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Lab at KFUPM

AFFORDABLE
MOBILITY

LAST MILE
DELIVERY

CONNECTED ASSISTED AND
MOBILITY AUTOMATED MOBILITY

URBAN AIR MOBILITY
(

INTELLIGENT
TRANSPORTATION SYSTEM

R




| AT for Smart Mobility Lab: Mission

» Our mission is to advance smart mobility as a transformative enabler of sustainable

development.

» Our research focuses on the intersection of AI and mobility systems, services and business

models.
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I AI for Smart Mobility Lab: Smart Mobility

DIGITAL ECONOMY SHARING ECONOMY SERVITIZATION GIG ECONOMY PASSENGER ECONOMY UNIVERSAL CIRCULAR ECONOMY
BASIC MOBILITY

MOBILITY-AS-A-SERVICE SHARED FIRST/LAST MILE LAST MILE MICRO URBAN AIR MOBILITY WATER TAXI ACTIVE BARRIER-FREE/
MOBILITY TRANSPORTATION DELIVERY MOBILITY MOBILITY INCLUSIVE MOBILITY

ﬁ FIRST  MIDDLE  LAST
MILE MILE MILE

& @ %

INTELLIGENT E-MOBILITY CONNECTED ASSISTED AND SEAMLESS INTEGRATED
e ERREEARANNI TRANSPORTATION SYSTEM MOBILITY AUTOMATED MOBILITY MOBILITY

Alaa Khamis. Smart Mobility: Exploring Foundational Technologies and Wider Impacts. Apress (Springer Nature), 2021. 5
Alaa Khamis and Suzette Malek, “Smart Mobility for Sustainable Development Goals: Enablers and Barriers,” The IEEE International Conference on Smart Mobility, 2023.



https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10112562
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| AT for Smart Mobility Lab: Ongoing Projects
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* Title: Contextual Observability of Software- * Title: Agentic Al-based Framework

SEAMLESS INTEGRATED
Defined Vehicles MOBILITY for SIM

SDV CONTEXTUAL
OBSERVABILITY

E;@.j < /> * Obijective: Develop a testbed for software-
&)
I

* Objective: Develop as a unified
defined vehicle (SDV) contextual observability. platform that integrates multimodal

transportation options.

* Collaboration: IRC SML and auto OEMs,

NGOs and Suppliers * Collaboration: RCRC, MIT, VTTI

. . : L ¢ Title: Enabling Cybersecurity
LAST MILE ¢ Title: SmartDispatch: Al-driven Optimization

DELIVERY for Eco-Efficient Last-Mile Delivery

* Objective: Develop an Al-driven routing model
o for eco-efficient last-mile delivery.
!

Adaptation in Software Architecture
Objective: What-if architecture
analysis of existing software systems
with poor or no records of

« Collaboration: IRC SMI, KFUPM architectural decisions.

* Collaboration: UAB, Chile



Agentic Al:
Motivating Scenarios




Motivating Scenarios

ChatGPT

User query: Write a systematic review paper about smart mobility

Response: Frankenstein Paper

Researcher




I Motivating Scenarios
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* Specify + Highlight strengths and limitation
dat?\bases/search * Synthesize and rank findings by
engines

relevance, recency, authority

* Keywords * Create taxonomies

e Inclusion and

exclusion criteria + Tdentify gaps and future directions

* Runs experiments

* Modifies experiment code

* Report results

-

* Iteratively improves specific
metrics

&Lillmgt;l";apcrs:
Agents4Science 2025
Conference

red Paper, Earn 57,000

- -

* Creates visual aids

Interaction/ . ~~..
Orchestration . -
Agent AN

Graphic Design Agent

* Draft structured outline to be

* Review coherence. reviewed by the editor

coverage., and
citation
completeness

* Generate the final
comprehensive paper with
inline citations and complete
reference section

* Perform or request
fixes from the writer

Human Reviewer/
Prof-reader Editing Agent Writing Agent

© Alaa Khamis




I Motivating Scenarios

feynman - advaitpaliwal

feynman

anthropic/claude-opus-4-6 Research Workflows

/audit

Agents

Last Activity

What's the latest research on scaling laws?

»

»

»

»

-
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Research Assistant

Researcher Agent — gather evidence

across papers, web, repos, docs

Reviewer Agent — simulated peer review

with severity-graded feedback

Writer Agent — structured drafts from

research notes

Verifier Agent — inline citations, source

URL verification, dead link cleanup

https://github.com/getcompanion-ai/feynman 70


https://github.com/getcompanion-ai/feynman
https://github.com/getcompanion-ai/feynman
https://github.com/getcompanion-ai/feynman

Motivating Scenatios

e Got an Intent-driven AI Assistant?

Tour Guide

— o o m—

e (500(e

https://www.youtube.com /watch?v=nhIIIJt8] ERI Project Astra 11 I



https://www.youtube.com/watch?v=hIIlJt8JERI
https://www.youtube.com/watch?v=hIIlJt8JERI
https://www.youtube.com/watch?v=hIIlJt8JERI
https://www.youtube.com/watch?v=hIIlJt8JERI
https://www.youtube.com/watch?v=hIIlJt8JERI

Motivating Scenarios

e Got an Intent-driven Al Assistant?

Home Physical Al Assistant

s FIGURE

NVIDIA.

Microsoft

: 12 I
Figure Helix: https://www.youtube.com/watch?v=73vyQHYNXPws



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

2026 KFUPM
© Alaa Khami

I Motivating Scenatios

e Got an Intent-driven AI Assistant?

