[Iporpamua peasnizanis Bukonana Ha Python i3 3amy4ennsm 6i0miorek scikit-fuzzy nst podoTu 3
HEUiTKOO Jiorikoro, NumPy i SciPy mist matematnunux pospaxyskiB, Matplotlib mis Bizyaunizarii Ta
Tkinter anst ctBopeHHs rpadiynoro iHrepdeiicy. MaTemMaTyHa MOJIEINb TEILIONPOBITHOCTI 0a3yeThes
Ha OJHOBHMIpDHOMY HeECTallioOHapHOMY piBHSIHHI Dyp'e 3 TPaHUYHHUMH yMOBaMHU TPETHOTO POy, SIKE
PO3B'sI3y€eThCS UHCENbHO MeToioM Pyrre-KyTTn werBeproro mopsaaky 3 iHtepBanom iHTerpysanss 0,1
CEKYH/IH.

MMinxin mo dopmyBaHHS 0a3u 3HAaH mependadae po3OUTTS eKCIepTHOI iH(opMaIlii omeparopis
Ha IPOCTi NpaBWiIa NPUHHATTA piieHb. s TppoX BXIAHMX 3MIHHHX i3 3 — 4 TepMamMM KOXHa
TEOPETHYHO MOXJMBE (hopmyBaHHs 0azu 3 27 — 48 mpaBui. [Ipore Ha MpakTUIl BUKOPUCTOBYETHCS
JUIIE MiJMHOKMHA HaWBaXIMBIIIMX KoMOiHamid. Hanpukianm, cuTyariss THIY «IyXKe BHCOKa
TeMIepaTypa + BUCOKa IIBUAKICTb + HU3bKE OXOJOKEHHD KIAaCU(iKyeThCs K KPUTUYHA 1 HOTpedye
MaKCHUMaJbHOTO Kepyrodoro BBy (+ 50%). BomHowac koHirypamisi «HH3bKa TemIlepatypa +
HU3bKa IIBUJAKICTh + BHCOKE OXOJOKEHHSI» BHMarae 3HAYHOTO 3HIDKEHHS BILMBY (— 50%), mo6
YHUKHYTH TEPMIYHOTO LIOKY METaIy.

[lpoBeneni BuUMpoOyBaHHS HAa pEATbHUX BUPOOHUYMX JAHUX 3aCBiJUUIM  BHCOKY
Pe3yJIbTaTUBHICTh 3alPOIIOHOBAHOTO MMIAXOAY. AHami3 IOKa3aB, IO peKoMeHjamlii, chopMoBaHi
HEYITKOIO JIOTIYHOIO CHCTEMOIO, Mai)Ke MOBHICTIO 30iratoThesl 3 PillIeHHSIMH, SKi 3a3BUYail IPUIMAIOTh
JOCBimdeHi oneparopu. 3HaueHHs KoedimieHTa kopessinii 0,91 mixTBepaxkye TICHHH B3a€MO3B’S30K
MDK pe3y/bTaTaMH CHCTEMH Ta €KCIIEPTHHUMH OIIHKaMH, IO CBIAYMTH HPO aJCKBATHE BiATBOPCHHS
noriku ¢axiBiiB y Momeni. OauH MOBHUM UK 00YMCICHh BUKOHYEThCS 3a pubmm3Ho 0,15 cexyHan
Ha TUIIOBOMY IIEPCOHAJIBEHOMY KOMII'IOTEpi, 0 3HAYHO IIBHIMUIE MMOPIBHSAHO 3 KIACHYHHM METOIOM
CKIHYEHHUX €JIEMEHTIB. Ba)xmBo, 0 cucreMa JeMOHCTPYE HaIiifHy poOOTY HABiTh 32 3MiH YMOB UH
rmapaMeTpiB Iporecy, 3a0e3neuyroun cTabiIbHI Ta KOPEKTHI peKOMeH il 6e3 3001B.

Merton JeMOHCTpY€E BHCOKY aJalTHBHICTh 1 3py4HicTh MaciitaOyBaHHs. 1100 nmomatu HOBI
napameTpH, HallpyKiIaJ MapKy CTajll, TOBIIMHY BUPOOy abo SKicTh MaCTHJILHOTO MaTepiaiy, JOCTaTHbO
pO3IIKPUTH 0a3y NMpaBWI, HE 3MIHIOIYH IPUHITUIK POOOTH crcTeMH. BoHa 31aTHA MiIalITOBYBAaTUCS
Hil peaibHi yMOBHM eKCIUIyararii, aBTOMAaTHYHO KOPHUIYIOUM mapamerpu (GYHKIIH HaJeKHOCTI Ha
OCHOBI JJaHUX TIPO poOOTYy 00 THAHHS.

