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How to Finish Safely - Thesis
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How to Finish Safely - Thesis

Student Science Conference (TDK):

« Each semester
Most of you are here - Tstplaces can be acceded as thesis

- Early feedback and practice
Last return

Safe return
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1. NIPG Research

Neural Information Processing Group

Research group at ELTE
https://nipg.inf elte.hu/#group-page

Al research
o Gomputer Vision
Natural Language Processing
Composite Al
Generative Al
and more

[ ]
O O O O

Research Interests
o Human-machine interaction
o Applications in diagnostics, treatments, and training, both behavioral and physical
o Detecting and evaluating human-human interactions
o Information fusion, including image-video, speech, and text
o Temporal processes and prediction
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1. NIPG Research ELTE g
_ _ 2 s AR
Research in Autism G OUBRET

Social Interactions

- Social Interactions are an integral part of our daily lives. They can occur in many settings.

« They encompass a wide range of verbal and nonverbal communication signs, which vary
from human to human, adding to the complexity of human behavior.
- Can be verbal, gestures, facial expressions, eye contact, paralanguage, and more.

5/11/2025 Deep Network Development 8



1. NIPG Research @ \E|LTE

s

& EGTVOS LORAND ,;
Research in Autism S BN OIS
Motivation: Autism Spectrum Disorder (ASD)

 ASD is a complex developmental condition that involves challenges in social interaction, communication and hehaviour.

AUTISM NOW AFFECTS 1IN 36
CHILDREN IN THE U.S. [1]

preereeee
mnm

'T | Do you smile back? Difficulties in understanding the meaning
,ﬁ.iww*,ﬁ.ww' Do you wave back? or intention of the person’s emotion or
Do you ignore? gesture.

- The effects of ASD and the severity of symptoms are different in each person.

[1] Centers for Disease Control and Prevention. (2023). Prevalence and characteristics of autism spectrum disorder among children aged 8 years—Autism and Developmental Disabilities Monitoring Network, 11 sites, United States, 2020. Morbidity
and Martality Weekly Report, 722), 1-14. https://www.cdc.gov/mmwr/volumes/72/ss/ss71202al.htm
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1. NIPG Research FELTE 2

- -
Research In A“tlsm J1SIR, 4\ RUSH UNIVERSITY
i&,» I/ MEDICAL CENTER

- Develop a method that analyzes human bhehavior by detecting verbal and nonverbal communication signs
during social interactions

rBody

[No Request; Gesture; Verbal; Grab,
: Mixed]
E_> [Time Interval Start: Time Interval
End]

5/11/2025 Deep Network Development 10



1. NIPG Research ELTE \

| |
Research in Autism - Mﬂthﬂdﬂlogy S N DN
&\ MEDICAL CENTER

Composite Al
« We developed a Gomposite Al framework that combines Deep Learning methods with traditional methods (rule

hased) to handle different data modalities, ensuring robustness and precision by minimizing false detections.
Our composite Al has 4 main modules:

( )

l _=j » |. Feature Extraction

° ]
ol -
. J

Episodic components »| lll. Activity Interpretation

\ 4

Il. Episode Detection
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1. NIPG Research

Research in Autism - Methodology

Feature Extraction

Multimodal Input

(=RE

I. Feature Extraction

-|||||||||||||n

%+ - frozen / pre-trained model
¢ - fine-tuned model

—
—

ontext

(8N £\ RUSH UNIVERSITY
+ I/ MEDICAL CENTER

l. Feature Extraction

|
|
|
(Whisper)
F L £
| N
|
|
|

ELTE

EGTVOS LORAND
UNIVERSITY

~
ARGUS Cognitive

Speaker-tagged Transcripts

r—-—~—~>"~>"~>"~"~="="="~=""="=""~""~""~""~*""*"">"~"”"~”"=”"”"”"="=”"=”"="="=-"=-"=-"=-= I
| Vision I
I ) I
| Image Segmentation Object Masks /-\ Detailed Object Information \

» + —
| (Mask2Former) p i
(A / Tracked Object I
| Bounding Boxes I
1 ' { ' ) I

I Object Detection Bounding Boxes . Tracking People Tracking ID

I (YoLov7) % (ByteTrack) ;‘E |
I . J - i | Tracked Full 1
Body Pose |

| ) +\ >
Body Pose Body Pose J I
| * (MeTRAbs + 3 I

MediaPipe)
: . :g J |
+
| ( ) Full Body Pose !
I Hand Pose |
(Composite Al) p Hand Pose |
I L J I
L J
e . e e e e e m e Em Em e R e e o e e e e
Speech
s A
speech Recognition Transcripts

Speaker Diarization
(TitaNet) ;'g

Speaker Labels

> Context
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1. NIPG Research

Research in Autism - Methodology

Episode Detection

Multimodal Input

ELTE

EGTVOS LORAND
UNIVERSITY

/™ RUSH UNIVERSITY
I/ MEDICAL CENTER

~
ARGUS Cognitive

Il. Episode Detection

Object

7S = W ey

Manipulation
?

