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Mottonk

Amig megbeszéelunk / alszunk / utazunk
/ konferencian vagyunk /HUN-REN
kozpontban eldoadunk / programozunk /
kisérletezunk / cikket irunk / ...

...VALAMI MINDIG FUSSON!! HUN-REN Cloud

...kutatasi temankent...
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Versenytarsak

Sajat “COMPUTE” ,
e (> HUN-REN Cloud

GEFDREE

RTX
HUN-REN Cloud

Fejleszteni, de nem futtatni, Futtatni, megbizhato, nem
megszakad, megall fejleszteni (memoriahibak...)
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Sajat “COMPUTE"
i 2> HUN-REN Cloud
P = J'

General information

EMI Compute ELKH Cloud
1 4

Debian GNU/Linux 10 Ubuntu 20.04.3 LTS

CPU Intel(R) Core(TM) i9- Intel Xeon Processor
7960X
#CPU 32 (limited to 12) 16 (4CPU/Machine)
Physical GPU 4x NVIDIA GeForce RTX 1x Tesla V100
2080 Ti
4x NVIDIA GeForce RTX 4x GRID V100DX-8C
2080 Ti (vGPU)

4 ‘ 2025. 11. 12. www.sztaki.hu @ SZTAKI



Sajat “"COMPUTE"
szerveriink

Conclusion 2.l >

(> HUN-REN Cloud

HUN-REN Cloud

fejleszteni (memériahibak...)

Optimal allocation of our concrete scientific tests
« Compute ~2.5x faster than ELKH Cloud P

«  50% improvements of the GPU capacity  Compute

* #1 Input search: Cifar10
* #2 Input search: Coil-20

> Cooe elranie) o RS IS « #3 Classifications, parameter optimization

« Classifications, optimizat('on should be on (30 avgs)
Compute (larger computational load) - #4 Input search: Cifar10 SOTA architecture
« Computing accuracy (30x) (UNET)
» Feature number optimization (30x) « ELKH Cloud

+ Kernel optimization (30x)

« Input search (smaller computational load) can * #1Input search: MIT-BIH

be run on ELKH Cloud « #2 Input search: Skoda mini
* The less features the faster training  #3 Input search: Opportunity
«  Working with sensor datasets! * #4 Others

5 2025/11/12 www.sztaki.hu @ SZTAK|




4> HUN-REN Cloud

€< Home Projects

Aboutus v  Actualities ~ Projects

My projects

Search Q,  -Status-
Projekt neve Intézmeény
Geépi tanulas algoritmusainak HUN-REN Szamitastechnikai es

atfogo tesztelése

Automatizalasi Kutatointezet

Resources ~ GenAl4Science
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Compute

Instances

= Gépi tanulas algoritmusainak atfogd tesztelése -

.1 openstack.
Project A
APl Access

Project / Compute / Overview

“  Qverview

Images

Key Pairs

Server Groups

Volumes
Network
Orchestration
Object Store

Identity

>

Limit Summary

Compute
10
Instances
Used 10 (Mo Limit)
Volume
29
Volumes
Used 29 (No Limit)
Network

Floating IPs
Allocated 1 of 1

Usage Summary
Select a period of time to query its usage:

2021-01-19 g | te | 2025-11-11

Active Instances: 10
Active RAM:  256GB
This Period's VCPU-Hours:  1627602.83
This Period's GB-Hours:  0.00
This Period's RAM-Hours:  45%0106290.10

VCPUs
Used 96 of 96

Volume Snapshots

Used 0 (Mo Limit)

