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About Al for Smart Mobility Lab
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© AI4SM Lab

2 3

Situational Awareness Reasoning and Action Optimization

Multimodal sensing and perception, Agentic Al systems that integrate Advanced search and optimization for
vulnerable road user behavior and intent perception, reasoning, planning, and action complex design, planning, and control
prediction, cooperative perception in mixed to deliver adaptive, context-aware, and problems across people mobility, logistics,
traffic, and context-aware causal personalized mobility services and and transportation infrastructure —
observability for software-defined vehicles. intelligent service orchestration. efficient, sustainable, antifragile.
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From Digital Al to Physical Al

» The Alphabet Soup of Al
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formers

Agentic

AT VLA
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@' deepseeck
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I — » Time to reach 100 Million customers

Telephone Web Facebook Instagram ChatGPT deepseck
75 Years 7 Years 4 Years 2 Years 2 Months 7 days 7 I




I From Digital Al to Physical Al

» What is AI Agent

© AI4SM Lab
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An Al agent 1s a goal-oriented autonomous computational entity that
connects reasoning and action using foundation models, memory systems, and

external tools to achieve contextually intelligent outcomes.

Main Characteristics:

1. Goal-oriented

2. Autonomous

3. Able to perceive, reason, plan, act, and learn.

4. Achieve contextually intelligent outcomes.



From Digital Al to Physical Al

=
=
-
|55
v
3
=
N

© AI4SM Lab

» Al Agent Components

Prompt Template

Short-term memory & long-term

Memory (semantic, episodic, and
procedural)

Instructions

User query/intent

Reasoning/planning . M Foundational model (Domain-specific or
Genetic, Small or Large LLM/LRM)

Tool use ,O } Toolkit

Q Agent response

User

v



From Digital Al to Physical Al

» Foundational Model

> Multimodal Perception %

VX
Foundational Model m > Reasoning Qiﬁ

S\
R
> Learning eg)ﬁ




From Digital Al to Physical Al

» Foundational Model
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© AI4SM Lab

Large Language Advanced reasoning GPT-5, GPT-4 (OpenAl),
Models (LLMs)  Reasoning / General Multimodal (or lannine. multimo da,l Claude 3 (Anthropic), Gemini
30B — 400B+ LLM evolving) b & Pro (Google), Llama 3 70B
parameters) agents (Meta)

Small Language Llama 3 8B / 3B (Meta),
Models (SLMs) Language / Unimodal or limited Fast inference, fine- Mistral 7B (Mistral), Phi-3

1B —-13B lightweight reasoning multimodal tuning, domain tasks small (Microsoft), Gemma 2
parameters) (Google), Qwen-7B (Alibaba)

@ OpenAl Claude OQLlama 3
1 Mistral Al $3Qwen (& deepseck

< OpenRouter Jan F’%OIIama A Novita |



From Digital Al to Physical Al

» General LLM Training Pipeline
Training Data: 15.6T tokens
Parameters: 400B < — Training Time: =70 days
SOTA Model:

LLaMA 3 400B

> Compute: 16K H100 GPUs

~ Cost: Estimated cost (Compute rental + engineering

J "~ salaties) = $52M

Carbon Emissions: = 4400 tCO,ec. Equivalent to:

" & Driving ~17.5 million kilometers in a typical gasoline car, or
" #% Annual emissions from ~950 passenger vehicles, or
= 7% Taking ~3,200 round-trip flights between Cairo and London, or

= & Powering ~1,500 Egyptian households for one year . I



From Digital Al to Physical Al

» Reasoning

O
X

System 1: Fast, Intuitive System 2: Slow, Deliberate
Question: What 1s 48 + 4?

System 1: 48 ~ 4 = 12 System 2: Iet me check carefully:

" 4 goes into 40 ten times, remainder 8.

" 4 goes 1nto 8 two times.

10+2=12
= So,48 ~4 =12,

Same output, different approach to problem-solving
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THE NEW YORK TIMES BESTSELLER

TH/I’“NKING,

FAST..SLOW

DANIEL

KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS



From Digital Al to Physical Al

» Reasoning

System 1: Fast, Intuitive

:
)

Text generation via
next-word prediction

O
X

System 2: Slow, Deliberate

:
&

Multi-step Problem Solving
ReAct, Chain-of-Thought (CoT), Chain of

Continuous Thought (Coconut), Tree-of-

Thoughts (ToT), Distilling Reasoning

THE NEW YORK TIMES BESTSELLER

THINKING,
FAST .. SLOW
|H C W7y S i @ .

