, and CIFAR-100 (C10
and C100). The highest accuracy for a dataset and architecture combination is highlighted in
bold. The numbers (FL), (WR), and (WS) denote the methods of fuzzy learning rates, weight
rejuvenation, and weight splitting, respectively.

Methods MLP AlexNet ResNet56
acc [%]↑ ± std. acc [%]↑ ± std. acc [%]↑ ± std.

FL WR WS M10 C10 C100 M10 C10 C100 M10 C10 C100

95.70 55.00 23.62 76.83 19.40 1.301 96.28 50.54 37.39
±0.21 ±0.73 ±0.56 ±5.56 ±0.75 ±0.20 ±0.11 ±1.52 ±0.38

√ 96.81 55.73 28.33 97.99 63.01 28.292 98.08 61.52 36.79
±0.23 ±0.90 ±0.50 ±0.05 ±0.76 ±0.52 ±0.13 ±1.16 ±0.19

√ 96.63 56.13 26.91 97.72 57.64 2.541 96.51 50.92 33.88
±0.19 ±0.81 ±0.64 ±0.09 ±0.50 ±0.20 ±0.34 ±1.09 ±0.24

√ √ 97.18 54.80 27.12 98.11 63.01 33.712 96.38 50.74 43.13
±0.14 ±0.96 ±0.39 ±0.06 ±0.75 ±0.83 ±0.51 ±1.68 ±1.21

√ 95.72 55.51 23.43 76.47 21.03 0.971 98.24 60.92 41.12
±0.30 ±0.72 ±0.53 ±4.18 ±0.66 ±0.11 ±0.14 ±0.26 ±0.47

√ √ 96.79 55.49 28.29 98.15 62.93 28.222 98.14 62.04 35.14
±0.18 ±0.40 ±0.49 ±0.02 ±0.95 ±0.93 ±0.11 ±0.52 ±0.74

√ √ 96.74 56.01 26.74 97.87 57.36 2.111 96.61 51.28 32.45
±0.14 ±0.61 ±0.45 ±0.10 ±0.43 ±0.39 ±0.55 ±1.01 ±1.41

√ √ √ 97.25 54.42 27.07 98.28 63.42 33.142 96.20 64.96 44.37
±0.14 ±0.60 ±0.57 ±0.14 ±0.89 ±0.16 ±0.56 ±1.47 ±1.26

Notes
1 Very low stability with gradient explosion without further preventive measures
2 High gains in stability due to weight splitting

Numerical Results on Gradient Inversion
The gradient inversion experiments were designed to evaluate the privacy-
preserving properties of our biological modifications. We conducted compre-
hensive tests using both untrained models and networks trained for 100 epochs



Supplementary Table 2: Results of the experiment on learning speed. The table shows the
observed mean epoch when the maximum accuracy occurred and its standard deviations for 3-
fold cross-validation runs for a given combination of parameters for the datasets MNIST (M10),
CIFAR-10, and CIFAR-100 (C10 and C100). The lowest numbers of trained epochs for dataset
and architecture combinations are highlighted in bold. The numbers FL, WR, and WS denote
the methods of fuzzy learning rates, weight rejuvenation, and weight splitting, respectively.

Methods MLP AlexNet ResNet56
ep(max acc)↓ ± std. ep(max acc)↓ ± std. ep(max acc)↓ ± std.

FL WR WS M10 C10 C100 M10 C10 C100 M10 C10 C100

99 99 99 99 93 93 99 98 99
±0.8 ±0.8 ±1.9 ±0.9 ±5.7 ±1.3 ±0.8 ±1.6 ±0.2

√ 100 67 96 79 76 89 86 90 78
±0.5 ±9.5 ±1.7 ±9.5 ±7.1 ±2.8 ±4.9 ±5.5 ±7.6

√ 98 96 99 94 99 79 96 97 93
±1.7 ±1.7 ±0.9 ±5.3 ±0.9 ±13.0 ±1.6 ±3.1 ±2.0

√ √ 88 46 62 68 59 77 87 86 91
±3.7 ±3.3 ±5.0 ±14.3 ±9.0 ±2.9 ±2.1 ±0.5 ±0.5

√ 81 91 88 82 84 56 88 87 93
±4.1 ±7.4 ±11.9 ±7.9 ±8.9 ±14.3 ±1.4 ±1.6 ±1.7

√ √ 89 74 93 88 90 87 88 100 100
±1.41 ±7.78 ±4.97 ±4.11 ±6.94 ±2.36 ±0.47 ±0.47 ±0.0

√ √ 87 85 83 83 90 87 84 88 92
±7.3 ±9.5 ±13.6 ±5.4 ±0.5 ±4.2 ±4.5 ±0.8 ±1.7

√ √ √ 86 55 62 85 581 85 82 851 741

±1.7 ±7.6 ±6.9 ±10.7 ±3.3 ±11.5 ±7.9 ±4.5 ±4.2

Notes
1 Configuration with the highest accuracy achieved with the lowest number of epochs.

on CIFAR-100, spanning multiple architectures (MLP, AlexNet, ResNet20,
ResNet32) and various combinations of our proposed methods. The recon-
struction error, measured as mean square error (MSE), serves as our primary
metric, with higher values indicating better resistance to gradient inversion
attacks. Our analysis includes baseline comparisons and examines how differ-
ent combinations of Fuzzy Learning (FL), Weight Rejuvenation (WR), and
Weight Splitting (WS) affect the network’s resilience to reconstruction attempts.
Table 5 shows the results presented in main paper Figure 5.

