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T H E  C O S T  O F  C O M P U T E
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1 ZIP = 1015 MIPS



C O N V E N T I O N A L  C O M P U T I N G

• Conventional computing is based on the von Neumann architecture 

• Separation of memory and compute creates a von Neumann bottleneck 

• Training and inference of deep neural networks as stored programs that run on the hardware



W H AT  I S  N E U R O M O R P H I C  C O M P U T I N G ?

Neuromorphic computing is a brain-inspired unconventional computing paradigm 
which aims to mimic neural information processing in biological systems

• Orders of magnitude more efficient than conventional computing (event-driven, compressed sensing, low power) 

• Robust compute in noisy physical devices (analog computing) 

• Assumes that there is no distinction between hardware and software (in-materia computing) 

• Computation that is local in space and time (in-memory computing)

compute 
1 exaflop @ 20 Watt

Mead, C. (1990). Neuromorphic Electronic Systems. Proceedings of the IEEE, 78(10), 1629–1636.



W H Y  N E U R O M O R P H I C  C O M P U T I N G ?

E N G I N E E R I N G  A R G U M E N T

“There’s plenty of room at the bottom.”

S C I E N T I F I C  A R G U M E N T

“What I cannot create I do not understand.”



N E U R O M O R P H I C  A P P L I C AT I O N S

Adaptive embedded edge devices Heterogeneous computing for efficient AI

➡ Less energy consumption (green AI) 
➡ Less heat generation 
➡ Higher throughput 
➡ Independent of the cloud (edge AI)



https://www.src.org/about/decadal-plan/

N E U R O M O R P H I C  C O M P U T I N G  R O A D M A P



N E U R O M O R P H I C  C O M P U T I N G  I N  E U R O P E  A N D  T H E  N E T H E R L A N D S



N E U R O M O R P H I C  C O M P U T I N G  @  R A D B O U D  U N I V E R S I T Y  &  D O N D E R S  I N S T I T U T E



N E U R O M O R P H I C  C O N T R O L

controls

observations



M O T I VAT I N G  E X A M P L E :  N E U R O T E C H N O L O G Y

de Ruyter van Steveninck et al. J. Vision. 2020; 2024); van der Grinten et al. eLife 13:e85812

neuromorphic chips for 
optimal neural control

Mohamed, H., Raducanu, B., Kiselev, I., Wang, Z., Kucukoglu, B., Rueckauer, B., van Gerven, M., 
Mora Lopez, C., & Liu, S.-C. (2023). A 128-channel real-time VPDNN stimulation system for a visual 
cortical neuroprosthesis. The 2023 IEEE Biomedical Circuits and Systems Conference (BioCAS).

Similar arguments hold for: 
• Healthcare 
• High-tech industry 
• Semiconductor manufacturing 
• Autonomous systems 
• Automotive 
• Space 
• …

Advantages: 
• Portable 
• Battery-efficient 
• High-throughput 
• Privacy-preserving 
• Theoretical alignment



N E U R O M O R P H I C  S U B S T R AT E S

Mehonic, A., & Kenyon, A. J. (2022). Brain-inspired computing needs a master plan. In Nature (Vol. 604, Issue 7905, pp. 255–260). 
Kim, M. K., Park, Y., Kim, I. J., & Lee, J. S. (2020). Emerging Materials for Neuromorphic Devices and Systems. IScience, 23(12), 101846.

Advances in materials science 
(physics-, chemistry-, biology-based)



M A R R ’ S  T H R E E  L E V E L S  O F  A N A LY S I S

But what are the algorithms that should run in 
neuromorphic substrates to mimic natural intelligence?

Guo, Y., Zou, X., Hu, Y., Yang, Y., Wang, X., He, Y., Kong, R., Guo, Y., Li, G., Zhang, W., Wu, S., & Li, H. (2021). A Marr’s Three-Level Analytical 
Framework for Neuromorphic Electronic Systems. Advanced Intelligent Systems, 3(11), 2100054. https://doi.org/10.1002/AISY.202100054



D Y N A M I C A L  S Y S T E M S  T H E O R Y

Dynamical systems theory provides the ideal common language for 
the development of neuromorphic computing

A dynamical system is a rule for time evolution on a state space, 
which can be described in terms of (a system of) differential equations