IIpakTryHi pe3ynbTaTH BOPOBAKCHHS [HOTO MIAXOAY MiATBEPIKYIOTh AOIIIBHICTH
BUKOPHUCTAaHHS HEYITKOI JIOTIKH [UIS pO3B’S3aHHSA 3aBlaHb IHTEIEKTyallbHOTO KEpyBaHHSI Y
MeTanmypridHiii cdepi. IloemHaHHS MOCBiMY (axiBIIB i3 MOTYXKHICTIO OOYHCITIOBAIBFHUX AITOPHTMIB
CTBOPIOE E€()EKTUBHY aIbTEPHATUBY KIACHYHUM MAaTeMAaTHYHUM MOJENSAM 1 MiJABHIIYE SKIiCTh
NPUIHATTS TEXHOJIOTIUYHUX pilleHb. TakoX MiJXiJ XapaKTepU3yeThCsl CTIMKICTIO 10 3001B OKpeMHX
CeHCOpiB a00 BIUIMBY LIYMIB y BUMIipIOBIBHUX KaHallaX. 3aBASKH BUKOPUCTAHHIO HEWITKUX (QYHKIIN
HaJIOKHOCTI CHCTeMa MOXKE MpAIFOBATH HaBITh Y pa3i OTPHMMaHHsS HEMOBHUX a00 HETOYHUX JaHHX,
aHAMI3YIOYM CHUTYaIlil0 3a CTYNEHEM MPUHAIEKHOCTI 0 BCTAHOBJICHHX TEPMiB. Y TPOMHUCIOBUX
yMOBax, € BIUIMB HaBKONWIIHIX (akToOpiB (Temreparypa, BiOpamis, THI) YCKIAQIHIOE TOYHICTH
BHUMIpIOBaHb, TaKi BIACTHBOCTI HAJAIOTh 3HAYHI IEepPEeBArdl MOPIBHSHO 3 KIACHYHUMHE aJTOPUTMaMHU
KepyBaHHSI.

[omanpmnii pO3BUTOK METONY MOXKE BpPaxOBYBAaTH IHTETpalil0 MOAYJIB IPOTHO3YBaHHS
JMHAMIKH TEMIIEPaTypHOro I10JIsl 33 JIOIIOMOTOI0 METO/IB MAIIMHHOTO HaB4YaHHs. Takuil miaxiJ 1acTb
3MOTy peaji3yBaTH HE TUIbKM PEaKTHBHI, a i NMPOAKTHBHI yNpaBIiHCHKI Jil: HAIIPUKIAJ, MOMEPEIHE
pEryJlOBaHHS IHTEHCHBHOCTI OXOJIOJDKEHHS Y BIANOBIAb HAa IPOTHO30BaHI 3MIiHM LIBHIKOCTI
pO3MBAaHHS YW TeMmieparypu MeTtany. KoMmOiHarisi Takux pimieHb Ha OCHOBI HEYITKO-JIOTi4HOTO
MiAXO4y BIIKpUBA€E MUISX IO CTBOPEHHS NOBHOLIHHUX CHCTEM «PO3YMHOTO JIUTTS», 30aTHHX MO
ABTOMATHYHOI a/IalTalii B yMOBaX peaJbHOTO Jacy.
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Our GPU-accelerated MorphoNAS (Morphogenetic Neural Architecture Search) enhances the
biologically motivated developmental model of the original MorphoNAS, from sequential
developmental simulations to large scale parallel simulation. Like the original CPU-based MorphoNAS
system, the GPU enhanced version models morphogenesis (neural development) through reaction-
diffusion, progenitor differentiation and axon-guided wiring that grow recurrent controllers. Unlike the
original CPU-based version, the GPU-based version has the ability to formulate growth and control in
parallel execution of thousands of genomes. Through use of sparse, device-resident representations of
developmental dynamics and recurrent rollouts, we produce behaviorally equivalent recurrent
controllers with up to three orders of magnitude speedup. As a result, we have enabled the possibility
of performing evolutionary search over populations of developmental programs, transforming
MorphoNAS from a proof-of-concept model of artificial morphogenesis and adaptive architecture
discovery to a scalable framework for those objectives.

Background

MorphoNAS [1]is a biologically inspired approach to neural architecture search that views the
development of recurrent neural networks as a process of morphogenesis [2].

In its original form, MorphoNAS executes development sequentially by first simulating morphogen
secretion, diffusion, inhibition, and cell fate transitions from a single progenitor cell to a recurrent
neural network. Because of this sequential nature of the process, it limits the size of the search space
that can be explored. It exhibits both control-flow irregularity and memory access irregularity [3].
MorphoNAS also defines how the resulting networks will behave as controllers. The original
MorphoNAS implementation performs the control loop sequentially by evaluating the behavior of each
developed network individually and executing them in parallel using multiple CPU cores. However,
this approach scales poorly. The cost of the rollouts increases quadratically with the number of
neurons, and must be performed for each of the controller-environment pairs.