Inspection Assistant

Credit: Gemini Robotics-ER 1.6, Google and Boston Dynamics: https: .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
https://www.youtube.com/watch?v=kBwxmlI2yHQ

I Motivating Scenarios

e Got an Intent-driven AI Assistant?

Humain: https://www.youtube.com/watch?v=UBQWwFE4BIl.qg
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Task Manager

Meeting Manager

File Manager

Email Manager

Leave Manager

Expense Manager
Business Trip Manager
Policy Manager

Job Requisition Manager

Applicant Tracking
System

Interview Manager
Job Offer Manager
Payroll Manager
Onboarding Manager
Oftboarding Manager
Performance Manager
Career Website

NDA Manager

Project Manager

14


https://www.youtube.com/watch?v=UBQWwE4BLqg
https://www.youtube.com/watch?v=UBQWwE4BLqg
https://www.youtube.com/watch?v=UBQWwE4BLqg
https://www.youtube.com/watch?v=UBQWwE4BLqg

2026 KFUPM
© Alaa Khami

I Motivating Scenatios

e Got an Intent-driven AI Assistant?

Professional Financial Assistant

The Family Office Wealth Mermaid: https://www.voutube.com/watch?v=57tZekT427w


https://www.youtube.com/watch?v=57tZekT427w
https://www.youtube.com/watch?v=57tZekT427w
https://www.youtube.com/watch?v=57tZekT427w
https://www.youtube.com/watch?v=57tZekT427w
https://www.youtube.com/watch?v=57tZekT427w

Motivating Scenarios

2026 KFUPM
© Alaa Khami

e Got an Intent-driven AI Assistant?

Credit: Jimmy Fallon



What 1s Agentic Al?




The Alphabet Soup of Al
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Artificial Intelligence Machine Learning Neural Networks Deep Learning Generative AT
Any techniques that The ability to learn A highly simplified DL enables learning Generative Al focuses
enables computers to from experiences and computational representations of data on models that can
mimic and/or observations without model of the with multiple levels of generate new content,
augment biological explicit programming biological brain abstraction using deep like images, text, or
intelligence covering designed for neural networks. audio. Examples,
perception, pattern recognition Examples: Generative Adversarial
automation, reasoning, and feature Convolutional neural Networks (GANs) and
and decision-making extraction network (CNN), Long Transformers.
short-term memory
(LSTM), Autoencoders

and Transformers

18



| The Alphabet Soup of Al

Generative AL

Transformers

T

Generative Al
focuses on
models that can
generate new
content, like
images, text, or

audio. Examples,

Generative
Adversarial
Networks
(GANs) and

Transformers.

An example of a
technology used in
generative Al It is

a revolutionary
deep learning
architecture
introduced by
Google in 2017
that allows models
to understand and
generate language
efficiently.

Large Language
Models (LLMs) focus
on processing and
generating human-
like text. Examples:
Bidirectional Encoder
Representations from
Transformers
(BERT) and
Generative Pre-
trained Transformer

(GPT).

GPT GPT-5

Generative Pre-
trained
Transformers

(GPT) is a specific

subset of

Generative Al that
uses transformers
for text generation.

ChatGPT

An advanced
LILMs, built on
transformer
architecture,
trained on vast
datasets to

generate human-

like responses.

Multimodal GPT

AT Agents
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© Alaa Khami

N

A specific
application of
GPT-5,
optimized for
conversational

Al and

interactive use.

A version of
the GPT
model, like
GPT-40, that
processes and
generates both
text and visual
inputs,
functioning as
a Vision Large

Model (VLM).

Intelligent
connection
between
reasoning
and action
(Al
Augmented
Intelligence)

19



The Alphabet Soup of Al

2023

Multimodal
GPT

2022
ChatGPT

2024(2025

AT Agents

20



| Whatis AT Agent?
» LLM/LRM-based AI Agents

An Al agent 1s a goal-oriented autonomous computational entity that
connects reasoning and action using large language models (LLMs) or Large

Reasoning Models (LRMs), memory systems, and external tools to achieve

contextually intelligent outcomes.

Alaa Khamis, “Agentic Al Systems: Architecture and Hvaluation Using a Frictionless Parking Scenario,” IEEE Access, Vol. 13, 2025. 21
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What is Al Agent?
» LLM/LRM-based AI Agents

Goal-oriented

Autonomous

Connects reasoning and action

4. Achieve contextually intelligent outcomes.

Alaa Khamis, “Agentic Al Systems: Architecture and Fvaluation Using a Frictionless Parking Scenario,” IEEE Access, Vol. 13, 2025. 22



https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=11083588

| Whatis AT Agent?

» Intent-driven Agentic Workflow

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 5:00PM local time in Toronto.

A

t=0 t=2

Prompt Template

. Back-end *\

May 30, 2025 _ May 30,2025
05:00 AM d 06:00 AM
QRA157
DMM 3 DOH
© othoem

King Fahad Hamad Intemtional
Intemational Airport Econamy Rirport

o

(@ Waiting time in Doha, DOH 02h 10m

. May 30, 2025 May 30,2025
V‘l 08:10 AM i 03:00 PM
. DOH :

% Harmad Intemational
Airpo

cV—

Airline reservation
system (ARS)

Domain-specific
. Memory or Generic LLM _°

S~ @*f{*--”x
e @---" -
t=1 t=3

Natural Language Input Reason + Plan + Action Tool-use 23




What is Al Agent?

» Design Patterns: Basic Responder

User

—_———— = — =

Response

- — —— — —— ——— —_—— —

Model Response

Agency Level
R W

Please suggest recent books on smart mobility

[

»

Here is a list of suggested books...