I. START

Conversation?

Key Episodic
Components

es

Il. INTERACTION Ill. TRANSITION

Change

in topic?

Ending
criteria
met?

Change
in object?

Change
in body
pose?

Change in
participants
?

Task-
specific
rules
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1. NIPG Research ELTE

EOTVOS LORAND
UNIVERSITY 2

£\ RUSH UNIVERSITY
I/ MEDICAL CENTER <

ARGUS Cognitive

Research in Autism - Methodology a
Activity Interpretation

Key Episodic
= - Components

Time stamps to restrict analysis
only to key episodes where

— - '] . v
- most action is likely to occur

Multimodal Input Environment
X H =
k
IE] Human 11, Episode Detection }—-[ Episodic components. H 1l Activity Interpretation ]
||||||||||||||. H \ [ IIl. Activity Interpretation ]
Context

\
\ Updatable, general and task-specific rules
\ Rule-based system |~ —————————————————— r-———-—-—--- ToTTTTToooS
1
\ 4 \ [ ' N
1 |
‘ i\ | | (
1
\‘ [ Body Pose Features } » + : 1 ’L Gesture Recognition ]
| |
\ 1 |
\ ! |
\ MediaPipe Hand | :
\ Gesture Recognition : |
| |
\ I
\ [ Hand Pose Features } /:-\ I

[ Hand-object ]

L Manipulation

I
|
\ |
\ 1 I
\ [ Object Features J 1
I
\ I
‘ 1 D (
\ Natural Language
\ [ Speech Features ) ,\-;J .L Understanding ]
\
\ Updatable task-specific key words :
\ Vocabulary |~ — L e e e e L e T
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1. NIPG Research = \ELTE /&

| |
Research in A“tlsm - DataSEt aigf CiSIN, 47\ RUSH UNIVERSITY
&\ MEDICAL CENTER

Dataset

o The data is private and protected under a Non-Disclosure
Agreement.

« 1clinician and 1 patient in a controlled setting

« Clinician is observing and assessing the patient’s level of
Autism through ADOS-2 test

- Patient performs different activities

- Specific activity called Construction Task

- Patient must fit 8 puzzle pieces in a predefined shape.

5/11/2025 Deep Network Development 15



1. NIPG Research

FELTE .
@ EOTVOS LORAND
UNIVERSITY &

Research in Autism - Results P PN .

I MEDICAL CENTER

Verbal Requests Gesture Requests
Detected Detected
Request No Request Request No Request

. ;: FN ) g TP FN

R 5 .

Sg PP g3 pp N
o 0 F 0 23
Metrics: Metrics:

. Accuracy: 87% . Accuracy: 89%
. Precision: 100% . Precision: 100%
. Recall: 77% . Recall: 57%

. F-1: 81% . F-1: 13%

5/11/2025 Deep Network Development 16



1. NIPG Research
2/ Unversity PTTW

Research in Autism - Demonstration & QuOESE
| Fra

Detected Episode: Interaction | ; Predicted Transcript:
Patient Analysis 3

Detected Request
Count: O

Yerbal: Nene
Gesture: None

5/11/2025 Deep Network Development 11



1. NIPG Research EITE /A&

= rorvos LoranD Al
UNIVERSITY & TLW

Research in Autism - Demonstration & QuOESE

Clinician misses communication sign

9/11/2025 Deep Network Development 18



1. NIPG Research

ELTE g
= EGTVOS LORAND 4
2/ UNvERSITY 4 \
| | | [ |
Research in Autism - Gontinuation SR s UNvERSITY
% U MEDICAL CENTER

s Y
FEATURES Il. EPISODE
f- - N = -
- ~ Environment + Human
Video n U &
: EVENTS
I. FEATURE <
EXTRACTION | , L |
. ACTIVITY
INTERPRETATION
\ / - l J
Context "
; ,, - - e DETECTED SOCIAL
Patient: “Hmm...1 think some pieces are missing
\ L CUES )
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1. NIPG Research