Prediction Performance with Tuned Hyperparameters
We extended our evaluation to state-of-the-art architectures with carefully
tuned hyperparameters to assess the scalability and broader applicability of
our biological modifications. The experiments encompass both image classifica-
tion tasks (CIFAR10, CIFAR100, ImageWoof, Tiny ImageNet) and complex
time-series prediction challenges (Lorenz’96, Thomas attractor). For image
classification, we evaluated modern architectures including ResNeXt, WResNet,
EfficientNet V2, SEResNeXt, and Swin Transformer V2. The time-series exper-
iments focused on comparing traditional recurrent architectures (LSTM, GRU)
with newer approaches (Transformer, FDN) across different dimensional spaces
and chaotic systems. All models were evaluated both in their original form



Supplementary Table 3: Results of the experiment on accuracy. The table shows the observed
normalized area under the curve (the sum of all observed accuracies during the training divided
by the number of epochs) and the respective standard deviations for 3-fold cross-validation
runs for a given combination of parameters for the datasets MNIST (M10), CIFAR-10, and
CIFAR-100 (C10 and C100). The highest nAUC for a dataset and architecture combination
is highlighted in bold. The numbers FL, WR, and WS denote the methods of fuzzy learning
rates, weight rejuvenation, and weight splitting, respectively.

Methods MLP AlexNet ResNet56
nAUC↑ ± std. nAUC [%]↑ ± std. nAUC [%]↑ ± std.

FL WR WS M10 C10 C100 M10 C10 C100 M10 C10 C100

94.35 49.65 18.63 22.49 13.51 0.971 93.80 43.92 33.23
±0.23 ±0.47 ±0.47 ±1.07 ±1.06 ±0.05 ±0.22 ±1.45 ±0.51
95.76 53.16 23.90 93.91 52.75 15.022 95.68 54.76 32.50√
±0.27 ±0.57 ±0.41 ±0.23 ±0.28 ±0.50 ±0.90 ±0.35 ±0.04
95.64 51.77 21.93 71.66 32.77 1.421 90.36 43.04 24.81√
±0.19 ±0.50 ±0.43 ±1.05 ±1.21 ±0.13 ±1.34 ±0.96 ±0.24
96.53 52.77 24.49 96.81 57.64 24.602 89.90 42.18 25.21√ √
±0.13 ±0.96 ±0.35 ±0.05 ±0.61 ±0.48 ±1.07 ±1.21 ±0.69
94.33 49.70 18.55 27.34 14.89 0.921 95.19 54.58 25.77√
±0.27 ±0.62 ±0.41 ±1.50 ±0.68 ±0.06 ±0.29 ±0.46 ±1.13
95.75 53.15 23.82 93.82 52.41 14.542 94.82 53.83 21.22√ √
±0.16 ±0.45 ±0.42 ±0.39 ±0.75 ±0.42 ±0.66 ±0.77 ±1.22
95.74 51.78 21.82 70.75 32.84 1.001 90.54 42.91 21.42√ √
±0.27 ±0.47 ±0.49 ±1.80 ±0.62 ±0.20 ±1.78 ±1.16 ±0.49
96.55 52.55 24.41 96.84 57.82 24.222 89.28 56.74 28.17√ √ √
±0.16 ±0.69 ±0.57 ±0.18 ±0.61 ±0.11 ±1.61 ±1.31 ±0.47

Notes
1 Very low stability with gradient explosion without further preventive measures
2 High gains in stability due to weight splitting

and with our biological modifications applied through the BioNet Converter.
Tables 6 and 7 show the results presented in the main papers’ Figures 7(a) and
(b).

Fuzzy Learning Rates Sampling Distributions
Here, we present out observations we made on applying different distributions
to sample the learning rate coefficient τ .

Experimentation
In our experiments, we evaluated the impact of fuzzy gradient scaling on
neural network training using both MLP and CNN architectures on the MNIST
dataset. The dataset was split into 70% training, 15% validation, and 15%
test sets, with 3-fold cross-validation performed on the training data. We
investigated five different probability distributions for the fuzzy gradient scaling
parameter τ : uniform, normal, log-normal, geometric, and beta distributions.
For each distribution, we tested 10 logarithmically spaced values of τ centered
around 0.1 (ranging from 0.003 to 1.0). Both network architectures maintained
consistent baseline structures, with the MLP using layers of 128 hidden neurons



Supplementary Table 4: Comparison of Models with and without Bio Modifications analyzed with torch.profiler. The
table shows different metrics including parameters, FLOPs, CPU Memory usage in MB, and CPU processing time in seconds
for both biomod and standard versions of different neural network architectures.

Parameters FLOPs CPU Mem (MB) CPU Time (s)
Model Count Operations Usage Duration

Bio Not Bio Bio Not Bio Bio Not Bio Bio Not Bio

AlexNet 3,786,468 3,786,468 191,471,616 191,471,616 61,509,472 63,775,616 37,281 37,281
3,786,468 3,786,468 382,943,232 382,943,232 63,775,616 63,775,616 37,281 41,070
3,786,468 3,786,468 765,886,464 765,886,464 68,307,904 68,307,904 48,974 53,741
3,786,468 3,786,468 1,531,772,928 1,531,772,928 77,372,480 77,372,480 45,938 45,938
3,786,468 3,786,468 3,063,545,856 3,063,545,856 95,501,632 95,501,632 52,647 52,647

MLP 3,173,100 3,173,100 38,464,000 38,464,000 38,128,032 38,128,032 4,948 6,019
3,173,100 3,173,100 76,928,000 76,928,000 38,183,232 38,183,232 6,019 6,019
3,173,100 3,173,100 153,856,000 153,856,000 38,493,840 38,493,840 6,591 6,591
3,173,100 3,173,100 307,712,000 307,712,000 38,514,432 38,514,432 9,587 9,587

