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What to expect ïwhat not

ÅNot my private life 

ïñGerman perspectiveò 

ÅSlides are not by GenAI (but many pictures) 

ÅHot topic, with lots of changes

ïNot black and white, but lot of gray

ïNot ñconflict-freeò; not complete 

ÅNot very technical 

ÅInspiration/ideas/critical thinking 
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Tenured position = no work (any more)

ÅResearch and education 

ÅGive lectures

ïGood lectures 

Å lots of students 

Å lots of exams

Å lots of work 

ïThus: bad lectures 
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Tenured position = no work (any more)

ÅDo research

ïPublish papers: lots of work L

Å Choose hard problem

Å Blame colleagues

ÅBut: low reputation ïno glory, no fame 

ïPossible solution: PhD students

ïRequires funding/write proposals: lots of work 

ïGetting best students : good lectures
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AI might be the solution 

ÅResearch

ïGive/discuss ideas, literature review  

Å Implementation; carry out experiments; write the paper 

ïWriting proposals (and reviews) 

ÅEducation

ïProvide lecture content

Å Answer students; review the submissions  

ïHelp the students 

Å Teaching buddy; interactive learning; provide examples
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Aspects 

ÅLegal aspect

ïAre we allowed to use them? 

ïWhat for? 

ÅWhere are they helpful?

ïWhat can they do?

ÅWhat is missing? 

ïWhat they canôt do (yet) 

ïFuture trends 



7

Legal Aspect 

ÅLiterature review/writing 

ïPapers/proposals: DFG/NSF in 2023 

ÅReviewing

ïDFG/NSF in 2023 not allowed 

ïMarch 2026: ñThe guideline allows the use 
of AI systems in the review process 
exclusively in a supporting role , linking 
such use to four central principles: 
confidentiality , transparency , quality 
assurance and responsibility .ò 
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How  it  is  used é
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Next: AI does it all?  

ÅCan AI -written papers be accepted? 

ïPassed peer review for workshop at 
2025 International Conference on 
Learning Representations (ICLR)

Å Top- tier venue in the field of ML

ÅGiven a general topic prompt by researchers

ïSurveys available literature

ïGenerates hypotheses, evaluates and refines those ideas

ïModules plan and execute experiments

ïé
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Revival of AI: expert systems

Second AI winter: reduced progress

First AI winter: reduced funding and interest in AI research

Golden era of AI, symbolic reasoning rules

Alan Turing, Intelligent Machinery

Foundation at Dartmouth College

Deep learning revolution 

A ( very ) short  history  of  AI

1950

1960

1970

1980

1990

2000

2010

2020

today

Quiet progress (Deep Blue vs. Kasparow (1997)) 

Generative AI

1940

https://upload.wikimedia.org/wikipedia/c
ommons/b/bb/Dartmouth_College_%281

45565527%29.jpeg

https://www.economist.com/leaders
/2017/05/06/the -worlds -most -
valuable - resource - is-no- longer -oil -
but -data , 12.04.2026

https://www.economist.com/leaders/2017/05/06/the-worlds-most-valuable-resource-is-no-longer-oil-but-data
https://www.economist.com/leaders/2017/05/06/the-worlds-most-valuable-resource-is-no-longer-oil-but-data
https://www.economist.com/leaders/2017/05/06/the-worlds-most-valuable-resource-is-no-longer-oil-but-data
https://www.economist.com/leaders/2017/05/06/the-worlds-most-valuable-resource-is-no-longer-oil-but-data
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Description languages on various levels

ÅAbstraction levels in hardware design

ïTextual/functional specification

ïAlgorithmic level

ïBehavioral level

ïRegister - transfer level (RTL)

ïLogic/gate level

ïCircuit/transistor level

ïLayout/physical level 
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Good at text 

ÅSpecification 

ÅExecutable spec 

ïC model 

ÅAll kind of programming languages

ïSystemC

ïVerilog/VHDL 

ÅVerification 

ïWriting properties  

ïTestbenches 
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Writing code 

ÅHand -written ïwhat we are used to 

ïTime consuming

ïError prone 

ïCode generation 

ïé

ÅVery quick with GenAI

ïVibe coding 

https://www.reddit.com/r/vibecoding/comments/1q30apl/vibe_coding_vs_vibe_engineering
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Prompts

