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My Backround

= 2011 = 2015: PhD in computational logic at TU Vienna ST IITIT e
. . . . . . . L3588 'E"""""!!!!L;i
— Handling inconsistencies in combination of answer set programs and
description logic ontologies

= 2015 - 2018: Postdoc and senior researcher at MPI for Informatics
— Rule learning from knowledge graphs, shift to NeSy Al

= 2018 — present: Research scientist and then senior expert on hybrid Al at
Bosch Center for Al

— NeSy Al and its applications




About Bosch
Our Company in Figures
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417,900 | 86,800 468

Bosch associates Associates work Subsidiaries and R&D Locatjons
worldwide (approx.) in R&D, including regional companies in worldwide
60 countries
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Bosch Research
Leveraging our International Setup
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Renningen Research Campus
Overview

e i iR
e

Bosch associates on site

(including PhD) ~2,100

of which from Corporate Research alone ~1,400



Who we are
Our Business Sectors

Mobility Solutions Industrial Technology Energy and Building Consumer Goods
Technology

o BOSCH




Al at Bosch
Bosch vs Other Al Companies
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Al at Bosch
Bosch vs Other Al Companies
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Al at Bosch

digital twins

domain knowledge
sensor data

industrial AI

smart manufacturin
embeddecfi AT anomaly detes z_,»g
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Who we are Founded in
Bosch Center for Al 2017

Major Research Activities Application Areas Impact
= Generative Al = Automated Driving, Driving Assistants = #1 Al research lab in the European
= Large Language Models * |ndustrial Robotics industry
» Prediction and Planning » Knowledge Management = Since 2017*: 350+ top-tier
= Verification and Validation of Al Models *  Smart Consumer Goods publications in Al
. = Al for Engineering & Manufacturing = 1700+ patent filings*
* Multi-modal Foundation Models = Embedded Al
= Time-series Foundation Models = Manufacturing
Research Fields and Core Competences .
Collaborations
Deep Neural Networks fol Manufacturing System engineering Probabilistic Modeling & m
Automated Driving optimization, e.g., 4\'

perception optical inspection

Deep Learning SELTA A2

Carnegie Mellon University

Valley

NLP & Neuro-symbolic Al [

RL & Control

* Status as of 2024
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Artificial Intelligence @ Bosch
A lot of Promises

14

By 2025 the aim is for all Bosch products to
either contain Al or have been developed or
manufactured with its help.

Bosch Vision for Al

Volkmar Denner
Bosch CEO 2012-2021




Artificial Intelligence @ Bosch
A lot of Expectations

14

This year we will achieve our goal ahead of
schedule that all Bosch products and solutions
contain Al or were developed or produced with Al.

Stefan Hartung
Bosch CEO, Handelsblatt 14. April 2023




Symbolic Al

=

Knowledge of @ \

domain experts

Knowledge graph
” (KG)

Data /
_., Reasoning Extended KG
L system

Rules, constraints

A lot of valuable
domain knowledge Text

{ Challenges: Modeling efforts and scalability }
. BOSCH




Neural Al

A 4

y
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Neural network Prediction

Vast amounts
of data

[ Challenges: Explainability and trustworthiness J
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Neuro-symbolic Al at Bosch

P
Pros: Cons:
Explainability Symbolic Al Neural Al Lack of explainability
Trustworthiness  ~ Reasoning system " Neural network ) Lack of trustworthiness
Cons: @@ <:> 5 3 3 Pros:

[ Modeling efforts] @7 ) - LA S D No modeling efforts
Lack of scalability Scalability

Research questions

[Q1: How to automatically curate and complete KGs, learn rules?
Q2: How to use KGs, rules to improve/explain ML models?
Q3: How to scale up and democratize reasoning systems for industry?
Q4: Industrial innovations with neuro-symbolic Al?

BOSCH
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Neuro-symbolic Al at Bosch

Pros:
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Cons:
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Talk Overview

= NeSy Al at Bosch

= Knowledge graph curation and completion
— Market analysis
= Scaling and democratizing reasoning systems
— Machine scheduling
— E-drive configuration
= Explaining ML models
— Edge case analysis in autonomous driving
= Summary
— Opportunities

— Challenges
BOSCH



Talk Overview

= NeSy Al at Bosch

= Knowledge graph curation and completion
— Market analysis

= Scaling and democratizing reasoning systems
— Machine scheduling
— E-drive configuration
= Explaining ML models
— Edge case analysis in autonomous driving
= Summary
— Opportunities

— Challenges
BOSCH



Market Analysis
2 G el

= Predict potential competitors

= Suggest potential suppliers

= Optimize number of suppliers and their carbon footprint

= Analyze business sectors in which companies along supplier chain are involved

Centek hasSupplier Forvia . q
oo T S
hasSupplier hasCompetitor Parts  products
/ \ ~ ..°, Ior SIEMENS
[ umic Lacuna o

Materials Companies

See tutorial on Wiki data hitps://essai2026.eu/program.php#id-C5 for more details on KGs BOSCH
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Numerical Values are Important

1. Extend KG with numerical information
= Carbon footprint 100 - hasRevenue Centek - hasSupplier Forvia
= Average revenue — )
= Number of employees RN . \
. hasSupplier hasCompetitor
/ \ hasCarbonFootprint
e
Lumic Lacuna 1020
Information extraction N
to mine numerical values h C\ bonF . hasRevenue
for entities from the web astar on\?otprmt \
1135 200
V. T. Ho, D. Stepanova, D. Milchevski, J. Strétgen, G. Weikum: Enhancing Knowledge Bases with Quantity Facts. WWW 2022: 893-901
BOSCH



KG Incompleteness

2. Learn rules from KGs with numericals, apply them to predict facts, e.g., potential suppliers

hasRevenue hasSupplier -
100 < Centek « PP /F orvia
/ N -
Extension of NeuralLP hasSupplier hasCompetitor hasSupplier:
[Yang et al, NeurIPS 201 7] / \ hasCarbonFootprint
for rule extraction to e
handle numerical values [ umic Lacuna 1020
/ N
N . hasRevenue
hasCarbonFootprint \
1135 200
hasSupplier (X,Z) <« hasSupplier(X,Y), hasCompetitor(Y,2),
hasRevenue(Z,N1), hasRevenue(Y,N2), N1>N2
BOSCH