ResNet 65,010,640 65,010,640 76,620,508,160 76,620,508,160 2,142,148,592 2,142,148,592 583,724 5,919
65,010,640 65,010,640 153,241,016,320 153,241,016,320 3,260,888,512 3,260,888,512 994,524 6,019
65,010,640 65,010,640 306,482,032,640 306,482,032,640 5,468,873,712 5,468,873,712 1,729,510 1,729,510
65,010,640 65,010,640 612,964,065,280 612,964,065,280 14,290,782,208 14,290,782,208 3,328,090 3,328,090

Supplementary Table 5: Results of the experiment on gradient inversion. The table shows
the observed reconstruction error (mean square error) for different combinations of methods for
untrained models and models trained for 100 epochs on CIFAR-100. Highest reconstruction
errors for the dataset and architecture combinations are highlighted in bold. The numbers
FL, WR and WS denote the methods of fuzzy learning rates, weight rejuvenation, and weight
splitting respectively.

MLP AlexNet ResNet20 ResNet32
Methods MSE[%]↑ MSE[%]↑ MSE[%]↑ MSE[%]↑

FL WR WS 0 ep 100 ep 0 ep 100 ep 0 ep 100 ep 0 ep 100 ep

3.47 3.62 0.22 0.20 62.20 73.65 70.78 79.61√
30.21 31.26 28.30 30.33 88.76 89.19 94.31 94.71√
3.06 4.31 0.26 0.21 59.07 62.21 70.58 81.14√ √

41.42 45.04 28.38 39.06 75.93 85.49 81.34 84.37√
55.53 60.05 42.11 46.96 49.93 50.05 75.47 78.71√ √
42.70 58.73 94.47 96.85 81.68 86.74 97.31 102.43√ √
47.74 55.30 35.43 53.60 59.07 62.21 94.52 107.36√ √ √
49.65 64.84 101.79 112.85 124.21 132.17 135.35 155.43

and the CNN employing two convolutional layers (32 and 64 filters) followed
by two fully connected layers. The training was conducted using the Adam
optimizer with a learning rate of 0.001 for 50 epochs per configuration. Results
indicate that the optimal τ values varied significantly across distributions, with
log-normal and beta distributions generally showing more stable performance
across different scaling factors. The CNN architecture demonstrated greater
robustness to variations in τ compared to the MLP, particularly for larger
scaling parameter values.

Results
Our experiments show that fuzzy gradient scaling is a certain way to improve
performance for both architectures (cp. Figs. 2 and 3). The baseline MLP
achieved 98.6% accuracy on MNIST, while a CNN reached 99.4%. All tested



Supplementary Table 6: Results on tuned benchmark settings for the models
ResNeXt28, WResNet28x10, EfficientNet V2M in combination with the datasets
CIFAR10, CIFAR100 and Tiny ImageNet.

Model CIFAR10 CIFAR100 Imagewoof Tiny ImageN.
acc [%]↑ acc [%]↑ acc [%]↑ acc [%]↑

ResNeXt(29/50) 32x4d1 96.75 84.06 87.96 57.39
WResNet(28/50)x101 97.18 84.45 89.15 55.89
EfficientNet V2 M 89.22 54.41 79.543 30.86

BioResNeXt(29/50) 32x4d2 96.81 84.36 89.00 58.01
BioWResNet(28/50)x102 97.20 84.65 89.79 56.13
BioEfficientNet V2 M2 89.92 61.61 83.183 36.92

SeResNeXt2 92.05 68.44 92.16 57.14
BioSeResNeXt 2 92.54 69.58 92.42 59.12

SwinTrans V2 t 2 89.83 73.2 97.1 77.4
BioSwinTrans V2 t 2 90.42 74.1 97.5 79.1

Notes
1 Input size dependent network depth: 28 (CIFAR), 50 (ImageWoof, TinyImageNet)
2 PyTorch implementation of the model converted by BioNet Converter
3 Reduced batchsize (bs=65) due to lack of GPU Memory (80 GB)

distributions showed statistically significant improvements over the no-fuzziness
baseline, with markedly stronger effects in the CNN architecture. Cohen’s d
is the standardized difference between two means, calculated by the mean
difference divided by the pooled standard deviation. The typical interpretations
are: d = 0.2, 0.5, and 0.8 correspond to small, medium, and large effects,
respectively. Tests of statistical significance were conducted using two-sample
t-tests at p < 0.01 between each fuzzy configuration and the baseline. The
uniform distribution thus showed the strongest improvement, with large effect
sizes (d = up to 1.9 for CNN, d = up to 0.84 for MLP) across several scaling
rates �. Correspondingly, these substantial effect sizes represent differences of
almost two standard deviations between fuzzy and non-fuzzy training within
some configurations - an enormous practical effect. The ideal scaling rate
would seem to lie around τ = 0.077, from which we reach peak performance
across several distributions. While all distributions presented benefits, the
uniform distribution is particularly appealing due to its consistent performance
and strong effect sizes. The lognormal distribution also looked promising,
especially in the CNN architecture (d up to 1.27), but with more variability
across scaling rates. Beta and geometric distributions showed moderate but
reliable improvements (d typically between 0.6 and 1.0), suggesting they are
viable alternatives. We recommend the uniform distribution to be the default
choice for future experiments and perform a hyper-parameter search based
on this observations, given its strong and consistent performance in both



Supplementary Table 7: Time-series prediction
results for the chaotic, high dimensional regression
tasks Lorenz’96 and Thomas attractor for FDN,
LSTM and GRU.