D Y N A M I C A L  S Y S T E M S  T H E O R Y

state vector 
at time t

drift 
function

diffusion 
function

Brownian 
noise

given the initial state 
<latexit sha1_base64="KspGYrTpQGpuL4+nASwFVhY1a4s=">AAACJnicbVDLSsNAFJ34rPUVdelmsAgVoSQi1Y1QdOOygn1AG8pkMmmHTiZhZiKWkF/wO/wAt/oJ7kTcufM3nKRZ2NYDw5w5517uneNGjEplWV/G0vLK6tp6aaO8ubW9s2vu7bdlGAtMWjhkoei6SBJGOWkpqhjpRoKgwGWk445vMr/zQISkIb9Xk4g4ARpy6lOMlJYGZrXveTB5TOEV9Kv6PoFQK4lK4Skc5kL27KRwYFasmpUDLhK7IBVQoDkwf/peiOOAcIUZkrJnW5FyEiQUxYyk5X4sSYTwGA1JT1OOAiKdJP9RCo+14kE/FPpwBXP1b0eCAikngasrA6RGct7LxP+8Xqz8SyehPIoV4Xg6yI8ZVCHM4oEeFQQrNtEEYUH1rhCPkEBY6RBnpkSjiaRYpmWdjD2fwyJpn9Xseq1+d15pXBcZlcAhOAJVYIML0AC3oAlaAIMn8AJewZvxbLwbH8bntHTJKHoOwAyM7191C6SM</latexit>

dx = f(x) dt+ g(x) dW
<latexit sha1_base64="2LiY4Ytz2QeVQDnCTZ6SHwourPQ=">AAACBnicbVDLSsNAFL3xWeur6tLNYBHqpiQi1Y1QdOOygn1gG8pkOmmHTiZhZiINoXs/wK1+gjtx62/4Bf6G0zYL23rgwuGce7n3Hi/iTGnb/rZWVtfWNzZzW/ntnd29/cLBYUOFsSS0TkIeypaHFeVM0LpmmtNWJCkOPE6b3vB24jefqFQsFA86iagb4L5gPiNYG+lxVLLP0DUade1uoWiX7SnQMnEyUoQMtW7hp9MLSRxQoQnHSrUdO9JuiqVmhNNxvhMrGmEyxH3aNlTggCo3nV48RqdG6SE/lKaERlP170SKA6WSwDOdAdYDtehNxP+8dqz9KzdlIoo1FWS2yI850iGavI96TFKieWIIJpKZWxEZYImJNiHNbYkGiWJEjfMmGWcxh2XSOC87lXLl/qJYvckyysExnEAJHLiEKtxBDepAQMALvMKb9Wy9Wx/W56x1xcpmjmAO1tcvXpGYXg==</latexit>

x(0) = x0

We will assume that the equations of motion of a neuromorphic system 
can described in terms of a stochastic differential equation (SDE) given by
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L E A R N I N G  F R O M  E X P E R I E N C E

How to set up the equations of motion such as to induce adaptation in an agent?

Very different from learning in conventional AI systems using backpropagation through time!
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O R N S T E I N - U H L E N B E C K  A D A P TAT I O N

García Fernández, J., Ahmad, N., & van Gerven, M. (2024). Ornstein-Uhlenbeck adaptation as a 
mechanism for learning in brains and machines. Entropy, 26(12), 1125. https://doi.org/10.3390/e26121125

We consider Ornstein-Uhlenbeck adaptation (OUA) which exploits 
noise as a mechanism for learning



O R N S T E I N - U H L E N B E C K  A D A P TAT I O N

García Fernández, J., Ahmad, N., & van Gerven, M. (2024). Ornstein-Uhlenbeck adaptation as a 
mechanism for learning in brains and machines. Entropy, 26(12), 1125. https://doi.org/10.3390/e26121125

