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State of the technology




Arerobotaxiseady?

= Rides per Week
500,000

Jan 2026: Opens
service in Miami

Jun 2025: Opens
robotaxi service in

Atlanta with Uber

Mar 2025: Opens robotaxi \

service in Austin with Uber
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Feb 2026: Opens service
in Dallas, Houston, San
Antonio, and Orlando
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Arerobotaxieeady?

SF Chronicle / MassTransit Survey — May 2026

How do you feel about autonomous vehicles?

900  Survey of 1,077 registered voters in San

() Fielded May 5-11, 2026

A good thing
42%

! Mixed feelings

39%

A bad thing
18%

Unsure

2%

Francisco

Sources SFChronicled MassTransit(2026),GrowSHPulsePoll (2025).

WAYMO RECALLS OVER
3,500 VEHICLES AFTER
ROBOTAXI ENTERED

FLOODED TEXAS ROAD

GrowSF Pulse Poll — July 2025

Do you support or oppose autonomous vehicles/robotaxis in San Francisco?

100%

80%

60%

40%

20%




To o o I

To o I

Software Defined Vehicles

Vehicle wherecore functions are governed bgoftware, not fixed hardware
Enablescontinuous evolutionthrough remote updates & upgrades
Decouplesapplications from hardware, making vehicles mditexible and adaptable
Acts as adigital mobility platform integrating cloud and services

Wy -

Vehicle software projected tgrow from 100M Y 1B lines of code this decade
Duplicated efforts, fragmented platforms, and talent shortage slow dowmovation

Non OEMs & Big Tech entering the market with softwafest approaches, creatingisks of vendor Iockin..

NEW BUSINESS MODELS

ENABLING NEW VALUE STREAMS AND MEETING NEW CHALLENGES
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Challenges ahead
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ComplexityanagemenAl vs human

2%
Environmental
2% facto\rs
Vehicle
factors Ty 4 1 ‘y
(4
—_— ‘ /— Recognition

errors
Non-performance

errors

94%

of crashes involve
human factors

1 1 o/
/0

Performance

errors

___33%

Decision
errors

Adaptedfrom NHTSANationalMotor VehicleCrash
CausationSurvey(NMVCCS), 2008.
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Tahrirsquare El CairoEgyp?

1. RULE-BASED VEHICLES 2. SOFTWARE-DEFINED VEHICLES

2000s 2010s - early 2020s
4//” [ o ;\\\» . © o’:p
—_ L 28 Perception Planning
L(SD) =—* h (ERDI, © =
""\“Q/“»f N\ Localzation Control
=) D
Prediction Connectivity

[:_/) | Hand-written code
* Modular, rule-based functions @ Service-oriented architecture
g Engineered by software developers @& Cross-functional engineering teams

¢y Scalable, updatable systems

LINES OF CODE LINES OF CODE

3. AI-DEFINED VEHICLES

2020s and beyond
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Sensors

Model weights instead of explicit code

@ Learned, integrated driving policies

@ Trained on massive real-world data

LINES OF CODE (EFFECTIVE COMPLEXITY)

~10M - 100M ~50M - 300M ~300M - 1B+ .
(1077 - 108) (1077 - 108.5) (1085 - 109+) .
> B
co;‘:‘f::m INCREASING SOFTWARE COMPLEXITY co"“:g:':zw

Adaptationbasedon industry reports and publicAV softwarearchitectureestimates (2023t 2025).
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WhiclarethepillardoratrustwortyAl?

Trustworthy L]

Artificial Intelligence

Human agency Technical Privacy and data Transparency Diversity, Societal and Accountability
and oversight robustness governance non-discrimina- environmental | ~ 1
@ and safety | 5 ﬁj) A tion & fairness | wellbeing
[ 4 c"
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Subsection 5.2 Subsection 5.3 Subsection 5.4 Subsection 5.5 Subsection 5.6 Subsection 5.7 Subsection 5.8
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Diaz Rodriguez, N., Del Ser,GJaeckelberghM., de Prado, M. L., Herrekéedma, E., & Herrera, Eonnectinghe dots in trustworthy Artificial .
Intelligence From Al principles ethics, andkey requirementsto responsibleAl systemsand regulation Information Fusion 101896. 2023
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Oldchallengestillaheadhelongtaildistribution
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Zhou, W., Cao, Z., Deng, N., Liuliahg K., & Yang, D. Lo#itail PredictionUncertainty
Aware TrajectoryPlanningfor SelfdrivingVehiclesarXive-prints, arXiv2207, 2022
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Accidents

