p(Y,Z]X)
. o . X—p(XY.2)
y Z

Biologyinspired neural networkswith (Y2

multi-directional propagationof valuesand distributions

Science: 10.34133/cbsystems.032025):D p 1t of biological neurons
trained to play Pongvin with modern Reinforcement Learning algorithms

>

Biological Layout Feedback MCC/HCC
neuronson Ball resets
X 1.00
HD-MEA i 3 0
= — . *5,0-95 — oo
© — —_— A2C
S § E, ic) 0.90 — PPO /
é IR § it o E >>0.85
— — @©
T Motor region action 1 ’CTJ 0.80
d Motor region action 2 )0.75 M
Z223 Sensory area (4x4 sparse) © -
[ Motor region (3x3 sparse) 0>3 '
x Stimulation electrode | <065
t Feedback loop ) 0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Elapsed minute

Qurrently MLP: multHlayer perceptron, KAN: Kolmogore&rnold Networks
[ S éx@adthem towardmathematical properties of biological neurons

(Rats were found to prefer situations involving certainty O  pn8e@ainty 6
In practice: world!issprobabilisticic (modelling?)) action potential  _\.—p>

Biologicallaxani: bidirectionabpropagation KJN“i; or ﬁOJnL


https://spj.science.org/doi/pdf/10.34133/cbsystems.0336
https://psycnet.apa.org/record/1982-22799-001

2WNN (two-way), joint distribution neurons no Bayas: 8 ((;?XZ)) >y
. o - - X p 4
Biologyinspired neuralnetworks with o -

multi-directional propagationof values andlistributions

i e\"& “\\l*‘\i?f’) YQ‘\

Biological NN still superiorthan ANNs W h@,%% stimulation
Increasing #f neuronsis not enough @* 5 ' i O O—C—0
Too complexo get withspiking NI? - §§\@ e ;f sy
e.g.bursts spike annihilation synchromz} e S
Extract mathematicsto logical neuror? /\i O b Q J\,

recording

what properties for BNN superioriBvs MLP/KA e
- Biological axomastwo-way propagation(from joint dist.?) T"(’”'{f;:}!ﬁf{léé;
CDF " {fYor{g
djjk

- E.g.ratsuseuncertainty (propagate (exp. valvariance)?) .- 3
- biologically plausiblé&raining (information bottleneck) p’

Upgrades oKANarXiv:2404.19756Tegmark >5 citations/ day

HCRNN week laterarXiv:2405.0509from arXiv:1804.06218€
addingto KAN two-way propagation of values andlistribut., 1£
pairwiseto higher dependenciesadditional trainingways ~ #® =21% /()

propagation:
[ S/ dzyyY a[ [ aa

direct, IB, tensor decompositiorX p(x| y, 2)
Jarek Dudacodes recording poster Py, z1) |



https://en.wikipedia.org/wiki/Bursting
https://pubmed.ncbi.nlm.nih.gov/18183413/
https://journals.aps.org/pre/pdf/10.1103/PhysRevE.92.032707
https://psycnet.apa.org/record/1982-22799-001
https://en.wikipedia.org/wiki/Information_bottleneck_method
https://arxiv.org/pdf/2404.19756
https://scholar.google.pl/scholar?cites=13462505715442374065&as_sdt=2005&sciodt=0,5&hl=en
https://arxiv.org/pdf/2405.05097
https://arxiv.org/pdf/1804.06218
http://th.if.uj.edu.pl/~dudaj/
https://community.wolfram.com/groups/-/m/t/3241700
https://youtu.be/LwIkULDZKwo
https://th.if.uj.edu.pl/~dudaj/HCRNNposter.pdf
https://observer.com/2025/11/yann-lecun-leave-meta-launch-world-models-startup/

MLP,KANC trivial one-way parametrizationsX could BNN/we use more’

Trainedby backpropagationg possible for all continuousarametrizatons

but it isnon-local (long connectionspiology needs biologically plausible

What biology doe®3??We know only simple e.¢pngterm potentiation,

Hebbian dNeurons that fire together, wire togethéiX high level mechanisniz??