P. Wang, D. Stepanova, C. Domokos, Z. Kolter: Differentiable learning of numerical rules in knowledge graphs. ICLR 2020




KG Incompleteness

3. Avoid nonsensical predictions, e.g., company has city as a supplier

Our reasoning-based method

Standard embedding methods \
‘rs'ag.‘f.'v'é"‘ e ® R \.
Standard . | samples | ? § :
negative i “-‘-‘-‘-‘-‘-‘-‘-‘-‘-‘-‘-‘-‘-‘-‘-‘I Er{:gﬁsgéng ' embeddlng Fact prediction Pt:igllc;fd E
sampling . Negative | g model | '
| samples -------------------------------------
Knowledge | vt . R . .
. Graph | <Cente hasSuppller Berlin> <Lumic hasSupplier]Munich>
&,; """""""""" <Forvia hasSupplier Stuttgart> ,/
. . . o . Consi;tency
@[ Generalization }—éPredlcted triples causing inconsistency <—@{ checking }
| ettt " I P
- Ontology

N. Jain, T.K. Tran, M. Gad-Elrab, D. Stepanova: Improving Knowledge Graph Embeddings with Ontological Reasoning. ISWC 2021
M. Andresel, T.K. Tran, M. C. Domokos, P. Minervini, D. Stepanova: Combining Inductive and deductive Reasoning for Query Answering over Incomplete KGs. CIKM 2023

BOSCH



Explainable Entity Similarity

4. Company similarity: Given a supplier, suggest similar ones, and explain Why they are similar

Output
/ InPUt Y JeompetitorOf 0.9
T . bmw:@OO000 @O ! g s
nput | . aud:00@000e | | Peroduees 08 |i-o> Solected Features
bn:w - audi . siemens: 00000 @0 ! Jproduces. JexportedTo 056| :
produces produces / g bob:00 @00 0@ : Jproduces™ 03
g g el § 3 titorOf - 0.2
autos competitorOf § I.I'.I.tel.OO0.0 O § . competttor f '
competitorOf ' Entity Embeddings Features & their Importance Score’,,f:
kAt | T N S — ’ — Output
bob_ WOKAt  intel siemens-< wor john " |
/ N : bmw: @OO@®O O+ : bmw: onen o
produces produces ; i : . ’ i
P : : L audi: @OOO® O : 2. Embedding- _audi odOom O
 livesin . . livesin : 1. Feature . siemens: OO0 @ : . siemens e el @
: computerChipsPro eBikeGen3 : . . : Guided Feature
% Construction bob: OO@@O O . bob: oeel o
exportedTo exportedTo e ; Selection e
N intel: @@OO O . intel: e loH @

"‘:phina Knowledge Graph canac‘i‘g" In terpretable Feature Ve ctors Interpretable Feature Vectors 5
B s Correlated with Embeddmgs

Y. Ismaeil, D. Stepanova, K. T. Tran, H. Bloeckel. FEABI: A Feature Selection-Based Framework for Interpreting KG Embeddings. ISWC 2022.
D. Daza, C. Xuan Chu, T.K. Tran, D. Stepanova, M. Cochez, P. Groth: Explaining Graph Neural Networks for Node Similarity on Graphs. TLMR 2026.

See tutorial https://essai2026.eu/program.php#id-T8 on KG embeddings BOSCH
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Supplier Optimization
Slmpllfled Real Example 11 potential suppliers

Preassembled

PC board
— : T
e hasPart / \ hasPart -
L / hasPart hasPart w
smart power I fil j Integrated
L metal film St collective
circuit circuit \

resisy oot PCB li
/ \ N supplier
/ j supplier \

j supplier
supplier PP supplier Panasonic
supplier supplier .
: / supplier supplier
Siemens AG supplier suppl:er \
Bosch LLC suppher Rohm semiconductor
\ supplier Singapore
STMicro- Vishay KOA Spe.er Elwa PCB
electronics ArericHe Electronics E uroc:rc uits
Shanghai KOA
Electronics Wurth
Electronics

C. Chu Xuan, M. H. Gad-Elrab, T.-Kien Tran, M. Schiller, E. Kharlamov, D. Stepanova:
Supplier Optimization at Bosch with KGs and ASP. ESWC (Satellite Events) 2023



Supplier Optimization
Slmpllfled Real Example 11 potential suppliers

Preassembled

PC board 4 current suppliers
e : T
pe hasPart / \ hasPart -
= “ hasPart hasPart w
smart power | I fil j Integrated
. metal film . collective
circuit circuit \

PCB

// \ rESISV A \ supp[ler
supplier supplier - SER Iler
supplier Panasonic
supplier

supplier li :
PP . \ / supp :er supplier
Siemens AG supplier suppller \
suppller Rohm semiconductor

Bosch LLC
supplier Singapore
STMicro- Vishay KOA Speer | Elwa pcs |
electronics Americas Electronics E uroc:rcuits

Shanghai KOA
Electronics Wurth
Electronics
C. Chu Xuan, M. H. Gad-Elrab, T.-Kien Tran, M. Schiller, E. Kharlamov, D. Stepanova: BOSCH

Supplier Optimization at Bosch with KGs and ASP. ESWC (Satellite Events) 2023



Supplier Optimization
Slmpllfled Real Example 11 potential suppliers

P Preassembled
w3 > PCboard |4 current suppliers I
_— ' \
fie_ hasPart / \ hasPart
5 “ hasPart hasPart w
smart powerl j i | 2 minimal suppliers |
. metal film collective Integrated
circuit circuit \

/ / \ resisV ey  PCB N supplier
j supplier supplier
supplier UPPTEr s upplier PP I Panasonic I
supplier supplier . ; \
\ / supplier . supplier
Siemens AG supplier / supplier \

I Bosch LLC I supplier Rohm semiconductor
\ J, supplier Singapore
STMicro- Vishay KOA Speer I Elvia PCB I
electronics Arericas Electronics Eurocircuits
Shanghai KOA
Electronics Wurth
Electronics
C. Chu Xuan, M. H. Gad-Elrab, T.-Kien Tran, M. Schiller, E. Kharlamov, D. Stepanova: BOSCH

Supplier Optimization at Bosch with KGs and ASP. ESWC (Satellite Events) 2023




Supplier Optimization
Slmpllfled Real Example 11 potential suppliers

P Preassembled
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lemens I T I \ . supplier Rohm semiconductor
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Supplier Optimization at Bosch with KGs and ASP. ESWC (Satellite Events) 2023




Talk Overview

= NeSy Al at Bosch

= Knowledge graph curation and completion
— Market analysis

= Democratizing and scaling reasoning systems

— Machine scheduling

— E-drive configuration
= Explaining ML models

— Edge case analysis in autonomous driving
= Summary

— Opportunities
— Challenges
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LLMs for Reasoning Problems?