DANIEL
KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS
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From Digital Al to Physical Al

» Reasoning: Progress on Al benchmarks in the past five years

Trivia questions
80 T (TriviaQA)
R

60 - >
A | —_— Graduate-level
Sk / STEM (GPQA)

40 a1 e ,:‘_."'
Prestigious math

J/ exam (AIME) /
20 - Y e /

0

>

2020 2021 2023 2024 2025

Al News Daily, Feb. 17, 2025



I From Digital Al to Physical Al

» Al Agent Components: Foundation Model

LILM VLM MLILM VLA
Large Language Model Vision Language Model Multimodal Large LLanguage Model Vision-Language-Action Model
IN IN

IN IN
. D
= ~ > = ) o= O®
text image text image audio video goal state
v \ 4 \/ \/
ouT ouT ouT ouT
S O _J X 1
text labels, boxes, masks, captions answer reasoning trajectory
Reads and generates Sees and describes Understands multiple Sees, reasons, and
text images types of input takes actions
GPT-3.5 Turbo, Gemini 3.8, GPT-6 Astra, Alpamayo-R1,

Llama 3 8B/400B Qwen2.5-V Qwen3.8 Max OpenVLA



From Digital Al to Physical Al
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© AI4SM Lab

» Digital Agentic Al vs. Physical Agentic Al

Shared agent loop Perceive — Reason — Plan — Act — Learn

Physical Agentic Al
e It changes atoms.

Drives a robotaxi * moves a container * inspects a line

o AL

Digital Agentic Al
It changes bits.

Books a trip - files a claim - reconciles an invoice

B O O

Apps & web Databases Documents Workflows Vehicles Robots Machines Ports & plants
Logs, APIs, text, screens, databases Perceives Cameras, lidar, radar, IMU, force sensors
API calls, code, transactions, messages Acts through Motors, brakes, steering, grippers, valves
Milliseconds — retry, roll back, re-run Feedback loop  Real time — no undo once mass is moving
Wrong record or wasted spend — recoverable Cost of error Collision, damage, injury — irreversible

Copy the agent; scaling is near-free How it scales Build hardware; fleets, maintenance, safety cases 17 I
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Intent-driven Agentic Workflow
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© AI4SM Lab

» Digital Agentic Al: Trip Planning

Could you please help me book a flight from Dammam to
Toronto on May 307 I'd prefer a flight with no more
than one stop, and I'd like to keep the total travel time
as reasonable as possible. If there are multiple options,
please prioritize the one with the shortest layover and a
departure time after 5:00 AM local time in Dammam and
arrival before S:00PM local time in Toronto.

A

t=0 t=2

Prompt Template

Back-end

May 30, 2025 May 30, 2025

05:00 AM 06:00 AM
DMM DOH

o1h 00
ing Fahad Hamad Intemational |
Imemational Alrport Economy Arport

JSON response

o

" and Webhooks ~
notificati

(D waiting time in Doha, DOH 02h 10m

May 30, 2025 - May 30, 2025
: 08:10 AM §€ 03:00 PM
'., DOH > Yz

Pearsan Intemationa:

Airline reservation
system (ARS)

. Domain-specific
" Memory or Generic LLM .~

®+ 3%
t=1 t

=3

Natural Language Input Reason + Plan + Action Tool-use




Intent-driven Agentic Workflow

» Physical Agentic Al: Home Physical AI Assistant

Home Physical AT Assistant

5 FIGURE

NVIDIA.

Microsoft

Figure Helix: https://www.youtube.com/watch?v=73yQHYNXPws 20 I



https://www.youtube.com/watch?v=Z3yQHYNXPws
https://www.youtube.com/watch?v=Z3yQHYNXPws
https://www.youtube.com/watch?v=Z3yQHYNXPws

2026 KFUPM
© AI4SM Lab

I Intent-driven Agentic Workflow

» Physical Agentic Al: Inspection Assistant

Inspection Assistant

Credit: Gemini Robotics-ER 1.6, Google and Boston Dynamics: https://www.youtube.com/watch?v=kBwxmlI2yH


https://www.youtube.com/watch?v=kBwxmlI2yHQ
https://www.youtube.com/watch?v=kBwxmlI2yHQ
https://www.youtube.com/watch?v=kBwxmlI2yHQ
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Common Patterns for AI Use Cases

* Projection
* Comprehension .
* Perception

* Sensing

Foresight
Insight

Oversight
Hindsight

, * Physical Process Automation

* Digital Process Automation

* Design Problems
» ¢ Planning Problems
e Control Problems
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I Common Patterns for Al Use Cases

» Situational Awareness: SA Levels

iﬁ__ BRI U S8 Ve i ] [f] [ ] [
i ETEENAE . o : =£___= o * VRU int.ent. (crossing int.6:1j1t, Decision

i EI]#]EJ L3: Pro]ectlon adversarial intent recognition, .