Research in Autism - Continuation

aig

ELTE

EOTVOS LORAND
UNIVERSITY &

£\ RUSH UNIVERSITY
I/ MEDICAL CENTER <

ARGUS Cognitive

(voLov8) %

Face Detection

(RetinaFace)

Age Estimation
(MivoLO) %

Mono Depth
Estimation
(MiDas)

r

(ByteTrack) @

(3D BodyPose |

Patient

(MeTRAbs +
| MediaPipe) (K] )

g 3D Hand Pose B
(Mask R-CNN +

mivos) £

. J

Facial
Landmarks
(MediaPipe) 3%

Tracked Full
3D Body Pose

Full 3D
Body Pose

Gaze Estimation

Eye
(L2CS-Net) &

Contact

Human Characterization

I. FEATURE EXTRACTION €8 : Frozen weights; & : Fine-tuned; [l : New
Nk i i e S G Y~ s T G S B e G - A T s o B el Y S S e e S e S sl \ "y
l - VISION
s.gm'::gt:tion ;O Detailed Object Information o
(Mask2Former) (% ) 1
a R
Object Detection Tracking

Environment

v

Blink Estimation
(BlinkLinMulT) 3

SPEECH

Speech
Recognition

(Whisper v3) %

Speaker
Diarization
(TitaNet) @

=y

Human

Context
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1. NIPG Research ELTE

EOTVOS LORAND
UNIVERSITY &

/™ RUSH UNIVERSITY
I/ MEDICAL CENTER

ARGUS Cognitive

Research in Autism - Gontinuation &y

Key Episodic Time stamps to restrict analysis
Components only to key episodes where

l most action is likely to occur

Il Activity Interpretation

: }_ Updatable, general and task-specific rules
__________________ S o S g

Rule-based system

Body Pose Features >

f Gesture ]

'L Recognition

MediaPipe Hand
Gesture Recognition

Hand Pose Features

A 4

=l

Object Features

Ji=== L...,u...]

1
1
1
1
1
1
[
1
1
1
1
1
1
1
1
1
1
1
1
1
1
Speech Features :@

l Understanding

7 }_ Updatable task-specific key words

» :\‘: = \,W

1

L

1

1

1

1

I

1

1

i

1

1

1

1

1

1

1

'

1

1

1

1

|

1

1

1

i

1

! 1

Voc: l 1
1

Gaze and Blink ~/:\ = Eye Contact
features k U ) %
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1.

NIPG Research

Research in Autism - Continuation

EoTvos LorAND Al
UNIVERSITY & JL W

/™ RUSH UNIVERSITY
I/ MEDICAL CENTER
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1. NIPG Research

Research in Autism - Continuation

d@p S

ELTE

EOTVOS LORAND 4
UNIVERSITY &

RUSH UNIVERSITY
MEDICAL CENTER

ARGUS Cognitive

Total Number of Gazes during
Reguest Intervals per Group

Gaze Durations per Gaze
across ASD and TD Group

Total Number of BElinks during
Reqguest Intervals per Group

Blink Durations per Blink
across ASD and TD Group

31 T 1.50 ASD 41 T 0175
T o
L s TD @ ASD O
o - = ] & o J
N4 5512 Outliers é . e 58 0.150
& £d = Outliers g % 01251
o == 1.00 - = P o
= i o aa [=] i |
E = & 22 0.100/
) 3 .75 =2 - E. i
£ 2] 2 85 g £ 0.0751 i
= “ 0,50 Z =
E %é =1 _— 2 2 0.050
o 1 il o - =
= @ 3 0.25 s g 2 0.0251
= - ;E =
04 - 0.00 04 0.000 L
ASD T ASD ™D ASD TD ASD D
(a) (b) (a) (b)
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1.

NIPG Research

Research in Autism - Gontinuation

—

People bounding
boxes
(YOLOv9)

Age estimation
(MivoLO)

Tracking
(BOT-SORT)

Tracked Person ID: 1
(Clinician) Age: 38

Tracked Person ID: 2
(Subject) Age: 12

For each person

Body Pose & Hand Pose
(MediaPipe) + Hand

Detection (Fine-tuned
Detectron 2)

Open Vocabulary

Object Detection
(YOLO-World v2)

'box’, 'figurine’, 'scissors']

['toy’, 'doll’, 'car’, 'sports ball’, ‘cape’
,action figure’, 'tool’, 'football’, 'truck’,
‘cup’, 'superhero’, 'disk’, ‘dinosaur’,

Segmentation +
> Tracking
(DEVA-SAM)

Tracking
(BOT-SORT)

% Optical Flow
d (VideoFlow)

@ \ELTE
% EOTVOS LORAND ,

UNIVERSITY &

/2 RUSH UNIVERSITY
I MEDICAL CENTER

Toys
detected
(bboxes)?