I need to seat 7 people around a table at my wedding reception, but my parents and
in-laws should not sit next to each other. Also, my wife insists we look better in pictures
when she's on my left, but | need to sit next to my best man. How do | seat us on a round
table? But then, what happens if we invited our pastor to sit with us?

Traditional LLM Model Reasoning Model

Tokens: 439 Tokens: 8,559

@ Reasoning On

March 2025

Father-in-Law Y Best Man 7 % L Groom'’s Mother Key n ot e

Mother-in-Law | Groom’s Father Father-in-Law ( Groom's Father

Mother-in-Law Pastor > ) 0:00

20x More Tokens
150x More Compute

P Pl o) 0347042 - Human Touch

BOSCH




Reasoning LLMs for Combinatorial Problems

Theoretical and Practical Limitations

QUANTIFYING GENERALIZATION COMPLEXITY FOR
LARGE LANGUAGE MODELS

Zhenting Qi'; Hongyin Luo?, Xuliang Huang®, Zhuokai Zhao*°, Yibo Jiang®
Xiangjun Fan’, Himabindu Lakkaraju', James Glass®

1Harvard University, 2Massachusetts Institute of Technology

3University of Illinois at Urbana-Champaign, *Meta, >University of Chicago
zhentinggi@g.harvard.edu, hyluo@mit.edu

NPHardEval: Dynamic Benchmark on Reasoning Ability of Large
1 Models via C lexity Classes

Lizhou Fan'* Wenyue Hua?* Lingyao Li' Haoyang Ling' Yongfeng Zhang?
1School of Information, University of Michigan, Ann Arbor, MI 48103
"’Departmem of Computer Science, Rutgers University, New Brunswick, NJ 08854
{lizhouf, lingyaol, hyfrankl} @umich.edu, { wenyue.hua, yongfeng.zhang} @rutgers.edu
*Lizhou Fan and Wenyue Hua contribute equally.

Have Large Language Models Learned to Reason?
A Characterization via 3-SAT Phase Transition

Rishi Hazra!, Gabriele Venturato?, Pedro Zuidberg Dos Martires! & Luc De Raedt!?

ICentre for Applied Autonomous Sensor Systems (AASS),
Orebro University, 70182, Sweden

2Department of Computer Science, KU Leuven, 3001, Belgium
{rishi.hazra, pedro.zuidberg-dos-martires}@oru.se
{gabriele.venturato, luc.deraedt}@kuleuven.be

3SAT (SATMenu) N

‘* HEURIGYM
AN AGENTIC BENCHMARK FOR LLM-CRAFTED
HEURISTICS IN COMBINATORIAL OPTIMIZATION
Hongzheng Chen'* _Yingheng Wang!*  Yaohui Cai'* Hins Hu'* Jiajie Li'*
Shirley Huang® Chenhui Deng® Rongjian Liang®  Shufeng Kong'
Haoxing Ren® Samitha Samaranayake'! Carla P. Gomes' Zhiru Zhang'
1 Cornell University 2 Harvard University ~ * NVIDIA

{hzchen, yingheng}@cs.cornell.edu,
{yc2632,zh223, j14257}@cornell.edu
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ICLR 2025

On Limitations of the Transformer Architecture

Binghui Peng

Department of Computer Science
Columbia University
bp26@1@columbia.edu

V

techtalks

Srini Narayanan
Google DeepMind
srinin@google.com
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Theoretical limitations of multi-layer Transformer

Lijie Chen
UC Berkeley
lijiechen@berkeley.edu

Binghui Peng
Simons Institute, UC Berkeley
bp2601@columbia.edu

Hongxun Wu
UC Berkeley
wuhx@berkeley.edu

Christos Papadimitriou
Department of Computer Science
Columbia University
christos@columbia.edu
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ICLR 2026

Limits of Transformer Language Models
on Learning to Compose Algorithms

Jonathan Thomm'?*  Gi C: iero! Aleksand
jthomm@ethz.ch giacomo.camposampiero1@ibm.com

Terzic?
aleksandar. terzic1@ibm. com

Abbas Rahimi*
abrozurich. ibm.com

Michael Hersche!

Bernhard Schélkopf?3
michael.her: ibm.com i

mpg.de

1IBM Research — Zurich, >ETH Zurich, MPI Tiibingen

NeurlPS 2024
BOSCH
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Nelson  Tobias
Higuera Kaminski

Overview
Thomas Nysret Johannes Tobias
Eiter  Musliu  Oetsch  Geibinger
Problem instance Problem specification Solution

22

=X9 g, 8

BOSCH

ASP solver

|

Result (Answer Set)

@
®

Facts Rules
m
=y o
. O) g
i

ASP = DB + KR + SAT/SMT

See tutorial https://essai2026.eu/program.php#id-T2 for more details on ASP

BOSCH
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Answer Set Programming (ASP)
Example

Solution
fa

Answer set L
ﬁ seated(1,1),seated (2,1 » .‘.
seated(3,1),seated (4,2 ® . o

Combinatorial Problem Seating Problem

\4

Solution
[ ]

Answer set L =,
seated(1l,2),seated (2,2 » .‘.
guest (1) . guest(2). guest(3). guest(4).

. ®
guest (5) . guest(6). guest (7). v
table (1) . table(2). table(3). table(4). ASP So|ver Solution

D' Answer set | (Y-
seated(1l,1),seated (2,1 .‘.
[ g

seated(3,2),seated (4,1

Facts

seated (3,1),seated (4,1 (Y

ASP Encoding

1 { seated(G,T) : table(T) } 1 : guest (G)

:— Seated(l,T), not seated(2,T).
:— Seated(3,T), seated(4,T).