=] f] ==l bullying behavior) Maklng/ Support

Status of entities in the . _
* Near-misses detection

near future and o o . Act .
bl Predict risk of collision with VRU ctivate warning signs or
possible consequences lights for pedestrians and

* Predict traffic flow oo B ;
cyclists if a jaywalker is

. T detected.
é 12:C . ) * VRU crossing recognition * Pre-crash warning
. Lomprenension ; ..
3 P Other Y?hldes Mancuvers Across traffic turn collision
g Relate Situation recognition risk warning
. Signal ph d timi d .
< Entities 1gnal phase and tming an Rear-end crash prevention
pedestrian flashing sign status
g' * Recommends actions to the
‘5 T driver, such as braking or
g ) * VRU (vehicles, pedestrians, cyclists, adjusting course to avoid a
R L1: Perceptlon jaywalker, wheelchair, kids) collision.
2 FPSIN Traffic signs and pedestrian si
Identify Situation affic signs and pedestrian signs * Apply AEB

Entities * Lane markings, lane layout,

!

L0: Sensing

crosswalks

* Ego vehicle onboard sensors
(Cameras, LiDAR, etc.)

* Infrastructure (Camera, LiDAR,

Collect Relevant Data
v smart traffic lights, HD map) 24 I
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© AI4SM Lab

I Common Patterns for Al Use Cases

» Situational Awareness: The 4 Lines of Sight

» DPrescriptive Analytics

\
What should we do to

get the best result?

Foresight Recommending specific

""""""""""""""""""""" » interventions, such as changing

What will
happen?

traffic light patterns, increasing

Predictive Analytics police patrols, or improving road
conditions in areas predicted to
' ‘ have a high risk of accidents.
Why did it ‘ .

What happen?
happened?

Value/Competitive Advantage

Diagnostics Analytics

> Predict the likelihood of accidents in different areas at different
times and weather conditions.

«

¢ —

« |

V= > Root causes of high accident rates at certain intersections (e.g., lighting conditions,
weather conditions, road quality, traffic signals, or driver behavior.)

Oversight

Hindsight Most common times for accidents, types of vehicles involved, ot locations/ hotspots
with the highest accident rates

[ "\

Descriptive Analytics

e

‘
—
Cleaned data » Traffic accident data
Raw data . 5 I
, Difficulty =




Common Patterns for Al Use Cases

» Automation

* Mobility platform manufacturing (robotic welding,
assembly and painting, automated material

handling, automated quality inspection)
* Automated public transport
* Automated people movers (APM)
* Smart parking systems
* Smart intersections
* Self-flying vehicles

* Self-driving vehicles

Robotic Process Automation (RPC)

Streamline content creation

Intelligent agent assistants/ Conversational agents
(Chatbot such as Retail Support Bots)

Q&A engines

Recommendation engines to generate personalized

recommendations.

Digital Go-to-Market (online booking and online
shopping, etc.)

Digital twins



Common Patterns for Al Use Cases

» Automation

1

I
¢ 2 «%\b ¢
Least Complex DRIVER ASSISTANCE N PARTIAL AUTOMATION i%';g:z.’::; HIGH AUTOMATION Most Complex
Today Tomorrow NEXT Decade?
Mining/Agriculture/Warehouse ~ First/Middle/Last Mile Delivery/Logistics Robotaxi /People mover Personally Owned AV & Tailored Spaces

-

Alaa Khamis and Partha Goswami, “Automated Mobility: A Comparison between Aviation and Automotive,” The IEEE International Conference on Smart Mobility, 2023.
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https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10112503
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10112503
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© AI4SM Lab

Common Patterns for Al Use Cases

» Optimization

Quality of Solutions Search Time
A A
High Long/Infrequent (min.-days)

Design Problems/Strategic Functions

* Infrastructure: Districting problems, optimal placement of physical assets, supply chain problem
* People Mobility: MaaS bundling, incentive optimization, bus scheduling problem
* Logistics: Last-mile delivery scheduling

Planning Problems/Tactical Functions

* Infrastructure: Optimal deployment of physical assets, dynamic congested pricing Medium/Intermittent (s

Medium * People Mobility: Demand planning, optimal dispatching for ridehailing, dynamic pricing min.)

