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Al
Failures
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Fundamental Limits of Al”?

Projected power growth for frontier Al training

Power (MW)

00 ~—-=tA||\):S datercenters; 2028 (approxs)is———— e e ; ~~~~~~~~
2.6x/year

10,000 (2.2x o 29&

- - - Largest known single data center plan (Microsoft Stargate/UAE Stargate, 5 GW) - = = = = = = = =2

forecast

00 - - - Meta Louisiana data center (2 GW, anticipated 2030) - = = = = = = = = = = = = = = = — — =
1,000 =~ - OpenAl Abilene data center (1.2 GW, anticipated 2026) - = - = = = = = = = = = = = — 2

Grok-3 \
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2018 2020 2022 2024 2026 2028 2030

Year

Model-based

> Historic baseline

Projections of the stock of public text and data usage

Effective stock (number of tokens)

Estimated stock of human-

Z EPOCHAI

Dataset sizes used to train

notable LLMs; 95% CI
10

_Faicon-1808
1012 _.....-...._,.,,..., ”
10M
2020 2022 il

~2027

Median date with 5x
overtraining; 80% CI

2026 2028
Year

~2028

Median date of full
stock use; 80% Cl

2030 2032

2034
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Different Kinds of Al

@

Learning-Based Al
(ML/LLM)

 Works with data

* Answers questions using large model
learned from noisy data

* Produces plausible
(statistically likely) outputs

* Opaque reasoning process

@ © Oxford Semantic Technologies Limited 2026

<

Knowledge-Based Al
(KRR)
* Works with data, and knowledge

* Answers questions using
curated data and knowledge

* Produces logically entailed outputs

* Transparent reasoning process



Different Kinds of Al
&

Learning-Based Al
(ML/LLM)

Low information density

Randomly deleting data would have little
impact on outputs

(® Vague knowledge

Rules are uncertain or unknown

) Low cost of failure
Some errors can be tolerated

@ © Oxford Semantic Technologies Limited 2026

<

Knowledge-Based Al

(KRR)

High information density

Randomly deleting data would have big
impact on outputs

©@ Precise knowledge

Rules are known

® High cost of failure

Errors cannot be tolerated



Knowledge-Based Al

J
(111

Application

»  Query
QUERY Interface
INPUT
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OUTPUT
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Knowledge-Based Al = (GOF)AI?
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Why Now
and not
then)?

© Oxford Semantic Technologies Limited 2026

Moore’s Law: The number of transistors on microchips has doubled every two years

Moore's law describes the empirical regularity that the number of transistors on integrated circuits doubles approximately every two years.
This advancement is important for other aspects of technological progress in computing - such as processing speed or the price of computers.

Transistor count
50,000,000,000

10,000,000,000
5,000,000,000

1,000,000,000
500,000,000

100,000,000
50,000,000

10,0
500  Expert systems

1,000,000 nelB04B% Qoo
500,000

100,000
50,000

10,000
5,000

Year in which the microchip was first introduced
Data source: Wikipedia (wikipedia.org/wiki/Transistor_count)
OurWorldinData.org - Research and data to make progress against the world's largest problems

sed under CC-BY by the authors Hannah Ritchie ¢

Our World
in Data

and Max Roser.




Why Now

and not
then)?
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Historical price of computer memory and storage
(RAM),

This data is expressed in US dollars per terabyte (TB), adjusted for inflation. "Memory" refers to random access memory
"disk" to magnetic storage, "flash" to special memory used for rapid data access and rewriting, and "solid state" to solid-state
drives (SSDs).

mTable |~ Line ] EXxpertsystems fx Settings

log axis

100 trillion $/TB

1 trillion $/TB

10 billion $/TB

100 million $/TB

1 million $/TB
10,000 $/TB
Memory
100 $/TB — Flash
Solid state
I \ I I [ | .
1956 1970 1980 1990 2000 2010 2023 Disk
> 1956 @ ® 2023
Data source: John C. McCallum (2023); U.S. Bureau of Labor Statistics (2026) - Learn more about this data
Note: For each year, the time series shows the cheapest historical price recorded until that year. This data is expressed in constant 2020 US$. N < -
OurWorldinData.org/technological-change | CC BY = v
10




Why Now (and not then)?