23 BOSCH




Answer Set Programming (ASP)
Example

Solution

ﬁ :]D@ assigned(1,1),assigned (2,1
[ assigned(3,1),assigned(4,2),.. _
* Solution
Facts Answer set — ..
/ assigned(1l,2),assigned (2,2 _

component (1) .component (2) .component (3) . assigned(3,1),assigned (4,1
component (4) .component (5) . - - -

subsystem (1) .subsystem(2) .subsystem(3) . ASP Solver

Combinatorial Problem System Configuration Problem

Answer set

Solution

Answer set -..
assigned(1l,1),assigned (2,1
assigned(3,2),assigned (4,1),.. _

\

ASP Encoding

1 { assigned(C,S) : subsystem(S) } 1 :-

component (C) .
:— assigned(1l,S), assigned(2,S).
:— assigned(3,S), not assigned(4,S).

23 BOSCH




In collaboration with

Answer Set Programming (ASP) T
Application Areas atBosch T

[t 3 B

Parallel Mad Challenges: )nning
Schedulin '« Scalability for industry

 Interaction with ASP solvers for non-experts
« Modeling efforts

Automatic Task Model-Based Testing for
Scheduling Autonomous Driving

24 BOSCH



In collaboration with

Challenge 1: Scalability for Industry U
Parallel Machine Scheduling |

Vienna University of Technology

mi:

mo:

= Challenging parallel machine scheduling problem at
semiconductor production plant

s

— sequence-dependent setup times Makespan
— release dates my
— machine capabilities "
= Goal: maximise throughput (number of jobs / time unit) "
— minimal makespan (total schedule length) achieves this, Lexicographic makespan
but refined lexicographic minimal makespan is better
= Solution: extension of ASP with difference logic, clingo-dl
solver used for computing results = roee

200 mmm #optimal

100

04
or-tools gecode cplex cpoptimizer clingo-dl|

T. Eiter, T. Geibinger, N. Musliu, J. Oetsch, P. Skocovsky, D. Stepanova: Answer-Set Programming for Lexicographical Makespan Optimisation in Parallel Machine Scheduling. Theory Pract. Log. Program. 23(6): 1281-1306 (2023)

BOSCH



In collaboration with

Challenge 1: Scalability for Industry h—
Adaptive Large Neighborhood Search for ASP Optimization™

Vienna University of Technology

ALASPO Solution .'
ASP Relax JJ
pmP>| | ASP Solver Relax — Le=="1 b tslio
Program Operator |
Search
Input Operator
Facts
Partial Solution

T. Eiter, T. Geibinger, N. Higuera Ruiz, N. Musliu, J. Oetsch, D. Pfliegler, D. Stepanova: Adaptive large-neighbourhood search for optimisation in answer-set programming. Artif. Intell. 337: 104230 (2024)

26 BOSCH



Challenge 2: Interaction with ASP Solvers for Non-Ex
E-Drive Conceptual Design and Configuration

Product Knowledge

Components
Properties @
Constraints

Partonomy
Incompatibility
Requirements

User Requirements

Desired components

Property values ;2

ASP
Encoding

Facts

Rules
Constraints 7

'k

27

In collaboration with

e rts TECHNISCHE
UNIVERSITAT
WIEN

Vienna University of Technology

Solution #1

Solution #2

Solution #3

ASP Solver

Solution #4

Iterate on reauirements

@ Solution #5

Rotor_field: electrical
Topology: asm

|| Type: ipm_classic

—_—
—

—®

BOSCH




In collaboration with

Challenge 2: Interaction with ASP Solvers for Non-Experts TUES

WIEN

Combining ASP and LLMs 77 —

A
Problem instance Problem specification Solution Formal explanation

¥ | O b 1 ®

ASP solver

v . Y ™ @@%
Problem encoding
Result (answer set)
Facts Rules _ Explanation in ’?
S natural language - R’
= ® gy
— ® 1T -()-

[Eiter et al, IJCAI 2023, Eiter et al, JELIA 2023, Geibinger et al, TAASP 2024]
28 BOSCH



Challenge 2: Interaction with ASP Solvers for Non-Experts

Combining ASP and LLMs

= ASP + LLM for explaining solutions

= Questions from users on initial solution:
— Why is the torque density high?
— Why is the medium air and not water?
— Why is the voltage not low?

— Why is there no design found fulfilling requirements?

= Translate question into counterfactual
which does not hold, employing LLMs

= Explain why counterfactual is inconsistent

[Herud et al, ICLP 2022]

In collaboration with

Program
Facts v
AS

TECHNISCHE
UNIVERSITAT

WIEN

Vienna University of Technology

[Eiter et al, IJCAI 2023, Eiter et al, JELIA 2023, Geibinger et al, TAASP 2024]

‘ SoIvF;rj’
BE
@ / Assumptions / / Q)uery / / Adcjition / /:ﬂ
i
> LLM »/  Answer
S
BOSCH




Challenge 3: Automating Modeling Efforts
Combining ASP and LLMs

A
Problem instance Problem specification Solution Formal explanation

\ / A
@ LLM Explanation
I
ASP solver t\j:d" €

(O3]
0 C@)
Problem encodmg\4
Result (answer set)
Facts Rules _ Explanation in ’?
S natural language - R’
Ez @ L
— ® 1T -()-

[ Open Challenge: Ensure encoding correctness without revealing the ASP code to the user 1

%0 [Schrader et al, AAAI 2026] BOSCH



Neuro-symbolic Reasoning

Trends and Perspectives for Bosch

31

Prompting

Foundation
Model

)

Prompt

Prompt-Symbolic

Foundation
Model

)

Prompt

- - -

>

Image from https://arxiv.org/pdf/2505.24874

S

>

Program

BOSCH



Neuro-symbolic Reasoning
Trends and Perspectives for Bosch

Logic-based NeSy frameworks according to the 6 dimensions outlined in the paper.