Objects
segmented
(masks)?

Select a set of object
masks that are near the
hand

Exclude masks that are

Object mask
inside bbox?

Check optical flow
of hand and toy

Check optical flow of Similarity
hand and remaining «
NS

body parts

/1112025
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1. NIPG Research ELTE /A

= FoTvos LoranD S
UNIVERSITY & TL W

. | | -
Research in Autism - Gontinuation dyt QNN
U/ MEDICAL CENTER

5/11/2025 Deep Network Development 25



1. NIPG Research
) Unversity MIT W

Ke e G est “ rl “ i |s|n # RUSH UNIVERSITY
=\ MEDICAL CENTER

Game Format: 2-player game focusing on observation and non-
verbal emerging pragmatic communication.
« Player Roles:
- Player 1: Wears a HoloLens, physically present in a room with
digital objects.
- Player 2: Receives a detailed description of the room but
cannot see it directly.
- Gameplay Overview:
- Setting: A room with various holographic objects placed inside.
- Objective: Identify discrepancies between the actual room
setup and its description.
« Communication and Visibility:
« Players can see each other during gameplay.
« Key Challenge: Communicate findings and discrepancies through
gestures only; verbal communication is not allowed.
- Goal: Collaboratively find all discrepancies by effectively using non-
verbal communication to guide the HoloLens player's observation and
actions within the room.

5/11/2025 Deep Network Development 26



1. NIPG Research = \ELTE M

FaceGym: A Platform for Visualizing and Enhaneing & + o
Facial Expression Tasks

Initially designed to assist with facial muscle training
- Facial Paralzsis

- ALS (fatal motor neuron disease)

- For autism to teach social interactions

Now, the focus is to check the effectiveness of the visualization for conveying the task goal

- The application collects facial expression related data, including the images

- This can be used for facial feature related research such as 3D morphable head avatars, or
behavior analysis

- These tasks helps to create a balanced dataset with rich feature set

5/11/2025 Deep Network Development 21



1.

NIPG Research

FaceGym: A Platform for Visualizing and Enhancing « =

Facial Expression Tasks

Currently three tasks/visualizations are available

1. Action Unit Bar Maximalization
o The goal is to move the bars corresponding to an
Action Unit for the specific facial expression as
high as possible
2. Drawing with Emotions

£\ RUSH UNIVERSITY
I/ MEDICAL CENTER

o The goal is to follow a trajectory with a cursor “;
that can be controlled by creating various -
emotional expressions -

3. Imitation Game 2

o The goal is to recreate the reference videos facial ~
expression as closely as possible

o The game gives back a distance between the time [
series of the Action Unit activation on the -
reference and the recorded video = & =

5/11/2025 Deep Network Development 28




1.

NIPG Research

Physical Rehabilitation

- Optimization of position (camera and patient) & help in navigation
- Avatar-based demonstration and anonymization for data collection

17448 0 0 N =l 100% 8

& training 1

m TKR20_OK_0d_dist2_dir2_LEF
o

(a) OpenBot

Laptop

2X
Execution 6
¥ 10s
Requires 4 ] H
| ] &
""" 1 Human: Request for instructions (e m TKR3-0K 45 dist2 LEPT
H . Robot: Step 1. Turn to the extreme left 1%
_ H and walkin the direction of the door
Video frame . Robot: Visual detection of the
. — execution
B Robot: Now, cross the door, turn to the
' B right and make two steps forward
- N N Lssssas n
Communication
Zed2 RGB-D camera
Depth map A
= | (c) I
o onN
> \‘ é/ —d Initial State
\ \'\ /
\ Semanticmap |
Requests > Goal
(Intention) © sTarT
Planning
1l @] <
|__Human partner |

ISR M

f i training 1
for aron

ELTE

EQOTVOS LORAND

UNIVERSITY &
RUSH UNIVERSITY
MEDICAL CENTER ARGUS Cognitive
. 1744 8 @ B X Zrall 100%8

Q_ Search trainings

Add a new training

] @) <
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1. NIPG Research

ELTE /A
The context: 3D model of the environment (and the & = owwwsm
human in it)

« Understanding the environment requires reconstructing it.
- This project uses NeRF, Gaussian Splatting and more
- Technologies: Unity & Blender

9/11/2025 Deep Network Development



1.