Research

Parallelized semi-naive View maintenance &
materialization Incremental reasoning
* Concurrent data structures * DRed algorithm

* Optimized RAM-based storage * Backwards/forwards algorithm

@ © Oxford Semantic Technologies Limited 2026

11



Why Now (and not then)?

Deve lopment e.g. Oxford Semantic Technologies

END USER
APPLICATIONS

3RD PARTY
el

VISUALISATIONS

4+ ANALYTICS &
* MACHINE LEARNING

INTEGRATION

Externalintegration

solutions

RDF

Datalog OwL
SQL Ccsv
Solr FTS

IN-PROCESS
(EMEBEDDED)

1 HTTP REST 1

HTTP
SPARQL

RDFox

SPARQL API

Web console

DEVELOPMENT &
OPERATIONS

HTTP REST

Reasoning engine

Command line interface

Content endpoint API

Persistence

> RDFox Explorer

CSVFILE
SQLODBC

External Data Sources

High Availability

SOLRHTTP

EDGE & MOBILE

DEVICES
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:[E]: PERSONAL MACHINES, aws
ON PREMISES TO CLOUD

HTTP REST
RDFox Explain
> Datalog OWL
HTTP REST
SHACL SWRL
A @

Googe Coutpation AZUIE docker
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Why Now (and not then)?

Digital transformation




Why Now (and not then)?

Mutual Reinforcement & Hybrid Architectures

&= |

@ © Oxford Semantic Technologies Limited 2026
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Hybrid Al Example: Graph RAG

LLM

~

¢ ) RDF

Recipes demo
N

Vector DB

"fish"

"food: FOODON_08001248",

7
) RDFOX

Oxford Semantic Technologies

SELECT DISTINCT Precipe ?label ?description
WHERE {
?recipe a :Recipe ;
:label ?label ;

E )
:description ?description ;
thasRecipeIngredient/a food:FOODON_©6601248 ;
:hasRecipelIngredient/a food:FOODON_0@©01595

} LIMIT 1

Question answering

. Questlon U

food: trout-crisp-bacon-crust,
Trout with crisp bacon crust,
Trout is often overlooked when it
comes to a quick supper, but this
recipe proves it should be on the
weekday menu.

© Oxford Semantic Technologies Limited 2026
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Knowledge Engineering Bottleneck

=2, Building KB-Al applications requires
significant expertise

* You need to understand the business problem

* You need domain experts who understand the knowledge required

* You need semantic expertise to model that knowledge accurately

* You need IT expertise to connect the right data and map it to the model

That collection of skills is valuable & scare

- Use LLM-enhanced tools to support
knowledge engineering!

@ © Oxford Semantic Technologies Limited 2026
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Al-enhanced platform for
collaborative knowledge

engineering

3 CT ?customer ?nextExpectedOrderDate
(DAYS(NOW() - ?
@ Customer ordered product nextExpectedOrderDate) AS ?daysOverdue)

placed order

@ Order has order detail
@ High Value Customer
I've run the following steps to query your workspace. B maTtcHING DATA OR EVERY
) o ' thing v + Variable
. ue
http://www.example.com/terms/cu thing v ordered pr

http://www.example.com/term:
p://www.example.com/terms/cu R St tarmant

http:/iv
ECT ?highValueCustomer @ orderDetaillD
RUER v has product
?highValueCustomer @ Order Detail

<+ Add to workspace to edit has has quantity has unit price

The following data v @ unitPrice
Y (+) decimal
B wHo ARE THI
Lt .nt .trig .nq .CSV .parquet
/A COLUMNS B Al s £) Mapped (3 Unmapped (1
9 orderDetaillD E? productiD 0 ur