Model |  Multi-Layer Perceptron (MLP) | Kolmogorov-Arnold Network (KAN)
Theorem Universal Approximation Theorem Kolmogorov-Arnold Representation Theorem
. | N(e) 2n+1 n
ormula —
(Shallow) Jx) ~ Z ao(W; - X+ b)) fx) = 21 (I)q 1 d)fiyp(xp)
i=1 q= p=
(a) fixed activation functions | (D) learnable activation functions
/ on nodes ~N T N o — on edges
Model
(Shallow) AV AV VAV “~—> sum operation on nodes
learnable weights N LTINS ALV W
on edges
o MLP(x) = (W5 0 6,0 W, 0 6, 0 W, )(X) KAN(x) = (@ o D, o ®,)(x)
MLP(x) | (d)
Model ,|\nonlinear,
(Deep) Sixed nonlinear,
"| learnable
finear N AT AN @
» learnable 1 —
X NN x

r


https://en.wikipedia.org/wiki/Long-term_potentiation
https://en.wikipedia.org/wiki/Hebbian_theory
https://arxiv.org/pdf/2404.19756

BNN learning ANN backpropagatio

[ S/ dzyyY &G[ [ aanm

t=3ms
Action
potential

t=7ms

Action
K+ potential
> - u:

- nucleus

e
>~ cell

> p ' body axon

axon
terminals

Parameters ANN  source| BNN
Input dendrites I
Structure weight synapse
output axon
hidden layer cell body (~86B)
: very precise structures |can tolerate ambiguity
Learning :
and formatted data flexible peton
complex simple e
Processor high speed low speed =
one or a few large number I
separate from a integrated | Eax
Memory processor in_to processor g 2
localized distributed -
non-content addressable content-addressable
centralized distributed
Computing sequential parallel (neurons m——
stored programs self-learning > Rl) dendrites
Reliability very vulnerable robust \
: numerical and symbolic | perceptual
Expertise : :
manipulations problems I
Operating well -defined poorly defined 0y
Environment well -constrained un-constrained o

2: .f out

bias


https://www.geeksforgeeks.org/difference-between-ann-and-bnn/
https://www.quora.com/How-many-dendrites-does-a-neuron-have
https://www.researchgate.net/publication/281184336_Coupling_of_numerical_methods_for_the_forward_problem_in_Magneto-_and_Electro-Encephalography/figures?lo=1&utm_source=google&utm_medium=organic
https://www.researchgate.net/publication/281184336_Coupling_of_numerical_methods_for_the_forward_problem_in_Magneto-_and_Electro-Encephalography/figures?lo=1&utm_source=google&utm_medium=organic
https://towardsdatascience.com/the-differences-between-artificial-and-biological-neural-networks-a8b46db828b7
https://observer.com/2025/11/yann-lecun-leave-meta-launch-world-models-startup/
https://spj.science.org/doi/10.34133/cbsystems.0336
https://spj.science.org/doi/10.34133/cbsystems.0336

Spiking: physical level , but what is@gical neuron & hidden mathematic®
(Rats were found to_prefer_situations involving _certainty O1  un8e@ainty 6
MLP, KAN parametrizations _reducible HCRNN data structure, biologically plausible

fundamentally action potential e
multidirectional AN NG axon

(joint distribution) Na_> or <€—_J_

oropagate values Of Probability e.g. for uncertainty

proz'agg.a;z(\)lglsues m‘ ﬁ K K K K distributions @esnma‘non

optimized for
single direction propagation

(also joint)
top-down error signals, e.g. backprop | layer-wise error signals, e.g. information bottleneck
. training
nput > [ |- input =>17” | —> 71— 7] “global
N | Ilcompress| * | predict | **1 :
sequential error simultaneous i 1T 1 max teaching
error < & | & error I(T;,.,Ty) I07..5.4) signal
propagation / / propagation /( /x i P,

