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LLMs Can Perform Incredible Feats

A

“Traditional” NLP Tasks Poetry Maths

(classification, summarization, etc.)

Can you write a proof that there are infinitely many primes, with
every line that rhymes?

GPT-4:

Yes, | think | can,

Though it might take a clever plan.

I’ll start by noting Euclid’s proof,

Which shows that primes aren’t just aloof.
Assume we have a finite list,

Of primes, and that none have been missed.

So we’ve found a contradiction,
[Bubeck et al.]



https://arxiv.org/pdf/2303.12712

What Can LLMs Still Not Do?

A

Find three recent papers on LLM
Agents and tell me which one is
most relevant for our course.

Model may need to...

0 Search the web

0 Open several sources

U Decide which sources are relevant
0 Compare different sources

L Maybe search again with better
keywords



What Can LLMs Still Not Do?

A

Find a train from Bochum to Berlin
tomorrow morning, under 8OEUR,
arriving before noon.

Model may need to...
O Query a live source
U Filter options

U Compare constraints
U Revise the search

U Ask before booking



What Can LLMs Still Not Do?

Model may need to...
Fix this failing test. U Inspect files
L Run tests

A L Observe errors
a U Edit code
U Run tests again
L Stop when tests pass

Answer Generation # Task Completion



gents Everywhere, All At Once

OpenClaw

THE Al THAT ACTUALLY DOES THINGS.

Clears your inbox, sends emails, manages your calendar, checks you in for flights.
All from WhatsApp, Telegram, or any chat app you already use.

Google &

Q_ howdoyoucleanafabrics.. & (&)

Al Images News Videos Shopping Perq

< AlOverview Learnmore }

Here are some tips for cleaning a fabric
sofa:

Vacuum

Use the upholstery attachment on a vacuum
cleaner to remove dust, crumbs, and spills
from the entire sofa, including under
cushions and in crevices.




Immense Real-World Impact

MIEE:E A  NEWSLETTERS SUBSCRIBE
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It’s the End of Google Search As We Know It
Google is rethin =Q EC @'C

“achangeint
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[Wired]

2034 = Q FINANCIAL TIMES E= = son

Jan 15,2026

World Econag

The AI Shift: Will software engineers survive agentic Al?

[Financial Times]



https://www.wired.com/story/google-io-end-of-google-search/
https://www.ft.com/content/7325e967-5f4e-40b1-af3f-7d2351781843
https://www.weforum.org/stories/artificial-intelligence/ai-agents-trust/

In This Tutorial

* Part 1: Introduction to LLM Agents
* Part 2: Orchestration & Multi-agent Systems

+ Exercises

Key Learnings:

1. Define & build agents

2. Analyze multi-agent systems

3. Think critically about the agentic Al economy



Part 1: Intro to Agents




A Brief History of Agents

Conventional LLM Reasoning LLM LLM in agent harness

« Conventional LLM: Prompt - Answer
* Reasoning LLM: Query = Think - Answer
« Agentic System: 77?



(Rough) Anatomy of a generation

She heals patients daily.

t

Large Language Model

1

Describe a typical doctor.

*Fictitious Example



(Rough) Anatomy of a generation

Describe a typical doctor.



Step 1: Tokenization

Describe a typical doctor . Tokens

t

Describe a typical doctor.




» Split the input text into individual tokens (the “atoms” of LLMs)
A token is usually smaller than a word, e.g., hopeful — hope + ful

* Helps models handle complex languages and larger vocabularies
more efficiently



* Words share subparts, e.g., consider the 7 words with 2 variations
(27 words in total)
* color, hope, help, harm, lust, mean, power
« colorful, hopeful, helpful, harmful, lustful, meaningful, powerful
* coloring, hoping, helping, harming, lusting, meaning, powering

* With ful and ing as subwords, we can represent all words as 7+2 = 9
tokens instead of 27 words



Tokenization

Tiktokenizer Got-40 .