with parameters θ=(θ1,…,θN), means μ=(μ1,…,μN) and value estimate

Define learning variables  
<latexit sha1_base64="VTfRjmYEgOXdv7lofc9O3cK3dgg=">AAACMXicbVBNSwMxEM3Wr1q/Vj0KEiyCgpRdEfUiFL14rGBV6JYym6bd0OxmSWaFsvTmr/Fa/0xv4tW/4MH042DVBwmP92aYmRemUhj0vJFTWFhcWl4prpbW1jc2t9ztnQejMs14nSmp9FMIhkuR8DoKlPwp1RziUPLHsHcz9h+fuTZCJffYT3kzhm4iOoIBWqnl7gdpJOgVPQow4ggnNIgz+0WA+fPguNRyy17Fm4D+Jf6MlMkMtZb7FbQVy2KeIJNgTMP3UmzmoFEwyQelIDM8BdaDLm9YmkDMTTOf3DGgh1Zp047S9iVIJ+rPjhxiY/pxaCtjwMj89sbif14jw85lMxdJmiFP2HRQJ5MUFR2HQttCc4aybwkwLeyulEWggaGNbm5KGvWNYGbukDxUqocQmoGNy/8dzl/ycFrxzyvnd2fl6vUsuCLZIwfkiPjkglTJLamROmHkhbySIXlzhs7IeXc+pqUFZ9azS+bgfH4DZ9yp3g==</latexit>

ω = (ε, µ, v̂)

Define

as the reward prediction error with              the true value
<latexit sha1_base64="2d9kiiGmfJcMliJdC72QHMB6sis=">AAACGnicbVBNS8NAEN34WetX1aOXxSJUkJKIVI9FLx4r2A9pQ9lsN+3STTbsTooh9Fd4rX/Gm3j14n/x4LbNwbY+GHi8N8PMPC8SXINtf1tr6xubW9u5nfzu3v7BYeHouKFlrCirUymkanlEM8FDVgcOgrUixUjgCdb0hvdTvzliSnMZPkESMTcg/ZD7nBIw0nM6GpfgEr9cdAtFu2zPgFeJk5EiylDrFn46PUnjgIVABdG67dgRuClRwKlg43wn1iwidEj6rG1oSAKm3XR28BifG6WHfalMhYBn6t+JlARaJ4FnOgMCA73sTcX/vHYM/q2b8jCKgYV0vsiPBQaJp9/jHleMgkgMIVRxcyumA6IIBZPRwpZokGhO9cIjqSflEIinxyYuZzmcVdK4KjuVcuXxuli9y4LLoVN0hkrIQTeoih5QDdURRQF6RRP0Zk2sd+vD+py3rlnZzAlagPX1C+9eog4=</latexit>

v(t, x)

<latexit sha1_base64="wpVZ8y3FN0P0MCky5E1zIBBtnoo=">AAACM3icbVBNSwMxEM3W7/pV9eglWAQFLbsi1YsgevFYwVahW8psmrah2c2SzBaXpVd/jdf6X8SbePUfeDD9OFj1QeDNezNM5gWxFAZd99XJzc0vLC4tr+RX19Y3Ngtb2zWjEs14lSmp9EMAhksR8SoKlPwh1hzCQPL7oHc98u/7XBuhojtMY94IoROJtmCAVmoWqN/iEoFe0P4BHtHHQ3pM/S5g1h9M6mah6JbcMehf4k1JkUxRaRa+/JZiScgjZBKMqXtujI0MNAom+SDvJ4bHwHrQ4XVLIwi5aWTjSwZ03yot2lbavgjpWP05kUFoTBoGtjME7Jrf3kj8z6sn2D5vZCKKE+QRmyxqJ5KioqNYaEtozlCmlgDTwv6Vsi5oYGjDm9kSd1MjmJk5JAuU6iEEZmDj8n6H85fUTkpeuVS+PS1eXk2DWya7ZI8cEI+ckUtyQyqkShh5Is9kSF6cofPmvDsfk9acM53ZITNwPr8B7ZOqDQ==</latexit>

ω = v(t, x)→ v̂(t, x)

<latexit sha1_base64="EeRKwc4YGxvuWWZJwymIBlfuzsg=">AAACH3icbVBNS8NAEN34WetX1aOXxSJUkJKIVI9FLx4r2A9oY9lst83STTbsTool5H94rX/Gm3jtf/Hgts3Btj4YeLw3w8w8LxJcg21PrY3Nre2d3dxefv/g8Oi4cHLa0DJWlNWpFFK1PKKZ4CGrAwfBWpFiJPAEa3rDx5nfHDGluQxfYBwxNyCDkPc5JWCkV9zxCSSjtATX+O2qWyjaZXsOvE6cjBRRhlq38NPpSRoHLAQqiNZtx47ATYgCTgVL851Ys4jQIRmwtqEhCZh2k/nVKb40Sg/3pTIVAp6rfycSEmg9DjzTGRDw9ao3E//z2jH0792Eh1EMLKSLRf1YYJB4FgHuccUoiLEhhCpubsXUJ4pQMEEtbYn8seZULz2SeFIOgXg6NXE5q+Gsk8ZN2amUK8+3xepDFlwOnaMLVEIOukNV9IRqqI4oUugdTdCHNbE+rS/re9G6YWUzZ2gJ1vQXoEij+Q==</latexit>

v̂(t, x)