'HcRNN — neurons containing local djik "\‘\X trained by backprop, estimation,
joint probability distribution modelp 4 or information bottleneck:

o - % Y %
£
X

(a;) —tensor, f;(x) — fixed basis

Can be degenerated to KAN-like C = XX", C, = YY" batch features

allows propagation in any direction — BCy = 0 diag(A; < - <1,) 0"

of values, probability distributions | 4 T 0,,«1 k- k features on size n batch
update NN weights toward: X'T, TTY

e.g. p(xly,2), p(vIx), E[zlx,y] |£



https://psycnet.apa.org/record/1982-22799-001

Joint distribution neuronsaslogicalfor BNNs
multidirectional propagation of valuesor probability distribution
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R Qw5 G QW ~KAN 00 02 04 06 08 10
oy P P B& Mo fit [
L UieB & Q& poly 308/
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Wasttao=abstract now aslKANesponseexpansion: P(Y,Z|X)
Biology-inspired artificial neuror? 2018) X—P&rz)

: " . . P(X|Y,
Directlylearns conditional probability distributions (x11:2)

| . By -
can exploit them byredicting in flexible directions B; -

How to dodeep learningwith them ¢ learnlong correlation cha|n§/

g

X K 2 tainin®rmediate layersof hidden dominant features?

Biological neuron: accumulate inputs until trigger,
then impulse: sends modelled predictions of inputs.

inputs excitatory/inhibitory responses
A A R 2N N 1 M 1 M
X 4+ — xi" E predict: 7" = E;(

accumulate inputs adapt:as = (1-Nay + /\f ( )

< |reset: x=0



https://arxiv.org/pdf/1804.06218

Can we directly train intermediate layers? (video)
Naftal Tishbyinformation theoretic view¢ permutation, bijection independent
Markov process between layeffgst extract/compress essential information
reducingmutual information [bits] O ¢  'OONY ‘OMY E

Information bottleneck(Tishty): for @© “YO @optimizeE 1°CQNY 1 N

E T'cany Q0. O O
AN A ANZA O |
compression @ : BB K O 1@ prediction
PN NN o i'é
O O |
® O
X

M(3) # W %o 0 r%ooo_ol ¢ assample size

‘¢ for normalized

%oGaussiantocal, width? HCRmany globalpoly "¢


https://en.wikipedia.org/wiki/Naftali_Tishby
https://youtu.be/bLqJHjXihK8?si=056WNXfotx9AojZ3&t=820

decompaoseddepeddetieieis intoimbded anamerdcontrol, accutagy ¢ crédibilty

HIERARCHICAL CORRELATION RECONS]

for time series, conditional distribution (Baye9 modelg(
(nonlinear, adaptive,all-directional) artificial neurons

How to model/estimate density from a data sam
B, & Ca (in "Qorthonormal basis)

, hon-stationarity , missing data

MSEfit polynomial " w
also forjoint distribution

"RUCTIOLI
p(Y,Z]1X)
—pXrz
- pXY.2)
nle?

Moments/cumulants |z e Bgglll ¢ | Machine learning, NN
# parameters low 7 rough from low to high high - accurate
estimation e.g.d ;gB 0 h sf_§|3 00 usually iteration
Interpretable? yes Yes:mixed moments| depends trust ???
Independently? yes Yes(adapt, missing) depends
Unique? yes yes (MSE) often huge freedom
Accuracy? controllable controllable usually uncontrollable
Density? moment problem YES: B|=_|=.I ° depends
O complete depends yes depends
Eﬂf;;?zladble independent  ~ correlation coef. (intro , talk, slides) ~homoscedasticity
to -uniform _ . — '
~pair-wise + a1l -++ a12 - |+ 221 -H+a22-



https://en.wikipedia.org/wiki/Moment_problem
https://community.wolfram.com/groups/-/m/t/3017754
https://youtu.be/TdkgUIR24Ck
https://th.if.uj.edu.pl/~dudaj/HCRbasic.pdf

extract, exploit atditiondlinflormationffromddata e easyotoypishsh

Some aticles using hierarchical correlation reconstruction introduction with Mathematica code