6

Berlin is the capital of Germany

Berlin is the capital of Germany

114270, 382, 290, 9029, 328, 17237

[Tiktokenizer]

Each word corresponds to a token



Tokenization

Tiktokenizer apt-do o

Add message Token count

7

Trustworthy AI made in Bochum

Trustworthy AI made in Bochum

39754, 44837, 20837, 2452, 306, 156618, 394

[Tiktokenizer]

Some words are split into multiple tokens



Step 1: Tokenization

Describe a typical doctor . Tokens

t

Describe a typical doctor.




Step 2: Conversion to input embeddings

* Models work with numbers instead of text
* Map each token to a unique vector (Embedding Lookup)
« Capture semantic meaning & contextual understanding

1loftJ1l1{ol1)11{ol1 ol olololololoft 1ol

i i2 is ia is Input Embeddings
i & i a o
Describe a typical doctor . Tokens
¢

Describe a typical doctor.



Step 3: Self-attention

r l A
~—>| Add & Norm ]

Feed
Forward

——

Transformer layer 1 —{_Add & Norm )

A A A A ) Multi-Head

} . . . ) Attention
11 12 13 14 15 A__t
) 1 1 ) L) — y

Describe a typical doctor

t

Describe a typical doctor. [Figure: Vaswani et all



https://arxiv.org/abs/1706.03762

Step 3: Self-attention

SN

e I N
~—>| Add & Norm ]
Feed
Forward
—
Transformer layer 1 —{_Add & Norm )
f * * f f Multi-Head
. . . . . Attention
i1 i2 i3 i4 5 )
4 2 4 4 4 o )

Describe a typical doctor

t

Describe a typical doctor.




Step 3: Self-attention

Transformer layer N

A
4
Transformer layer 1

1 2 1 1 2

i1 i2 i3 4 i5

1 2 1 1 2

Describe a typical doctor
¢

Describe a typical doctor.




Step 4: Probability of the next token

Softmax distribution

She He They
Output token probabilities

4

Transformer layer N
A
4

Transformer layer 1
1 1 1 1 1
i1 i2 i3 4 i5
1 2 1 1 2

Describe a typical doctor
¢

Describe a typical doctor.



Step 5: Generate the token

She

t

Output token probabilities
4

Transformer layer N

)
‘)

Transformer layer 1

1

1

1

1

i1

i3

i4

i5

L)

L)

L)

L)

Describe

typical

doctor

t

Describe a typical doctor.




Step 6: Add the token to the input

She

t

Output token probabilities
4

Transformer layer N

)
‘)

Transformer layer 1

1

1

1

1

)

i1

i3

i4

i5

i6

L)

L)

L)

L)

Describe

typical

doctor

She

t

Describe a typical doctor.




Continue ...

She heals
t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 2 1 1 1 L)
i1 i2 i3 4 i5 i6
1 2 1 1 2 4
Describe a typical doctor She
¢

Describe a typical doctor.




Until some stopping condition is met

She heals patients daily :
t t t t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 1 1 1 1 L) 1 L) 1
i1 i2 i3 4 i5 i6 i7 i8 i9
1 2 1 1 1 4 4 4 L)
Describe a typical doctor She heals patients daily
¢

Describe a typical doctor.




Stopping conditions

» Generate only 10 new tokens
« Stop when the model generates a specific token, e.qg., fullstop *“.



Transformers have a maximum sequence length

Sequence length = L

Output token probabilities
4

Transformer layer N

)
‘)

Transformer layer 1

4

1 1 1 1 1 L) 4 L)
i1 i2 i3 4 iL
ez | e | e | e | e | | | e




Modern LLMs: A prediction following every input location

She heals patients daily :
t t t t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 1 1 1 1 L) 1 L) 1
i1 i2 i3 4 i5 i6 i7 i8 i9
1 2 1 1 1 4 4 4 L)
Describe a typical doctor She heals patients daily
¢

Describe a typical doctor.