O R N S T E I N - U H L E N B E C K  A D A P TAT I O N

García Fernández, J., Ahmad, N., & van Gerven, M. (2024). Ornstein-Uhlenbeck adaptation as a 
mechanism for learning in brains and machines. Entropy, 26(12), 1125. https://doi.org/10.3390/e26121125

for i=1,…,N

for i=1,…,N

<latexit sha1_base64="tDiy4WdR0NJDKIqbQbYcmA7n/SY="></latexit>

dωi = ε(µi → ωi)dt+ ϑdW

<latexit sha1_base64="3IEU8XMaRtVf6n7OVGZV5StQ7X8=">AAACMnicbVBNS8NAEN34Wb+jHj24WARPJRGpXgTRi8cKVoWmlMlm2yzdZMPupFBCj/4ar/pj9CZe/Qke3NYcbPXBwOO9GWbmhZkUBj3v1ZmbX1hcWq6srK6tb2xuuds7d0blmvEmU1LphxAMlyLlTRQo+UOmOSSh5Pdh/2rs3w+4NkKltzjMeDuBXiq6ggFaqePuB1FEgxiwGIzoOQ10rGgQcYlAxw523KpX8yagf4lfkiop0ei4X0GkWJ7wFJkEY1q+l2G7AI2CST5aDXLDM2B96PGWpSkk3LSLySMjemiViHaVtpUinai/JwpIjBkmoe1MAGMz643F/7xWjt2zdiHSLEeesp9F3VxSVHScCo2E5gzl0BJgWthbKYtBA0Ob3dSWLB4awczUI0WoVB8hNCMblz8bzl9yd1zz67X6zUn14rIMrkL2yAE5Ij45JRfkmjRIkzDySJ7IM3lxnp035935+Gmdc8qZXTIF5/MbXauq7w==</latexit>

dv̂ = ωεdt

<latexit sha1_base64="sgaNRa2XQYj52gvc6p2cj/t0mEs="></latexit>

dµi = ωε(ϑi → µi)dt

• Parameters θ of our model evolve according to an Ornstein-Uhlenbeck process 
• Mean vector μ follows its own dynamics modulated by reward prediction error δ 
• Value (estimate) simplified to the instantaneous reward (estimate)

OUA induces learning via the following dynamics:



O U A  C O N T R O L  O F  A  S T O C H A S T I C  D O U B L E  I N T E G R AT O R  ( S D I )

García Fernández, J., Ahmad, N., & van Gerven, M. (2024). Ornstein-Uhlenbeck adaptation as a 
mechanism for learning in brains and machines. Entropy, 26(12), 1125. https://doi.org/10.3390/e26121125

<latexit sha1_base64="awEjR50DJ9AFzYRdTP09pnE94Zw="></latexit>

dp = vdt

dv = (→ωv + u) dt+ εdW

<latexit sha1_base64="H23EAw4KXK8e3o8Cf4dErxEGGVY=">AAACHnicbVBNTwIxEO3iF+IX6tFLIzHBC9k1Br2YELl4xESQBDakWwo0dNu1nTXBDb/DK/4Zb8ar/hcPFtiDgC+Z5OW9mczMCyLBDbjut5NZW9/Y3Mpu53Z29/YP8odHDaNiTVmdKqF0MyCGCS5ZHTgI1ow0I2Eg2GMwrE79x2emDVfyAUYR80PSl7zHKQEr+TG+wW0gclCsvpx38gW35M6AV4mXkgJKUevkf9pdReOQSaCCGNPy3Aj8hGjgVLBxrh0bFhE6JH3WslSSkBk/mR09xmdW6eKe0rYk4Jn6dyIhoTGjMLCdIYGBWfam4n9eK4betZ9wGcXAJJ0v6sUCg8LTBHCXa0ZBjCwhVHN7K6YDogkFm9PClmgwMpyahUeSQKkhkMCMbVzecjirpHFR8sql8v1loXKbBpdFJ+gUFZGHrlAF3aEaqiOKntArmqA3Z+K8Ox/O57w146Qzx2gBztcvVwmjRg==</latexit>

u = tanh(Cz)