Security Groups
Used 5 of 10

- £

RAM
Used 256GE of 256GE

Volume Storage

Used 5.9TE of 6.9TB

D

Security Group Rules
Used 20 of 100

& vih

Networks Ports Routers
Used 1 0f 100 Used 16 of 500 Used 1 of 1




N openstackﬁ = Gépi tanulas algoritmusainak atfogd tesztelése & viharos@sztakihu =
Project v
APl Access 4+ Create Volume = Accept Transfer :]
Compute > Displaying 20 items | Next »
Volumes v O Name Description Size Status Group Type Attached To Availability Zone Bootable Encrypted Actions
O  22798050-dabe-4af6-bfdd-9debedBablse = 85GiB In-use o S3D Idevfsda on RL for manufacturing nova Yes Mo Edit Volume |
Snapshots y 0 EqIEQE i
O 60362abb-486c-4efb-b503-69ad45225051 - 120GiB In-use - SSD /devisda on AHFS Python nova Yes No Edit Volume | v
Groups
0O  4a4969be-6204-421f-ac1b-1727e7ce525b - 130GiB Available - SSD - nova Yes No Edit Volume |~
Group Snapshots
O  ba5593eb-dbd0-4082-b77c-721551f21914 - 200GiB Available - 35D - nova Yes No Edit Volume | +
Network >
Orchestration > 0O  98e23ffb-bSef-46a4-a2bc-cf14406ecftl = 20GiB Available = SSD = nova Yes No Edit Volume | «
Obiject Store > 0O  4438e506-b2687-4cca-bal0-cb93ec300dbd - 20GiB Available - S5D - nova Yes Mo Edit Volume | =
Identity > . . . . .
O  Outlier Detection - v2 - 160GiB In-use - SSD Idevivda on Outlier Detection nova Yes No Edit Volume | =
0O  Outlier_HDD Qutlier_HDD 100GiB In-use - HDD /devivdb on Outlier Detection nova No No Edit Volume |
O AHFS Storage volume (D drive) for AHFS VM. 1000GiB In-use - HDD Idevfvdb on AHFS nova Na No Edit Volume | v
O Reinforcement Leamning Storage volume (D drive) for Reinforcem.... 1000GiB In-use - HDD Idevivdb on Reinforcement Leamning nova No No Edit Volume | ~
O Information Theory and Statistics Storage volume (D drive) for Informatio 1000GiB In-use - HDD Idev/sdc on RL for manufacturing nova Na No Edit Volume |+
O  Reinforcement Learning - 160GiB In-use - SSD /devivda on Reinforcement Leamning nova Yes No Edit Volume | =
0O  Information Theory and Statistics = 160GiB Available = S5D - nova Yes MNo Edit Volume | ~
O Deep Learning - 160GiB Available - SSD - nova Yes No Edit Volume | ~
O AHFS - 160GiB In-use - SSD Idevivda on AHFS nova Yes No Edit Volume | ~
O  Information Theory and Statistics_LINUX_THE_REAL_THING - 160GiB Available - SSD - nova Yes No Edit Volume | v
O  Outlier Detection = 160GiB Available = SSD = nova Yes No Edit Volume |~
O  Full Volume - 512GiB In-use - HODD /devisdc on Full GPU nova No Mo Edit Volume |+
0O  fc099bfb-eedf-480e-9e76-cd6953d04152 - 32GIB Available - S5D - nova Yes No Edit Volume | =
0O  4afcaa9a-71d6-4dd3-8ab1-47c7cEbfl79d - 32GiB In-use - SsD /devisda on Half GPU-1 nova Yes No Edit Volume |~

Displaying 20 items | Next »



u openstackﬁ = Gépi tanulas algoritmusainak atfogo tesztelése « & viharos@sztakihu «
Project + Network Topology
APl Access
& Launch Instance | < Create Network + Create Router (Quota exceeded)
Compute >
Topology Graph
Volumes >
Network v 2 Small | S8 Normal
Network Topology
Networks
Routers

e default 192.168.0.1
Security Groups

Router
Load Balancers 6
10.1.12.41 192.168.0.201
Floating IPs e
S

Orchestration >

Object Store >

Identity >
: 3 : 2
= Instance H = =
= ES =

Instance

92.158.0.224 ull GPU

Instance

192 158.0.?3 nput-Out.

Instance

92.158.0.204 nput-Out.

Instance

192 168.0 24nput—0ut.