Model Lorenz’96 Thomas
396 dimensions 3 dimensions
lyap 20 dt 0.01 lyap 0.76 dt 0.005

NRMSE ↓ NRMSE ↓

LSTM 0.57 0.38
GRU 0.59 0.38
Transformer 0.50 0.98
FDN1 0.15 0.37

BioLSTM 0.52 0.36
BioGRU 0.57 0.36
BioTransformer 0.44 0.87
BioFDN1 0.11 0.35

Notes
1 Architecture introduced by Hofmann et. al [2].

architectures. The highest observed effect sizes and broadest range of significant
improvements across scaling rates justify this recommendation. However, if
computational resources are not an issue, the lognormal distribution might
be worth exploring as an alternative, particularly for CNN architectures, as
it performs competitively at several scaling rates. The consistent positive
significant effect sizes across distributions and architectures serve to reinforce
that fuzzy gradient scaling is indeed valuable for improving neural network
training, with the choice of distribution being far less critical than the inclusion
of fuzziness itself.

Dale’s Principle
Dale’s principle, which states that neurons release the same neurotransmitter
at all their synapses [3], was a foundational concept in neuroscience but has
been challenged by extensive evidence of co-transmission [4].

Recent research shows that multi-transmitter neurons are more com-
mon than previously assumed, challenging Dale’s principle [4, 5]. In the
supramammillary-hippocampal pathway, over 50% of terminals exhibit dual
transmitter capability, enabling sophisticated frequency-dependent filtering of
neural signals [6]. These neurons enhance information processing by allowing
dynamic switching between excitation and inhibition based on activity pat-
terns [7]. Evidence from human cortical studies suggests similar prevalence
and functionality in higher cognitive regions [8], indicating multi-transmitter
neurons are fundamental components of learning and memory circuits rather
than rare exceptions. Early observations in sympathetic neurons showed nearly



Supplementary Table 8: Detailed comparison of log-normality test results, weight
distribution statistics, and final validation accuracies for neural networks trained with
various method combinations. FL (Fuzzy Learning), WR (Weight Rejuvenation), and WS
(Weight Splitting) are evaluated both with and without Dale’s Principle (DP). The table
includes Shapiro–Wilk (SW) and D’Agostino’s K2 (K2) p-values to assess log-normality,
alongside skewness and kurtosis for log-transformed weights. Validation accuracies indicate
the effectiveness of each method in mitigating DP-induced impairments and optimizing
learning. A very low p-value denotes significant deviation from log-normality, while skew
and kurtosis reflect asymmetry and tail heaviness in weight distributions. Biomod shows
the highest accuracy improvements under both DP-constrained and unconstrained settings.

FL WR WS DP SW p-value K2 p-value Skew Kurtosis Acc [%]

- - - - 2.00e-06 6.4e-05 -1.29 1.14 96.18
- - X - 0.02 0.03 -0.74 0.23 96.78
- X - - 9.3e-08 1.9e-10 -0.32 -1.36 97.02
- X X - 1.6e-08 3.9e-39 -0.42 -1.58 97.42
X - - - 2.44e-08 1.8e-07 -1.70 2.41 97.68
X - X - 0.01 0.04 -0.70 0.02 97.63
X X - - 4.4e-08 7.2e-65 -0.27 -1.63 97.94
X X X - 3.5e-08 1.7e-24 -0.44 -1.52 98.17
- - - X 3.4e-09 0 0.02 -1.77 89.68
- - X X 8.3e-10 8.8e-228 0.02 -1.86 92.84
- X - X 1.5e-12 0.001 1.17 -0.42 87.34
- X X X 5.5e-12 0.001 0.97 -0.86 91.42
X - - X 2.2e-08 6.7e-231 0.01 -1.69 92.33
X - X X 8.7e-10 2.4e-229 0.02 -1.85 92.48
X X - X 1.5e-12 0.001 1.15 -0.50 91.58
X X X X 5.5e-12 0.001 0.98 -0.85 94.32

complete co-transmission capability [9], supporting the biological plausibility
of neural networks with mixed excitatory-inhibitory connections.

Formalization
For each dense layer with N output neurons, we assign bpENc excitatory and
bpINc inhibitory neurons, where pE + pI ≤ 1. The remaining neurons are
mixed. A type vector T ∈ {0, 1, 2}N tracks assignments:

Tn =


0, excitatory (E),
1, inhibitory (I),
2, mixed (M).

During initialization and after each gradient update, weights are clamped:

wn,i ←


max(0, wn,i), if Tn = 0,

min(0, wn,i), if Tn = 1,

wn,i, if Tn = 2.

(1)

To compensate for reduced weight flexibility under clamping, initial weights
are scaled by

√
2 relative to standard initialization schemes. These constraints



apply to dense layers (fully connected and convolutional), as they most closely
parallel biological neural connectivity.

Code Implementation
The provided algorithm (cp. Algorithm 1) assigns each neuron to excita-
tory, inhibitory, or mixed based on user-defined percentages (excit_pct and
inhib_pct). A small fraction (e.g., 5%) remain mixed, which proved critical
for stable learning. The function partial_enforce_dales_principle then
applies Equation 1 after each gradient update. This ensures that each neuron’s
row in W preserves its sign constraints throughout training.

Bias Terms
The bias term is unconstrained or slightly shifted to accommodate changes
in activation distributions. In our implementation, excitatory neurons can
be given a small positive bias, inhibitory neurons a small negative bias, and
mixed neurons a neutral bias. Allowing the bias to vary helps offset any shift
in the post-synaptic activation that arises from imposing sign constraints on
the weights.