NIPG Research ELTE

The context: 3D model of the environment (and the & = owwwsm

> EGTVOS LORAND _ _
2/ Unversity PTTW

human in it)

The human is also part of the environment

To animate a humanoid, NeRF model, it must first be rigged
(outfitted with a standard skeleton)

With certain auto-rigging tools (i.e., mixamo) this can be done in
just a few minutes.

However, recent models, like SKEL (https://skel.is.tue.mpg.de/),
an extension of SMPL can be sufficient.

9/11/2025 Deep Network Development 31
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1. NIPG Research EITE &

The context: 3D model of the environment (and the & & cmwss
human in it)
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1. NIPG Research R
VA ‘m

Special Topics

Company Project

Own lIdea - It is a bit harder to find supervisor. Find similar topic and
ask the professor.

https://nipg.inf.elte.hu/
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2. Al Department Research @ \FEITE

) EGTVOS LORAND /;
UNIVERSITY &

Machine Unlearning — Learning to Forget

/I;Iachine Unlearning Workflow 7-\\ w hy d oes it matte r?

N Catan D Ty (CnermingProcess ) - Prevent privacy breaches and safeguard
] ! re | g o i.r | sensitive information
‘ Machine Learning T 1 DREiv >: > o} : i .
O ot ~ S | RemuinDataset Unleamed Model - FErase harmful or biased data effectively
(\-ﬁ 2 g - .' Machine Unlearning | |
| Data Algorithm Selection jEm e s s s s s === == o i . . . .
e o Tt s N % igwym - - Ensure compliance with ethical guidelines
) Sty | O | v I b and legal requirements
\ « DNN \ Model Parameters ~ Unlearned Model / /
N _« Purge personal data from recommender

systems for fairness
« Defend against malicious attacks, like

T \
Unlearning Evaluation Unlearning Verification

s & SO poisoning and backdoors
L]
. Model Provider Data Contbut « Enhance adaptability to new data, evolving
et o things laws, and shifting perceptions
Providing Services Tt Bl «< Pass Evaluation Metrics Verification Metrics

¢ Recommender Systems i i
« Effectiveness Metric

« Efficiency Metric
s Utility Metric

« Invasive Metric
« Non-invasive Metric

FOR MORE INFO: tamastheactual@inf.elte.hu
OR www.linkedin.com/in/ranuon

Unlearning Evaluation and Verification
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2. Al Department Research -
/) UNVERSITY ﬁk

Multi-Agent
Reinforcement Learning




2. Al Department Research @\ FLTE

& EOTVOS LORAND /;
UNIVERSITY &

Collective Intelligence — Scotland Yard

Goal: —
- Detective Agents: Capture "Mr. X" within the city of London. }i\@f?i;?_‘?r

« Mr. X (Prisoner): Evade capture. o 00 i

« Try to achieve a win rate of 50-50% utilizing meta-learning. o DD B(ﬁ# G
M ethOdOIogv: Episode: 0, Timestep: 0 %

 GNNs N

- Reinforcement Learning (PPO)
« Gymnasium

Dr. Gulyas Laszlo - Igulyas@inf.elte.hu
Tamas Takacs - tamastheactual @inf.elte.hu
Barta Zoltan - dgugkf@inf.elte.hu

= KAPWING
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2. Al Department Research

Collective Intelligence — Search & Rescue
Goal:

« Rescue Simulation in Multi-Agent Systems using PettingZoo

- Simulate and implement a multi-agent rescue scenario where rescuers guide o
victims to safe zones while avoiding obstacles o

« Collision Detection e

« Victim Search .

« Clustering and Delegation o ® .

Methodology: ° @ . e
» ANNs ® N

- Reinforcement Learning (PPO)
« PettingZoo s

Dr. Gulyas Laszlo - Igulyas@inf.elte.hu
Tamas Takacs - tamastheactual @inf.elte.hu
Barta Zoltan - dgugkf@inf.elte.hu
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2. Al Department Research @\ FLTE

& EGTVOS LORAND f' =
UNIVERSITY & JL W&

Collective Intelligence — Particle Swarm Optimization

Rastrigin Function
Goal:

100.