ÅGenerate a RISC V core  in VHDL 

ÅGenerate a VP for  this  core  in C 

ÅGenerate properties  in PSL 

ÅCorrectness/trust  

ïWrong interpretation 

ïHallucinations 

ïé

architecture rtl of riscv_core is    

--------------------------------------------------------------------     

RISC-V encoding constants (RV32I)    

--------------------------------------------------------------------     

constant OPCODE_LOAD    : std_logic_vector(6 downto 0) := "0000011";    

constant OPCODE_STORE   : std_logic_vector(6 downto 0) := "0100011";    

constant OPCODE_OP_IMM  : std_logic_vector(6 downto 0) := "0010011";   

constant OPCODE_OP      : std_logic_vector(6 downto 0) := "0110011";    

constant OPCODE_LUI     : std_logic_vector(6 downto 0) := "0110111";    

constant OPCODE_AUIPC   : std_logic_vector(6 downto 0) := "0010111";    

é
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Mooreós law  

John Hennessy and David 
Patterson: Turing Lecture s
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Complexity of digital circuits

ÅComplexity of digital circuits is still increasing!

ÅShift towards verification

ïSee e.g.: Wilson Research Group & Mentor Graphics, 
Functional Verification Study

2,250 transistors

Very low frequency

Intel 4004

~10 bn transistors

Very high frequency

Intel Core i9-12900K

Source: Wikipedia
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Ensuring correctness 

ÅSimulation

ïVery simple in nature ; efficient for single test vectors

ïObtainable coverage is very low

ÅEmulation 

ïQuality can be improved by hardware acceleration

ïCoverage is still very low for complex designs

ÅFormal verification

ïPowerful technique that allows complete verification

ïVery expensive in terms of resources
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Ensuring correctness using behavior 

ÅSimulation/Emulation 

ÅFormal verification

ÅDescribe the behavior of the 
circuit 

ïCommon in model 
checking/property checking 
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Complexity increases 

ÅUse of hierarchy

ÅSimilarities to software development process

ÅTechniques from software testing 

ïMutation testing 

ïFuzzing 

ïé 
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Test driven development 

ÅDescribe tests first

ÅCode development comes next

ÅTests directly applied to newly generated code 
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Behavior driven development

ÅSpecify behavior

ÅFeature: User Login  

Scenario: Successful login with valid credentials    

Given the user is on the login page    

When the user enters valid credentials    

Then the user should see the dashboard

ÅForm: Given - When - Then
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BDD for hardware 

ÅProposed more than 10 years ago

ÅScenarios 

ÅBut:

ïBased on classical AI tools

ïStanford parser 

ïPrinceton WordNet  
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BDD for hardware 
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Use LLMs in hardware design 

ÅLLMs very powerful for text generation 

ÅVarious applications in EDA 

ÅGenerate scenarios using LLMs  

ÅE.g. 

ïPrompt: Create ADD scenario with A = B, 3 examples.
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Case study: 16 - bit ALU 

ÅVerilog

ÅOperations, like 

ïADD, SUB, MULT,é

ÅFlags, like 

ïCarry, overflow,é 
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Scenario

ÅADD 

ïA greater B 

ÅFlags 

ïZero

ïOverflow

ïNegation 
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Simulation of examples 

ÅGTKWave simulator 
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Simulation of examples 

ÅGTKWave simulator 
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Application  

ÅLLM for text 

ïPoor results on graphs/netlists 

ÅLCM for circuits 

ïFewer test cases 

ÅOriginally not meant for 

ïOptimization : combination with (classical) heuristics

ïCorrectness : need verification 

Å In contrast: hallucinations due to 
randomness/probabilities 

https://chatgpt.com/share/693b6bf3 -6134 -8006 -8966 -
34b80ec1da8b
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Optimization: results 

ÅMany papers report improvements 

ïReal breakthroughs?  

ÅProofs of (long) open problems?

ïDiscovering faster matrix 
multiplication algorithms with 
reinforcement learning
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Correctness: automation of verification 

ÅSo far, still validation ñby handò

ïClassical methods for checking completeness 

ïSimulation, formal properties,é 

ÅCan we get automated proofs? 