Instance

EEI00STSZEEGL
FEI0S DEDL
100881261
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=]
=
&
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Statisztika (?!

« Total VCPU Usage (Hours):1 627 604.67 Ora

« Kb.5 évx 365 nap x 24 ora/nap = 43 800 ora
« 1627604.67 / 43 800 =

10

.../ 96 VCPU
« 3.8% kihasznaltsag

 ...GPU szinten azert (talan) Iényegesen magasabb...

« Total Memory Usage (Hours). 4 590 111 193.60 ora

« Kb.5 évx 365 nap x 24 ora/nap =43 800 ora
« 4590111 193.60/43 800 =104 797 %

.../ 256 GB

370.5%

« 409% kihasznaltsag (??)

2025. 11. 12.
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CE_‘; HUN-REN Cloud Rolunk - Aktualitasok ~ Projekiek Dokumentacié -~ GenAl4Science

&« Cimlap Projektek —3 Geépitanulas algoritmusainak atfogo tesztelése

Gépi tanulas algoritmusainak atfogo tesztelése

Megtekintés Szerkesztes Tagok

Ceél: gepi tanulas es mesterseges intelligencia alap-, és alkalmazott kutatasi algoritmusainak atfogo

tesztelese.

- Informacicelmeleti és statisztikai integralt tanulo algoritmus mertéekek
- Adaptiv. hibrid jellemzévalogatas (AHFS)

- Megergsiteses tanulas iparn kiterjesztése, adaptalasa

- Megerositeses tanulas kiterjesztése onvezetd, drifteld jarmire

- Qutlier detektalas hianyos adatokkal

- Input-output modellstruktura keresés

13 96 256 co 218 4.9 15 64 cs

VM vCPU RAM 55D HDD GPU RAM




Research fields

MICS-EFS: Model  orsiaiinpu Original input
Input-Output ) 4 Vg
Configuration —
Search with

Original input

Embedded

Feature L]
Selection TLLI LI EER T LI

Self-Adaptive,
Dynamic,
Integrated
Statistical

and
Information
Theory Learning

Classification ,

of Kolinerg b\

Neuron Cells B :
by Machine o, AR
Learning Sy gt
Techniques e N
(AHFS) AR e

12 2025. 11. 12.

AHFS:

. Adaptive,

S
3]

T I~

e 2

. c

e ]

c IS

o]

Hybrid
Feature
Selection

Extension of
Reinforcement
Learning for
Production cell
Optimization

Identification
of Premorbid
latent
Schizophrenia
and Bipolar
Disorder by

Machine Learning

sztaki.hun-ren.hu

IDOD: Outlier
Detection
Algorithm
Based on
Missing Data
Handling

£y

Extension of =
M ) \‘—‘/

Reinforcement LRt A/ i
Learning for ;) -
Manufacturing S

-12 (LCL)

Quality & Original trend|

ZO(LTL) 00 = Noisy trend

Control INENANNN ey

Projects
"= Federal Ministry
and Innovation, Mobility
and Infrastructure
Developments Republic of Austria

REINFLIR

FIUN
REN




MICS-EFS: Model Input-Output Configuration Search with )

[ Classifier ] [ Classifier ]