« Given a particular function find the location with the best fitness value:
« (Gan be complex
« (Gan be noisy
« Can model real world situations

objective value

PSO on Rastrigin O

Methodology:

« ANNs s
« Reinforcement Learning (PPO) 08
« PettingZoo i -
« SmartSwarm o

15 10 5 0 5 10 15

Dr. Gulyas Laszld - |gulyas@inf.elte.hu
Tamas Takacs - tamastheactual @inf.elte.hu
Barta Zoltan - dgugkf@inf.elte.hu
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2. Al Department Research

Collective Intelligence — Pathfinding
Goal:

« Multiple agents, target locations, static obstacles
« Agents must travel to a specific point in space while avoiding collisions
« Unique Target per Agent

« Train Agents that can:
« Reach Target location
« Avoid colliding with other agents and obstacles

Methodology:

« ANNs

- Reinforcement Learning (PPO)
« PettingZoo

« Gymnasium

Dr. Gulyas Laszld - Igulyas@inf.elte.hu

Tamas Takacs - tamastheactual @inf.elte.hu
Barta Zoltan - dgugkf@inf.elte.hu
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2. Al Department Research = \EITE M

% orvos Lorane
MARL Competitions

« MARL competitions are a great way to practice and validate design ideas and principles in the MARL domain.

« They are hosted on excellent platforms that make event submissions easy. Melting Pot Challenge

- These competitions usually offer a decent prize pool.

« A vibrant community, mostly found on forums and Discord, supports these events.
« Qverall, they are perfect for professional development.

kaggle

Lux Al Challenge A I C I‘OWCI

FOR MORE INFO: tamastheactual @inf.elte.hu
OR www.linkedin.com/in/ranuon Neural MMO Challenge
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Agent-Based
Modeling (NetLogo)




2. Al Department Research

ELTE

EQTVOS LORAND
UNIVERSITY &

Collective Intelligence — Corporate Organism

Dr. Gulyas Laszlo - Igulyas@inf.elte.hu
Tamas Takacs - tamastheactual @inf.elte.hu

Barta Zoltan - dgugkf@inf.elte.hu

Blue financial resources flow from Finance to other departments
Purple knowledge resources originate in R&D
Management team (white) responds to incoming market factors
Red negative market factors damage employee satisfaction
Green positive market factors create opportunities

Resource stations grow and shrink with inventory levels

» Decentralized Control: Employees make local decisions like cells NetLogo

* Emergent Behavior: Company health emerges from interactions of components
* Adaptive Response: Management cells seek out and neutralize threats

* Resource Prioritization: Critical resources flow to areas of need

Cell Specialization: Employee skill development and specialization
Reproductive Process: Company expansion and new branch formation
Evolutionary Selection: Competitive dynamics with other companies
Symbiotic Relationships: Partnerships and supply chain modeling

/1112025

Collective Intelligence
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2. Al Department Research

E’:*ai EOTVOS LORAND /i

e i
g UNIVERSITY &

Collective Intelligence — Simulating Biological NNs

[
|
J
NTSYTTrTYeS
/'(

Dr. Gulyas Laszlo - Igulvas@inf.elte.hu

Tamas Takacs - tamastheactual@inf.elte.hu

Barta Zoltan - dgugkf@inf.elte.hu
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2. Al Department Research

Supporting the Medical Domain

Agent based modelling

The main task is to participate in consultation and implement a Data-
Driven multi-agent framework where the agents act based on a

HIHE | §B | O%
% % 8 % "simple” model, and the collective level behavior is given.
8 % % % https://link.springer.com/article/10.1007/s12559-020-09801-w

https://www.sciencedirect.com/science/article/pii/S1574013716301198?casa_token=LN
LDWtYg33gAAAAA:La-
WXEBnSgKyT6SzzVKYHEr_GNVY5qmwYQHBP5Y2doVdmUKbCuVgYAxY-ufPN-
DcFPDqg49RIKkZ

Dr. Gulyas Laszlo - Igulyas@inf.elte.hu
Tamas Takacs - tamastheactual @inf.elte.hu
Barta Zoltan - dgugkf@inf.elte.hu
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Robotic
Interactions




2. Al Department Research

Dynamic Obstacle Determining

« Determine the size and velocity of detected objects
« Using 2D LiDAR and/or camera
« Application for TurtleBot

Aphilak Lonklang - aphilak@inf.elte.hu

5/11/2025 Collective Intelligence 48


mailto:aphilak@inf.elte.hu
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Dynamic Obstacle Determining g

EOTVOS LORAND 4
UNIVERSITY &

« Research on path planning algorithms for use in multi-robot
system

« New ideas, that potentially have advantages to the current
state of the art

Aphilak Lonklang - aphilak@inf.elte.hu
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2. Al Department Research