ïReasoning (cf. early AI) 

Å Now with a precise goal 

ïExplanation 
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Are LLMs the next level of abstraction?

ÅIntroduce abstraction to simplify well -
known techniques 

ïHide boring details to increase 
efficiency

ÅRemember when: 

ïAssembly was replaced by ñautomatic 
programmingò, aka compilers

ïHand - traversed data structures were 
replaced by libraries

https://medium.com/@abnoanmuniz/understa
nding-abstraction-with-c-ba79a0622448
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Are LLMs the next level of abstraction?

Higher programming languages Vibe Coding

Compiler code is 
slow and bloated

LLM code is inefficient, 
over -engineered or naive

Loss-of-control vs. hand -
tuned assembly/RTL

Loss-of-control vs. hand -
written, deeply understood 
code

Will de -skill or  replace  
programmers

Will de -skill or  replace  
real programmers

Benchmarks, standards, 
debuggers, hybrid workflows 
(drop to low level when needed)

Test suites, code review, 
sandboxing, and hybrid 
workflows
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Mathematical proof of correctness 

ÅProving its own correctness 

ïGºdelôs Second 
Incompleteness Theorem 
(1931) 

Å No sufficiently powerful 
and consistent formal 
system can prove its 
own consistency
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Solving hard problems 

ÅFermatôs last theorem

ïProof by Andrew Wiles

ïMore than 100 pages

ÅSimilar to SAT solvers 

ïSatisfying assignment: trivial

ïUnsat : how to verify? 

ÅCan we always understand the reasoning of AI? 

ïñProof by intimidationò

ïReading fatigue
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Future (and past) 

ÅModel raising : reform AI model - training 
paradigms from post hoc alignment to intrinsic, 
identity -based development

ïNot fixing inherently unsafe AI with external 
safety measure applied as post -processing

ïñInstead of trying to produce a 
programme to simulate the adult 
mind, why not rather try to produce 
one which simulates the childôs?ò 

ÅWorld model: learn from reality
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Research summary 

ÅVery powerful new tool 

ÅDependent on abstraction level 

ÅFuture work

ïOptimization on lower levels

ïVerification 

ïValidation of learning model 
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How about education? 

ÅUse of GenAI

ïPublic talks: 5 -10%

ïOwn working group (AGRA day): around 50% 

ïBachelor students: 99% 

ÅTraining on the job
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Teaching in the AI era

ÅStudents use AI for assignments

ïAI explains concepts instantly

ïAssessment becomes fragile

ÅThe risk

ïOutsourcing thinking

ïSuperficial understanding

ïAcceleration without depth

ïConfidence without comprehension
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Examples: potential vs. risk 

ÅRPTU: ñWithin a 90-minute session they 
[18 high -school students] developed eight 
functional VGA chip designs in a 130 nm 
technology.ò

ÅAnthropic (Claude): ñOur findings suggest 
that AI -enhanced productivity is not a 
shortcut to competence and AI assistance 
should be carefully adopted into 
workflows to preserve skill formation ï
particularly in safety -critical domains.ò 
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Summary teaching 

ÅLot of potential 

ÅRequires changes in teaching

ïTeach abstraction

Å Teach decomposition

Å Teach validation

Å Teach responsibility
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Teach LLM competencies

ÅUNESCO AI competency 
framework for students

ïWhat is important for 
students to learn?

ïApplication, validation, 
ethical considerations

Miao, F. , Shioshira, K., Lao, N.: AI competency framework for teachers. 
2024, https://doi.org/10.54675/JKJB9835
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Teach LLM competencies

ÅUNESCO AI competency 
framework for teachers

ïHow can teachers teach 
with LLMs?

ïHow can teachers teach 
for a world with LLMs?

ïWhich competencies do 
teachers need?

Miao, F. , Cukurova, M.: AI competency framework for teachers. 2024, 
https://doi.org/10.54675/ZJTE2084 
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AI Policy Presets

ÅStandardized AI 
policies for higher 
education ïfrom no AI 
use to AI competence 
as learning objective.

Åhttps://ki -policy.org/p/

https://ki-policy.org/p/