Biological and Empirical Observations
Most cortical neurons are purely excitatory or purely inhibitory [6, 8], but a
small subset in some brain regions exhibits co-release or mixed dynamics [5].
When we constrained all neurons to be strictly excitatory or strictly inhibitory,
training frequently stalled. Introducing a small portion (e.g., 5%−10%) of mixed
neurons consistently improved convergence. In addition, weight splitting (WS)
proved synergistic with Dale’s principle, as it preserves biologically inspired
connectivity patterns without entirely sacrificing the network’s capacity to
learn.

Complexity and Integration
Imposing Dale’s principle entails a simple clamping operation after each param-
eter update, which has linear complexity in the number of weights. The method
integrates seamlessly with our fuzzy learning rate (FL), weight rejuvenation
(WR), and weight splitting (WS) plug-ins. Together, these techniques form a
biologically motivated set of constraints and transformations for modern ANN
architectures.

Experimentation
We use the MNIST dataset, which contains 60,000 training images and 10,000
test images, and set aside 5,000 training images for validation, leaving 55,000
for training. Each image is normalized to a mean of 0.1307 and a standard
deviation of 0.3081. Our SimpleCNN consists of a single convolutional layer
(in-channels of 1, out-channels of 8, kernel size of 3, and padding of 1), followed
by a Swish activation, a 2× 2 max pooling step, and a fully connected layer



mapping the feature map (8× 14× 14) to 10 output classes, with a final log-
softmax for classification. Dale’s principle is enforced by clamping excitatory
weights to nonnegative and inhibitory weights to nonpositive after each gradient
update. We train for 1,289 steps using a batch size of 128, a learning rate of
0.1, and no momentum. Each step involves a forward pass, backpropagation,
an optimizer update, and a Dale’s clamping operation. We track validation
accuracy every 50 steps and report the final performance on a separate test set.

Results
Here, we present the additional results regarding the integration of Dales’s
Principle into ANNs.

Weight Distributions
Analysis of weight distributions across methodological configurations reveals
systematic relationships between distributional characteristics and model per-
formance. The baseline configuration (FL– WR– WS– DP–) demonstrates
significant deviation from log-normality, as evidenced by Shapiro–Wilk (2.96e-
06) and K2 (6.4e-05) test statistics, exhibiting moderate negative skew (-1.3)
and mild positive kurtosis (1.1363), as detailed in Table 8. These distribu-
tional properties correspond to suboptimal network performance, establishing a
reference point for method-induced improvements. Individual method applica-
tions transform these distributions systematically. Weight splitting in isolation
reduces skew magnitude (-0.7) while normalizing kurtosis (0.23), improving
alignment with log-normal characteristics. The FL+WS configuration achieves
near-optimal distributional properties (skew = -0.7, kurtosis = 0.02) with
borderline-significant log-normality measures (Shapiro–Wilk = 0.01, K2 =
0.1). Of particular interest, biomod attains maximum accuracy (98.17%) while
maintaining moderate deviations from perfect log-normality (skew = -0.4, kur-
tosis = -1.5), suggesting that strict log-normality is not a prerequisite for
optimal performance. Principal Component Analysis (PCA), as illustrated in
Figure 4, reveals distinct clustering patterns in weight space. Configurations
with multiple methods demonstrate systematic shifts in cluster centroids rel-
ative to single-method implementations, indicating fundamental alterations
in synaptic organization. This structural differentiation becomes particularly
pronounced with combining all three methods, suggesting synergistic effects on
weight distribution characteristics. Under Dale’s principle constraints, weight
distributions manifest characteristically different patterns. The baseline DP
configuration exhibits near-zero skew (0.02) but pronounced negative kurto-
sis (-1.7683), reflecting fundamental constraints on distribution symmetry. In
contrast, biomod achieves optimal DP-constrained accuracy (94.32%) while
maintaining moderate positive skew (0.9762) and reduced negative kurtosis (-
0.8450), demonstrating the feasibility of effective learning despite distributional
constraints. Neuron-level analysis, presented in Figure 5, demonstrates that
FL, WR, and WS systematically increase the proportion of excitatory connec-
tions in unconstrained settings. When combined with Dale’s principle, these



methods facilitate the maintenance of balanced excitatory-inhibitory distribu-
tions despite sign constraints, as evidenced by the weight fraction distributions.
The QQ plots in Figure 6 provide visual confirmation of these distributional
modifications, demonstrating reduced tail distortion when multiple methods
are combined. These findings establish clear correlations between weight distri-
bution characteristics and model performance, with optimal results achieved
through configurations that moderate extreme tail behavior while maintaining
sufficient distributional flexibility for effective learning. The systematic impact
of method combinations on weight distributions, visualized through PCA pro-
jections and quantified via statistical measures, demonstrates the efficacy of
combined plasticity mechanisms in shaping network architecture for enhanced
performance.

Loss Landscape
In the two‐dimensional contour plots Figure 7 and the corresponding
three‐dimensional surfaces Figure 8, each combination of Fuzzy Learning (FL),
Weight Rejuvenation (WR), and Weight Splitting (WS), with or without Dale’s
Principle (DP), exhibits a distinct loss‐surface shape characterized by different
peak heights, valley depths, and topographical features. The baseline configu-
ration without any of these methods consistently shows peaks around 6.4 in
the two‐dimensional color scale and slightly above 2.0 in the three‐dimensional
view. Its valley reaches approximately 0.2 to 0.3 in the absence of Dale’s Prin-
ciple and rises to about 0.4 to 0.5 when Dale’s Principle is enforced. In this
baseline condition, the color contours and the three‐dimensional rendering both
reveal a relatively compact low‐loss region, and the trajectory from the initial
point down into the valley follows an S‐shaped path that curves around a small
ridge before converging. This lateral detour suggests a saddle‐like region near
the top of the surface, leading to a moderately long route through parameter
space even though the overall loss range (peak minus valley) is not as large as
in some other configurations.