1. Smart Mobility: Using Technology to Improve
Transportation in Smart Cities (2024)

2. Transportation Mobility in Smart Cities (2024)

3. Smart Mobility and Intelligent Transportation

Systems for Commercial and Hazardous
Vehicles (2024)

4. Smart Mobility: Recent Advances, New
Perspectives and Applications (2023)

5. Smart Mobility: Exploring Foundational
Technologies and Wider Impacts (2021)
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Q
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What is Al Agent?
» Design Patterns: Router Pattern Agency Level

* WX
e

Generate an image of a camel
crossing a desert highway

DALL-E 3

Image generation
using DALL-E 3/viM

LLM Route-1 e > LLM Route-2

LLM Response >



What is Al Agent?

» Design Patterns: Reflection Pattern Agency Level
* ¥ e
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© Alaa Khamis

Query

‘ —_——— — — e — — e — —
user MR

Response =1 «

|
|
|
- 1
|
|
¥

Reflected output

LLM (Generate)

Tterate T_ :_I Initial output

—+-——+——-r——r| IJI
III
[
1
I
I
t
I
I
I
|
| /
¢ d

_— e — — .— — —— —a—

[ S —

e —

LLM (Reflect) 2%



| Whatis AT Agent?

» Design Patterns: Tool Calling

Query

—_——_—— — —— — — = — —

|
|
o '
T
|
|
v

- —— e — — e —

Response

Action: Tool calling

— — — — — — — — A — —

+ — — - — — —

{0

Ve |

APTIs

Browser

Vector DB

Local file system
Optimization
Solver

N
()
(7))
C
—
p—
°

_— e — — —.— ———

-
=
=
=)
v,
N
)
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Q

Agency Level
* K ¢

© Alaa Khamis

Filter my emails by

importance and send 000
notification to the top S most
important emails

08 (G

<

LLM read and
sort emails
and send 000
notifications

Confirm sending the
000 notifications I

M

Tool use

27




| Whatis AT Agent?

» Design Pattern: Multi-agent Pattern Agency Level
Query * % K

Manager Agent

Response
1 -
r 0 (OB e--e-—e———=
T Sub-agent Sub-agent
H A . Cooperation Patterns:
| Lo L . .
! P b « Augmentative Cooperation
l|~ ' | Collaboration | !
———————— P P * Integrative Cooperation
Sub-agent D00 T Cub- * Debative Cooperation
——————————— agent
-

28

Alaa Khamis, “Agentic Al Systems: Architecture and Fvaluation Using a Frictionless Parking Scenario,” IEEE Access, Vol. 13, 2025.
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Al Agent Components




What is Al Agent?

» Al Agent Components
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Prompt Template

Short-term memory & long-term
Memory (semantic, episodic, and
procedural)

Instructions

User query

Reasoning/planning Foundational model (Domain-

specific or Generic, Small or
Large LLM/LRM)

T Tool use . 'O > Toolkit

O Agent response

User

30



Foundational Models

> Multimodal Perception %

VX
Foundational Model m > Reasoning Qiﬁ

)
o EIZO
> Learning eg)ﬁ

31



Foundational Models
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© Alaa Khamis

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 O Llama 3
1 Mistral Al $3Qwen (& deepseck

< OpenRouter Jan HOIIama A Novita

32



I Foundational Models

» General LLM Training Pipeline

Classic post-training/RLHF

Reasoning RL

Objective .

on internet
Data >10T tokens
Time months

Compute cost >$10M

Bottleneck data & compute

Examples I.IaMA 3

Credit: Yann Dubois, OpenAl

Predict next word Maximizing user utility and

preferences

~100K problems
days
>$100K

data & evaluation

I.I.aMA-instruct

Think on questions with
objective answers

~1M problems
weeks
>§1M
RL env & hack

DeepSeek R1

33



I Foundational Models

» General LLM Training Pipeline
Training Data: 15.6T tokens

[ >  Compute: 16K H100 GPUs
Parameters: 400B » Training Time: =70 days

SOTA Model:

LLaMA 3 400B

~ Cost: Estimated cost (Compute rental + engineering

J ~ salaries) = $52M

Carbon Emissions: ~ 4400 tCOzec. Equivalent to:

" & Driving ~17.5 million kilometers in a typical gasoline car in Saudi Arabia, or
" #% Annual emissions from ~950 passenger vehicles, or
= 7\ Taking ~2,750 round-trip flights between Riyadh and London, or

» & Powering ~600 Saudi households for one year 7



I Foundational Models
» LLM Specializing Pipeline

Art of asking the model what you

<
P2l
%
)
&l
=}
Q

© Alaa Khamis

Second stage of post-training to domain

Objective
want

Data 0

specific data

~10-100K problems

Time hours days
Compute cost 0 ~$10-100K
Bottleneck evals data & evals

Credit: Yann Dubois, OpenAl

Agentic Context Engineering: Evolving Contexts for Self-Improving

Language Models —
Po— ’ Curator
P O ——
Qizheng Zhang'* Changran Hu?* Shubhangi Upasani®> BoyuanMa? Fenglu Hong * e, [ e i o i s e i ]

Vamsidhar Kamanuru® Jay Rainton?® ChenWu? Mengmeng]Ji? Hanchen Li?
Urmish Thakker 2 James Zou ! Kunle Olukotun

I Stanford University 2 SambaNova Systems, Inc. *uc Berkeley * equal contribution

& gizhengz@stanford.edu, changran.hu@sambanovasystems.com

Iterative Refinement

(o )

Generator

Update

I Delta Context Items ITI
T

Figure 4: The ACE Framework. Inspired by Dynamic Cheatsheet, ACE adopts an agentic architecture with
three specialized components: a Generator, a Reflector, and a Curator.