Embedded Feature Selection
Challenge Solution Effect

Dataset Reference CNN MICS-EFS
P0||P1I[PZ][P3][P4][P5][P6][P7] T Y py
MNIST (with noise) 79.8 80.5
DECODER Fashion MNIST 90.5 90.9
CIFAR10 65.0 66.1
MHealth 97.0 98.1
HAR Sma_rtphone 8:)3 80.6
* (2)2D CNN SOFipd‘:t:ﬂni:rCheckpoint 332 ;gg
MIT-BIH 96.3 98.0
= T
Model <IN\
— ENCODER |— DECODER|— s JWUUWw
s T w5 L1 U-Net DeepLabV3
se UL L] \_'7
(b) 1D CNN
I . d Backbone Decoder g
= Given parameters and a * Solution: encoder-
|earning model decoder e ‘ I =
. . * Finding optimal input -
| | Input-output Conflguratlon outpu% Copnfigu ratiopns Downsample Feature selection Loca‘lf:atrx‘lre
search = Extension
. » For different type of
* Input Search: multimodal :Eta:
» ~Embedded Feature image and signal
Selection . Diﬂ:;erf-nt learning = Advantages
= Output Search: ?:gns?‘gr(r%yrl;jﬁ = Outperforms State-of-
= ~Embedded Feature = Hierarchical solution EMEHAGE S EL
Pruning (faster training speed) = Inclusion of Pre-
[1] Anh Tuan Hoang, Zsolt Janos Viharos: Novel Deep Neural Architecture Search Algorithm fon trained State-of-the-
Human Activity Recognition, ERCIM News, 2023 Art neural network
13 2025/11/12 [2] Anh Tuan Hoang, Zsolt Janos Viharos: Model Input-Output Configuration Search with Embedded structures (I
Feature Selection for Sensor Time-series and Image Classification, IEEE Access, 2025 .
[3] Anh Tuan Hoang, Zsolt Janos Viharos: Robust Superiority of the MICS-EFS Configuration Search = Reduction of the
Algorithm through Modular Extensions of Complex Neural Architectures, IEEE 19th International execution time

Symposium on Applied Computational Intelligence and Informatics, 2025



AHFS: Adaptive, Hybrid Feature Selection

Challenge

hhals i s Jo 3 Is Jo Sro Ja fn Jo
e feature
- selection
ny —
n ™
ny ne
e ne
X € RS%10 X e € RO¥3

Feature Selection

» Curse of Dimensionality

= High-dimensional
datasets

= More features #
better model
= Feature Selection (FS)

= Selecting a subset of
relevant and
informative
features

= Removes jrrelevant
or redundant
features

. Ke.y ic'lzea: para

Solution

Icfs

3. feature

4. feature

Solution: AHFS
= Adaptive, Hybrid,

eature Sﬁlection
el search:

= Feature space &
. Segaratipn
measure'’s space

Components
= Calculation of
separation
measures
= Neural network
training

=  Forward selection

PAZMANY

J) Pazmany Péter Catholic University
/4
1635

Effect

—o— ReliefF
0.05 ~—e—SURF
SURFstar
MultiSURF
~—— MultiSURFstar
-+— Exhaustive

w——AHFS

Root Mean Squared Error

1 2 3 4 5 6 7 8 9 10 15 20 25 30 35 40 45 50
Number of selected features

CPU calc time
5 107 —— GPU calc time

-2
o
£
£
c
=
© 102

o ok O
& A AW N
S A
P S

S &
eqo o
&

Jacobi size (log scale)
= Advantages

] ¥0ver State-of-the-art
eature order

» Good scalability

» Easy to extend in many
aspects

= Freely available / for
downtoad

1] Viharos, Zs J; Kis, K B; Fodor, A; Buki, M A: Adaptive, Hybrid Feature Selection
AHFS), PATTERN RECOGNITION, 116 Paper: 107932 , 13 p. (2021) HFIUN

14 2025/11/12  [2] Gercuj, Bence ; Hoang, Anh Tuan ; Viharos, Zsolt Janos: Towards a Modular SZTAKI
edesign of the Scalable Adaptive Hybrid Feature Selection Algorithm, IEEE 23rd REN
nternational %ymgosium on Intelligent Systems and Informatics (SISY 2025)
roceedings, IEEE (2025) 461 p. pp. 000369-000374. , 6 p.




IDOD: Outlier Detection Algorithm Based on Missing Data

Handling
Challenge

Interquartile Range
(IQR)

Outliers

(Q1 - 1.5%IQR)

Outliers

"Maximum"
Q1 Median Q3 (Q3 + 1.5%IQR)
(25th Percentile) (75th Percentile)

—4 -3 -2 -1 0 1 2 3

. Identify observations

= “appear to be
inconsistent with the
remainder of the
data”
= Anomalies are much
rarer than normal data

. Normal data
dependent
. Ass nment dependent
solution

= Banking, healthcare,
cybersecurity...