When Weight Splitting or Weight Rejuvenation is introduced individually,
the maximum and minimum loss values remain close to those seen in the
baseline, but the low‐loss basin in each two‐dimensional contour can become
slightly broader, and the three‐dimensional surface appears less sharply ridged.
In these single‐method conditions, the optimizer’s path remains curved but
does not exhibit as pronounced a lateral deviation as in the baseline. The
resulting descent is still spread across roughly six to seven visible update
steps, with the total loss drop hovering around 6.0 to 6.4 in the color scale,
indicating a moderate slope overall. Fuzzy Learning alone produces a similar
effect, with a peak near 6.4 and a final valley around 0.2 to 0.3 without Dale’s
Principle, again shifting slightly higher when Dale’s Principle is applied. In all
these single‐method plots, the valley floor is moderately sized—bigger than
the baseline in some cases—and the three‐dimensional surface does not show
strongly pronounced saddles, though small ridges remain in certain regions,
causing gentle curvature rather than a perfectly straight descent.



Configurations that combine two methods for example, Weight Rejuvenation
with Weight Splitting often present higher peak values in the two‐dimensional
plots (rising toward 7.0) and in the corresponding three‐dimensional surfaces
(reaching above 3.0 in some panels). The deepest portion of the low‐loss basin
can lie around 0.2 or slightly lower when Dale’s Principle is not enforced, while
remaining above 0.3 to 0.4 with Dale’s Principle. These broader vertical ranges,
combined with smoother surfaces in many of the subplots, indicate a relatively
steep but more direct descent. The extent of the dark or brownish region in
the two‐dimensional visualizations often increases in these two‐method cases,
suggesting an enlarged basin that does not force the trajectory to make as
many detours. In three‐dimensional views, the final valleys appear flatter and
wider, meaning there is more space along the bottom of the loss surface before
contour lines rise again. The path traced by the optimizer in these conditions
often starts with a noticeable drop from a higher plateau, transitions around
or over small ridges, and settles into a valley that has gentler boundaries on
either side. The approximate parameter‐space distance is thus potentially large,
given the higher starting peak, but the path itself is less tortuous and can
appear shorter when measured by lateral deviation.

When all three methods—Fuzzy Learning, Weight Rejuvenation, and Weight
Splitting—are active simultaneously, the contour plots show some of the highest
peak values, occasionally above 7.5 or 8.0, paired with notably low minima near
0.15 to 0.2 without Dale’s Principle. This creates the largest overall drop in
loss when viewed from peak to valley. The three‐dimensional surfaces in these
cases tend to have broad, flatter basins, evidenced by a relatively extensive
dark region near the bottom that contrasts with steep walls rising toward the
higher‐loss plateau. Although the total vertical distance in the color scale is
large, the pathway often follows a more direct arc rather than a winding route
around multiple ridges. The effective parameter‐space distance can therefore
be substantial due to a high starting peak and a very low final valley, but
the visualization suggests that saddles or narrow ridges are less prominent,
resulting in fewer lateral diversions and a smoother descent. The low‐loss basin
occupies a visibly larger area in the two‐dimensional plots, indicating broader
valleys that can accommodate a range of parameter perturbations with only
a minor rise in loss. In the presence of Dale’s Principle, the minimum sits
somewhat higher, but the widened basin remains evident, and the characteristic
broad, flattened shape of the valley is still noticeable in both the contour lines
and the three‐dimensional surface.

Catastrophic Forgetting
Experimentation
We trained four distinct methodologies— CBP (continuous backprob), L2
(l2 norm regularization), biomod (FL+WR+WS), and biomod + continuous
backprob, CBP—utilizing the implementation provided by [10] (cp. https:

https://github.com/shibhansh/loss-of-plasticity
https://github.com/shibhansh/loss-of-plasticity


//github.com/shibhansh/loss-of-plasticity) on ImageNet-style tasks encompass-
ing up to 1000 classes in total, with few classes per task trained sequentially.
The experimental parameters, including epoch count, mini-batch size, network
architectures, and associated hyperparameters (weight decay, momentum, and
related parameters), are transparently documented in the provided codebase.
Our standard configuration employed 5000 epochs, utilized a mini-batch size
of 100, and implemented either a standard SGD optimizer or its close variants.

Given the computational intensity of these experiments, we conducted
minimal hyperparameter optimization, as a single experimental run demanded
no less than 36 hours on an NVIDIA A40 GPU at full utilization. With 30
repetitions per method across four distinct methodologies, our total GPU
computation amounted to

36h/run× 30 runs× 4methods = 4320hours,
translating to approximately 180 days of continuous GPU computation. For

this computational setup, we additionally considered CPU overhead and esti-
mated the total power consumption at approximately 400 W. This culminated
in an aggregate energy consumption of roughly 1728 kWh, corresponding to a
carbon footprint of approximately 0.86 tonnes CO2, contingent upon regional
power grid emission factors.

The core training procedure, implemented within the repeat_expr function,
encompasses several key components. The procedure begins with data shuf-
fling at each epoch, followed by mini-batch feeding to the designated learning
method. Subsequently, both training and test accuracies are computed via the
nll_accuracy metric. Network architectures (e.g., ConvNet versus ConvNet2)
are initialized according to their specifications, with the BioConverter being
applied specifically for biomod variants. The BioConverter itself is parame-
terized with several crucial parameters. The fuzzy learning rate factor nu is
set to 0.13, while the dampening factor is configured at 0.3. The rejuvenation
parameter dre is set to 14.0. The weight splitting parameter Gamma is defined
as 2, and Dale’s principle application is set to False. The base learning rate is
initialized at 0.01, the stability factor is configured at 3.0, and the learning
rate variability is set to 0.1.