35


https://www.arxiv.org/pdf/2510.04618

Foundational Models

» Reasoning

THE NEW YORK TIMES BESTSELLER

g T};/I”NKING,

System 1: Fast, Intuitive System 2: Slow, Deliberate FRAS Tw\NlSMLC}W

Question: What 1s 48 +~ 47

IH —— /
DANIEL

System 1: 48 + 4 = 12 System 2: et me check carefully:

" 4 goes into 40 ten times, remainder 8.

" 4 goes into 8 two times. KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS

= 10+2=12

“[A] masterpiece . . . This is one of the greatest and most engaging collections of
insights into the human mind I have read.” —wi1LLIAM EASTERLY, Financial Times

" So,48 +4 =12,

Same output, different approach to problem-solving 36



Foundational Models

» Reasoning

O
X

System 1: Fast, Intuitive System 2: Slow, Deliberate

i :
® &

Text generation via Multi-step Problem Solving

next-word prediction ReAct, Chain-of-Thought (CoT), Chain of

Continuous Thought (Coconut), Tree-of-

Thoughts (ToT), Distilling Reasoning

THE NEW YORK TIMES BESTSELLER

i P;/I”N KING,
FAST .. SLOW

IH —— /
DANIEL
KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS

“[A] masterpiece . . . This is one of the greatest and most engaging collections of

insights into the human mind I have read.” —wi1LLIAM EASTERLY, Financial Times

37



Foundational Models

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

Accuracy

80 -

60 -

40 -

20 -

—

Trivia questions
(TriviaQA)
B—

~ Graduate-level
STEM (GPQA)

Prestigious math J°

exam (AIME) /

0

Al News Daily, Feb. 17, 2025

2023 2024



Prompt Template

» Profile and Persona

Profile Contents

* Personal: Role, 1.e., coding assistant, trip planner, logistics dispatcher, etc.
* Demographics: Gender, age, background

Profile Generation

* Handcrafted: Manually designed by human
* LLM generated: directed by human prompt

* Data generated: constructed from data personas




Prompt Template

» Profile and Persona

Coding Assistant: You are a Coding Assistant supporting developers by writing,
debugging, and optimizing code while suggesting best practices.

-~

.

Trip Planner: You are a Trip Planner creating personalized travel itineraries,

recommending routes, accommodations, and activities tailored to user preferences.

Parking Assistant: You are a Parking Assistant helping drivers find, navigate to,
and reserve the most convenient parking spots in real time.

Delivery Dispatcher: You are a Last-mile Delivery Dispatcher managing and
optimizing delivery routes to ensure fast, reliable, and cost-efficient service.

Umrah Assistant: You are an Umrah Assistant guiding pilgrims through Umrah
rituals, logistics, and scheduling while providing spiritual and practical support.

Service Bundler: You are a Service Bundler recommending and combining
complementary services into customized packages that fit user needs.

40



I Memory

* Larger amounts of information Some information may be lost over time

_ _ . Long-term Memory
* Remain for long time/relatively permanent

Encoding
Retrieval
Rehearsal (recall/recognition)

* Limited amounts of information Short term/ Lost if not encoded or rehearsed A
o , . »Forgetting
* Limited period of time Working Memory A
Attention
Perception Lost if not attended to
% Stimulus ||~ Sensory organs ||— Sensory Memory
3
o . N .
= ' The entry point for memory

. h h iff
(Sight, Heating, Smell, Taste, Touch) Each sense has a different memory store
* Very limited period of time

41
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I Memory

=

- s _
| 1
Memory Type | What is Stored | Human Example Agent Example n Agent Memory e
Knowing that electric Agent stores traffic {/ V“-C'érf;JwTrEXT Wi /\;ADOC«/? #Fﬁﬂ
Facts, concepts, ] : . — A e ] —> 1 ]
Semantic eneral vehicles are allowed in  regulations to i@ =27 77 [ —-— | f«
iﬂo ledoe HOV lanes during peak decide if EVs can ‘. pTEXT N
WIS houts use HOV lanes e LA I
| KN‘TZ LEDGE C—;R‘:\PH
- W
: Remembering a past Agent logs a prior |
Specific personal : trip that was | &
.1 . carpool trip that took : P .
Episodic experiences or delayed and avoids v |
longer due to . : @S [
events . similar routes in the _ |
construction " O A
future I S
\ ONTOLOGY / |
Agent executes wap _ |
: Knowing how to steps to locate P o ’ |
1 . b
Procedural Skills and how-to reserve and unlock a unlock, and guide
steps
shared e-scooter usage of a shared

scooter
42

[Credit: T. Seale]



Use Cases




I Seamless Integrated Mobility

9:41

< Back Select transport

Would you like to exclude a
method?

Dhahran 20°C

= @ L

E-Scooter

oy
AN
Walking

Get me the best route!