MorphoNAS GPU Implementation

To construct the developmental component of MorphoNAS, we preserve the morphogenetic rules used
in the original MorphoNAS implementation and reformulate them to enable batched, massively parallel
execution: diffusion and secretion are implemented as convolutional CUDA kernels; genome
parameters are broadcast across the developmental grid of each network being grown; and cell division,
differentiation, and synaptogenesis are performed for thousands of networks at a time.

For the controller component of MorphoNAS, we preserve the exact same control laws as the original
MorphoNAS implementation: here, we represent them in a sparse CSR-like format representation (i.e.,
row pointers, edge indices, weights); then concatenate multiple such sparse representations of
controllers, along with additional metadata describing their properties (neuron range, edge range, input
neuron indices, output neuron indices, and internal settling depth) into large device buffers. We then
execute the rollout portion of the MorphoNAS control loop using a single CUDA kernel that evaluates
all active controllers in parallel. Controllers’ observations are injected into the appropriate input
neurons; the kernel then iteratively updates neurons of each controller using on-GPU ping-pong buffers
for state; and finally, the kernel collects activity of output neurons of each controller as an action.
Temporal memory of controllers is preserved throughout the entire loop, without incurring the
overhead associated with moving the hidden state between host and device [4].

Functionally, "Evaluate one dense recurrent controller sequentially”" becomes "Evaluate a population of
sparse recurrent controllers simultaneously," allowing us to execute the rollout portion of the
MorphoNAS control loop in parallel over the entire population of controllers. Therefore, we can
evaluate hundreds or thousands of different controllers simultaneously, and apply selection based on
their performance on the task at hand.

Performance and Scaling

Developmental growth is now population-scale. GPU-driven growth reaches 9,710 networks/s on
RTX 5090 and 5,379 networks/s on RTX 3090, versus 15-20 networks/s on high-core-count CPUs (12-
core Apple M2 Max: 15.2 networks/s; 56-core Xeon: 14.4 networks/s; 192-core AMD EPYC: 19.9
networks/s). Poor CPU speedup is attributed to limited multithreading scalability in the BLAS/MKL
implementations. Apple’s Accelerate demonstrated the highest parallel efficiency which confirms
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findings in [5]. GPU implementation results in ~354x-639x speedup over CPU-based growth, even

against 192-core servers.

Recurrent controller rollout accelerates 1-2 orders of magnitude depending on the networks

diversity. For the real evolutionary runs with highly diverse networks, GPU recurrent rollout reaches

~0.5-1.1 million propagations per second depending on GPU and network class. This represents
roughly 6-10x speedup over a parallel 12-core Apple M2 Max CPU baseline (113,837 propagations/s).

Importantly, the GPU implementation preserves the exact recurrent control loop used on CPU.

The bottleneck moves from development to behavior. With GPU acceleration, developmental

growth becomes effectively free compared to other parts. Growth on RTX 5090 proceeds at 9,710

networks/s, whereas even the best CPU setup reaches only 19.9 networks/s for the same genomes.

Implications. GPU implementation is able to simulate growth of thousands of networks in parallel and

apply parallel evaluation of thousands controllers at a time. It has eliminated morphogenesis as a

computational bottleneck in MorphoNAS and significantly widened target search space. The

combination of biological realism with large-scale parallelism has potential to transform MorphoNAS
into a scalable platform for discovering adaptive, self-organizing neural architectures.
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This research focuses on a conceptual framework for an adaptive multimodal cognitive system
designed to optimize logistics processes in dynamic and uncertain environments. Proposed architecture
for a continually updated world-model (knowledge graph) from fused sensory inputs that employs
interacting with cognitive agents to decompose logistics objectives, plan actions, and re-plan in
response to incoming observations. Unlike traditional static optimization approaches, the proposed
system implements perception—action feedback loops enabling real-time adaptation and robustness to
incomplete or adversarial data. Expected contributions include a formalization of the perception-to-
planning pipeline, a hybrid agentic optimization scheme, and evaluation scenarios demonstrating
improved resilience and decision latency in non-standard logistics tasks. The research contributes to
developing intelligent logistics systems capable of operating effectively in complex, non-standard, or
military scenarios.

CyuyacHi JOTICTHYHI CUCTEMH (QYHKIIOHYIOTH y CKJIQJHUX YMOBaXx, IO XapaKTEPHU3YIOTHCS BUCOKOIO

JUHAMIYHICTIO, HCBH3HAUYCHICTIO Ta HECTA4CH0 JOCTOBIpHMX AaHuX. Lle 0coOJHMBO akTyanbHO Y
KOHTEKCTI TyMaHITapHuX a00 BiHCHKOBHUX OIepallii, /ie pillieHHs 11100 TIOCTa4aHHs, TPAHCIIOPTYBaHHS
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