Environment (SDI):

with control

<latexit sha1_base64="n8lFL25h49P8lBeLBivnMg69cCk=">AAACLXicbVBNS8NAEN34bf2qetPLYhEUSklE1ItQ24tHBVsLTSiT7dYu3WTD7kQooeCv8Vr/jAdBvPonPLitPdjqg4HHezPMzAsTKQy67pszN7+wuLS8sppbW9/Y3Mpv79SNSjXjNaak0o0QDJci5jUUKHkj0RyiUPL7sFcd+fePXBuh4jvsJzyI4CEWHcEArdTK7/nY5Qj0kh75CGmRhkV6VawUafW4lS+4JXcM+pd4E1IgE9y08l9+W7E04jEyCcY0PTfBIAONgkk+yPmp4QmwHjzwpqUxRNwE2fiHAT20Spt2lLYVIx2rvycyiIzpR6HtjAC7ZtYbif95zRQ7F0Em4iRFHrOfRZ1UUlR0FAhtC80Zyr4lwLSwt1LWBQ0MbWxTW5Ju3whmph7JQqV6CKEZ2Li82XD+kvpJyTsrnd2eFsqVSXArZJ8ckCPikXNSJtfkhtQII0/kmQzJizN0Xp135+Ondc6ZzOySKTif3zePpxA=</latexit>

ω = (ε, b, A,B,C)

Parameters:
<latexit sha1_base64="2WuDiy3Pae/a42W/afBsazJUUdI=">AAACMnicbVDLTgIxFO34RHyhLl3YSExwwWSGGNSFCdGNS0zkkQCSTinQ0JlO2jsmZMLSr3GLH6M749ZPcGGBWQh4kibnnnNvbu/xQsE1OM67tbK6tr6xmdpKb+/s7u1nDg6rWkaKsgqVQqq6RzQTPGAV4CBYPVSM+J5gNW9wN/Frz0xpLoNHGIas5ZNewLucEjBSO3OicnCOb3Desa9xaPhTAeexY7s4mhbtTNaxnSnwMnETkkUJyu3MT7MjaeSzAKggWjdcJ4RWTBRwKtgo3Yw0CwkdkB5rGBoQn+lWPD1khM+M0sFdqcwLAE/VvxMx8bUe+p7p9An09aI3Ef/zGhF0r1oxD8IIWEBni7qRwCDxJBXc4YpREENDCFXc/BXTPlGEgslubkvYH2pO9dwhsSflAIinRyYudzGcZVIt2G7RLj5cZEu3SXApdIxOUQ656BKV0D0qowqi6AW9ojF6s8bWh/Vpfc1aV6xk5gjNwfr+BTecp2c=</latexit>

r(t) = →0.9p(t)2 → 0.1u(t)2

Reward function:

<latexit sha1_base64="9A3/hX/L/rdMuTTkGR0oMhNqC4k="></latexit>

dz = ω→1 → (↑z +As(z + b) + y) dt

<latexit sha1_base64="Nph8Q/vzgyMRIb1gcPhxIrajz8U=">AAACF3icbVA9SwNBEJ2LXzF+RS1tFoNgFe5Eoo0QYmMZwXxAcoS9zSZZs7d77O4Jx5H/YBv/jJ3YWvpfLNwkV5jEBwOP92aYmRdEnGnjut9ObmNza3snv1vY2z84PCoenzS1jBWhDSK5VO0Aa8qZoA3DDKftSFEcBpy2gvH9zG+9UKWZFE8miagf4qFgA0awsVIzQXeoRnvFklt250DrxMtICTLUe8Wfbl+SOKTCEI617nhuZPwUK8MIp5NCN9Y0wmSMh7RjqcAh1X46v3aCLqzSRwOpbAmD5urfiRSHWidhYDtDbEZ61ZuJ/3md2Axu/ZSJKDZUkMWiQcyRkWj2OuozRYnhiSWYKGZvRWSEFSbGBrS0JRolmhG99EgaSDk2ONATG5e3Gs46aV6VvUq58nhdqtay4PJwBudwCR7cQBUeoA4NIPAMrzCFN2fqvDsfzueiNedkM6ewBOfrFzEIoJY=</latexit>