All-in-one Interface

* End-to-end planning
* Mobility Service bundling
* Context-awareness

¢ Personalization

Heterogenous data

Perception + Reason + Plan sources and

+ Action models services

v

Multimodal Transport Modes

Agentic Al-based Seamless Integrated

Supporting Infrastructure

Operational

Mobility (SIM) Digital Platform

Personalized
cloud profiles

Dashboard

Intent

e

Mobility Service
Provider (MSP)

* Bundle creation

* OTA update
configuration

* Observability

-
=
=
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o
N
)
Q
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I Frictionless Utban Parking
Retrieve/Update preferences . Tool use ;
Parking Journey Agents Toolkit
J < * Informative Search Agent
Personalized Handoft ‘ '
) ' ‘ Cloud Profile : Location Intelligence APIs
On Route Guidance Agent
Cueing pc:\
=2
° Intent: Find me an undergroupd parl.q'.n.g spot Access Agent Parking APIs
near KAFD with EV charging facilities. Interaction
) Handoff
Agent response Agent Y
Driver Micro-routing Agent
On Royee Handoff
& Flance . Optimization Solvers
«s“’i‘f - On-Spot Agent
"E:%' ir"\.
2y ‘ Cueing & Handoff if,o
% &
2 %o?; \ Departure Agent Digital Tokens
% &
&
Parking Alaa Khamis. Method and System for Frictionless Urban Parking with Agentic Al. US Patent Application #19/458,383, 2026. 45

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

TABLE 4. Results of the non-parametric Kruskal-Wallis H test for each

experimental factor. Boldface indicates p < .05. 0.75 commL._saver
Factor Latency (s) Consistency
H P H P
profile 29515 0000 248775 0.000
model 309.482  0.000 28692  0.000 medium_specificity
entropy 1630 0443 13755  0.001 0.70 length /short
verbosity 254753 0000  69.197 0000 - .
complexity ~ 185.045  0.000 17797  0.000 efficient @ulitasker
specificity 119926  0.000 64388  0.000 gpt-4.1:mini
entropy low
moderate t-Aodmini
TABLE 5. Robust GLM coefficient estimates relative to the reference 1 0.65 green_D.355i0n3| simple o
condition. Negative values indicate faster replies (delta latency less than -
0) or more stable wording (delta consistency greater than 0). Significance 2 ) entropy‘nedium
levels are marked as follows: ***p < 0.001, **p < 0.01, *p < 0.05. Q mdepen.ﬂ_elder .
@ gpt-4.1 length \medium
. _ . 2 entropl_high
;:;565 Alatency (s) AConsistency 8 060 complgyh_specificity aptdo low_specificity
creative_wanderer 0.172** —0.277%** E length/long
efficient multitasker 0.297=** —0.065%** i)
green_professional 0.206% —0.100"** I
independent_elder 0.347** —0.123"**
Model
ept-4.1 1.139%** —0.035* 0.55
gpt-4.1-mini 0.507=** 0.018%*
gpt-do 0.492%** —0.060=** -
Entropy Variable
entropy_medium —-0.032 —0.032* . profile
entropy_high 0.033 0.056%** model
L”E?’bﬂ.ﬁ'fﬂ" 0.50 A entropy
length_medium 0.521%** 0.078* verbosity
length_long 0.918%** 0.105%** .
- - . complexity
Complexity creative@Wanderer e
simple 0.074%** 0.009 specificity
complex (.689=** —(0.055%**
Specificity 48 4.6 4.4 4.2 4.0 3.8
low_specificity —0.08]*** —0.106%** Lower latency —
high_specificity 0.498** —0.106%**
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I Personalized Trip Planning

* Itinerary Validation

. * Safety and Accessibility . .
Output Guardrails il ) Tl‘lp Plannlng Agent
) * Transparency and
(OutputGuardraﬂReSUlt) Alternatives * You are a helpful urban mobility planning assistant.
A + Ethical Considerations Provide a detailed, public-transit-focused daily
e T Prompt itinerary within Toronto for a specific user profile
m * Styling and Readability Template during the Christmas break.
)
8 * Use only public or shared transport options.
£ — [ J SON S * Include specific route numbers, departure times,
I / } Q / i A 4 R ded Tt transfer points, and estimated travel durations.
ntent 9 Hey uery ccommenae tlnerary
«—» < g <
o « » g > Triage Agent
Response | Response 5
s 4 g
QV'ERTYU\W0= B ‘9" Lill
ASDFGHIJKL E § Retrieve/ : : Short-term memory &
Hzxcvenu@ e a 4 — E long-term Memory
1 00n — update - |
\ ) J TTTT
Front-end v Domma -
. ] omain-specific or
(Mobﬂ; Zgg)p/ Web Input Guardrails Handoff - Reasoning/ ione. Generic, Small or
. d i Large LLM/LRM - g
(InputGuardrailResult) (handoffs) planning arge LLM/ B}a{Ck end .(e g,
eservation
* Request Disambiguation System)
* Preference Normalization
* Compatibility Verification MCP/API/gRPC call with public/private key _ : O >
JSON response and Webhooks notification ‘==
Natural Language Intent Reason + Plan + Action Tool-use

Alaa Khamis. Agentic Al for Personalized Trip Planning. 2025 IEEE Global Conference on Artificial Intelligence and Internet of Things (GCAIoT), Marrakech, Morocco, 2025. 47 I


https://gcaiot.org/
https://gcaiot.org/
https://gcaiot.org/

I Personalized Trip Planning

EVALUATION METRICS ACROSS MODELS (AVERAGES)

Model Response Steps Semantic  Composite 107
Time (s) Similarity Score -
GPT-4.1 11.6 8.1 0.74 0.86 © 05
GPT-4. 1-mini 13.2 7.6 0.75 0.85 g
GPT-4o0 13.3 8.2 0.69 0.82 207
GPT-40-mini 15.2 1 0.78 0.87 &
GPT-5 250.0 20.7 0.88 0.71 7087
GPT-5-mini 67.7 9.9 0.67 0.76 0.5
GPT-5-nano 107.9 238 0.90 0.79
GPT-0ss-120b 38.4 16.3 (.88 0.84 04
9 & o ~ Q& o & ©
SQ\, ‘é‘) ({\'(‘ ‘é)o,o &}b‘ b:y @0 $ P o (0(\ 0&:{\9
EVALUATION METRICS BY DISTANCE GROUP (AVERAGED ACROSS ALL & & &v s &
MODELS AND PERSONAS). model
Distance Group Response Steps Semantic Composite
Time (s) Similarity Score
Far 65.8 14.5 0.82 0.81
Medium 64.9 13.3 0.80 0.80
Near 63.5 12.0 0.79 0.79

Alaa Khamis. Agentic Al for Personalized Trip Planning, 2025 IEEE Global Conference on Artificial Intelligence and Internet of Things (GCAIoT), Marrakech, Morocco, 2025. 48
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I Personalized Trtip Planning
EVALUATION METRICS AVERAGED ACROSS MODELS FOR EACH PERSONA.