15 2025/11/12

Solution

3[8|11

= Solution

I DD:
nco
Direct

= A neyral

ﬂe te

andl

etwo

= Corel

trtlyslg'lngga%orltﬁm on

. Set ing suspected
outlieFs as missing

|t sha“ (})arove the
. overa ‘rj'n del error
. Ass:gnment ependent
far, no such
%% rithm was seen
e state-of-art

[1] Hamdi Fatma: Outlier Detection Algorithm Based on Missing Data Handling TDK
manuscript, BME (2021) Supervisor: Dr. Zsolt Janos Viharos

[2] Hamdi Fatma: Incomplete Data based Outlier Detection (IDOD), MNB-BME Kutatdsi
verseny és egyetemi 6sztondij, MNB-BME (2022) Supervisor: Dr. Zsolt Janos Viharos

[3] Hamdi Fatma: Novel Outlier Detection Algorithm Based on Incomplete Data Handling
TDK manuscript, Ill. prize, BVIE (2023) Supervisor: Dr. Zsolt Janos Viharos

Effect

L)
0020
° CX
Pee o
°
00 @

ik

Global outliers | 100% | 100% | 100% | 100% | 100%
Local 83% | 77% | 67% | 100% | 75%
Collective 100% | 100% | 100% | 100% | 100%
Dependency 83% | 83% | 67% | 100% | 100%
Total 93% | 92% | 96% | 87% | 98%

Output 3(8|11

Advantages
. Ex anation for the
tlierness
] v%ha eature is
f ain cause
?aﬁlsj‘lre% as an
. sm the |ssmg
z?)( n§ IS
cover
outliers
] d ntifying outliers
SO
outputs

<I



Self-Adaptive, Dynamic, Integrated Statistical and
Information Theory Learning

Challenge

| Accuracy [ MSE [ SE| CE

[ CorE [ RE(2) [MI[J [IS[ Egy, |

MSE [N ++[e+++o[++o | + [+ o] +
CE o+o| + ol o
CorrE +o
RE(2) +
ZED(M) + +
J o o
IS o o
Eg., + +
[Summary [ 8 [ 4] 8 [ 4 [ 2 [J1J2[2] 1 |
= Several error measures
= ..for neural network
training, as well
= Various advantages
and disadvantages
= Exponential Error
(EExp)
» Integration of two,
most frequent
measures (RMSE,
Cross-Entropy)
» But: fixed weighting e

16 2025/11/12

nformatign

Solution

New Thyroid

0.044

=-==1=01
1=05
t=1.0

\\ e — 1=15

=20
0.038 /\/\/\—/ T=25

=30
—1=35
. =40
PRy ol ] T=45
1=5.0

Test set error

hidden units

Solution

» Introduction of
dﬁmamic weighting of
the measures during
training

= Coreidea
* Novel error equation

» Inclusion of the weight
as learning parameter
= Extension of the Levenberg-
Marquardt learning
algorithm

ZUCSs

): Self-Adaptive,
Learning, arXiv, htt

y ' &
ps://arxiv.org/abs/2211.11491

0.28
0.27
0.26
0.25
0.24
0.23
0.22|

2] Sziics Agnes: Statisztikat és informacidelméletet integralé mértéket alkalmazo6 dinamikus
lgoritmus mesterséges neuralis hal6zat tanitasara TDK manuscript, lll. Prize, (2022)
upervisor: Dr. Zsolt Janos Viharos
3] Sziics Agnes: Statisztikat és informacidelméletet integrald mértéket alkalmazo6 dinamikus
lgoritmus mesterséges neuralis hal6zat tanitasara OTDK manuscript, II. Prize, (2023)

upervisor: Dr. Zsolt Janos Viharos

—————————— , iy T
10 \
|
i
1
Nl
it
R R o e — 3
“, B T — = e e BN
11X ' 1 1
e
supervised balanced test error
N -
== . . 3

g*;;