y = Be

Agent (CTRNN):

with observations
<latexit sha1_base64="uGlVclgySjCeRWQV3OiH8i7wmI8=">AAACKHicbVDLSgNBEJz1GeNrVTx5GQxCBAm7IupFEL14jGAekIQwO+kkQ2Z3lpneYFjyMV7jz3iTXP0OD04eBxMtaCiquunuCmIpDHre2FlZXVvf2MxsZbd3dvf23YPDslGJ5lDiSipdDZgBKSIooUAJ1VgDCwMJlaD3OPErfdBGqOgFBzE0QtaJRFtwhlZqusdA72gd4RV1mPaBD/PxRf+86ea8gjcF/Uv8OcmROYpN97veUjwJIUIumTE134uxkTKNgksYZuuJgZjxHutAzdKIhWAa6fT8IT2zSou2lbYVIZ2qvydSFhozCAPbGTLsmmVvIv7n1RJs3zZSEcUJQsRni9qJpKjoJAvaEho4yoEljGthb6W8yzTjaBNb2BJ3B0Zws/BIGijVQxaYoY3LXw7nLylfFvzrwvXzVe7+YR5chpyQU5InPrkh9+SJFEmJcJKSNzIi787I+XA+nfGsdcWZzxyRBThfP/0Apzs=</latexit>

e = vec(p, v)where



O U A  C O N T R O L  O F  A  S T O C H A S T I C  PA R T I C L E

García Fernández, J., Ahmad, N., & van Gerven, M. (2024). Ornstein-Uhlenbeck adaptation as a 
mechanism for learning in brains and machines. Entropy, 26(12), 1125. https://doi.org/10.3390/e26121125



O U A  C O N T R O L  O F  A  S T O C H A S T I C  PA R T I C L E

Particle dynamics without learning Particle dynamics with learning

García Fernández, J., Ahmad, N., & van Gerven, M. (2024). Ornstein-Uhlenbeck adaptation as a 
mechanism for learning in brains and machines. Entropy, 26(12), 1125. https://doi.org/10.3390/e26121125



S O LV I N G  T H E  E X P L O R AT I O N - E X P L O I TAT I O N  D I L E M M A

OUA learning of the noise variance
<latexit sha1_base64="E8puZMLFAMN2Q0s0CaH560laaj0="></latexit>

dω = εω(µω → ω) dt+ ϑ dW

dµω = ϖωϱ(ω → µω) dt

García Fernández, J., Ahmad, N., & van Gerven, M. (2024). Ornstein-Uhlenbeck adaptation as a 
mechanism for learning in brains and machines. Entropy, 26(12), 1125. https://doi.org/10.3390/e26121125



T O WA R D S  A D A P T I V E  I N T E L L I G E N T  C H I P S

https://github.com/umutcanaltin/fpgai_compiler/blob/main/paper/assets/hls.pdf



T O WA R D S  P H Y S I C A L  L E A R N I N G  M A C H I N E S

Koenders, K., Schnitzpan, L., Kammerbauer, F., Shu, S., Jakob, G., Kläui, M., Mentink, J. H., Ahmad, N., & van Gerven, M. (2024). 
Noise-based Local Learning using Stochastic Magnetic Tunnel Junctions.Physical Review Applied (accepted for publication)
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E V O L U T I O N

In nature, adaptation takes place at different timescales: 

•Ontogenetic timescale: adaptation during the lifetime of an individual (i.e. learning) 

•Phylogenetic timescale: adaptation across generations of individuals (i.e. evolution)

"Nothing in Biology Makes Sense Except in the Light of Evolution” (Dobzhansky, 1973)



E V O L U T I O N A R Y  C O M P U TAT I O N

Initialize

SolutionEvaluate

Select

Reproduce

Example of a generic evolutionary algorithm: 

1. Randomly generate the initial population of individuals 
2. Evaluate the fitness of each individual in the population. 
3. Check, if the goal is reached and the algorithm can be terminated. 
4. Select individuals as parents, preferably of higher fitness. 
5. Produce offspring with optional crossover (mimicking reproduction). 
6. Apply mutation operations on the offspring. 
7. Select individuals preferably of lower fitness for replacement with 

new individuals (mimicking natural selection). 
8. Return to 2

Evolutionary computation is a family of algorithms for black-box optimization (a.k.a. 
gradient-free optimization) inspired by biological evolution