Modern LLMs: A prediction following every input location

to
t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1
i1
1

Describe




Modern LLMs: A prediction following every input location

to person
t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 2
i1 i2
1 2

Describe a




Modern LLMs: A prediction following every input location

to person worker
t t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 2 1
i1 i2 i3
1 2 1

Describe a typical




Modern LLMs: A prediction following every input location

to person worker .
t t t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 2 1 1
i1 i2 i3 4
1 2 1 1
Describe a typical doctor




Modern LLMs: A prediction following every input location

to person worker . She heals patients daily :
t t t t t t t t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 1 1 1 L) L) 1 1 1
i1 i2 i3 4 i5 i6 i7 i8 i9
2 2 1 2 2 4 4 4 L)
Describe a typical doctor She heals patients daily




Most modern LLMs are causal

* Model can only look left (in the past)

* Cannot look right (in the future)

¥

She heals patients daily :
t t t t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 1 1 1 1 L) 1 L) 1
i1 i2 i3 4 i5 i6 i7 i8 i9
1 2 1 1 1 4 4 4 L)
Describe a typical doctor She heals patients daily




Most modern LLMs are causal

* Model can only look left (in the past)
* Cannot look right (in the future)

¥

¢¢¢¢¢

—— . She heals patients daily .
t t t t t
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 2 1 1 1 L) 1 L) 1
i1 i2 i3 4 i5 i6 i7 i8 i9
1 2 1 1 1 4 4 4 L)
Describe a typical doctor : She heals patients daily




Selecting the token to generate

Convert to a probability | 0.1 | 0.5

4

Score for each token | 20 [100] ...
)
Output token logits € R

4

Transformer layer N
A
4

Transformer layer 1
1 1 1 1 1
i1 i2 i3 4 i5
1 2 1 1 2

Describe a typical doctor
t

Describe a typical doctor.



Selecting the token to generate

Softmax distribution

0.6
0.3
il B -
She He They
Output token probabilities
4
Transformer layer N
A
4
Transformer layer 1
1 1 1 1 1
i1 i2 i3 4 i5
1 2 1 1 2
Describe a typical doctor
t

Describe a typical doctor.



What Are Agents?

Agents:
LLMs with access to tools and the freedom to use
them to get things done.

https:/

LM @) = &

N
-



Web Search Agents

User Gemini Google Search (Tool)

A
Who won the euro 2024? . e
Decides to search or not

Query generation: [ “UEFA
Euro 2024 winner", “who
won euro 2024]

@

Searches the web

Search results, .
snippets, metadata

B

Synthesizes answer using search results

Spain won Euro 2024, defeating
England 1:2 in the final



https://ai.google.dev/gemini-api/docs/google-search

Many LLMs now support Web Search

G < Al Overview
¥ Gemini

PR perplexity
@ OpenAl

V.S. GO%:izg|€

“Characterizing Web Search in The Age of Generative Al”



https://arxiv.org/pdf/2510.11560
https://arxiv.org/pdf/2510.11560
https://arxiv.org/pdf/2510.11560
https://arxiv.org/pdf/2510.11560

Where Does Knowledge Come From?

Internal Knowledge External Knowledge
Learned during training Retrieved / produced at inference
= Paris is in France * Today’s weather
* Python syntax = FIFA world cup winner
» General concepts » Uploaded documents




Internal vs. External Knowledge

— Mean
60 - —— Median

# Links per query
w N
o o

N
o
1

=
o
1

AlO Gemini GPT-Tool GPT-Search Sonar Organic

Models rely on external information to varying degrees



Internal vs. External Knowledge

Query: “Ricky Hatton Cause of Death”

Ricky Hatton, the former Former world boxing champion
professional boxer, is alive. Ricky Hatton has died at the
There might be some confusion age of 46.

or misinformation, as of the His body was found by

latest information, he has Manchester Policel..].

not passed away.

L P

GPT-Tool Gemini

Relying on internal knowledge only can affect the accuracy of results



Which Sources Are Used?

L 100% |
= Organic
; 75% P015i1t(i30n
5 -
= :
o 25% 51-100
o No overlap
n 0%
&~

Al Overview links found within the Top 100 Google links

Agents’ sources are not overlapping much with traditional search



What Kinds of Sources Are Consulted?

Category
B Corporate Entity B NGO and Non-Profit [ Personal Blog [ Social Media & User Forum
W Encyclopedia I News Media Site B Science Publisher B Think Tank
B Government B None of the above

Organic

Agents surface different information



Querying Search Agents Repeatedly

Query:
“Does the Soria province have a border with Navarre?”

