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IDTA — working togetherto eo

promote the Digital TWin::

\r
The Digital Twin is the key technology of Industry4.0. Wlth ourAsset Vs
Administration Shell (AAS), we make the technology accessible to every
company and set industry standards. Create the Digital Twin together with ds:

See Submodels —

https://industrialdigitaltwin.org/en/
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AAS Submodel Templates

Submodels constitute the content of the Asset Administration
Shell. They describe content-related or functional aspects of an
asset. Find the overview of the official IDTA submodel templates
here.

Registered AAS Submodel Templates

100

Number of our
submodels:


https://industrialdigitaltwin.org/en/

. ASSET ADMINISTRATION SHELLS (AAS)
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. ASSET ADMINISTRATION SHELLS (AAS)
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Smart Manufacturing Component

Access to Information and Functionalities

Asset (e.g., 3D printer)

e T e i e

Runtime data (from the asset)
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. WHY ARE AASs RELEVANT?
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Predictive Maintenance
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Predictive Maintenance

Plug-and-produce
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Predictive Maintenance Plug-and-produce Traceability and Sustainability
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Manual Labour
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Manual Labour

Lack of Expertise
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Manual Labour

| Lack of Expertise
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PDF

PDF Documents

Smart Manufacturing Component

Administration Shell

Asset (e.g., 3D printer)

Access to Information and Functionalities

Identification Asset(s)
Identification Administration Shell

Submodel 1; e.g., 3D Printing
_—-——-—*| Data | | Data |
/"

Property 1.1
Property1.1.1 "’:
B:gggg;%%%% -— | Function | | Function |

Submodel 2; e.g., Manufacturing process

Property 2.1
Property2.1.1 &—— % Data | | Data |
Property2.1.2

' Strict, coherent format I Different, complementary data formats

Runtime data (from the asset)
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PDF Documents

Heterogeneous

Sources

Smart Manufacturing Component

Administration Shell

Asset (e.g., 3D printer)

Access to Information and Functionalities

Identification Asset(s)
Identification Administration Shell

Submodel 1; e.g., 3D Printing
—-——"’| Data | l Data ]
/"

Property 1.1
Property1.1.1 &
Property1.1.1.1
Property1.1.1.2 &—

_-—->| Function | | Function ‘

Submodel 2; e.g., Manufacturing process

Property 2.1
Property2.1.1 &—— % Data | | Data |
Property2.1.2

Body

Strict, coherent format ' Different, complementary data formats

Runtime data (from the asset)
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PDF Documents

Heterogeneous
Sources

Smart Manufacturing Component

Administration Shell

:> Asset (e.g., 3D printer)
@

Outcome

Access to Information and Functionalities

Identification Asset(s)
Identification Administration Shell

Submodel 1; e.g., 3D Printing

Property 1.1
Property1.1.1 &
Property1.1.1.1
Property1.1.1.2 &—

,’-—"'| Data | | Data ‘
/

> | Function | | Function ‘

Property 2.1

—

Property2.1.1 & |
Property2.1.2

-

Submodel 2; e.g., Manufacturing process

| Data | | Data ‘

Body

Strict, coherent format ' Different, complementary data formats

Runtime data (from the asset)

Homogeneous/Standard
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Characteristics

Load capacity

Reach (between axis 1 and 6)
Mumber of degrees of freedom
Repeatability - 150 9283
Weight

UL certification

Attachment methods

Performance

Joint spead -axis 1

Joint spead -axis 2

Joint spead -axis 3

Joint spead -axis 4

Joint spead -axis 5

Joint spead -axis &

Maximum speed at load gravity center
Maximum inertia axis 5

Maximum inertia axis &

Brakas

TX2-90

14 kg
1000 mm

+ 0.02 mm
114 kg

230°%/s
340°%/s
430%/s
540°/s
475%s
760%s
109 m/s
1.5 kg.m?
0.25 kg.m?

12 kg
1200 mm

+ 0.02 mm
117 kg

@

345%s
340°/s
420°s
540°%s
475%s
7603
11.1m/s
1.25 kg.m*
020 kg.m?
Al axes

Work envelope and range of motion

Maximum reach between
axis 1 and &5 (R. M)

Minimurm reach between
axis 1and 5 (R.m1)

Minimum reach between
axis 2 and 5 (R.m2)

Reach between axis 3 and 5 (B.b)

900 mm

200 mm

256 mm

425 mm

1100 mm

272 mm

320 mm

550 mm

Tkg
1450 mm

+ 0.02 mm
119kg

230%s
350%s
410%s
540%s
475%s
TEOYs
11.6mis

1 hg.m?
0.15 kg.m?