Business Executive: Senior professional living in Persona Time Steps Semantic Composite
Markham. Frequently travels across the GTA for meetings (s) Similarity Score
and networking events. Prefers fast, reliable public/shared

transport (GO Transit, TTC subway/streetcar) with min- Budget Solo Traveler 69.7 12.9 0.77 0.81
imal transfers. Typically travels during peak hours in Business Executive Urban 66.1 12.8 0.81 0.83
business attire. Prioritizes comfort and punctuality, and Family Explorer 75.6 14.0 0.78 0.81
avoids crowded or delayed routes. Senior Sightseer 56.7 11.6 0.76 0.81
Budget Solo Traveler: Cost-conscious solo resident of Tech—SaV‘:f'y Youngster 68.0 15.7 0.83 0.83

Markham. Navigates the GTA for errands, shopping, and
free events. Uses TTC, YRT, and GO buses extensively.

Prefers lowest-cost routes, even if slower. Open to walking 11

and occasional bike share. Avoids premium services unless 1.0 /\
absolutely necessary. L 091 /\ /\

Family Explorer: Parent with young children living in | 5 ( )

Markham, planning outings (e.g., museums, parks). Needs zl 081
stroller-friendly, safe routes with minimal walking and § 0.7 1

reliable arrival times. Prefers transit with elevators, space g().ﬁ-

for kids, and proximity to family-friendly destinations. ”

Senior Sightseer: Elderly resident of Markham looking to 051

visit cultural sites and family in the GTA. Uses accessible 0.4

transit (e.g., GO buses, TTC) and avoids complex transfers.
Prefers daytime travel. May benefit from services like
Mobility On-Request or elevator-equipped stations.

Tech savvy Youngster: University student living in
Markham. Travels around the GTA for social outings, study
sessions, and late-night events. Uses trip-planning apps
(e.g., Transit, Rocketman) and a mix of TTC, GO Transit,
and bike/scooter share. Cost-aware but convenience-driven. persona 4

Business Executive Urban

Budget Solo Traveler -
Family Explorer

Senior Sightseer

Tech Savvy Youngster

\




Seamless Umrah Trip Planning
O KFUPM

S Jadl Sl K ez
AI for Smart Mobility Lab
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https://www.youtube.com/watch?v=bRpQ9QpyHic&

First place in the

Sustainable Solutions
for Pilgrims Challenge
— Umrah Challenge,
part of the Umrah and
Ziyarah Forum (UZF)
organized by the
Ministry of Hajj and
Umrah in Al-Madinah
from April 14-16, 2025
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I Seamless Umrah Trip Planning

Objective R P =
Intent/ JSON Query/ I P » Completeness < —
< > T HOTEL
Response Response EDO g g g Key
— m Categories
Umrah Agentic i > I li
& Generated Itinerary anguage Quality
. . Planner
Local or international
Umrah Performer 4
bil onm}e\ﬁr(l/db A % Cross-lingual Lexical Overlap:
opile (] =
™M PP PP) § Yl —> BLEU, ROUGE-L
5 valuation and METEOR
I~
O
s Y Semantic Fidelity:
g .
3 Sub]ectlve »  BERTScore F1,
<
Fg Evaluation and SBERT Cosine
g
E .
§ L Cross-lingual
~ Consistency
DD, ® ;
Evaluation Prompt S) ra-.rm (B) ) @ - @
(Individual and Pairwise |— (=) N ® l ® g o O O
Compatison) 2L —||=l|—= C‘D’D
LILM-as-a-Judge & User Profiles Human Evaluation

PoLL

https://www.youtube.com

2026 Youlll /waschiv=bRpoQpytic 27
).

Alaa Khamis. Design and Evaluation of an Agentic Al Framework for Personalized Umrah Trip Planning. Arabian Journal for Science and Engineering,


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

I Seamless Umrah Trip Planning

Algorithm 3 Language Quality Score

1:

b

tn

G

Input: itinerary, language

Output: quality_score in the range [0, 5]

texrt + concatenate all entries in itinerary[step_text]

if language = "english" then
corrected + TextBlob(text).correct()
grammar + 2.5 if corrected = text, else 1.5
compute avg_len + mean words per sentence in tert
readability + 2.5 1f 5 < avglden < 20, else 1.5
quality_score < min(grammar + readability, 5)

. else
11:

segment tert using Farasa into tokens

split text by punctuation (¥ ! ¢ .) into sentences
compute avg_len + mean words per sentence
readability +— 2.5 if 5 < avg_len < 20, else 1.5
count punc_count < number of (Y ! ¢ .) in text
punc + 2.5 if punc_count > 0, else 1.5
quality_score + min(readability + punc, 5)

- end if
. return quality_score

Table 6 Seclected Pareto points for full-factorial analysis. A: Perfect consistency point, B:
Minimum latency point, C: trade-off point (0.5/0.5), RL: Av. request latency (s), RC: request