Engine Temp. =0

to > t5 to— to
GPT-Tool 9% 10%
GPT-Search  16% 17%
Gemini 15% 15%
AIO 17% 16%
Sonar 27% 28%

% Queries with a decision flip

LLM stochasticity can lead to undesirable effects



From Search Agents to Tool-Using Agents

What is the total cost of 3 nights at €137 per night plus 19%
VAT, split between 4 people?

A

Thought: Need exact arithmetic.

Action: calculator("(3 * 137 * 1.19) / 4")
Observation: 122.3775

Final: Each person pays about €122.38.

When should the model delegate to an external system?



Millions of Tools Available

Get Weather Read Stocks Create QR
Co Yahoo Weather) ( : TradingVieWDC ) ( ° CustomQR)
C o Weather AP| ) R ° YA Finance -. v
( o Meteostat ) ( - )
' X

Clusters of APIs

« Marketplaces like RapidAPI, MCP servers, etc.
» Fast-growing ecosystems



Millions of Tools Available

Example Why it matters
. search, RAG, database give the model external
Information tools
lookup knowledge
Computation tools calculator, Python, test give exact or executable
runner feedback

email, browser, calendar, file |letthe agent change the

Action tools edits world

Kinds of Tools

« MCP (Model Context Protocol):
one standard so any model can call any tool



A tool call is a typed action

* Function calling:
* the model emits a structured call the system executes

* The tool contract:
* hame, description, schema, errors, permissions

* The model chooses a policy over an action space it did not design
 Failure modes: wrong tool, malformed arguments, hallucinated tools



Tool Use # Full Agency

* Tool-augmented LLM:
* Question — Tool call - Answer

* Agent:
« Goal — Decide — Act — Observe — Update state
— Decide  — Act — Observe — ...
— Finish

Agency requires a control loop



Agent

Agent Harness

Planning

Perception «

The “Augmented”
LLM

Environment

Action

[A Visual Guide to LLM Agents]



https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-llm-agents

Example: Context In Coding Agents

~

Git context

Branch, status, commits \
Inspect current repo 0 e

Project docs
AGENTS.ma,
README.md, etc.

Build repo context

_ Q —

Workspace

Summary

/O

Stable prompt prefix

Rules, tools, workspace
summary

o

Q‘ Combined prompt

Prefix + request

User request

"Write unit test for

function xyz” r—

Blog Post: Components of A Coding Agent

° Model response

LLM  ——> 70/ call or final
answer


https://magazine.sebastianraschka.com/p/components-of-a-coding-agent

Example: Context In Coding Agents

Created as
shown in the
previous figure

Compact Transcript

Recent history
Previously, we looked at a simplified
version (“Combmed prompt”)
Workspace c
Summary
Prompt assembly e

l Prefix + memory +
transcript + request

Stable prompt prefix

Rules, tools, workspace e LLM e Model response
summary ebastian Rz , ° > Tool call or final

answer

Latest user
request Working memory -

“Improve xyz” Task, files, notes a

Blog Post: Components of A Coding Agent



https://magazine.sebastianraschka.com/p/components-of-a-coding-agent

How Do We Know Agents Are Good?

Benchmarks
« Web / OS / software: WebArena, OSWorld, SWE-bench

* Tool use:
* T-bench
« economic work: GDPval
* multi-agent: MultiAgentBench

« Caveat for later: leaderboards report best-case capability



Exercise 1: Build an Agent

(20 min)




Part 2: Multi-Agent Systems




Common Agent Architectures

ReAct Plan — Execute Multi-Agent
Reason + Act Loop Plan first, then act Specialized roles
- Think | Make a plan @" Orchestrator
“\ Call Tool L2 Execute Step 1 & Researcher
| | / \
#- Observe L Execute Step 2 ™ Coder ™ Coder
Repeat/Answer Return result Z. Reviewer

66



Why Move Beyond A Single Agent?

Single Agent Multi-Agent System
/ Capability \ / Efficiency \
Decompose Parallelize
Planning, Specialize Route
Searching, \ Explore >~ Scale /
Executing, g:x"
Remebering,
Checking [ Reliability m Control \
Verify Coordinate
Redundancy Permissions

\ Recover / \ Audit /

Multi-agent systems separate who plans, acts, knows, and shares.