Neural Network for Path Planning Algorithm

« Training the neural network model with path planning
algorithm

« Using the trained model for path planning application in .
mobile robot

[ Add & Norm |

Feed
Forward

| Add & Norm |<_:

(> Add &Nom ) Multi-Head
Feed Attention
Forward J ) Nx '@'
Nx Add & Norm £
’_-m‘m] Masked ;
Multi-Head Multi-Head
Attention Attention
L L
— J . ——
Positional & A Positional
Encoding Encoding
Input Qutput
Embedding Embedding
. . . I T 0 20 40 60 80 100
Aphilak Lonklang - aphilak@inf.elte.hu inputs oo X [meters]
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2. Al Department Research

Robotics

 Human robot interaction

- Collaborative robotics

* Robot hardware

« Robot Operating System (ROS)

Domonkos Mark - domonkos@inf.elte.hu

5/11/2025 Collective Intelligence o1


mailto:domonkos@inf.elte.hu

2. Al Department Research

Robotics — Ethonik (Unitree G02)

« Robot agility competition challenges °
« Reinforcement Learning m

- Learn to solve different problems <§(\
« Collaborative robotics ROBOLITY

* Robot hardware
« Robot Operating System (ROS)

EOTVOS LORAN

2 OTVOS LORAND \
& UNIVERSITY & JL &

G
e

Balazs Nagy - nagybalazs@inf.elte.hu
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2. Al Department Research

Social Rohotics - Biscee

« How to integrate robots into human environments?
(nursing home, restaurants)

« How to design human-robot interactions?
« How to give a body to the technology?
« Ethological research

« Behavior learning and tuning

Balazs Nagy - nagybalazs@inf.elte.hu

/1112025 o3
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% EGTVOS LORAND /I
V4 b

Social Robetics - Mecanumbot

 How to learn and model dog behavior
« Utilize mecanum wheel locomotion
« Implement Ainsworth's Strange Situation Test

« Test different approaches to learn behavior
natterns on the robot

Balazs Nagy - nagybalazs@inf.elte.hu
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Deep Learning
For Graphs




2. Al Department Research

Graph Neural/Convolutional Networks
* When the input is a graph

« Classification of Networks
« (lassification of Nodes
« Prediction of Node Labels
« Prediction of Links
- (Generation of Graphs

« Application Areas
- (Traffic) Scenarios
 Molecules
« Knowledge Graphs
- Potential connections to NLP
« Recommeder Systems

« Purchase
« Social Network

Dr. Gulyas Laszld - lgulyas@inf.elte.hu
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Robustness of Graph Neural Networks

- Against adversarial attacks
« A general challenge for Artificial Neural Networks

* Active Research Area
« Many solution proposals
« Applicability to Graph Neural Networks?

« Any new approaches that take the specific input structure into
account?

."
’

+.007 x

“panda” adversarial perturbation “gibbon”
(amplified for perceptibility)

Dr. Gulyas Laszld - lgulyas@inf.elte.hu
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2. Al Department Research

Explainability of Graph Neural Networks
- Explanaible Al (XAl)

« Why certain decisions were made?
 What is the reason for the given answer/prediction?

- An active topic for ANNs in general
 How well do the common approaches fit?

« Any ideas that take the specific input structure into
account?

Dr. Gulyas Laszlo - Igulyas@inf.elte.hu
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Sparse Neural
Networks




2. Al Department Research @ .
UNIVERSITY @

Sparse Neural Networks

- Artificial Neural Networks have many edges (weights) « Task:

- Sparse Neural Networks » Comparing and Combining 3 approaches

. : « Sparse NNs from network priors
Ha.ve som.e of these ImksI c!ropped « Sparse-Evolutionary Training (SET)
« Prior, during or after training

_ « Deep-R
+ Based on various rules - To achieve various goals
. Resu";ing in . g?\l “nderstand the structural properties of ,best’
. . S
 Higher or comparable accuracies - To increase the computational efficiency (and thus,
« Stronger generalisation abilities scalability) of training and using ANNs

Often increased robustness against adversary attacks « To increase the robustness
Sometimes decreased computational load

« Use Evolutionary Algorithms to optimize sparse structure
— for accuracy, for robustness

Dr. Gulyas Laszlo - Igulyas@inf.elte.hu
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Cost-Efficient Methods for Time Series: Classification

and Forecasting

« Low computational cost, cost-effective deployment
« Utilizing knowledge from network science

« Applications in mechanical engineering

« Consideration of spectral characteristics

« Development of state-of-the-art techniques

Methodology:

« Fourier Neural Operator

« UNet, Autoencoders, Implicit Neural Networks
« Scale-free Networks, Sparse Neural Networks

Tasks:

Detailed Information — Research Plan

Use Fourier Neural Operator to detect anomalies in ECG signals
Collect time series (e.g., vibration or temp.) to build your own dataset
Fix & test linear models and compare models on real data.