==

None / CE CE/CE

CE/SSE  CE/EXP  SSE/CE  SSE/SSE SSE/EXP  EXP/CE
(a) adult

Advantages

= Learning speed
(significant,
improvement

= Model accuracy
improvements

EXP / SSE EXP [EXP
020
0.197)
0.18
0.17
0.16



https://arxiv.org/abs/2211.11491

Extension of Reinforcement Learning (RL)
for Manufacturing Quality Control

Challenge

o |

Process control (4.1)
Scheduling (4.2)
Assembly (4.4)
Dispatching (4.2)  ee———
Maintenance (4.6)
Energy management (4.7)
(Process) Design (4.8)  —
(Intra-) Logistics (4.3) e—

Solution

4 —

thers (4 —
0 5 10 13 20 25 30

Figure 6. Number of publications allocated to the production disciplines.

Value

16 ~ —— Original trend

—— Noisy trend

| o-
-20 (LTL): ooc.

0 10 20 30 40 50 60 70
Time / Number of products

= Solution

Collection of humans'’
interventions

Simulation model of the
qualitbl circle (statistical

IS o
505 5

- - S 5 - 8 -

N o~ s % N ~

§ 5 % s § s

5 % 5 R F

$ 5 g & ¢

g ¥ 28 §E E:

Production SPC chart
Learning progress (BW=3, RW=2, option=1, init=5)
010 (BW=3, RW=2, option=1, init=5) . 24|
? ) . 20 — .
o 15¢ 16 fur i
- I0.08 @ b T %w
5338 ) i P
285006 1.0% L, a & o
Sy S T T I
528 i Z e lﬁrt Lf g
8% So.04 K] - ¥y I |
8% 052 8 2 i Tot, 5
5 o002 E 12 | | ¥,
% o 16 i "
£ 0005 0.0 _20 9
00 75 525 7

L N 1.5 X
Time / Number of good products

1 350
Time / Number of products

= Advantages

mode
= Production quality = The production costs as .
control reward
= Varying human 7 (QIOLLLE
invetions . Appdlying the stochastic RL .
model
] lnrteecrl\cle%inrfg)dni aéle times " DeVe’Of""g adaﬁtive, self
P (ele] (5} control for the RL
= Costsaving algorithm .
1] Viharos, Zs J; Jakab, R: Reinforcement Learning for Statistical Process Control in .

17 2025/11/12

anufacturing, MEASUREMENT, 182 Paper: 109616, 18 p. (2021)
2] Palvélgyi Bence: Uj, dinamikus, dnszabalyz6 megerdsitéses tanulasi algoritmus .
idolgozasa és gyartasi alkalmazasa a statisztikai min&ségiranyitas tertletén, TDK

anuscript, |ll. Prize, (2023) Supervisor: Dr. Zsolt Janos Viharos

Human
“independent”
production control

Situation dependent
(and continuous)
production control
Significantly less
interventions