1350 mm
327 mm
391 mm

G50 mm
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Characteristics
TX2-90 TX2-90L
Load capacity 14 kg 12 kg
Reach (between axis 1 and &) 1000 mm 1200 mm
Mumber of degrees of freedom 5] (]
Repeatability - IS0 9283 + 0.02 mm + 0.02 mm
Weight 114 kg 117 ka
UL certification o +
Attachment methods (rﬁgu*‘
Performance
Joint spead -axis 1 330%s 345%s
Joint spead -axis 2 340°/s 340%s
Joint spead -axis 3 430%s 4205
Joint spead -axis 4 540°5 5405
Joint spead -axis 5 475%s 4755
Joint speed -axis & 760 780"/
Maximum speed at load gravity center 109 m's 11.1mfs
Maximum inertia axis 5 1.5 kg.m® 125 kg.m*
Maximum inertia axis & 0.25 kg.m® 0.20 kg.m*
Brakas All axes

Work envelope and range of motion

Maximum reach between

axis 1 and 5 (R. M) 900 mm 1100 mm
Minimum reach between
axis 1and & (R.m) S =
Minimum reach between
axis 2 and 5 (R.m2) = gk
Reach between axis 3 and 5 (B.b) 425 mm 550 mm

Tkg
1450 mm

+ 0.02 mm
119kg

330%s
350%s
410%s
540%s
475%s
T760%s
11.6 mis

1 kg.m?
0.15 kg.m*

1350 mm
327 mm
391 mm

650 mm

“DigitalMameplateAAS" [https://admin-shell.io/idta/aas/DigitalNameplate/3/0] of [https./fadmin-shellio/idta/asset/DigitalName

[ Assetinformation hitps://admin-shellio/idta/asset/DigitalNameplate/3/0

< m <T> "Nameplate® V3.0 [https://admin-shell.io/fidta/SubmaodelTemplate/DigitalNameplate/3/0]

m “URIOfTheProduct” = https:/fwww.domain-abc.com/Model-Nr-1234/5erial-Nr-5678 @{SMT/Cardinality=Cne}
“ManufacturerName” — “Muster AG" @{SMT/Cardinality=Cne}
"ManufacturerProductDesignation” — "ABC-123" @{SMT/Cardinality=Cne}

m "Addressinformation” @{5MT/Cardinality=Cne}

*ManufacturerPreductRoot™ — “flow meter® @{SMT/Cardinality=7eroToOne}

m “ManufacturerProductFamily” — “Type ABC" @{SMT/Cardinality=ZeroToCne}

m "ManufacturerProductType" = FM-ABC-1234 @{SMT/Cardinality=ZeroToOne}

m "OrderCodeOfManufacturer” = FMABC1234 @{SMT/Cardinality=0ne}

m "ProductArticleNumberOfManufacturer” = FM11-ABC22-123456 @{SMT/Cardinality=ZeroToOne}
m *SerialNumber® = 12345678 @{5MT/Cardinality=7eroToOne}

m “YearOfConstruction™ = 2022 @{SMT/Cardinality=ZeroToOne}

m *Date0fManufacture” = 2022-01-01 @{SMT/Cardinality=7eroToOne}

m “HardwareVersion™ = 1.0.0 @{SMT/Cardinality=ZeroToOne}

m “FirmwareVersion" = 1.0.0 @{SMT/Cardinality=LercToOne}

m *SoftwareVersion” = 1.0.0 @{SMT/Cardinality=7eroToCne}

m “CountryQfOrigin® = DE @{SMT/Cardinality=ZeroToOne}

m "UniqueFacilityldentifier” = 987654321 @{SMT/Cardinality=ZeroToCne}

m “Companyloge” @{SMT/Cardinality=ZerocToCne}

i m *Markings™ (1 elements) @{SMT/Cardinality=LerocToCne}
- M8 ~AssetSpecificProperties” (4 elements) @{SMT/Cardinality=ZeroToOne}
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Agent AAS-eClass Mapper

!;!: LanceDB

Open-source vector database that
can support low-latency billion-scale
vector search on a single node.

https://lancedb.com
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# LanceDB Vector DB
vector_db = LanceDb(
table_name="recipes",

LanceDB uri="/tmp/lancedh",
. search_type=SearchType.keyword,
—> )
Open-source vector database that # Knowledge Base

can support low-latency billion-scale nowtedge base = Knowtedael
vector search on a single node. )

vector_db=vector_db,

https://lancedb.com
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# LanceDB Vector DB
vector_db = LanceDb(
table_name="recipes",

I anceDB uri="/tmp/lancedh", C]
. search_type=SearchType.keyword, -

Open-source vector database that # Knowledge Base

can support low-latency billion-scale nowteage_base = Knowledge(
. vector_db=vector_db,

vector search on a single node. )