Frameworks Inference  Syntax Semantics Learning Representations  Paradigms Tasks
(M)inimal (Dyistant (S)upervision
@roof Erl;))n;pgsi;jml Ez))zlabl_e , . ) Logic (L/D o zi):;m (Supervised
elatios assical N ty (P/p;
(Model (ko (Fuzzy Otructure - Sublsymbolic o 1n/m) (Glenerative
(P)robability (K)nowledge (Dnduction Pr om t in Pr 0 m t S mb Oli C
allP [111] P+M FOL S+ P P+sS s Ln Kl p g p y
GILP [39] P R M+ F P+S s In DS + KI
DeepProblog [72] ~ P+M FOL M+ P P+s S+Sub LpN DS + KI
DeepStochLog [132] P FOL M+ P P s LpN DS + 5§
DiffLog [112] P R M+F P+s s Ln Kl
DL2 [40] M P C+F P S+Sub N DS+ S§
DLM [77] M FOL C+F+P P s PN S5 + KGC
LRNN [116] P R M+F P+s S+ Sub IN KGC + KI - - [
LTN [5] M FOL C+F P S+ Sub IN DS + S8 Fomdanon Fo‘mdatlon N
NeuralLP [137] P R M+F P s Ln KGC + KI X y X ' S Pro am
NeurASP [138] P+M FOL S+ P P s LpN DS ) ) ) ’| f ) g ’ y
NLM [35] P R M+F P+S s Ln KGC + KI NI d l Mod l
NLog [121] P R M+ P P s LpN DS O e e e e '
NLProlog [131] P R M+P P+S S+ Sub LpN KGC + KI
NMLN (78] M FOL c+p P+s S+ Sub PN KGC+ G
NTP [102] P R M+F P+S S+ Sub Ln KGC + KI
RNM [76] M FOL c+P 3 s PN ss
SBR [33] M FOL C+F 3 S+Sub N DS + S8
Scallop [58] 3 FOL M+ P 3 s LpN DS
SL [133] M P c+P P s LpN ss Prompt Prompt
Slash [113] P+M FOL S+ P 3 s LpN DS +58
TensorLog [18] P R M+ P P s LpN DS + KGC

[Marra et al, Ald 2024] Image from https://arxiv.org/pdf/2505.24874

Need for established industrial frameworks

31

See tutorial https://essai2026.eu/program.php#id-T6 on foundations of NeSy

BOSCH
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. ] See tutorial https://essai2026.eu/program.php#id-T5
Neuro-symbolic Reasoning on MCP-Solver

Trends and Perspectives for Bosch Solvers

MCP-Solver: Integrating Language Models with Ontolo gy
Constraint Programming Systems reasoners

Stefan Szeider

Logic-based NeSy frameworks according to the 6 dimensions outlined in the paper.

Algorithms and Complexity Group

Frameworks Inference  Syntax Semantics Learning Representations  Paradigms Tasks > S 5
TU Wien, Vienna, Austria

(Winimal (D)istant (S)upervision www.ac.tuwien.ac.at/people/szeider/

(P)roof EP))rTPOsinL:;nal ES))tlabIeal ® . Logic (L/1) o zs)emi (S)upervised
R)elatior C)lassic: . ility (P/p] KGC] i
(Model (ko (Fuzzy (S)eructure (Sub)symbolic v\ ral(N/n) (Glenerative [ )
(P)robability (K)nowledge (Dnduction Pr om t ~ Pr t S b 1

aIlP [111] P+M FOL S+ P P+S S Ln KI p mg omp ym 0
OILP [39] P R M+ F +S S Ln DS + KI
DeepProbLog [72] P+M FOL M+ P s S+Sub LpN DS + KI
DeepStochLog [132] P FOL M+ P s pl DS + SS
DiffLog [112] P R M+ F +S S Ln KI
DL2 [40] M P C+F S+Sub IN DS + SS
DLM [77] M FOL C+F+ s 1 SS + KGC
LRNN [116] P R M+F +5 S+ Sub IN KGC + KI ti ti r--
LTN [5] M FOL C+F P S+ Sub IN DS + S8 F da F da
NeuralLP [137] P R M+ F S Ln KGC + KI x OIm on y x o‘m on I S ! Pro am

eurASP [138] P+M FOL S+ P s DS , ) ’ [] f ) g , y
NLM [35] P R M+ F P+S s Ln KGC + KI NIodel Model N 1

Log [121] P R M+ P s P! DS _-==

LProlog [131] P R M+ P +S S+ Sub KGC + KI
NMLN [78] M FOL C+P +S S+ Sub 1P KGC + G

TP [102] P R M+ F +S S+ Sub Ln KGC + KI
RNM [76] M FOL c+ s 1P] ss
SBR [33] M FOL C+ S+Sub IN DS + SS

callop [58] P M+ s pl

03 u cr s b Prompt
lash [113] P+M S+ pN DS +S§
nsorLog [18] P M pl

[Marra et al, Ald 2024] Image from https://a

Need for established industrial frameworks

Description
ASP CcSP SAT SMT Logics/KG

31 See tutorial https://essai2026.eu/program.php#id-T6 on foundations of NeSy BOSCH
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Talk Overview

= NeSy Al at Bosch

= Knowledge graph curation and completion
— Market analysis

= Democratizing and scaling reasoning systems
— Machine scheduling
— E-drive configuration

= Explaining ML models

— Edge case analysis in autonomous driving

ummary
— Opportunities
— Challenges

BOSCH



Edge Cases in Autonomous Driving

S

The vehicle was allegedly driving in
when it hit the overturned truck.

How a tesla misinterprets an old carriage
https://x.com/RealRusty/status/1559636816101244931

34 BOSCH
e


https://twitter.com/RealRusty/status/1559636816101244931

Systematic Error Detection for Edge Case Generation
Motivation & Challenge

Data collection is time-consuming,
particularly for corner cases.

Scarcity of data often limits fast
development and release of Al models.