* Logistics: Eco-routing, deadheading problem

Control Problems/Operational Functions

* Infrastructure: Traffic light control, smart intersection control (emergency modes)

* People Mobility: Lane-keep assist, automated valet parking, auto-pilots Short/Continuous (ms-s)

Low |- * Logistics: Communication relaying, Dynamic order orchestration, Truck Platooning

roblems. Manning Publication, ISBN 9781633438835, 2024. ZE I

Alaa Khamis. Optimization Algorithms: Al Techniques for Design, Planning, and Control P



https://www.manning.com/books/optimization-algorithms
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© AI4SM Lab

I Common Patterns for Al Use Cases

» Optimization

Al for Smart Mobility

A collective hub exploring Al's transformation of transportation infrastructure, people mobility and
logistics

CliqueRetire

00

Optimizing Traffic Sensor Predicting Ride-Sharing Optimal Placement of Public LTI

Placement in the City Platform Pricing in New York Parcel Lockers for Last-Mile
City with Deep Learnin Deliver :
i ol | e 4 8 e | [oin us @ AI4SM
By Yichen Liao, Xinyi Gong and Amir Yanhao Li, Chen Zhang and Wangwenzan By Tianwei Zhang and Shiuan-Wen Chen as
Hossein Mobasheri as part of course Zhou as part of course project of as part of course project of ECE1724H:
project of ECE1724H: Bio-inspired ECE1724H: Bio-inspired Algorithms for Bio-inspired Algorithms for Smart
Algorithms for Smart Mobility... Smart Mobility, University of... Mobility, University of ...

YICHEN LIAO ﬁg AllenZhou @ Tianwei Zhang
Oct 26 - 6 min read Oct 25 - 18 min read Oct 24 - 9 min read 29 I


https://medium.com/ai4sm
https://medium.com/ai4sm
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Use Cases in Smart Mobility and Logistics
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» Agentic Al for Seamless Integrated Mobility

Al Agents Capable of Perceiving, Reasoning, Planning, and Acting /

Multimodal Transport Modes

/ Heterogenous
( Data Sources and
Would yOunl‘i:;:; exclude a Y:’ 7 s Se rVI Ces
= \
_» Agentic Al-based Supporting Infrastructure
e - Seamless
————— P Integrated
I > Mobility (SIM)
[ '

Digital Platform =

B

SIM User All-in-one Interface

* End-to-end planning * Bundle creation

* Mobility Service bundling * OTA update configuration

Mobility Service
Provider (MSP)

Personalized
¢ Context-awareness Cloud Profiles

* Observability

* Personalization

Deanship of Research, KFUPM — Grant ECR241-ISE-301, 2025-2026. 31 I



I Use Cases in Smart Mobility and Logistics

» Trip Planning

* Itinerary Validation
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* Safety and Accessibility

Trip Planning Agent

Natural Language Intent

Alaa Khamis. Agentic Al for Personalized Trip Planning.

Output Guardrails
* Transparency and
(OutputGuardrailResult) Alternatives
* * Ethical Considerations
M * Styling and Readability
)
=
v
o EE JSON o
Lot ma now # help < v .
Intent/ Query/ c Recommended Itinerary
«— « » 2 > Triage Agent <
Response Response 5
< A
h
v
)
=
—
Front-end v
<M°bﬂ; AP)P/ Web Input Guardrails Handoff
PP >
(InputGuardrailResult) (handoffs)

2

* Request Disambiguation
¢ Preference Normalization

* Compatibility Verification

Prompt
Template

* You are a helpful urban mobility planning assistant.
Provide a detailed, public-transit-focused daily
itinerary within Toronto for a specific user profile
during the Christmas break.

* Use only public or shared transport options.

* Include specific route numbers, departure times,
transfer points, and estimated travel durations.