Normal Driving Safety Critical Near-Miss Events

BEWARE OF g
INVISIBLE COWS ‘

MOST OF THE MAUNA KEA ACCESS ROAD BELOW HALE POHAKU
IS OPEN CATTLE RANGE, AND THE COWS FREQUENTLY CROSS THE
ROAD. DARK COLORED COWS ARE_OFTEN INVISIBLE IN DARKNESS
AND/OR FOG. USE EXTREME CAUTION AND DRIVE VERY SLOWLY B
IR THIS OPEN RANGE. i i
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Generalizable angblainabksl: genertiloughts

IN-DISTRIBUTION (SEEN DURING TRAINING)

Correct prediction and safe planning
Drivable road detected — proceed

OUT-OF-DISTRIBUTION (UNSEEN CONDITION)

® Incorrect prediction and unsafe decision
Flooded area predicted as drivable — vehicle proceeds

Adaptationinspiredby Reuterscoverageof the Waymoflooded-roadrecall(2026)

True trajectory

Perturbed (OOD) |

Normal (ID)

—

Predicl;dtrajeclory
History trajectory
Crafted history
Unexpected debris

Target agent
(crated history)

. Ego agent

0 Other agent

T.Gug T.Banerjee  R. L i uBuildagRdaltime Aw&renesso€Out-of-
distributionin TrajectoryPredictionfor AutonomousVehicles O ar Xi v :

24009. 172'

Sampled data Policy gradient X
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3. Reducing the size of B

Liu, H. X., & Feng, S. Cuddearity for autonomousvehicles Nature communications 2022
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|sitmanageabtbedependen@f HDmap$?
CarstandalonaVEurvivé €

The Case for Alternatives to HD Maps

Why heavy reliance on HD maps limits the deployment of autonomous vehicles Why IOOk for
alternatives? ]
.\gj High Cost [ Constant Updates Scalability Limits . . Realtime
Creating HD maps is The world changes Only a fraction of roads @ perception
expensive and labor-intensive faster than maps are HD-mapped L=d Adapt to unseen
0 situations
~$1 ,000 [£] Construction & roadworks 8¢ ¥o Q :
k d
Flmmagpe %55 Temporary lane changes "] Learn &.
LIDAR / camera data collection generalize B
Manual & semi-automatic labeling [¢] Dynamic traffic & signage ° Driveninew . .
Validation & QA J environments
B Afew cities Gl Highways only g .
.
Reality - Limited geographic coverage o Scalable
@c ~ HD Map % globally
onstruction cones m /
s No per-road
@ Temporary detours <=3 =2 € Altered lane layout 0 mapping cost . .
@ Unexpected pedestrians € Missing detour - Robust to
© €3 Unmapped objects r‘ 4 changes
New signage
v signag €D Outdated signage C J 9

Handles works,
detours, weather
Consequences of HD map dependency

Slow deployment Q Limited
(speed to market) Q,c:) coverage

High OPEX for

Localizati ‘g
A § - K

Autonomy needs perception, learning
maintenance

and adaptability — not static maps.

Al basedsummaryof HD maps challenges
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How do we contribute to AV challenges?

Human like planning
Safe by-design contextaware amotion planning relying on primitives
emulating human cognition principles

Fail degraded navigation & control‘

Skills graphs, contractbased safety, scalable/generalized risk
assessment and decisiormaking methods

18
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» Interaction-aware (causal) prediction

‘ Causeeffect relationships discovery between agents,

enabling multimodal footprint-based prediction

Dynamic maps
On-the-fly generation of inview and out of-view
maps with geometry, topology, and semantics

&%

v

BeyondFormer

Autoregressive
Transformer

Collective trustworthy perception
Semantic occupancy grids shared via V2X among vehicles

2 -9 — 008

- ap Autoregressive
InviewMap . E e Dot

Evidential Semantic Lane-grid and Occupancy Grid

T Beyond-View Map | Predicted Beyond-View Map
= In-View Map sl +8 _—r —red
= Field of View
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Dynamic maps =

World modelling using probabilistic grids

//\ 4 Sl
Connected and automated driving  CENTRE FORAUTOMATION AND ROBOTICS  CONSEJO SUPERIOR DE INVESTIGACIONES CIENTIFICAS

LiDAR-based Perception Framework

Sensors: Tasks involved:
- 1 Ibeo Lux: 4 layers, 100° - Obstacle-ground point cloud classification .
-2 VLP16: 16 layers, 360° - Dynamic Occupancy Grid (DOG)

- Classified Occupancy Grid (COG)
- Road users object-level tracking

Environment semantic representation

v

Geometric prediction OSM Map Sensor data
e 6 g,
= y =y : 4
Evidential Semantic Lane-grid for Unknown Space Analysis 2 | F | |
and High-level Representation of Dynamic Occupancy Grids |
DL model