Rare risks ¢

the data “long
Unknown dat

Real corner cases are challenging to collect at large-scale

https://www.intc.com/news-events/press-releases/detail/1518/mobileyes-

Images from Bosch colleagues self-driving-secret-200pb-of-data
5 BOSCH




ldentifying Systematic Errors of Image Classifiers
What is a Systematic Error

« Subset of the data (“slice”) on which a given
model underperforms (high error)

Volvo admits its self-driving cars are
confused by kangaroos

Swedish company’s animal detection system can identify and
avoid deer, elk and caribou, but is yet to work against the
marsupials’ movements

« Slices need to be interpretable by humans
« “hopping kangaroos”
« “white trailer + bright sky”
« “people with dark skin tone”

« Systematic error identification is the
task of finding such slices

» ldeally also without required labelled ST ——
data Covering these rare Slices Australia - although most are not serious. Photograph: Paul Kane/Getty Images

« Relevant for safety, reliability and fairness considerations in Al-based systems
See tutorial https://essai2026.eu/program.php#id-C7
on need for Al explainability and trustworthiness

Modification of slide from Jan-Hendrik Merzen [Metzen et al, ICCV 2023]
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ldentifying Systematic Errors of Image Classifiers
Overview o
. Combinatorial test
o o cases for an image
classifier generated

background: forest
ConvNeXt-B vs. VGG16

User specified input

viewpoint : front
size :

color

weather : sunny
background: people
ResNet50 vs. ViT~L/32_

\

Viewpoint: {front, rear, side..}

Color: {red, green, orange.. }

Weather: {sunny, rainy, snowy..}

viewpoint : front

size : large
color 1 green 3
weather : lightning

(Iass: minivan j ViTB/ %6 vi. Reshetso_

[Metzen et al, ICCV 2023]

37 BOSCH



ldentifying Systematic Errors of Image Classifiers

Prompt Attack

Test engineer specifies:

[Metzen et al, ICCV 2023]

Source Class, Operational Design Domain, Prompt Template, and Risk Assessment

Operational Design Domain /,

Z viewpoint: {front, rear, side,..}

Z, color: {red, green, orange,...}

7., weather: {sunny, rainy, snowy, ...}
Z.3 background: {lake, house, tree, ...}

Prompt Template

"{viewpoint} view of {color} ]’
{source_class} in front of p
{weather} {background}."

Source Class

~

Yy

source_class: minivan

Slide from Jan-Hendrik Merzen and Grace Hua [Metzen et al, ICCV 2023]

\

Risk Assessment
median]; ' (1 — f(¥]x:))

ranked
test cases

—">

& BOSCH

L



ldentifying Systematic Errors of Image Classifiers

Prompt Attack

PromptAttack handles:

Combinatorial Testing, Image Synthesis, Risk-based Ranking

Operational Design Domain /,

Z viewpoint: {front, rear, side,..}
Z, color: {red, green, orange,...}

Z> weather: {sunny, rainy, snowy, ...}
75 background: {lake, house, tree, ...}

[Metzen et al, ICCV 2023]

S Samples
Subgroup 1 Samples {x;};";"
combinatoria] viewpoint: rear Focan s SRS 7
: color: orange e o [N Bl
testing weather: snowy
background: tree /
Z

Prompt Template
"{viewpoint} view of {color} T
{source class} in front of '
{weather} {background}."

operational design domain

Limitation: Manual construction of

linput

Source Class -
)4

source class: minivan

; 1\.4(1.1 Vl\/\.N Ul Ulallsb
minivan in front of .
il el Image Classifier f
|
auery v Fix)}ig
Text-To-Image Model Risk Assessment t;g;lf:;ies
NS Sl ) medianzy (1 — (7 ) =2
___—--—“"—"
& BOSCH

Slide from Jan-Hendrik Merzen and Grace Hua [Metzen et al, ICCV 2023]




ldentifying Systematic Errors of Image Classifiers
Avoid Manual Labels

| | ! Prompt :

| : | . “Describe the image | --------=-=mmmmr \
' - : ' i i[<” b - :
\ 8 : in details o Image description |

The image has a car,
a pedestrian, a traffic light..

Prompt VisionMLadn%uage ,-\'l ______________________
1 . ! O e
. “Whatis the color ! ‘)
__________________________ i of the car?” ;

,' Commonsense % 7 T ““““““ ’ T OpenlE

! KG i \  Scene graph |

i h | ! e ' <image has car> |

, <car has coior> ' : <image has pedestrian> |
| <dog has color> ' expansion g P i

' <image has traffic light> !

' \
1

! ' <image has dog>
. <pedestr/an has gender> | | !

_______________________________

Y. Ismaell J-H. Metzen, K. T. Tran H. Bloeckel, D. Stepanova. Beyond Manual Labels: Unsupervised Graph-Based Explanations for Error Analysis in Image Classifiers. ISWC 2025
@ BOSCH



ldentifying Systematic Errors of Image Classifiers
Avoid Manual Labels
Vision-language models for detailed

f image mage  |Predicted °.°J£Z.°\ scene graph construction

// has \

\\ ™ black -

cgSpan [Schaul et al, IEEE 2021] for frequent
graph pattern mining over scene graphs

’ ’ i1 . dog
I ‘ h \has \\ﬁas(_:\qlor
W *
= @ < car pedestrian ginger
: hasColor

)l

Xy

ILP for rule extraction in

[Collevati et al, NeSy 2024] Output: /mages with ginger dogs and
black cars are frequently wrongly classified

Y. Ismaeil, J-H. Metzen, K. T. Tran, H. Bloeckel, D. Stepanova. Beyond Manual Labels: Unsupervised Graph-Based Explanations for Error Analysis in Image Classifiers. ISWC 2025
40 BOSCH



Talk Overview

= NeSy Al at Bosch

= Knowledge graph curation and completion
— Market analysis

= Democratizing and scaling reasoning systems
— Machine scheduling
— E-drive configuration