Many different variants: Genetic algorithm, evolution strategies, evolutionary 
programming, differential evolution, neuroevolution, gene expression programming, 
grammatical evolution, genetic programming, Cartesian genetic programming, …

https://en.wikipedia.org/wiki/Population_model_(evolutionary_algorithm)
https://en.wikipedia.org/wiki/Chromosome_(evolutionary_algorithm)
https://en.wikipedia.org/wiki/Fitness_function
https://en.wikipedia.org/wiki/Selection_(evolutionary_algorithm)
https://en.wikipedia.org/wiki/Crossover_(evolutionary_algorithm)
https://en.wikipedia.org/wiki/Reproduce
https://en.wikipedia.org/wiki/Mutation_(evolutionary_algorithm)
https://en.wikipedia.org/wiki/Offspring
https://en.wikipedia.org/wiki/Selection_(evolutionary_algorithm)
https://en.wikipedia.org/wiki/Natural_selection


G E N E T I C  P R O G R A M M I N G

Genetic programming (GP) is an evolutionary algorithm that evolves populations of programs 
represented as computational graphs

• First proposed by Turing in Computing Machinery and Intelligence 

• Explored by students of John Holland (pioneer in genetic algorithms) 

• Developed further by John Koza including four books on the topic

https://en.wikipedia.org/wiki/Evolutionary_algorithm


G E N E T I C  P R O G R A M M I N G

Can we use genetic programming to evolve intelligent agents?

Define agent dynamics by
<latexit sha1_base64="0wgH1ht9bQnRRAw19aDoNTMZUw0=">AAACFHicbVDLSsNAFJ3UV62vqODGzWBRKkhJRKoboejGZQX7gDaUyWTSDp1MwsxECLG/4Qe41U9wJ27d+wX+hpM2C9t64MLhnHs5l+NGjEplWd9GYWl5ZXWtuF7a2Nza3jF391oyjAUmTRyyUHRcJAmjnDQVVYx0IkFQ4DLSdke3md9+JELSkD+oJCJOgAac+hQjpaW+edDzPIjgyTX0K+gMJqcwE1TfLFtVawK4SOyclEGORt/86XkhjgPCFWZIyq5tRcpJkVAUMzIu9WJJIoRHaEC6mnIUEOmkk//H8FgrHvRDoYcrOFH/XqQokDIJXL0ZIDWU814m/ud1Y+VfOSnlUawIx9MgP2ZQhTArA3pUEKxYognCgupfIR4igbDSlc2kRMNEUizHJd2MPd/DImmdV+1atXZ/Ua7f5B0VwSE4AhVgg0tQB3egAZoAgyfwAl7Bm/FsvBsfxud0tWDkN/tgBsbXL2GRnIc=</latexit>

da = f(a, y)dt
<latexit sha1_base64="GMM0Y2fN4/IwX2JBRVR1q7SCtEQ=">AAACBHicbVDLSsNAFL2pr1pfVZduBotQNyURqW6EohuXFewD2lAm00k7dDIJMxMhhG79ALf6Ce7Erf/hF/gbTtMsbOuBC4dz7uXee7yIM6Vt+9sqrK1vbG4Vt0s7u3v7B+XDo7YKY0loi4Q8lF0PK8qZoC3NNKfdSFIceJx2vMndzO88UalYKB51ElE3wCPBfEawNlI3RjdoVMXng3LFrtkZ0CpxclKBHM1B+ac/DEkcUKEJx0r1HDvSboqlZoTTaakfKxphMsEj2jNU4IAqN83unaIzowyRH0pTQqNM/TuR4kCpJPBMZ4D1WC17M/E/rxdr/9pNmYhiTQWZL/JjjnSIZs+jIZOUaJ4Ygolk5lZExlhiok1EC1uicaIYUdOSScZZzmGVtC9qTr1Wf7isNG7zjIpwAqdQBQeuoAH30IQWEODwAq/wZj1b79aH9TlvLVj5zDEswPr6BVrZl9g=</latexit>

u = g(a)with observations y and control output 

this is a program!  this is a program!  

We learn symbolic policies from scratch!