Results
Our experimental analysis demonstrates distinct performance characteristics
across the four methodologies—CBP, L2, biomod, and biomod+CBP—over
5× 103 training iterations. The learning trajectories can be characterized into
three phases: an initial rapid improvement, an intermediate refinement, and a
final convergence. Quantitatively, all methods exhibited comparable starting
performance around 84% accuracy during the initial phase (0–200 iterations).
biomod and biomod+CBP displayed accelerated early learning, achieving
87–88% accuracy, while CBP and L2 reached 86–87%. This divergence in early
performance patterns became statistically significant (p < 0.05) by iteration
200.

https://github.com/shibhansh/loss-of-plasticity
https://github.com/shibhansh/loss-of-plasticity


The intermediate range (200–2000 iterations) presented a consistent, hierar-
chical pattern among performances: biomod maintained superior performance,
fluctuating between 88–90%, while biomod+CBP closely followed at 88–89%.
CBP performed marginally lower but remained competitive (87–89%), while
L2 regularization consistently underperformed, maintaining 87–88.5% accuracy.
The performance differential between biomod and L2 remained statistically
significant throughout this phase (p < 0.01). Most noticeably, during the peak
performance phase (2000–3000 iterations), we observed remarkable spikes in
accuracy. Both biomod and biomod+CBP frequently exceeded 90% accuracy,
with biomod+CBP achieving a maximum of 90.8% at approximately iter-
ation 2350. Variability in performance, represented by confidence intervals,
exhibited method-specific characteristics: L2 and biomod showed wider vari-
ance bands (±1.2% and ±1.1% respectively), whereas CBP and biomod+CBP
demonstrated more stable performance (±0.8% and ±0.9%, correspondingly).

In the convergence phase (3000–5000 iterations), all methods reached sta-
bility within a narrow performance band: Biomod, biomod+CBP, and CBP
converged to approximately 90–91% accuracy, while L2 stabilized at 89%.The
computational demands of our experimentation were substantial, requiring
4.32× 103 GPU hours (180 days) of continuous computation on NVIDIA A40
hardware. This resulted in an estimated energy consumption of 1.728×103 kWh
and a carbon footprint of approximately 0.86 tonnes CO2.

Used Metrics
This section provides detailed definitions of the metrics used in our analysis.

Error Rate
The error rate (E) is calculated as the proportion of incorrect predictions to
the total number of predictions:

E =
Number of incorrect predictions

Total number of predictions
=

FP + FN

TP + TN + FP + FN
(2)

where FP represents false positives, FN false negatives, TP true positives,
and TN true negatives.

Accuracy
The accuracy (A) measures the proportion of correct predictions:

A =
Number of correct predictions
Total number of predictions

=
TP + TN

TP + TN + FP + FN
(3)



Normalized Area Under Curve
The Normalized Area Under Curve (nAUC) provides a measure of learning
speed and stability. It is calculated as the mean accuracy across all training
epochs:

nAUC =
1

N

N∑
i=1

Ai (4)

where N is the total number of epochs and Ai is the accuracy at epoch i.

Mean Square Error
The Mean Square Error (MSE) measures the average squared difference between
predicted (ŷi) and actual (yi) values:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (5)

where n is the number of samples.

Normalized Root Mean Square Error
The Normalized Root Mean Square Error (NRMSE) is the root mean square
error normalized by the range of observed values:

NRMSE =

√
1
n

∑n
i=1(yi − ŷi)2

ymax − ymin
(6)

where ymax and ymin are the maximum and minimum observed values
respectively.

Statistical Moments
To analyze the distribution of our results, we calculated the following statistical
moments:

Skewness
Skewness (γ1) measures the asymmetry of the probability distribution:

γ1 =
E[(X − µ)3]

σ3
=

1
n

∑n
i=1(xi − x̄)3

( 1n
∑n

i=1(xi − x̄)2)3/2
(7)

where µ is the mean, σ is the standard deviation, and x̄ is the sample mean.

Kurtosis
Kurtosis (γ2) measures the ”tailedness” of the probability distribution:

γ2 =
E[(X − µ)4]

σ4
=

1
n

∑n
i=1(xi − x̄)4

( 1n
∑n

i=1(xi − x̄)2)2
(8)



Cohen’s d Effect Size
Cohen’s d (d) is a standardized measure of the difference between two group
means, calculated as:

d =
x̄1 − x̄2

spooled
(9)

where x̄1 and x̄2 are the means of the two groups, and spooled is the pooled
standard deviation:

spooled =

√
(n1 − 1)s21 + (n2 − 1)s22

n1 + n2 − 2
(10)

where n1 and n2 are the sample sizes, and s21 and s22 are the variances of the
two groups.

Two-Sample t-Test
The two-sample t-test evaluates whether the means of two independent groups
are significantly different. The test statistic (t) is calculated as:

t =
x̄1 − x̄2√
s21
n1

+
s22
n2

(11)

where x̄1 and x̄2 are the sample means, s21 and s22 are the sample variances,
and n1 and n2 are the sample sizes of the two groups. The degrees of freedom
(df) for this test can be approximated using the Welch–Satterthwaite equation:

df =
(
s21
n1

+
s22
n2

)2

(s21/n1)2

n1−1 +
(s22/n2)2

n2−1

(12)
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MLP ResNet 56AlexNet

Supplementary Fig. 1: Training accuracy curves comparing the learning
dynamics of AlexNet (orange), MLP (blue), and ResNet56 (green) architectures
across MNIST, CIFAR10, and CIFAR100 datasets under different combinations
of biological modifications (FL: Fuzzy Learning, WR: Weight Rejuvenation,
WS: Weight Splitting). Each row represents a different combination of modifica-
tions, showing the evolution of accuracy over 100 epochs. Orange lines represent
AlexNet, blue lines represent MLP, and green lines represent ResNet56 perfor-
mance.
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Supplementary Fig. 2: Effect sizes (Cohen’s d) for different τ fuzzy gradient
scaling distributions compared to baseline (no gradient scaling) on MLP
architecture trained on MNIST. Values shown only where statistically significant
(p < 0.01). Positive values (red) indicate superior performance compared to
baseline.