Instructions

. Short-term memory &
= [ long-term Memory

Retrieve/

update

LIL

Domain-specific or

Reasoning/ ] 1
<—g> MODEL Generic, Small or

planning Large LLM/LRM

MCP/API/gRPC call with public/private key

Back-end (e.g.,
Reservation
System)

JSON response and Webhooks notification

Reason + Plan + Action

025 IEEE Global Conference on Artificial Intelligence and Internet of Things (GCAlo

Tool-use

, Marrakech, Morocco, 2025. 32 I


https://gcaiot.org/
https://gcaiot.org/
https://gcaiot.org/
https://gcaiot.org/
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© AI4SM Lab

I Use Cases in Smart Mobility and Logistics

Objective —
— — ¥ ' » Completeness < —
= Evaluation =

» Personalized Umrah Planning

A

Intent/ JSON Quety/ <
y HOTEL
Respons Repore 6 o) _lluee Ky
o m Categories
Umrah Agentic _ > i
5 Generated Itinerary Language Quality
. . Planner
Local or international
Umrah Performer *
Mobil onnt'e\;/db A 5 Cross.lineual Lexical Overlap:
(Mobile App/Web App) g > 5 —> BLEU, ROUGE-L
% Evaluation nd METEOR
o~
S
o Y Semantic Fidelity:
g .
S Subjective »  BERTScore Fl,
<
2 Evaluation and SBERT Cosine
5]
g
g .
S L Cross-lingual
9] >
& Consistency
oo, ;
Evaluation Prompt [ rg-l':'m (B) @®
— A - -
(Individual and Pairwise = () h ® 1 ® " o O O
Comparison) oL =l|l=I|= CD’D
LLM-as-a-Judge & User Profiles Human Evaluation

PoLL
hﬁpSZ \\'\\'\\'.}'(,)LlTUbC.C()m

Alaa Khamis. Design and Evaluation of an Agentic Al Framework for Personalized Umrah Trip Planning. Arabian Journal for Science and Engineering, 2026.  YOURII /watchiv=bRnO9O0y Hic 3 I

(S8



https://www.youtube.com/watch?v=bRpQ9QpyHic
https://www.youtube.com/watch?v=bRpQ9QpyHic
https://www.youtube.com/watch?v=bRpQ9QpyHic
https://www.youtube.com/watch?v=bRpQ9QpyHic
https://www.youtube.com/watch?v=bRpQ9QpyHic
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© AI4SM Lab

Use Cases in Smart Mobility and Logistics

» Frictionless Urban Parking

Retrieve/Update ) Tool use ;
> Parking Journey Agents ) g Toolkit

preferences

A
A4

Informative Search Agent

\4

Handoff

*
Personalized ) i
: Location Intelli API
()115 Cloud Profile ocation Intelligence APIs

On Route Guidance Agent

Cueing Q}:\\
| :
A Agent
(] coess e Parking APIs

Intent/response ‘
\k - » | Interaction Agent Handoff
Driver Micro-routing Agent Q
Handoff

) Optimization Solvers
On-Spot Agent

Cueing & Handoff

Departure Agent

Digital Tokens

Alaa Khamis. Agentic Al Systems: Architecture and Evaluation using a Frictionless Parking Scenario. IEEE Access, 2025. o I



I Use Cases in Smart Mobility and Logistics

» Mobility Service Bundling

n\\‘,(
r 7
R

B J
3

AN OTA Update
M % <
S
Plﬂjﬁx/

[

SIM Subscriber

. Intent/Response

Mobility Service
Provider (MSP) Mobility Setvice Complex

S

Bundler Optimization Solvers

* Title: Agentic Al-based Framework for SIM

* Obijective: Develop as a unified platform that integrates multimodal transportation options.

* Collaboration: RCRC, MIT Urban Mobility Lab, VTTI

MaaS Bundles

Persona-specific Bundles

A 2

Professional Student Family

Event-specific Bundles

oS

b,
A

HAUOI X308

Expo 2030 WorldCup 2034 Umrah

Corporate Bundles

e

For employees with company-sponsored benefits

Subsidized Bundles

o
~ m o
o\ & N
Elderly/with ~ Unemployed Low-income/
disabilities Newcomers

=
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=
¥
S
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© AI4SM Lab




I Use Cases in Smart Mobility and Logistics

» Agentic Smart Dispatch

UC1l (Route Dispatcher):
- update_waypoint_location()
- Modifies: waypoint coordinates ONLY
- Preserves: time_windows, capacity constraints
- OQutput: Data with TW + Capacity - Solver infers CVRPTW

UC2 (Station Manager):
- modify_waypoint_constraints()
- Modifies: removes time_windows
- Preserves: capacity constraints
- Qutput: Data with Capacity, no TW - Solver infers CVRP

UC3 (Route Planner):
- create_single_route_scenario()
- Modifies: fleet_size=1, removes capacity
- Qutput: Single vehicle, no capacity - Solver infers TSP

4 Logistics Network
Optimization Agent
a A 0 canse at rast TO% ofthe

Query/

Response

Intent/
<4+—p

Response

Input guardrails: Disambiguate

dispatch requests, normalize
preferences, and verify
compatibility between jobs,
vehicles, drivers, and constraints

Output guardrails: Validate route
feasibility and safety, and provide
transparent, readable plans with
explanations and alternatives.

before optimization.

