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Demand for technical data queries

Motivation

• Equipment maintenance

• Asset checking

• Production process analysis

[1] [2]

Semantic search engine:

• Based on natural language models 

• Need a given database

Time-consuming, different 

vocabularies with the same meaning 
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Indexing

• Can be used for automated 

semantic annotation (Digital Twin)
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Semantic Search Engine 

Motivation
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Natural 

Language Model

①

②

③

④

⑤

• Accuracy of the ranking is 

crucial 

(Dictionary entries)
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Search results for the keyword “angular velocity”

Ranking ECLASS Similarity

Top1 min. angle range: … 0.434

Top2 max. rotation speed: … 0.428

Top3 circumferential speed: … 0.420

Top4 max. permissible circumferential speed: 

…
0.418

Top5 forerun speed: … 0.406

• To optimize the ranking, Models shall be fine-tuned to adapt to the domain of industrial 

automation, better understand domain-specific vocabularies.

Deficiency of the ranking

• Models are trained by general corpora (news sources on the internet, Wikipedia, etc.)

• The ranking is not optimal

28/03/2023University of Stuttgart, IAS
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Basis - how ranking works?

Vector Vector

Comparision

cosine(x,y)

Semantic similarities

[3]
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Neural Language Model

Meta-descriptions

(Database - ECLASS) (User)

Search word

VectorVectorVector

University of Stuttgart, IAS



Semantic similarities
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Basis - how ranking works?

Neural Language Model

Search engine

Search result

(User)

28/03/2023

Search word

Vector

Meta-descriptions

(Database - ECLASS)

Vector Vector

Comparision

cosine(x,y)

VectorVectorVector
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Vectors (as indexes)



Search engine

Search result
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Basis - how ranking works?

Neural Language Model

(User)

28/03/2023

Search word

Optimizer (optimized indexes)

Meta-descriptions

(Database - ECLASS)

Vectors (as indexes) Vector
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• 1. Fine-tuning with added neural network

➢Building the neural network

➢Creating the training / test data 

➢Training the neural network

• 2. Fine-tuning by using nearest neighbour algorithm

➢Creating the history data 

1/20/2016University of Stuttgart, IAS 8

2 approaches

How can we realise this optimizer?
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Hidden layer

• Structure

Added neural network as optimizer

28/03/2023

(Designed neural 

network as optimizer) 

Conception of the 1st approach

Search engine

Input layer

Output layer
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Search results for the keyword “rotation speed”

Ranking ECLASS Similarity

Top1 speed of rotation: … 0.681

Top2 max. rotation speed:… 0.668

Top3 rated rotation speed: … 0.656

Top4 recommended speed of rotation: … 0.642

Top5 speed of rotation of the tool: … 0.630

10

Conception of the 1st approach

[Vector of “Rotation speed”     +      Vector of “recommended speed of …” ]               𝜟𝑺 = 0.0325 

(Search word) (Search result, need to be reranked) (Label, loss function value)

S4

S2

S1

(𝑺𝟏 +  𝑺𝟐)

𝟐
 − 𝐒𝟒𝜟𝑺 =

= 𝟎. 𝟎𝟑𝟐𝟓

• Building the training / test set

Added neural network as optimizer

28/03/2023University of Stuttgart, IAS
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Implementation of the 1st approach

Added neural network as optimizer

28/03/2023University of Stuttgart, IAS
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Evaluation of the 1st approach

Added neural network as optimizer

Possible reasons:

• Structure too simple (one hidden layer only), distorts output information from previous 

model (12 hidden layers), negatively optimized.

• Traingset too small (≤ 50 pieces of data), also a difficulty in the domain.

28/03/2023

Added neural network

Accuracy: 58% 

Unoptimized search engine

Accuracy: 84% ≤

University of Stuttgart, IAS

26% decreased 
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Conception of the 2st approach

Ranking Optimizer, based on nearest neighbour algorithm

28/03/2023

• Creating a history data (history list) 

University of Stuttgart, IAS
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Conception of the 2st approach

Ranking 

Optimizer

Neural Language 

Model

(RoBERTa)

“angular velocity”User：

History list： “rotation speed”

(High similarity)

ECLASS：

“speed of rotation: amount of rotations per unit of time”

(Most Chosen)

X(av,rs)

S(av,others)S(av,sor)

Ranking Optimizer, based on nearest neighbour algorithm

28/03/2023University of Stuttgart, IAS
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Conception of the 2st approach

Top 1, yet a useless search result 

Top 9, however, it should be the best 

matched result

User: “angular velocity”

History list: “rotation speed”

ECLASS: 

“speed of rotation: amount of…”

ECLASS: 

“min angle range: lower limit…”

ECLASS: 

“speed of rotation: amount of…”

Ranking Optimizer, based on nearest neighbour algorithm

28/03/2023

• Results before optimization • Visualize high dimensional vectors into 2 Dimensions



S(av,sor)𝒐𝒑𝒕𝒊𝒎𝒊𝒛𝒆𝒅 
=

𝑺 𝒂𝒗, 𝒔𝒐𝒓 + 𝑿(𝒂𝒗, 𝒓𝒔) 

𝑺 𝒂𝒗, 𝒔𝒐𝒓 + (𝟏 − 𝑺 𝒂𝒗, 𝒓𝒔 ) 
> S(av,sor)
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Implementation of the 2st approach

Optimization factor

Calculation of new similarity

Reranking and new output 

28/03/2023

Ranking Optimizer, based on nearest neighbour algorithm

𝑿 𝒂𝒗, 𝒓𝒔 = (𝟏 − 𝑺 𝒂𝒗, 𝒓𝒔 )/𝟒with

University of Stuttgart, IAS
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Implementation of the 2st approach

The best semantic-

matched result and as 

Top 1.