0.0
03

0.0
06

0.0
11

0.0
22

0.0
41

0.0
77

0.1
47

0.2
78

0.5
27 1.0

 (Gradient Scaling Rate)

beta

geometric

lognormal

normal

uniform

Di
st

rib
ut

io
n

1.05 0.96 0.81 0.66 0.93 1.12 0.79 1.05 0.69

0.84 0.58 0.75 0.77 0.93 1.08 0.89 0.98 1.0

1.01 0.91 0.72 0.79 1.1 1.27 0.72 0.97 0.57 0.87

0.88 1.01 0.86 0.91 0.91 1.0 0.77

1.18 1.45 1.0 1.09 1.14 1.9 1.24 1.17 1.15 1.38

2.0

1.5

1.0

0.5

0.0

0.5

1.0

1.5

2.0

Co
he

n'
s d

 v
s b

as
el

in
e

Supplementary Fig. 3: Effect sizes (Cohen’s d) for different τ fuzzy gradient
scaling distributions compared to baseline (no gradient scaling) on CNN
architecture trained on MNIST. Values shown only where statistically significant
(p < 0.01). Positive values (red) indicate superior performance compared to
baseline.



Algorithm 1: Dale’s Principle Implementation for Neural Networks
Input : Network N , fractions pE , pI ∈ [0, 1] for excitatory/inhibitory

neurons
Assert : pE + pI ≤ 1
Output : Network with Dale’s principle enforced

1 Function InitializeDale(N , pE , pI):
2 for each layer L ∈ N do
3 if isDenseLayer(L) then
4 Nout ← outputDim(L); nE ← bpENoutc; nI ← bpINoutc
5 nM ← Nout − nE − nI

6 T ← concatenate([0]nE , [1]nI , [2]nM ); T ← shuffle(T )
7 L.neuronTypes← T

8 W ← KaimingInit(L)×
√
2

9 for i← 0 to Nout − 1 do
10 if T [i] = 0 then
11 W [i, :]← max(0,W [i, :])
12 else if T [i] = 1 then
13 W [i, :]← min(0,W [i, :])

14 L.weights←W
15 if L has bias then
16 b← zeros(Nout)
17 for i← 0 to Nout − 1 do
18 if T [i] = 0 then
19 b[i]← 0.1
20 else if T [i] = 1 then
21 b[i]← −0.1
22 L.bias← b

23 Function EnforceDale(N):
24 for each layer L ∈ N do
25 if isDenseLayer(L) and hasattr(L, ’neuronTypes’) then
26 W ← L.weights; T ← L.neuronTypes
27 for i← 0 to len(T )− 1 do
28 if T [i] = 0 then
29 W [i, :]← max(0,W [i, :])
30 else if T [i] = 1 then
31 W [i, :]← min(0,W [i, :])

32 L.weights←W

33 while not converged do
34 Forward pass through N
35 Compute gradients via backpropagation
36 Update weights using optimizer
37 EnforceDale(N)
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Supplementary Fig. 5: Dale’s Principle adherence and synaptic balance
in neural networks trained with different methods. The fraction of positive
weights per neuron (top) and positive-negative synapse counts (bottom) depict
adherence to Dale’s Principle. The inclusion of methods like FL and WR
mitigates DP’s impact, maintaining functional balance and learning capacity.
Green denotes positive and red negative values.
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Supplementary Fig. 6: QQ plots of log-transformed weight distributions
for neural networks trained with various method combinations. The plots
compare empirical weight distributions against theoretical quantiles under
log-normal assumptions. Models combining FL, WR, and WS demonstrate
improved adherence to log-normality while balancing deviations that favor
learning. Colors denote different combinations.



Supplementary Fig. 7: Comparative analysis of neural network optimization
trajectories under various method combinations. Each subplot represents a
unique configuration of Fuzzy Learning (FL), Weight Rejuvenation (WR), and
Weight Splitting (WS), with and without Dale’s Principle (DP). Accuracy
values demonstrate method effectiveness in mitigating performance degradation
introduced by Dale’s Principle.



Supplementary Fig. 8: Three-dimensional visualization of neural network
loss landscape across different method combinations. Subplots illustrate the
impact of Fuzzy Learning (FL), Weight Rejuvenation (WR), and Weight
Splitting (WS) on network optimization trajectories, comparing performance
with and without Dale’s Principle (DP). Accuracy percentages reveal method-
specific improvements in network training.



Supplementary Fig. 9: Comparison of learning trajectories for four training
methodologies—Continuous Backpropagation (CBP in red), L2 regularization
(L2, in purple), biomod (combination of Fuzzy Learning [FL], Weight Reju-
venation [WR], and Weight Splitting [WS] in orange), and biomod combined
with CBP (biomod+CBP in blue). The graph illustrates accuracy progres-
sion over 5000 iterations, with biomod and biomod+CBP showing accelerated
early learning and superior peak performance, reaching over 90% accuracy.
Confidence intervals highlight method-specific stability, with biomod+CBP
exhibiting reduced variability compared to L2 and CBP. The results demon-
strate biomod+CBP’s enhanced learning capacity while maintaining robustness
across training phases. Light colored regions denote deviations.
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