= Explaining ML models

— Edge case analysis in autonomous driving

= Summary and outlook
— Opportunities
— Challenges

BOSCH




Summary

Input
bmw:@0000 80
audi: CO@00 0@

nnnnn
<

Long-term agenda on automatic KG curation Recent works on explainability of

neural networks using KGs

4 L J o . ) image
nnnnn Knowledge Graph of Interpret tors i

Explaining KG embeddings Nﬁ/f* "w‘ww Combining LLMs and KGs
Populating KGs with ISWC’23 B J/ = for detecting bias
numerical facts ———“"'"" ““““““ e (B EEER in image classifiers
WWW’22 “Industrial appllcatlons - ISWC’25
: collaborates . s o~ o [ L =
__________ FECT . -I-JFZVLNAMME //, i ot ‘\\ R L L gy g | </\> F (/—‘/ =
Ontology-enhanced i 111 hesSenter | o] - ! |'¢ \'l &2 o o Ve %* : < :
embeddings ! X L O, ,' - ol e e
ISWC’21 jointVenture C collaborates . \ \,b'(\ o e /)70 y EXplaInIng node X
Ontologies and embeddings -, N s - /" similarity in GNNs 2 Bele
for QA over KGs N\ Caits ’/%60 TLMR’26 50T
’ o = g ) > - ”/ e Te- S~
CIKM’23 ~\‘>‘ ) Manufactunng ;‘_\,\f’ @ ..................... @ Knowledge \‘\
__________________ ~ — 2 . Graph AN
e Gran . office - '=:I <
r@ T Scallng and democratmng i T LS e
Explainable clustering SR reasoning systems h '

3 kitchen=_ \has‘ )
N ; kitchen % _» sink
& :

. ‘ W . r— 0 u bathroom/h’rls li
over KG embeddings ... % 1 - ,, g — K
ISWC’20 . ‘ s

bathroom
Learning rules from

KGs usi beddi R T

S using embeddings - Interpreting neurons
CIKM’23, ICLR 20 g, B using KGs
ISWC’22

ASP solver

Jok )Y, mr=rr=—er
B (@]
B

Large neighborhood search for improving scalability of answer set programming for parallel machine schedullng,
-~ e-drive configuration, supplier optimization AlJ’24, TPLP’23, AAAI'22, KR’22, KR’21, ASP+LLMs
42
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Other NeSy Al Works at Bosch

43

Text Mining Pipeline

Mat. Science
Ontologies

aterials Science

( Knowledge Base )
v

N

New Facts

Bosch Semantic Stack Documentation

Bosch Semantic Stack > Concepts

Solutions

Bosch Semantic Stack

Digital Twin Registry

Aspect Model Catalog

Heterogenous Data Sources

R

-
=4
7]
=
o
>
o

=

Digital Twin

Temperature

Reasoning

Annotated
Documents‘

Categorization

Bosch Semantic Stack
master

Q Search BOSCH

Open Source

Se c Aspect Meta Model

haslnteraction

hasRawProduc

hasPiecelnteraction

RSWOperation

> WorkPieceCombination

DressCount

(ElectrodeClass J6——

hasElectrodeClass

>( PiecePiecelnteratction

dc:hasPart

QsWaterHoleDiamter

InteractWith

MachinePart

Q;’ TopBraid EDG

I I

Welcome to the STEADY
production server!

For glossary users: Tool instructions you find here, a general
introduction to term management here.

Workflow Summary

There are 30 workflows requiring your attention, click here to review.

My Tasks

You have no tasks

What's Happening?

Workflow Cleanup and Refactoring for Ontology man-Core-Material-
Ontology-v3 started by Wagner Andreas (C/TMD2)

For model users: Tool instructions and a user guide are available here.

Q search EDG

Recently Viewed Collections

X x-org-ae-l Ontol

X ED Customer Whole Picture

X x-idea-kg-llms-test-ontology

X xorg-melis-ontology

&b x-0rg:1op98-RBICS-Taxonomy-v1

My Governance Roles
Area/Asset Collection

X x-org-ae-man-LIS-Ontology-v1

X man-Core-Personnel-Ontology-v2
X man-Core-Personnel-Ontology-v3
X x-app-PS-DCV-Ontology-v1

# Manufacturing-Ontologies

Governance Role

Data Steward

Technical Steward

Technical Steward

Data Governor

Business Steward

Asset Collections Summary

Summary includes all collections, availabilityis dependent upon user permissions

X 652 - Ontologies

& 74 - Taxonomies

% 2- Crosswalks

@ 72- Glossaries

& @




Other NeSy Al Works at Bosch

hasPiecelnteraction
Qeoduct

<> WorkPieceCombination

dc:hasPart
.
TopWorkSheet N
= hasDressCount faradtinti 5
fteractvl BottomWorkSheet
ElectrodeCap
(0)° (5

Text Mining Pipeline

= Ontology learning from text

TopElectrode
* (BottomElectrode ) InteractWith

-
"""""""" MachinePart

= GraphRAG

= Knowledge-enriched document labeling
Bosch Semantic Stack Documentation [Thln et al ’ EMNLP 2025]

Bosch Semantic Stack > Concepts

= Semantic mapping of terminologies
) [Schmid et al, ESWC 2025]

Bosch Semantic Stack

= Knowledge-enriched visual anomaly detection
[Sadikaj et al, ICCV 2025]

Digital Twin Registry

Aspect Model Catalog

= KG-enriched ML pipelines
[Klironomous et al, ESWC 2023]

Movement
Temperature

Heterogenous Data Sources -

g Formal software verification + LLMs

| Ontology-v3 started by Wagner Andreas (C/TMD2)




Outlook: Promising NeSy Al Applications
Hardware Design

User Design Specification
1. Design a high voltage high power

converter w/ MCU and sensors as -
controller, add another ROM as o :
external storage "L

2. Chip Vendor: Ti, ADI, NXP, etc.
\ J

Customer L]
requirements Schematics Printed Circuit Board

product

Images from https://arxiv.org/pdf/2602.00510 and https://www.hemeixinpcb.com/company/news/what-is-pcb-assembly-with-smt-process.html l
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Outlook: Promising NeSy Al Applications
Hardware Design

45

( J
e ——

: m IC Datasheets

User Design Specification

1. Design a high voltage high power
converter w/ MCU and sensors as
controller, add another ROM as
external storage

2. Chip Vendor: Ti, ADI, NXP, etc.

e

Unified Context h

Assembly (UCA)

KG Extraction

ic

oo
o

Stage 1: Design Specification and LLM Code Generation

Neural generation of designs

Stage 3: Final Output

A

Tool
Calling

KG Extractioi

able Temperature (T=€[0,1]) Update Reward (r=€[0,1])