28/03/2023

Result example

Before

After



• RoBERTa+Neural Network: Accuracy decreased by 26%, inefficient, poor robustness.

✓RoBERTa+Nearest Neighbour: Accuracy improved by about 7%, efficiency and 

robustness acceptable; 

high requirements for History List, superiority mainly based on the user selection records 

(Big Data).
18

Evaluation

Models Number of relevant entries from Top-20 

Output

Average 

accuracy

Efficiency Robustness

Search 

word 1

Search 

word 2 

Search 

word 3 
… Time 

Complexity

Space 

Complexity

RoBERTa 80% (16) 95% (19) 80% (16) … 84.0% O(𝑛) O(𝑛) +

RoBERTa

+Neural 

Network

55% (11) 60% (12) 45% (9) … 58.6% O(𝑛2) O(𝑛) -

RoBERTa

+Nearest 

Neighbour 

90% (18) 95% (19) 85% (17) … 91.1% O(𝑛) O(𝑛) +

28/03/2023University of Stuttgart, IAS



Research results:

➢Neural Language Model – RoBERTa fine-tuned by two methods:

• Added neural network unsatisfied due to its structure

• Ranking Optimizer improves the accuracy of semantic search engine by about 7%, 

semantic search engine optimized in the domain of industrial automation

University of Stuttgart, IAS 19

Deficiencies:

• Manual judgment of “relevant” entries

• Limited records in history list

28/03/2023

Summary and Outlook

Outlook:

• Try out more advanced language models

• Integrate this engine into the data-

annotation process
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Data structure of ECLASS
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…
…

…
…

Input layer

Hidden layer

Output layer

……

(1,1536)

(3000 size)

(1,1)

Neural 

Language 

Model

Textual Data Vectors

• Structure

Added neural network as optimizer

28/03/2023

(Designed neural network as optimizer) 

Conception of the 1st approach
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Conception of the 2st approach

Ranking 

Optimizer

Neural Language 

Model

(RoBERTa)

“angular velocity”User：

History list： “rotation speed”

(High similarity)

ECLASS：

“speed of rotation: amount of rotations per unit of time”

(Most Chosen)

X(av,rs)

S(av,others)S(av,sor)

Ranking Optimizer, based on nearest neighbour algorithm

28/03/2023University of Stuttgart, IAS

S(av,sor)𝒐𝒑𝒕𝒊𝒎𝒊𝒛𝒆𝒅 
=

𝑺 𝒂𝒗, 𝒔𝒐𝒓 + 𝑿(𝒂𝒗, 𝒓𝒔) 

𝑺 𝒂𝒗, 𝒔𝒐𝒓 + (𝟏 − 𝑺 𝒂𝒗, 𝒓𝒔 ) 
> S(av,sor) 𝑿 𝒂𝒗, 𝒓𝒔 = (𝟏 − 𝑺 𝒂𝒗, 𝒓𝒔 )/𝟒with
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3. K-Means Clustering

Hilfsfunktionen der Datenbank (3/3)

K-Means Clustering

Visualisierungsalgorithmus

(TSNE-Methode)

768-D 

Vektor

2-D

Vektor

(TSNE: T-distributed Stochastic Neighbor Embedding)

Satz

Indexing mit neuronalem Netzwerk 

(BERT-Modell)

Motivation Problem Anforderungen
Grundlagen 

und Resourcen

Vergleich semantischer 

Meta-Daten
Datenimport Datenbereinigung

Daten-

Pipeline
Datenabfragen

Hilfsfunktionen der 

Datenbank
Zusammenfassung

degree of protection: [18.7915    -7.9354]

temperature adjustable freezer: [13.9618    -22.1669] 

degree of protection: Classification according to...

temperature adjustable freezer: presence of device to...

...

degree of protection: [-15.8661    6.1687    8.1285    -3.1561...]

temperature adjustable freezer: [16.6918    23.1875   -4.1816    16.6973...] 

Gruppierte Punkte auf xy-Ebene

28/03/2023
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1. Funktion „Semantische Suche“: Evaluierung der Genauigkeit

Hilfsfunktionen der Datenbank (1/3)

Annotierte Daten Anzahl relevanter Einträge 

von Top-20 Output

Genauigkeit

serial_number 16 80.0%

measurement_method 17 85.0%

corrosion_resistance_class 16 80.0%

degree_of_protection 19 95.0%

test_conditions 15 75.0%

ambient_temperature 19 95.0%

degree_of_pollution 15 75.0%

max_output_current 16 80.0%

product_weight 18 90.0%

max_switching_frequency 17 85.0%

Durchschnittliche Genauigkeit: 84.0%

Motivation Problem Anforderungen
Grundlagen 

und Resourcen

Vergleich semantischer 

Meta-Daten
Datenimport Datenbereinigung

Daten-

Pipeline
Datenabfragen

Hilfsfunktionen der 

Datenbank
Zusammenfassung

16

20
= 80.0%

28/03/2023
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