[1] J. Duda, Rapid parametridensity estimation ,arXiv:1702.02144(2017)

[2] J. DudaHierarchical correlation reconstruction  with missing data, for example forbiology -inspired

neuron , arXiv:1804.06218(2018)

[3] J. DudaExploiting statistical dependencies of time series  with hierarchical correlation reconstruction,
arxiv:1807.04119(2018)

[4] J. Duda, M. Snarska, Modeling joint probability distribution ofield curve parameter s, arXiv:1807.11743

[5] J. Duda, A. SzulGredibility evaluation  of income data with hierarchical correlation reconstruction, sociology
arXiv:1812.08040(2018), International Conference on Applied Economic£2020) finance
[6] J. Duda, R. Syrek, H. Gurgul, Modellinigl -ask spread conditional distributions  using hierarchical

correlation reconstruction, arXiv:1911.02361(2019), Statistics in Transition vol 21 no 4(2020)

[7] J. Duda, G. Bhatta, Leggable probability density functions,non-stationarity evaluation , andmulti -feature
autocorrelation analysis of ther-ray light curves of blazarsarXiv:2005.14040(2020), Monthly Notices of the
Royal Astronomical Society Main JourngR021) astronomy
[8] J. Duda, H Gurgul, R. Syrek, Mul@ature evaluation offinancial contagion , CEJOR2021)

[9] J. Duda, Predictingonditional probability distributions of redshifts of Active Galactic Nuclei using
Hierarchical Correlation ReconstructionarXiv:2206.06194 (2022), Monthly Notices of the Royal Astronomical
Society Main Journa(2024) chemoinformatics
[10] J. Duda, S. Podlewska, Low cqgstediction of probability distributions of molecular properties for early
virtual screening,arXiv:2207.11174, Molecular Diversity (2022)

[11] J. DudaTime delay multi -feature correlation analysis to extract subtle dependencies fronEEG signals

arxiv:2305.09478(2023) EEG
[12] J. DudaExtracting individual variable information  for their decoupling, direct mutual information and
multi -feature Granger causalityarxiv:2311.13431(2023) mechanics

[13] J. Duda, J. A G E IP. Pawlik, W. Cioch, CMA¥I| CopulabasedMultifeature Autocorrelation Fault
Identification of rolling bearing , Mechanical Systems and Signal Processi(2024)

[14] J. Duda, Biologyinspired joint distribution neurons  based on Hierarchical Correlation Reconstruction
allowing for multidirectional neural networks , arXiv:2405.0509(2024)

[15] J. Strawa, J. Dudanproving KAN with CDF normalization to quanti les, arXiv:240513393(2025)

~ Ve ~ ~ - ~ ~ - ~ ~ ~ pe s~

FrpeY *8 $OAARh * 8indefeddAnEcddst of sBmiladd GeBochant©d$HSICEarXiv:2508.18338