Building Multi-Agent Systems

« Multiple agents, each with own tools, memory, planning

« Each subagent gets its own context window

- Multi-agent # multi-tool: one agent calling many tools is still one agent
« Caution: many “multi-agent” systems are really just multi-step pipelines



Workflows vs. Agents

[Anthropic: Building Effective Agents]

Workflow &

Predefined process

Developer specifies

* Which steps exist

* Their order and branches
* When the process stops

Agent &

Model controls process dynamically

Model determines

» Which steps are needed
= Which tool to use next

= When to revise / stop

|

Best when: task structure is known

}

Best when: path cannot be predicted



https://www.anthropic.com/engineering/multi-agent-research-system
https://www.anthropic.com/engineering/building-effective-agents

When Multi-Agent Helps

« Anthropic's orchestrator-worker system beat a single agent by ~90% on their eval
« Best for breadth-first work

Claude.ai chat Multi-agent research system
. What'’s on your User request
q . —_—
mind tonight? Lead agent
- (orchestrator)
what are all the :l:tb‘;tglz:i e ¢&—>  Memory
companies in the Tools: search tools + MCP tools
united stutes' working + memory + run_subagent +
on Al agents in 2025? complete_task

make a list of at Final report

least 100. for each “—
company, include

the name, website,

product, description

of what they do,

type of agents Search subagent Search subagent Search subagent
they build, and their

vertical/industry. u u U

[Anthropic Multi-Agent Research System]



https://www.anthropic.com/engineering/multi-agent-research-system
https://www.anthropic.com/engineering/multi-agent-research-system
https://www.anthropic.com/engineering/multi-agent-research-system

...But It Costs

* The same system uses ~15x the tokens of chat

« Token usage alone explained ~80% of the performance variance

« Every hop adds latency, cost, and a chance to lose information

« Less compelling when a single strong agent + good context already handles it



When Agent Communication Breaks

) Agent B
Qgml) Agent A 'GEO; shared: X O Agent C
Y =
HO© shared: X = o HO©: shared: X
@ private: B @
)
& (&
private: a private: y

v /

Aggregator WRONG CONSENSUS

a+pB+y>Y

“Everyone says X.” g X

. J

Multi-agent discussion can amplify shared information while
suppressing unique evidence.



Many Design Choices

Orchestration = the runtime control layer:

who acts, when, with what context, under which rules, and how to merge / stop

* Design Choices:

1. Role structure
Topology
Communication
State / memory
Termination

ARSI



Role Structure

Variants: homogeneous - role-specialized - dynamically generated

 Are all agents symmetric, fixed specialists, or spun up per task?

Example: MetaGPT

SoftwareCompany

+Investment
+|dea
+Environment

Fo

ProjectManager
Architect J g Ensineer
ProductManager ) ) +WriteTasks & QA
Boss +WriteDesign ; :
. . . +AssignTask +WriteCode .
. +WritePRD +ReviseDesign . . +WriteTests
+BossRequirement . . +ReviewPRD +ReviewCode
+RevisePRD +ReviewPRD i . +RunTests
. +ReviewDesign +DebugCode
+ReviewCode ;
+ReviewCode



https://docs.deepwisdom.ai/main/en/guide/get_started/introduction.html

Six Recurring Roles

Human Approval /

Critic / Judge / Verifier Memory / Retrieval Agent _
Policy Gate



Who Talks To Whom

2. Retrieve

Decentralized Peers
3. Analyze

4. Verify

5. Output + Hybrid Approaches

Chain/Pipeline: linear hand-off Tree: hierarchical decomposition



How To Communicate

« Coordination medium
* NL messages
» Structured state
* Shared memory

» Key factors: cost, ambiguity, traceabillity, efficiency of inter-agent exchange

« Coordination mode
» Sequential pipeline
« Concurrent fan-out
» Debate / group chat
* Protocol driven collaboration



When Are We Done

How to make decisions or reach consensus?
* Fixed depth
» Judge-based stop
» Approval-interrupt
« Adaptive stop

 Also: different behavioral regimes
» Cooperation, competition, coopetition, self-play