Table 5 Language Quality by LLM Model with Gap

LLM Model Eng. Quality Ar. Quality Gap
gpt-4.1 4.0 4.8 0.8
gpt-4.1-mim 4.0 42 0.2
gpt-do 3.6 42 0.6
gpt-do-mim 34 44 1.0

consistency
Profile Point Configuration RL RC
efficient exec- A {gpt-4.1-mini, low entropy, short verbosity, 3.0408 1.00
utive riyadh moderate complexity & low specificity}
efficient exec- B gpt-4.1-mini, medmum entropy, short ver- 1.9168 0.37
utive riyadh 1ty, complex complexity & low specificity}
efficlent exec- C {gpt-4.1-min1, low entropy, short verbosity, 3.0408 1.00
utive riyadh moderate complexity & low specificity }
faithful bud- A4 ig];b—fl.l—mini, medium entropy, short ver- 3.6208 1.00
geter hail ity, moderate complexity & medium speci-

ficity }
faithful bud- B {gpt-4.1-mini, high entropy, short verbosity, 2.8515 0.86
geter hail simple complexity & medium specificity}
faithful bud- C iggta‘l.l—mini, medium entropy, short wver- 3.6208 1.00
geter hail ity, moderate complexity & medium speci-

ficity }
caregiver par- A gpt-4o-mini, medium entropy, short ver- 3.2555 1.00
ent dammam ity, simple complexity & low specificity}
caregiver par- B {gpt-4do-mini, medium entropy, short wver- 29980 0.70
ent dammam bosity, complex complexity & low specificity}
caregiver par- (' gpt-do-mini, medium entropy, short ver- 3.2555 1.00
ent dammam ity, simple complexity & low specificity}
independent A {gpt-4.1-mini, medium entropy, short ver- 2.8791 1.00
elder abha bosity, simple complexity & medium speci-

ficity}
independent B {gpt-do, low entropy, short verbosity, simple 2.7220 0.77
elder abha complexity & low specificity }
independent O {gpt-4.1-mini, medium entropy, short ver- 2.8791 1.00
elder abha bosity, simple complexity & medium speci-

ficity
tech savvy A {gpt-4.1-mim, high entropy, short verbosity, 2.8020 1.00
youth jeddah simple complexity & low specificity}
tech  savwvy B {gpt-4o-mini, high entropy, short verbosity, 2.5614 0.32
youth jeddah complex complexity & medium specificity}
tech savvy O {gpt-4.1-mim, high entropy, short verbosity, 2.8020 1.00

youth jeddah

simple complexity & low specificity}

Alaa Khamis. Design and
Evaluation of an Agentic Al
Framework for Personalized
Umrah Trip Planning. Arabian
Journal for Science and
Engineering, 2026.
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Personalized Mobility Service Bundling

OTA Update

J <
TR

SIM Subscriber

@ . Intent/Response
Mobility Service
Provider (MSP)

Mobility Service Complex
Bundler Optimization Solvers

BB o Title: Agentic Al-based Framework for SIM
* Objective: 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

o (((gk\\
",

HAUOI X308

Expo 2030  WorldCup 2034 Umrah

Corporate Bundles

“Eo
-

For employees with company-sponsored benefits

Subsidized Bundles

A b PN
o\ N
Eldetly/with ~ Unemployed Low-income/
disabilities Newcomets
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UC1 (Route Dispatcher):
- update_waypoint_location()
- Modifies: waypoint coordinates ONLY
- Preserves: time_windows, capacity constraints
- Qutput: Data with TW + Capacity - Solver infers CVRPTW

UC2 (Station Manager):
- modify_waypoint_constraints()
- Modifies: removes time_windows
- Preserves: capacity constraints

- Output: Data with Capacity, no TW - Solver infers CVRP Igput guardrails: Disam.biguate Output guardraﬂS: Validate route
= dispatch requests, normalize feasibility and safety, and provide
UC3 (Route Planner): preferences, and verify transparent, readable plans with

- create_single_route_scenario() compatibility between jobs, explanations and alternatives.
- Modifies: fleet_size=1, removes capacity vehicles, drivers, and constraints
- Qutput: Single vehicle, no capacity - Solver infers TSP before oI)drnizatk)n.

4 Logistics Network

Optimization Agent

Structured mission ORTool

. . -Tools
with data and context Optimization problem
Intent/ Query/ > > (TSP/CVRP/VRPTW/PDPTW)
<—>R x @ « Pyomo (CVRPTW via CBC),
esponse esponse P
. - . * VROOM rd/index; NN fallback),
o P e Generated route with Solutions (coord /index allback)
erator NOEREOOGo . explanation . . *  Mapbox Optimizer proxy
P == Interaction P Dispatching Back-end
TR0 Agent Agent
S
Front-end
(Mobile App/Web App)
Natural Language Intent Reason + Plan + Action Tool-use

54
Zishan Yusuf and Alaa Khamis. “Agentic Smart Disptach”, submitted to Logistics, 2026



Agentic Smart Dispatch

Deploy

app
Dr. Alaa Khamis

Director, Al for Smart Mobility Lab
KFUPM - King Fahad University of Petrolium
and Minerals

# Solver

— &% Agentic Al Workflow for
- Delivery Vehicle Dispatching

Zishan Yusuf

¥ OSM Data External Research Collaborator
: |, Al for Smart Mobility Lab
v Distance Matrix ‘ . KFUPM - King Fahad University of
& Analytics Petrolium and Minerals
Solve Vehicle Routing Problems with multiple optimization engines
Configuration . . « e .
Input Configuration Optimization Results
Select Solver ®
ortools v WayPOi nts ,” Optimize Routes
Distance Adapter ® Input Method
haversine v