Symbolic verification

Prior Candidate

Pin Error Localization

; N i ) N

e | Training-Free LLM Generator Multi-Layer Reward Oracle i KiCAD PCB-Ready Output 1

) L1: Electrical Rules: e.g. Short Circuit =03 o D D 3

lngh-LeveI System Prompt l ¢ o ;

1 | Ul D s

l" """"""""""" L1b: Pin-Role Compatibility r=0.5 ] : | | J

ll User Segment l UCA Retrieval Context I : « D = 3

! = — Schematic Preview i

/: Low-Level User Prompt RS C SR tao ooy =06 l : 3
s T T | o 3
.’-fm-m i et L L3: VF2 Subgraph Isomorphism Check r=0.7 l i
Ul=Part("KiCAD","INA240" footprint="KiCAD:INA240") " 1 " |

I L1=Pan("KiCAD","L" footprint="KiCAD:0805") Selected Candldatel " :
e | s

1 SKiDL / KiICAD Code Generation Sl sl L =) I o e Ee|
Semmmmmmmm I ---------- V(e) = Ti,m + [rlme _T!(mr] . - ) ) ; 3
---------------------- ' ax o :

' Netlist & Subcranh Extract AP0 | Thompson Sampling i

3 etlist & Subgrap raction i y " 1
K. _____________________ J Reward Guided Refinement i LR GEey (e (UL ;
\ ) f: \ / '

PCBSchemaGen [Zou et al, Arxiv 2026], also PCBGPT [King et al, 2026]

BOSCH




Visual Question Answering

Schematic Images . . .
Object detection and counting

)

g What is the total component

. count in this schematic?
Q: How many lafge th.mgs are Claude-Opus *
either cyan metallic cylinders or 7
yellow blocks?

[CLEVR, Johnson et al, CVPR 2017] [Lu et al, ECCV 2026]
Omnisch.com

16 BOSCH




Visual Question Answering

Schematic Images . .
Topological reasoning

00
S
g=tal [stiy

E— i’i’

/

/
e wown
- ~. k
T
i
4

C List the symbol names of the
components connected to Q1.

GPT-5.2
[J1, J2, LT3426, Q2]

Are Pring Square and Rolv Grove connected?

[Bauer et al, ICLP 2024] [Lu et al, ECCV 2026]
Omnisch.com

46 Intern | CR/AIR3 | 10.03.2025

BOSCH



. 4 : )
Visual Question Answerlng » Electronics background knowledge

Schematic |mages « Graph-based reasononing
Spatial reasoning _* Occluded symbols (e.g., in scans) )

/ VBAT \
VBUS
_POWER AND FILTERING
DDDDDDD 33V
Q3
v
04
33V
MMMMMM 2 e
o
gt o — o o
© 2 AP2112-3.3 © s © ]
— o
GND GND GND GND GND/

A: Complete scene B: Incomplete scene . List the symb ol names of the

There is a blue rubber object that is in front components right side of Q3. /Sm
of the small metallic cube and right of the w
large object; what shape is it? QwenVL

C: Question about hidden object [U2, C8, C2]

CLEVR-POC [Abraham et al, LREC/COLING 2024] [Lu et al, ECCV 2026]
Omnisch.com

46 Intern | CR/AIR3 | 10.03.2025 BOSCH




Neuro-Symbolic Al at Bosch
Opportunities

= Vast amounts of domain expert knowledge in various forms @
= Electronic engineers, production experts, material scientists
= Knowledge is often in heads of people, but also text, csv files, etc.

= Availability of large amounts of data XX
. . . . ® 00
= Time series, production data, collected images oo

= Many applications where generative Al/ML alone is insufficient -~
» Logistics, manufacturing optimization, system engineering @




Neuro-Symbolic Al at Bosch
Challenges

Concrete value: Hard to demonstrate it in industry,
(not only for neuro-symbolic Al, but Al in general)

= Hype: Focus of the company and investments have been exclusively in GenAl
for the past couple of years

= Neuro-symbolic Al has been often questioned:
= What is it exactly, why needed, concrete benéefits, etc.

= Lack of expertise in business units:
= Not many understand what rules, ontologies, reasoners are
= A lot of efforts are still spent on “spreading the word” about symbolic Al

= Modeling bottleneck: for non-experts encoding knowledge and

using symbolic reasoners is much more difficult than prompting a GenAl model BOSCH
e p I — T —



Prompt-Symbolic

Neuro-Symbolic Al at Bosch

Outlook x| Foundation 5 S program |5 y
= Prompt-symbolic focus mainly so far: ‘, Panpt |
= Ontology construction with GenAl, GraphRAG
= For advanced QA only or beyond? How to leverage NeSy ‘
E.g., inconsistency handling of requirements? | SOUP In industry?

= Translation of natural language text to formal rules/constraints
= E.g., MCP-Solver [Szeider, 2025]

= Utilizing symbolic Al tools (e.g., ASP) while
hiding users from encodings
(is it at all possible / to which degree?)

pppppp

[Marra et al, Ald 2024]
= Enriching tabular foundation models
with contextual knowledge, e.g., [Boshko et al, Arxiv 2026]

= Applications in core engineering domains
BOSCH




Many thanks!

= Bosch: Youmna Ismaeil, Tran-Trung Kien, Huu Mai Tan, Tobias Kaminski,
Mohamed Gad-Elrab, Coung Xuan Chou, Csaba Domokos,
Jan-Hendrik Metzen, Evgeny Kharlamov

= Bosch domain experts

= TU Vienna: Thomas Eiter, Nysret Musliu, Johannes Oetsch,
Nelson Higuera, Tobias Geibinger, Medina Andresel

= KU Leuven: Hendrik Blockeel
= MPI: Gerhard Weikum, Thinh Vinh Ho, Hiba Arnaout

= Other collaborators:

= Nitisha Jain, Peter Skocovski, Pasquale Minervini,
Thinh Vinh Ho, Daniel Daza, Michael Cohez, Paul Groth,
Zico Kolter, Po-wei Wang

BOSCH




Towards Neuro-Symbolic Al Applications at
Bosch: Opportunities and Challenges

Interested in a master thesis, PhD position or
Daria Stepanova full time opportunities at Bosch, please reach out at

daria.stepanova@de.bosch.com
Bosch Center for Al P
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