V. Jiménez-Bermejo, V. Trentin, A. Artufiedo and J. Villagra

BeyondFormer

Unseen ar;a‘pre-dic!lion
(a) (b)
QOut-of-view Map Prediction™= N - —

Jiménez, V., Godoy,Alrtuiiedo A., & Villagra, Object levelsemanticand velocityfeedbackfor dynamicoccupancygrids. IEEETransactionson IntelligentVehicles2023. . . . .
JiménezTrentin, Artufiedo& Villagra EvidentialSemanticLane Gridfor UnknownSpaceAnalysisand High LevelRepresentationof DynamicOccupancyGrids IEEETransactionson IntelligentVehicles 2024 . . . . .
Hortelano, JiméneBermejo & VillagraLOGIC+: LiDARNlyGeometric Intensity ConfidenceGridsfor DrivableAreaEstimation. IEEE Opedournalof IntelligentTransportationSystems 2026 . . . . . . .



How do we contribute to AV challenges?

Human like planning
Safe by-design contextaware amotion planning relying on primitives
emulating human cognition principles

Fail degraded navigation & control‘

Skills graphs, contractbased safety, scalable/generalized risk
assessment and decisiormaking methods
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Collective trustworthy perception
Semantic occupancy grids shared via V2X among vehicles
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» Interaction-aware (causal) prediction

Causeeffect relationships discovery between agents,
enabling multimodal footprint-based prediction

Dynamic maps
On-the-fly generation of inview and out of-view
maps with geometry, topology, and semantics

BeyondFormer

Autoregressive
Transformer
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Interactiofmware motion prediction

Spatio Temporal and
Multimodal Motion Grid

~
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1d Detection

Scenario extracted froninD dataset

t

,,,,,,

/
hground trjﬁth
vehicle body

o Trafficsitt [
TN A road B

A there
scen ware Intentions []

ML-Guided Markov Chains for Motion Predictio’%

Trentin, Ma, Villagra & AArs. Learning enabledmulti-modal motion predictionin urbanenvironments IEEE 1V, 2023
Trentin, Artuiiedo, Godoy & Villagra, MultModal Interaction- Aware Motion PredictionAt Unsignalizedntersections IEEETransactionson IntelligentVehicles 2023
Trentin, JiménezBermejo, MedinalLee,Artufiedo& VillagraHandlingthe Hidden Occlusion Aware Motion Predictionfor AutonomousVehiclesIEEE Opedournalof IntelligentTransportationSystems 2026.




|IAMP. Interaction aware motion planning and pnedic;tlﬁi

On-board computing . . . .
system
........................
: . . . .
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1} . 1
. Motion 1
Perception .
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1

Digital Motion
map Planning

Control
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Medina Lee, GodoyArtufiedo& Villagra. Speed profile generation strategy for efficient merging of automated vehicles on roundabouts with realistic. {iEfE Transactions on Intelligent Vehicles, 2022
Medina Lee, Trentin, Hortelano, Artufiedo, Godoy & Villagra® (0 0) 2: Framework for Online Motion Planning Using Interactidware Motion Predictions in Complex Driving SituatioH2EE Transon Intelligent VehiclesZO. .



How do we contribute to AV challenges?

Human like planning
Safe by-design contextaware amotion planning relying on primitive
emulating human cognition principles

Fail degraded navigation & control‘

Skills graphs, contractbased safety, scalable/generalized risk
assessment and decisiormaking methods
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» Interaction-aware (causal) prediction

‘ Causeeffect relationships discovery between agents,

enabling multimodal footprint-based prediction

Dynamic maps
On-the-fly generation of inview and out of-view
maps with geometry, topology, and semantics
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Collective trustworthy perception
Semantic occupancy grids shared via V2X among vehicles
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Autoregressive
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Humanin-the-loopdecisiommaking

Automotive Codriver archite d
sensors x 0“
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Artuiiedo, Villagra & Godoylegk limited time- optimal speedplanningfor arbitrary paths. IEEETransactionson Intelligent TransportationSystems 2021
Medina Lee,Artufiedo, Godoy & Villagrdverit- BasedMotion Planningfor AutonomousVehiclesn UrbanScenariosSensors 2021.

Medina Lee,Artufiedo, GodoyTrentin& Villagra Self configuringMotion Plannerfor AutomatedVehiclesBasedon Human DrivingStyles IEEHnNtelligentVehiclesSymposium(1V), 2024
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Scalable fadegraded navigation -

Hossam Villagra, Navas & MilanéScalableFail DegradedSystemsfor AutonomousVehicles A
Survey IEEETransactionson Intelligent TransportationSystems 2025