Natural Language
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_-\gno fast multi-agent framework

https://github.com/agno-agi/agno
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_-\gno fast multi-agent framework

agno.agent Agent
agno.models.anthropic Claude
agno.tools. hackernews HackerMewsTools

agent = Agent(

model=Clavde(id="clavde-sonnet-4-5"),

tools=[HackerNewsTools()],
LEIRTGHIE \
)|

agent.print_response("Write a report on trending startups.”, streams

You can also specify name, description,
instructions, knowledge, etc.

https://github.com/agno-agi/agno
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eClass Asset| AAS with Submodel(s) Knowledge
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PDF Datasheets

\ Mapped Information Graph
Mapped Information
Agent AAS-eClass Mapper
- \gno fast multi-agent framework

agno.agent Agent .

agno.models.anthropic Claude ‘/ TOOI |ntegrat|0n

agno.tools. hackernews HackerMewsTools

agent = Agent( v| Session Handllng

model=Clavde(id="clavde-sonnet-4-5"),

tools=[HackerNewsTools()],

narkdown=True, v| Context Management

agent.print_response("Write a report on trending startups.”, streams

v| Database Integration

You can also specify name, description,
instructions, knowledge, etc.

https://github.com/agno-agi/agno
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. NEW TECHNIQUES, NEW PROBLEMS, NEW SOLUTIONS

Why Language Models Hallucinate

Adam Tauman Kalai* Ofir Nachum Santosh S. Vempalal Edwin Zhang
OpenAl OpenAl Georgia Tech OpenAl

September 4, 2025

Abstract

Like students facing hard exam questions, large language models sometimes guess when
uncertain, producing plausible yet incorrect statements instead of admitting uncertainty. Such
“hallucinations” persist even in state-of-the-art systems and undermine trust. We argue that
language models hallucinate because the training and evaluation procedures reward guessing over
acknowledging uncertainty, and we analyze the statistical causes of hallucinations in the modern
training pipeline. Hallucinations need not be mysterious—they originate simply as errors in binary
classification. If incorrect statements cannot be distinguished from facts, then hallucinations
in pretrained language models will arise through natural statistical pressures. We then argue
that hallucinations persist due to the way most evaluations are graded—language models are
optimized to be good test-takers, and guessing when uncertain improves test performance. This
“epidemic” of penalizing uncertain responses can only be addressed through a socio-technical
mitigation: modifying the scoring of existing benchmarks that are misaligned but dominate
leaderboards, rather than introducing additional hallucination evaluations. This change may
steer the field toward more trustworthy Al systems.

1 Introduction

Language models are known to produce overconfident, plausible falsehoods, which diminish their
utility and trustworthiness. This error mode is known as “hallucination,” though it differs fundamen-
tally from the human perceptual experience. Despite significant progress, hallucinations continue to
plague the field, and are still present in the latest models (OpenAl, 2025a). Consider the prompt:

What is Adam Tauman Kalai's birthday? If you know, just respond with DD-MM.

On three separate attempts, a state-of-the-art open-source language model! output three incorrect

dates: “03-07", “15-06", and “01-017, even though a response was requested only if known. The

correct date is in Autumn. Table 1 provides an example of more elaborate hallucinations.
Hallucinations are an important special case of errors produced by language models, which we

N " v ser . R LR 1

) Kalai, Adam Tauman, Ofir Nachum, Santosh S. Vempala, and Edwin Zhang. "Why language models hallucinate." arXiv preprint arXiv:2509.04664 (2025).