1




an ] Northwind RDFox Mantix @) Apply changes ® Hels
E B D a ta ® L & K ) orderDetails

orderDetalils ag & @ s T

146

Load data fromm RDF/DB

@ orderDetaillD

Map data from CSV or Parquet T T e T o Z ‘
formats. | -
Preview the graph that will be
generated. PR S o |
@ quantity . @ unitPrice
| y/A integ:r .. K'\ () decimal ‘

Download mappings for
execution in ETL pipelines.

DATA COLUMNS B Al (4 Mapped (4) Unmapped (0)

© orderDetaillD © productID o quantity ® unitPrice

10248-

@ © Oxford Semantic Technologies Limited 2026 18



] Northwind RDFox Mantix @ Apply changes @ Hely

Ontology o 03

Customer ordered Product @ s T
Q

3 Customer ordered Product

mo)

146

=) Types(26) S Datatypes

Bootstrapped from data

Bar

Category ® Customer ordered product

Visual collaborative editing

Employee
placed order

High Value Customer
Subtype of

Order
=) Order has order detail (=) Order Detail

Order Detail
Product

=) High value Customer
Region
Shipper
Supplier

Territory

person
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' | < J Northwind RDFox Mantix @ Apply changes @ Hel
—J u ( :: ; @ S @ cb’; Assign high value custom... )

Assign high value customer status

i“)  RULE STRUCTURE Named graphs (C BB @8 MATCHING DATA |.Results found in knowledge graph
. . ¢ A7
Visual rule editor.
IF thing - isa ~ =) Customer v AND thing ® count
AND Save-a-lot Markets 53
£y AGGREGATION Aggregate help
Exploits ontology & data .
L] N
thing v Variable Ernst Handel 56
WHERE

Live ed iti ng & fee d ba C k. | thing ’ ordered product ® relatedThing

- Statement

CALCULATE Functions help
[1] COUNT @ relatedThi... As ( @ count

| Ignore duplicate values

Function

FILTER Expression help

?count > 40

THEN thing isa ~ =) High ValueC..

© Oxford Semantic Technologies Limited 2026 20



Chat

Easy query generation from
natural language.

Ontology aware to reduce
hallucinations.

Chat to refine follow-ups for
complexity or further questions.

@ © Oxford Semantic Technologies Limited 2026

’ | Northwind

® G

Who are the High Value...

Who are the High Value Customers?

Who are the High Value Customers?

I've run the following steps to query your workspace.

ed with ontology

ELECT ?highValueCustomer
3 WHERE {

ValueCustomer a

<+ Add to workspace to edit

If the match

continue building and refining your query

The following data was found matching the query.

@ WHO ARE THE HIGH VALUE CUSTOMERS?

Would you like to:
+ See additional details like names or emails of these customers?
« Filter by region, recent activity, or purchase amount?
» Get acount of current high value customers?

Ask a follow-up

RDFox Mantix @ Apply changes Q@ Hel

E MATCHING DATA - WHO ARE THE HIGH VALUE CUSTOMERS?

http://www.example.com/terms/customer-SAVEA
http://www.example.com/terms/customer-QUICK

http://www.example.com/terms/customer-ERNSH

21



Queries

Edit queries generated by
chat for precise refinement

Save queries for repeated use
and later development.

Share queries with colleagues
for collaboration.

| Northwind

@ @) (_'p List customers with overdu...

List customers with overdue orders

(4 QUERY EDITOR

SELE ?customer ?nextExpectedOrderDate (DA

nextExpectedOrderDate) AS ?daysOverdue)

WHERE {

?customer

nextExpectedOrderDate .
FILTER(?nextExpectedOrderDate < NOW()

R BY DESC(?daysOverdue)

Runquery D

RDFox Mantix

@B MATCHING DATA |.Results four

http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...
http://www.example.com/terms/c...

http://www.example.com/terms/c...