* Whether agents seek consensus, explore alternatives, or strategically
oppose one another



Why Orchestration Breaks

« Multi-Agent System Failure Taxonomy (MAST)

Inter-Agent Conversation Stages

Pre Excation Execution C Potbeaton

Failure Categories Failure Modes
[ 1.1 Disobey Task Specification ] (15.2%)
o | 1.2 Disobey Role Specification | (1.57%)
oor
Specification [ 1.3 Step Repetition ] (11.5%) 37.17%
(System Design)
[ 1.4 Loss of Conversation History ] (2.36%)
[ 1.5 Unaware of Termination Conditions (6.54%) ]
[ 2.1 Conversation Reset ] (5.50%)
[ 2.2 Fail to Ask for Clarification ] (2.09%)
Inter-Agent | 2.3 Task Derailment ) (5.50%) 21.41%
Misalignment 7 7 7 ’ ’
(Agent Coordination) [ 2.4 Information Withholding ] (6.02%)
[ 2.5 Ignored Other Agent’s Input ] (4.71%)
[ 2.6 Reasoning-Action Mismatch ] (7.59%)
(8.64%) [ 3.1 Premature Termination
;I;?asmljc\olizli)fication (9.16%) [ 3.2 No or Incomplete Verification | 37.41%
(13.61%) [ 3.3 Incorrect Verification ]



https://arxiv.org/abs/2503.13657

More Agents # Better

* Teams can underperform their best expert — even when told who it is
(Pappu et al., 2026)

» Biased consensus: teams average views instead of weighting expertise
(Okawa, 2026)

« Cost & latency multiply

« Gains usually come from the orchestrator, not the agent count (Zywot et al., 2026)
* The best system is the simplest one that reliably works



https://arxiv.org/abs/2602.01011
https://openreview.net/pdf?id=5EtByXq4bX
https://arxiv.org/abs/2601.11327
https://arxiv.org/abs/2601.11327
https://arxiv.org/abs/2601.11327

Exercise 2: Multi-agent orchestration

(20 min)




Outlook: Agentic Al for Science




From Tools to Co-Scientists

« Agents that generate hypotheses, propose experiments, read results, refine
* Reshaping what “doing research” means



AutoResearch

* An agent loops overnight on one GPU
« 2-day run: 700 experiments; “time-to-GPT-2” 2.02h — 1.80h

/ Hypothesis \

Repeat Modify Code

git commit 4 :
) Keep / Discard Train (5 min)

git reset X
\ Evaluate r/




AutoResearch

« An agent loops overnight on one GPU
« 2-day run: 700 experiments; “time-to-GPT-2” 2.02h — 1.80h

Autoresearch Progress: 83 Experiments, 15 Kept Improvements

Discarded
1.000 4
. @ Kept
@59,\‘“ ~—— Running best
._
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Examples of Agentic Al for Science

 Biomedical Research Agents
DeepMind Co-Scientist (Nature 2026)
FutureHouse Robin

Stanford Biomni

OriGene

» Google Co-Scientist

« General Scientific Research Platforms
» Google Gemini for Science
* Microsoft Discovery
» Anthropic Claude Science

« Autonomous Computational Research Systems
« Sakana Al: Al Scientist v2

« Karpathy’s Autoresearch
» Google ERA / AlphaEvolve



The Reality Check

« Reproducibility: discovery trajectories are stochastic, prompt-sensitive

 Narrowed exploration: agents recombine near existing ideas, rarely leap
» (Tang et al., 2026)

 Evaluation is the moat: human-level with trusted eval
 (Rabanser et al., 2026)



https://arxiv.org/abs/2605.27905
https://arxiv.org/abs/2605.27905
https://arxiv.org/abs/2602.16666
https://arxiv.org/abs/2602.16666

Key Takeaways

* Agents are becoming more default — e.g., already in web search

 An agent is a loop with tools, planning, and memory

* Orchestration distributes control; more agents # always better

* Agentic science vastly impacts the researcher's job



Thank You!

-
(O’ elisabethkirsten.com

Questions?

elisabeth.kirsten@rub.de

—

informatik.rub.de/aisoc

&' We are hiring!



mailto:elisabeth.Kirsten@rub.de
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