a1 & dinglnduioy” § 1S Bughid cdadd@zifidrRtheyn S (1 ¢ 2 NJ|



https://community.wolfram.com/groups/-/m/t/3017754
https://arxiv.org/pdf/1702.02144
https://arxiv.org/pdf/1804.06218
https://arxiv.org/pdf/1807.04119
https://arxiv.org/pdf/1807.11743
https://arxiv.org/pdf/1812.08040
https://link.springer.com/chapter/10.1007/978-3-030-38253-7_6
https://arxiv.org/pdf/1911.02361
https://sit.stat.gov.pl/SiT/2020/5/gus_sit_2020_05.pdf
https://arxiv.org/pdf/2005.14040
https://academic.oup.com/mnras/advance-article/doi/10.1093/mnras/stab2574/6368871
https://academic.oup.com/mnras/advance-article/doi/10.1093/mnras/stab2574/6368871
https://link.springer.com/article/10.1007/s10100-021-00756-3
https://arxiv.org/pdf/2206.06194
https://academic.oup.com/mnras/advance-article/doi/10.1093/mnras/stae963/7644359
https://academic.oup.com/mnras/advance-article/doi/10.1093/mnras/stae963/7644359
https://arxiv.org/pdf/2207.11174
https://link.springer.com/article/10.1007/s11030-022-10589-0
https://arxiv.org/pdf/2305.09478
https://arxiv.org/abs/2311.13431
https://www.sciencedirect.com/science/article/pii/S0888327024001195?dgcid=author
https://arxiv.org/pdf/2405.05097
https://arxiv.org/abs/2507.13393
https://arxiv.org/abs/2508.18338
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Derivation: € Q Wizesample m

KDE (kernel density estimation):\>-w oo |
il 71,
(26 ¢ minim. MSE""

"Q Df -width Gaussiami each poﬁT

Adié ALa P08 AOA
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AV \ -
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https://arxiv.org/pdf/1702.02144

Normallizef forppolynomial @pprimation PDF p uniform

In practice normalize each variable \
to ~uniform distribution: ¢4 AA “« *

g =
(1/2: median position: quantile likecopulg) L Q)
=
)

Thenfit polynomial as joint distribution O
(daily log returnst 10 70 )

(xt1,x") pairs from TRV series + used estimated density p isolines
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https://en.wikipedia.org/wiki/Copula_(probability_theory)

Gaussiart Hermite polymaniidisalternative normalizatione e.g. fior shape diesriptors

detailed continuous decodable rotation-invariant shape descriptors
shape features of e.g. molecules, shape similarity metric avoiding rotation optimization

arXiv:2601.03326 o ’ 2 3 q s ‘ 7 ‘ q

PCA can approximate shape : as elllpsmd

[Pla = El(x, — Elx )G, —E[o,D] 4@ 1 # & & & & & & »
Tr([p]™=1-%) are rotation invariants T EE P rrEr e
Extension: detailed tensor description: _
E[(xq — E[xa])(xp — E[xp]) (xc — E[x,])] ¢ P99eewes
or decodable: Gaussian - polynomial —, . ' ‘ ' - . ‘ ' . '
Detailed continuous rotation \mvarlants ‘ ' ’ , - . ‘ , ' L |
ri; - PI e ” o ' a ’ ‘ ‘ ‘ , ' '
r= Trf[vp]).form-—- 1_,2,3,4 o ' : ’ ‘ ‘ ‘ 7 ' '
n%l-’)-(zed XavPa ((P1™av P * o ' 2 , q ‘ ‘ ’ ' '
3 Zb pb 2abe PaabPbec
Zbafl:bapdapb Pff o , 3 3 q s ‘ 7 ' q
N ' 013234567289
g L0 o= 01234567289
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https://arxiv.org/pdf/2601.03326

Genetdlize Plobal vslocal basis log hkehhood mean lg(p) on random 25% test, 75% tralnlng

KDE; kernel density estimation™

.7 -radius Gaussian in each point/ p¢
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https://en.wikipedia.org/wiki/Kernel_density_estimation

Hierarchical correlation reconstruction: p(x) = X

j 9 ;(X)

d variables, up to m-th moment, number of a; moments:
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t conditional dlstrlbutlons without Bayes

MSE estimatedrom dataset® O s
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For consideredtatistical dependencies:
basisé') of consideredmixed moments

¢ H'1'HI#&™ & 8™ & over dataset entire or:

- over a subsetor missing data we need onlyQ Tttcoordinates ad&Q) p

- Q =(L‘ P _ ..... e parameter evolution fononstationarytime series
independent  ~ correlation coef. further statistical dependencies var-var
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Value propagationf? evIB. | from HCRdJoint density(chwdB. ) e.g.neuron:

Especially foexpected valueslet usignore thez Issuec¢ simplifying a lot
0 do ” (lftb 5 T0M00 * SUbStitUtey
S and mormalize
- B & QuQw o B & Mw
restrict 2w e~
) B & "QO'QOQ® 4, B ®w QW
to 1 moment o moments
Odw - —= AO  &QwQ® -h_, dQwQ® —
HHT "I T 1 HTHBHT "8 "1 "HHARS0JO doxo g
D p B & MoMa ~KAN ttrainedpoly.
Ocwhy = ——= —————— W & Mg @ M
¢ ¢Mo B w VoQajjioBA | parameters:nmoments

Polynomialsummation, normalize e.g%.w # $ & "Qw for minibatch
degenerating to KAN fqrairwise, allowing toconsciously add triplewisdigher

X andadding many new training possibilitieX

Biological plausibility”’Summation + trained-parameter functions?



Poly. KAANAMHthCCDRomnoerir 100 points (green)

arXiv:2507.13393¢ )
Improving Legendre KA g
by replacingescalewith g
CDF/EDF normalization

More appropriate for
low degree descriptiong
better at generalization
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1 neuronpolKAN trained, lmirect estimation matrix product

f[x_] := Exp[x[1] - x[2]° - x[3]° + x[4]°]; d = 4; (+ function, variables =

m=4; n = 1000; SeedRandom[1]; (x max. features, points, next find basis: x)
fs = Expand[Table[LegendreP[i, x] *Sqrt[(2i+ 1)] /. x -» 2x - 1, {i, m}]];
X = RandomVariate [NormalDistribution[0@, 1], {n, d}]; Y=Map[f, X];

inX = Table [normEDF [ X[All, i]]], {i, d}]; inY = normEDF[Y]; (*normalizationw)
nX = Transpose [Table[inX[i] [X[All, i]], {i, d}]1]; nY =inY[Y];

md =4; X = Flatten[fs[[1;; md] /. x> nX, {{2}, {3, 1}}]; (» features )
mu=1; Y =Transpose[fs[[1;; mu]] /. X - nY]; +» only expected value )

as = Flatten[Transpose [X] .7] /n; (» direct parameter estimation )

cp=1/2+Expand[Partition[as, md] .fs[[1;; md]] /Sqrt[12]; (+ E «)

Print [Row[ {ListPlot [Transpose[{nY, Y}]], "of sum of below: "}11];

Row[Table[cf = cp[[i] /. X =» inX[[i]] [x]; (* polynomials (normalized X)
Plot[cf, {x, -2, 2}, ImageSize » 130], {i, d}]]

trained
168: ~exp i KAN-like example: 1-paremeter function, summation
* J of sum of below: |E[x|y,z] ~ normalized Y;a,ofi(y) + X a10;fi(2)
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Single neuronfromjoint distribution, or direct
prediction of momentsfrom many variables
E.glinear reg, household income distributions

polynomial pg () ~> calibration p > (p) > y, density T

of degree m=1 \ /fo o(p(x))dx emarginal den31ty

~exp val.

inverse. varlable relevance: LL from using only this single variable
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survey design: LL from chosen first few variables for m=4 (all: 0.574

B;k] j— arg mln Z(.X',V)EX ||f}(x) —_ Zk ﬁé vk | |% . sf sourcel food pers source2 edu sft casheq unemp urb

LL!0.217 0.321 0.398 0.435 0.467 0.493 0.512 0.527 0.539 0.545

222
Pinceq(x) =1+ Z a;jfi(z) predicted den51ty on [O 1] with coefficients: a4 = Bo + Z Bk
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