@ Apply changes

2026-01-31T00:00:00

2026-03-01T00:00:00

2026-05-04T00:00:00

2026-05-24T00:00:00

2026-05-29T00:00:00

2026-06-07T00:00:00

2026-07-03T00:00:00

2026-07-07T00:00:00

2026-07-19T00:00:00

2026-07-20T00:00:00

2026-01-31T00:00:00

2026-07-23T00:00:00

2026-07-23T00:00:00

2026-07-23T00:00:00

2026-07-28T00:00:00

2026-07-29T00:00:00

2026-07-30T00:00:00

@ Helg

135

115

102

101

75

71

59

58

58

57

55

55

50

49

48



Use of Semantic
lechnologies




Regulation support for KYC

In compliance-critical process,
knowledge graphs guide analysts to the

nhext correct action.

:Q'.

SOLUTION

Al-assisted analyst retrieves
the correct guidance where
accuracy is mission critical.

Bank KYC failures can trigger

£100m+ regulatory fines and
reputational damage.

@ © Oxford Semantic Technologies Limited 2026

ROLE OF RDFOX

Hybrid Al solution with LLM
interface to knowledge-based
Al, using rules to derive the
appropriate next actions.

Reasoning over customer’s
specific context gives
personalized guidance.

N

Simplified retrieval through
more efficient queries.
Applicable to any process,
policy or procedure.

- dll

24




Expert customer service chatbot

Providing an enhanced service by
scaling expert knowledge to provide
accurate, explainable answers

s¢0
SOLUTION

LLM interface provides expert
answers to agents or
customers.

Alongside an improved
customer experience,
operational costs are greatly
reduced.

@ © Oxford Semantic Technologies Limited 2026

ROLE OF RDFOX

Hybrid Al solution with LLM
providing natural language
interface to knowledge-based
Al

Reasoning scales expert
knowledge in the graph to
minimize LLM hallucinations

Use of Retrieval Augmented
Generation (RAG) to combine
Al technologies

Applicable for scaling any
expert knowledge where fast,
correct & explainable answers
are critical

25



A Dynamic Vehicle User Manual

Enabling personalized responses using
real-time vehicle and sensor data to
provide only the relevant information.

s¢0
SOLUTION

Allows car owners to ask
questions that require real-
time vehicle and environment
data alongside the manual.

Provides tailored, accurate

answers and lower token
usage.

@ © Oxford Semantic Technologies Limited 2026

ROLE OF RDFOX

Hybrid Al solution with LLM
interface to knowledge-based
Al, using rules to identify active
blockers and root causes

Reasoning over real-time
vehicle sensor data to give
personalized context

Retrieves only relevant
(smaller) context for the LLM

Applicable to any expert
support scenario requiring
personalized, context-aware
answers

26



Marketing Decision Agent

Uses rules-based reasoning to improve
ad spend by identifying opportunities

for business growth.

s¢0
SOLUTION

Uses complex multi-channel
data analysis to give
explainable Al assisted
recommended actions.

Reasoning enables faster
decision making using
knowledge-based intelligence

to improve return on ad spend.

@ © Oxford Semantic Technologies Limited 2026

ROLE OF RDFOX

Hybrid Al solution with LLM
interface to knowledge-based
Al, using rules to identify
opportunities and actions.

Combine data from multiple
sources into a unified,
queryable, semantic view.

Reasoning provides
explainable and executable
decision trees.

Applicable to any decision-

support process requiring
trusted recommendations.

27






THANK YOU

RDFox
Mantix Next steps

it EE'

-

Download RDFox® Mantix Book a workshop

oxfordsemantic.tech/download oxfordsemantic.tech/events




IThanks for Listening

Oxford Semantic
Technologies

OXFORD

WWW.CS.ox.ac.uk/ian.horrocks www.oxfordsemantic.tech
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