n)
Why Language Models Hallucinate A comprehensive survey on integrating large language models with e
knowledge-based methods
Adam Tauman Kalai* Ofir Nachum Santosh S. Vempala® Edwin Zhang ) O 1il: ] o 18 ®
OpenAl OpenAl Georgia Tech OpenAl Wenli Yang **“+", Lilian Some *, Michael Bain ", Byeong Kang "
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ARTICLE INFO ABSTRACT
Keywords: The rapid of artificial i i has led to marked progress in the field. One interesting direction
Abstract LLMs for research is whether Large Language Models (LLMs) can be i d with d k ledge-based
Knowledge-based systems. This approach aims to combine the g ing of LLMs and the precise
Like students facing hard exam questions, large language models sometimes guess when m‘“’""s“"‘qﬂ“"“ knowledge representation systems by which they are integrated. This article surveys the relationship between
uncertain, producing plausible yet incorrect statements instead of admitting uncertainty. Such KG LLMs and knowledge bases, looks at how they can be applied in practice, and discusses related technical,
“hallucinations” persist even in state-of-the-art systems and undermine trust. We argue that L and ethical Utlliring ‘a ; onof the. it the study
language models hallucinate because the training and evaluation procedures reward guessing over oth ienties tmpoctant-swes anc assesies extaing et  the suérits of
generative Al into structured ledge-base systems data model accuracy, and
acknowledging uncertainty, and we analyze the statistical causes of hallucinations in the modern ilization of The findings give a full list of the current situation of research, point out
training pipeline. Hallucinations need not be mysterious—they originate simply as errors in binary the main gaps, and propose helpful paths to take. These insights contribute to advancing Al technologies and
classification. If incorrect statements cannot be distinguished from facts, then hallucinations support their practical deployment across various sectors.
in pretrained language models will arise through natural statistical pressures. We then argue
Lha!, ]l-ill]llci.lli\li()ll‘:s persist due to the way -llll)b't cvuluatiuus. are graded—language models are 1 Tnbcducton theis ical deploy ficas ctial) Issues such as interpretabil-
.Dpt}m]ztzd.‘lq be gnoﬁ 'tcstltakm's, and guessing when uncertain improves test p(‘rforn‘lam:n. Thm ity, high computational deman ds, and scalability im, pede theit Broa der
'Cl.)]fi.ﬂn.](! of p('|_ml_l'/,mp; uncertain responses can only be addressed r‘h.rongh a socm—t.mh_mcnl The rapid devel of Large L Models (LLMs) has adoption. This study also i g the i of g
mitigation: modifying t-he'&curmg ‘of emst‘m‘g bcnl.'lumu"k.s t:.hat are 1111§u11g11L-d ‘bul dominate shaped the contours of AL This has landed the models in areas where Al with knowledge bases, emphasizing how lhns synergy can mitigate
leaderboards, rather than introducing additional hallucination evaluations. This change may they can excel in generating natural text, never reaching any peak these limitations and unlock new opportunities.
steer the field toward more trustworthy Al systems. before.LLMs are based on deep learning structures, and can therefore To guide this analysis, several key ptions are outlined:
perform effecuvely in many na.tural Ianguage pmcefs:nz;‘ tasks, such as Real-World Application Chall LLMs b o
text ysis, or systems. 4 : : S : s
1 Introduction Recent surveys have explored diverse aspects of LLMs, such as obstacles ‘m real-wmtld settings, pamcular'ly_lm(err'ns ofimferpreitabllny.
their archi es, training SRS and performance evalua- c-omputauonal requnremex}ts, .af'ld scalability, which limit their effec-
Language models are known to produce overconfident, plausible falschoods, which diminish their tion benchmarks. Many focus on specific topics, such as detailed anal-  fiveness and broader applicability. ; ) 2
utility and trustworthiness. This error mode is known as “hallucination,” though it differs fundamen- yses of state-or-treart. models [1], scaling lavs Innovations(Le: what 5 4 The % of LiMsiwih
? . : : o N a new law brings to make old predictions still work)) [2], and pre-  knowledge bases — using methods such as Retrieval-A d Gen-
tally from the human perceptual experience. Despite significant progress, hallucinations continue to training methods used with large datasets [3]. Others investigate eration (RAG) Knowledge Graphs, and Prompt Engineering — of.
plague the field, and are still present in the latest models (OpenAl, 2025a). Consider the prompt: domain-specific fine-tuning effects from rei learning or hu-  fers p g solutions. This synergy ent data li
man feedback [4,5], and transfer learning strategies [6]. Despne these  improves model accuracy, and reduces computational costs.
What is Adam Tauman Kalai’s birthday? If you know, just respond with DD-MM. luable contributi s there ins a paucity of compre- Barriers to Adoption: P chall including the need for
heAnsive pe.rspecu\:t'es tlflat connecl ll:e ‘l:oundational principles of LLMs interpretability, efficient resource utilization, and seamless integration
On three separate attempts, a state-of-the-art open-source language model! output three incorrect w"l: P mmcfl, 1-worl da'.‘d the faced as these modelsare existing systems, continue to hinder the widespread adoption of
dates: “03-077, “15-067, and “01-017. even though a response was requested only if known. The This s“m;," id this gap by p ing a comprehensive anal-  LLMS: ) ) )
correct date is in Autumn. Table 1 provides an example of more elaborate hallucinations. ysis of LLMs' foundational principles and their applications across Iding on these p this survey provides a structured and
Hallucinations are an 1111])01tant prual case of errors produ(,ed by language models, which we diverse domains. Although LLMs have achieved remarkable prog grated analysis'of LLMs. The primaty,contributicns. are as follows:
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Cognee turns your data into a knowledge graph.
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Send in your data asynchronously.

https://github.com/topoteretes/cognee
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ip cognee

Cognee turns your data into a knowledge graph.

.add

Send in your data asynchronously.

.cognify

Cognee splits your documents into chunks, extract entities,
relations, and links it all into a queryable graph.

https://github.com/topoteretes/cognee
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Digital assets and AAS are fundamental for Industry 4.0/5.0.

Al Agents and LLMs help automating the AAS adoption process.

Al Agents and Knowledge Graphs represent a powerful combination.
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