© Sample Data JSON Input Upload File

> Advanced Options
Using sample waypoints for demonstration

{
"yd": "depot",
"location": { I
"lat": 40.7128,
"lon": ~74.006
}y
"type": "depot",

"demand": |

0 55
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I Last-mile Delivery
Human Operator \‘ @

e )_©
| S5

/

Dispatcher/Ops Portal Agentic Al Layer Data and Context
Goals/
NL Tnput Orders & SLAs Fleet State
Goal Interpreter Objectives 1 " (Location, capacity,
(NL->Objectives) Planner/Orchestrator SoQ)
Traffic & Maps Policics &
(OSM, ETA) Constraints
Re-solve triggers Contextual
Solver
Selection )
Monitoring & Adaptation Solver Plugins
Execution plan
MDP Solver ML Solvers
Explanation Engine .
Selected plan + MIP Solver Heuristics Solver
metrics

LAST MILE * Title: SmartDispatch: Al-driven Optimization for Eco-Efficient Last-Mile Delivery
DELIVERY

* Obijective: Develop an Al-driven routing model for eco-efficient last-mile delivery.
56

* GitHub: https://github.com/ai4smlab/Multi-Vehicle-Routing
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An example of conservative model
Human Driving

Instruction Prompt

Task
Description (1) 2) 3)
pl LLM a Acion . Reward Signal RL Agent
(GPT-35) .
.- = Action <. ___ - N ::#n. .
User ‘:"/ ,"/ ® TS e /
Objective Ny Aeton o - >
p2 \ °® \
</ Action -"'
Last
Outcome
P ) @
Index Mean Reward Lane Change  Speed Up
Rtotal (3, a,) — aRsafety(S; a,) + 6Refﬁciency(3a a) + ’YRLLM (5, 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

Ziqi Zhou, Jingyue Zhang, Jingyuan Zhang, Boyue Wang, Tianyu Shi, Alaa Khamis. Human-centric Reward Optimization for Reinforcement Learning-based Automated Driving using Large 57
Language Models. ITRB Annual Meeting, Washington, D.C. 2026, arXiv:2405.04135, 2024.



I Automated Driving

Collision Probabilities During Training Average Speeds During Training

== Aggressive == Aggressive
—= DON =+= DOQN
Conservative Conservative
= Base 257w ks
- PRO

0.12 4

0.10 4

204

e
o
@

15 A

Collision Probabilities
o
o
=

Average Speeds

[=4
o
B

10 -

0.02 4

0.00 4

2000 4000 6000 8000 10000 2000 4000 6000 8000 10000
Training Steps Training Steps
(a) Collision probabilities for different driving styles. (b) Average speed for different driving styles.

Fig. 6: Training results for driving style agents.

TABLE I: Experiment result: behavior analysis including PPO

baseline. TABLE II: Reward ablation study: reward breakdown.
Index Mean Score  Lane Change Score  Speed Up Score Configuration Collision Score Lane Change Score High Speed Score
DQN baseline  0.82824 0.30681 0.42045 Safety Only -0.05 0.23 0.18
PPO baseline 0.81000 0.20000 0.50000 Efficiency Only -0.20 0.48 0.72
Aggressive 0.83888 0.02326 0.83721 LLM Only -0.10 0.31 0.33
Conservative 0.71391 0.01333 0.00666 Safety + Efficiency -0.12 0.35 0.55
Base 0.80140 0.10345 0.10345 Safety + LLM -0.08 0.28 0.42
BC-SAC [33] 0.83410 0.01750 0.75530 Efficiency + LLM -0.15 0.41 0.63
LLM-RL 0.84532 0.01045 0.81233 All (Full Reward) -0.12 0.53 0.75

Ziqi Zhou, Jingyue Zhang, Jingyuan Zhang, Boyue Wang, Tianyu Shi, Alaa Khamis. Human-centric Reward Optimization for Reinforcement Learning-based Automated Driving using Large 58
Language Models. ITRB Annual Meeting, Washington, D.C. 2026, arXiv:2405.04135, 2024.
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I Rare-Event Data Augmentation
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Semantic Ontology-based
Instructions

e Text query
E ® Reference-based/Referenceless Synthetic image R Image Generated Images and Scores - EA
Ardh aAd Re.ference Image Generation Evaluation
image 4
User/ Al c A .
Agent g Persistent
5 Storage
§o Recommendation-based refinement_
D]
3
]
-
g
S
g
<
=
Q
:
L P |
Core - . . . . .
2 <T « .@' Subjective Evaluation Objective Evaluation
O T A
LMM-as-a-Judge & .| Structural/Texture
Panel Naturalness
A ..
Calibratable =2 80% R Statistical
Threshold T - O nformation Content

Evaluation Prompt Human
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I Rare-Event Data Augmentation

Figure: Examples of generated images using a referenceless
ontology-guided approach. (1) GPT-5 synthesis, (b): gpt-image-1

refinement, (c) Recommendation-driven regeneration, (d) Gemini 3

Pro synthesis.
Method
Naturalistic Reference
Referenceless OpenAl (Generated)
Referenceless OpenAl (Recommendation-driven Refined)
Referenceless OpenAl (Recommendation-driven Regen)

Referenceless Gemini 3 Pro

BRISQUE |
12.62
19.90
20.77
19.47

9.67

ILNIQE ¢
42.20
47.50
48.03
48.76

41.31

PIQE |
28.76
39.76
35.90
34.10

32.12
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NRQM 1
8.09
7.57
7.13
739

8.36

Alaa Khamis. Agentic Ontology-guided Synthetic Image Generation for Rare-
Event Data Augmentation: Wildlife--Traffic as a Case Study. Submitted to Array,

2026. GitHub
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Saudi Arabia Chapter
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