Smaller cost

Very good quality <l
inside the quality
control chart




Extension of Reinforcement Learning (RL)
for Production cell Optimization

Challenge Solution Effect
rli I 1 : | # Stable Baselines3 Rl Algorithms Maskable PPO - P4 i i v
B o 1 , m’ 's that are im e Bast ject, along.
. = = v “PRODUCTIVITY"
LT ——— 1] - B
— e
QR-DQ x v = x v 0
: - 2 L L
~ X % % I Speedup Comparison
P e | &G . SN N R £
[)1’\[;;11C|1\I1i!(?4i2} _— ymnaS“Jm - E ”
Esen ittt 5 io
g —— = Solution
nira-) LOgISTICS (4.5)  —-— 3
Robotics (45) = Applying well-prepared, |
0ua1m'{§3111r:131( ﬂé; — state-of-the-art |
0 5 10 15 20 25 30 environments and
Figure 6. Number of publications allocated to the production disciplines. - core Isdoeluatlons (by Open AI) enments
. = Integration of production - Advantages
= Production cell control know-how into the »  Proposed algorithm:
. reinforcement learning MaskablePPO
= Fixed rules - optimal ?? process
L ES =62 = Identification th t = Action masking:
nf e en l ication the mos E ded int |
= SMachine learning algorithm logi
1] Laflamme, C; Doppler J Palvolgyl B ; Dominka, S ; Viharos, Zs J; Haeussler, S: Explainabl " Hyper .arameter
einforcement learnin powertrain control englneerlng ENGINEERING APPLICATIONS O Sequ(;;t. g{ewqt(d/
RTIFICIAL INTELLIGEN E146 Pa er: 110135, 12 p. (2025) , . wei S & Initia
2] BENCE PALVOLGYI, DR. ZSOLT JANOS VIH ROS JENG CSANAKI, KRISZTIAN MESKO, ZSOL neti/gvork parameters
18 2025/11/12 AGY PRODUCTION CELL OPERATION OPTIMIZATION BY REINFORCEMENT LEARNING, Gydrtds 202 Robust (and {|
nferencia (2025), presentation u ooustness (an
SOLT JANOS v HAROS, JENO CSANAKI, KRISZTIAN MESKO, ZSOLT NAGY: PRODUCTION CEL speed):

PERATION OPTIMIZATION BY REINFORCEMENT LEARNING, HUNGARIAN JOURNAL OF INDUSTRY AN Sl :
HEMISTRY, (2025), under review arallelization
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Classification of Kolinerg Neuron Cells
by Machine Learning Techniques (AHFS)

Challenge

465 nm
LED

Dichroic mirror
405 nm)| /]

d
Fiber optic cable  LED /

4 | Photoreceiver
~ b R

u
% Collimator Filter

State-of-the-art: Two kinds
of koinerg neuronal cells
(not only One)

= Discovered by Balazs
Hangya et al.

= DSc defense: 2025.10.27
(100%)
] EU ERC awarded

Questions

»  Which gene-s determine
this two tP{ pes of kollnerg
Beuron cells (

= Many other
questions...e.g.
transmitters, projection
fields of the two differen
neuron types...

ef.. Panna Hegedus, y, e
eward expectations and predcts behaworm responses, iScience, Vohune 2
ttps://doi.org/10.1016/].isci.2022.10581

1] Publication in preparation (c1)

HUN
REN ¢O
Solution

Punishment (P) iahireward

Unlikely reward

© Fraction

n=14
1

0 Latency (ms) !

-t
]

C
= Solution =
©
= Various (not high -
number) of brain g n=14
neuron experiments 0 Jitter (ms) 03

(in-vio, in-vitro)
= Mouse, Monkey,

Dog, Human
= Identification  of the .
important genes (23)
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mengIEI6 Altalanos feladatok:

. . P Uj szamitdsi algoritmusok (irdnyitott és részben kézos) kidolgozasa.
SZzam |ta Y| Implementalds (Python, esetleg C++ kdrnyezetben).
Atfogo tesztelés, irodalomkutatds, dsszevetés mas publikalt eredményekkel.
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Kutatasi témak

Neuro-fuzzy modellek (ANFIS) input/output strukturajanak tanuldsa és hatékony paraméterkeresés
kidolgozasa.

Levenberg-Marquardt neuralis tanité algoritmus gyorsitdsa adaptiv technikdkkal, adaptiv, dinamikus,
integrdlt mértékek mesterséges neuralis halé modell(ek) tanitdsidban.

Neuralis halok tanitésa hianyos adatokkal, Levenberg—Marquardt algoritmussal — hatékony ,kipotlo” algoritmus kidolgozasa.

*  Deep Learning technikaju input/output keresés, modellépités (mar megkezd&dott).

e  Automatikus részmodellre bontas algoritmusanak tovabbfejlesztése, hatékonysaganak névelése (mar megkezdSdott).
e Felfedez tanulas alapu drift mozgasszabalyzd rendszer 6nvezetd jarmiihdz (mar megkezdddott). I I U N
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