Structured mission

with data and context Optimization problem

A

Operatof ASDFGHIJKL

Interaction

.- 6= Agent

Front-end
(Mobile App/Web App)

Natural Language Intent

Generated route with Solutions

explanation Dispatching

Agent

Reason + Plan + Action

Zishan Yusuf and Alaa Khamis. “Agentic Smart Disptach”, submitted to Logistics, 2026

o

Back-end

OR-Tools
(TSP/CVRP/VRPTW/PDPTW)
Pyomo (CVRPTW via CBC),
VROOM (coord/index; NN fallback),

Mapbox Optimizer proxy

Tool-use

=
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© AI4SM Lab
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Use Cases in Smart Mobility and Logistics
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© AI4SM Lab

» Automated Driving

An example of conservative model
Human Driving

Instruction Prompt

Task
Description (1) 2) 3)
pl LLM - Action ... Reward Signal RL Agent
(GPT-3.5) '," .
:,- "'-,1 Action --._-_____::?n. ..
User & ,"' o Teel -
Objective \\ Aetion ® N >
& \ o \
“'Action ""
Last
Outcome
P ) @
Index Mean Reward Lane Change  Speed Up
Rtotal (3, a) = aRsafety(S; a,) + 6Refﬁciency(57 a) + 'YRLLM (3, a,) DQN baseline 0.82824 0.30681 0.42045
Aggressive 0.83888 0.02326 0.83721
Conservative 0.71391 0.01333 0.00666
Base 0.80140 0.10345 0.10345

Zigi Zhou, Jingyue Zhang, Jingyuan Zhang, Boyue Wang, Tianyu Shi, Alaa Khamis. Human-centric Reward Optimization for Reinforcement Learning-based Automated Driving using Large
Language Models. ITRB Annual Meeting, Washington, D.C. 2026, arXiv:2405.04135, 2024. 37 I



I Use Cases in Smart Mobility and Logistics

» Rare-Event Data Augmentation
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» Rare-Event Data Augmentation

m‘ Method BRISQUE! ILNIQE! PIQE! NRQMT1
" Referenceless OpenAl (Regenerated)  19.47 48.76 34.10 7.39
Referenceless Gemini 3 Pro 9.67 41.31 32.12 8.36
Referenceless Grok 4.20 11.55 42.99 3448 8.13
Method LMM-as-a-Judge T Panel of LMMs T Human Evaluation 1
OpenAl (Regenerated) 4.38 3.90 2.45
Gemini 3 Pro (Referenceless) 4.74 5.00 3.54
Grok 4.20 3.60 4.00 2.31

Figure: Examples of generated images using a referenceless ontology-guided approach. (1)
GPT-5 synthesis, (b): gpt-image-1 refinement, (c) Recommendation-driven regeneration, Khamis, A. (2026). Agentic Ontology-guided Image Generation and Evaluation

(d) Gemini 3 Pro synthesis, (¢) Grok 4.20 for Rare-Event Data Augmentation in Safety-Critical Perception. Array.

https://doi.org/10.1016/i.array.2026.100932. GitHub i I



https://doi.org/10.1016/j.array.2026.100932
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» VRU Adversarial Behavior Recognition THE BIG PROBLEM WITH SELF-
—— EN—— - —— B DRIVING CARS IS PEOPLE

R Uber wishes people would stop bullying their
self-driving cars

&l “3
1. Alaa Khamis, et al. VULNERABLE ROAD USERSS

ADVERSARIAL BEHAVIOR RECOGNITION, P104517-
PRI-NP-USO01.

. Alaa Khamis, et a. VULNERABLE ROAD USER’S
ADVERSARIAL BEHAVIOR OPPORTUNITY AND
CAPABILITY, P104518-PRI-NP-USO1.

. Alaa Khamis, et al. RESPONSES TO VULNERABLE
ROAD USER’S ADVERSARIAL BEHAVIOR, P104516-
PRI-NP-USO1.
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