Design new models: Develop lightweight forecasting & classification
architectures.

Dr. Gulyas Laszlo - Igulvas@inf.elte.hu

Dr. Botzheim Janos — botzheim@inf.elte.hu
Gyongyossy Natabara - natabara@inf.elte.hu
Dr. Szekeres Béla - szekeres@inf.elte.hu
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2. Al Department Research

Fuzzy Explainer and Trajectory Prediction in Sensor

Production

» Trajectory prediction:

»  MEMS based sensors are measured over hours in temperature chamber in the
production

temp-chamber generates >1h long time series data

»  target: reduces the measurement time in the chamber by using Al methods
without affecting the quality of the measurement

Digitalization of the product data from component data up to the calibration and final
measurement data

Trimming : Final Test

Fuzzy Rule-based System

»  atype of Al system that employs fuzzy logic to
handle uncertainty and imprecision in decision-
making processes.

»  Linguistic interpretation of aFRBS :
"If [Antecedent] then [Consequent]

»  Easy to understand by humans

Fuzzy RBS

ELTE

EGTVOS LORAND
UNIVERSITY

Trapezoidal mf

a b c d
Rule 1 \

* —
Antecedent 1 Antecedent 2 Antecedent n

- = ~
=\‘_.Consequenl_ ) J

Rule 2

[ Antecedent 1 Antecedent 2 Antecedent n

P = ""'-.\
=\_.Consequenl_ ) J

Rule m

[ Antecedent 1 Antecedent 2 Antecedent n

i Consequent ) }

g Feature 4 Feature 13 Feature 14 Ffﬁtu&z Feature 5 Feature 15 Output
§ sef0), Artelo] Rulefo], Antef1) i), Ante2] #® huledol antet3) \ e, Aneld] Aulef0) Antef5) Pudels], Cons
E RT trimming: ~1h oo’ e AT S i e
[ . > ] -
Time (~10h) - = : 5

== >  Model training: Combining fvolutionary aleorithmsand >
l;wanmpornun target value Room temperature point G'l‘ at/Ili’llf -ﬁﬂSﬁ’t/ /”gfllﬂds o8

= 2 0.6

- > Exploiting the “ white-box” behavior of the model: —»Z - T z
i of the target value @ the variation é 0:3 _":- é
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= Feature 13
J 14 L
Hunor Istvan Lukacs - lukacs.hunor@inf.elte.hu
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2. Al Department Research

Incremental Learning

Main directions:

- Forward propagation: learning data representations and
selection

« Curriculum learning - increasing model and task
complexity

« Learning to learn
« Explanation capability

Dr. Gulyas Laszlo - Igulyas@inf.elte.hu
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Concept
Learning




2. Al Department Research ELTE /A&

Few Shot Concept Learning

- Concept Learning * Few Shot Learning
- Recognize and categorize objects or » Meta-learning
situations - Training on several related tasks
« Based on » To generalize well to unseen (but related)
tasks

: thIBI['attnbUtes and - With just a few examples
relations. =

- Eg. LT

- Different animals based on
« shape, size, color, and behavior @ .4 FE’;

e

P

Y %. ah

W ﬂ E 4 '.-.’.
£ $ Ll - @

Sl .‘

. Il v
Dr. Gulyas Laszld - lgulyas@inf.elte.hu s | 3% 2T
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2. Al Department Research

Few Shot Concept Learning

» Learning the concept of numbers
« In an image
« Of non-empty values in a vector
« Etc.

Dr. Gulyas Laszld - lgulyas@inf.elte.hu
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Natural Language
Processing

NLP-related projects (we recommend taking the NLP course as well)

Gyongyossy Natabara - natabara@inf.elte.hu
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/) UNVERSITY ﬁk

Low Energy
Networks

Low Energy Neural Networks (Spiking Neural Networks, ...) and their
applications

Gyongyossy Natabara - natabara@inf.elte.hu
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2. Al Department Research -
/) UNVERSITY ﬁk

Special Topics

Company Project

Own lIdea - It is a bit harder to find supervisor. Find similar topic and
ask the professor.

https://mi.inf.elte.hu/employees



https://mi.inf.elte.hu/employees

That’s all for today!
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