G E N E T I C  P R O G R A M M I N G

de Vries, S., Keemink, S., & van Gerven, M. (2024). Discovering Dynamic Symbolic Policies with Genetic Programming. http://arxiv.org/abs/2406.02765



C O N T R O L L I N G  A  S T O C H A S T I C  H A R M O N I C  O S C I L L AT O R
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de Vries, S., Keemink, S., & van Gerven, M. (2024). Discovering Dynamic Symbolic Policies with Genetic Programming. http://arxiv.org/abs/2406.02765



C O N T R O L L I N G  T H E  A C R O B O T
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de Vries, S., Keemink, S., & van Gerven, M. (2024). Discovering Dynamic Symbolic Policies with Genetic Programming. http://arxiv.org/abs/2406.02765



C O N T R O L L I N G  A  C O N T I N U O U S  S T I R R E D  TA N K  R E A C T O R
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de Vries, S., Keemink, S., & van Gerven, M. (2024). Discovering Dynamic Symbolic Policies with Genetic Programming. http://arxiv.org/abs/2406.02765



P E R F O R M A N C E  C O M PA R I S O N

de Vries, S., Keemink, S., & van Gerven, M. (2024). Discovering Dynamic Symbolic Policies with Genetic Programming. http://arxiv.org/abs/2406.02765



L E A R N T  S Y M B O L I C  P O L I C I E S

de Vries, S., Keemink, S., & van Gerven, M. (2024). Discovering Dynamic Symbolic Policies with Genetic Programming. http://arxiv.org/abs/2406.02765



KO Z A X :  A  J A X  F R A M E W O R K  F O R  G E N E T I C  P R O G R A M M I N G

Fast & parallel
genetic programming

K zax

Symbolic  solutions

Diverse problems

https://github.com/sdevries0/Kozax/tree/main

de Vries, S., Keemink, S. W., & van Gerven, M. A. J. (2025). Kozax: Flexible and Scalable Genetic Programming in JAX. GECCO (accepted for publication)



KO Z A X  I N T E R N A L S

• Computational graphs mapped to matrices 

• Allows for efficient vmapping and jit-compilation 



KO Z A X  I N T E R N A L S

Processing of a matrix in Kozax: 
• The matrix is iteratively solved with the input values: y1 = π/2 and y2 = 1 

• A blue row in the matrix corresponds to a blue node in the tree, where the computed value of the node is stored in the last column  

• The final value of the tree is obtained by taking the stored value in the last row



KO Z A X  I N T E R N A L S

Crossover applied to a pair of trees, producing two new trees: 
• A random node is selected in both trees and the corresponding subtrees are swapped, indicated by the blue 

and orange subtrees. 

• The matrix shows the representation of the left tree before and after crossover, where the blue and orange 
rows correspond to the removed and added subtrees respectively. 

• The green cells show the nodes that remain in the tree, but of which the position or child indices have been 
changed accordingly.



KO Z A X  I N T E R N A L S

Mutation is applied to a tree to evolve a new tree: 
• In this example, the root node changes from a multiplication to an addition 

• The matrix representation is shown before and after mutation in blue and orange respectively.



F R A M E W O R K  C O M PA R I S O N :  F E AT U R E S

<latexit sha1_base64="Qcp3zJO9Qep7UmWYMvV7TZ/+byI="></latexit>

Feature PySR DEAP Kozax

Custom operators ↭ ↭ ↭
Custom fitness function ↭ ↭ ↭
Pareto front ↭ ↭ ↭
Symbolic constraints ↭ – –
Simplification ↭ – –
Multi-objective optimization – ↭ –
JIT compilation ↭ – ↭
Constant optimization ↭ – ↭
Flexible tree definition – ↭ ↭
Di!erent tree classes – – ↭
Runs on GPU – – ↭



F R A M E W O R K  C O M PA R I S O N :  P E R F O R M A N C E

We can solve a wide range of different problems including scientific 
discovery, circuit design and optimal control



F R A M E W O R K  C O M PA R I S O N :  S P E E D
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C O N C L U S I O N S

Neuromorphic computing is a beautiful approach for the future of compute 

Huge opportunity for the European scientific and strategic roadmap 

Breakthroughs drive advances in science, industry and society: 

•Self-learning neuromorphic system-on-chip for sustainable AI 

•Neuromorphic edge devices for optimal control 

•Brain-inspired autonomous systems



THANK YOU


