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Engineering slows down as complexity grows Marketplace

The daily routine of an engineer: The daily problems of an engineer:

Distribution or reproduction not permitted.

Change impact analysis across
requirements & architecture takes
WEELS

Engineering data is fragmented
across tools

Critical artifacts (requirements,
architectures, simulation models) are
not Al-ready
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We're building the platform that operates agents Marketplace

IN engineering

Requirements Geometries Layouts from Code Results from Master data

from customer  from CAD E-CAD from Git Simulation from the PLM
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. Engineer searches ReqlF, SysML, PDFs
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« Manual cross-tool reasoning
. High risk of missing impacts

and why it's better
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« One governed engineering context
. Agent analyzes impact
. Human approves - traceable decision

Distribution or reproduction not permitted.
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Challenges in Requirements Management Marketplace

Manual Process Error Prone Regulations

Data Constraints Compliance

Artificial
Intelligence
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Fields of Artificial Intelligence (Al Marketplace

NLP (Natural Language Processing)

Computer Vision Robotics

Fuzzy Logic Machine Learning

Expert Systems Generative Al

ANN (Artificial Neural Networks)
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Generative Al el

NLP (Natural Language Processing)

Computer Vision Robotics

Fuzzy Logic Machine Learning

. Generative Al Language Language

ANN (Artificial Neural Networks)

Expert Systems
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Large Language Models Marketplace

Large Language Models

Parameters

Very Large LM

Originality Availability
Large LM Foundation

Medium LM Original Instruction Private

Small LM Tuned Chat Public

Slide 9 Source: Minaee, S., Mikolov, T., Nikzad, N., Chenaghlu, M., Socher, R., Amatriain, X., & Gao, J. (2024). Large language models: A survey. arXiv preprint arXiv:2402.06196.
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Prompting Techniques Marketplace

Chain-of- Tree-of- Iterative
thought thought refinement

Zero-Shot Few-Shot
Promting Promting

J
Complexity
Role- Maieutic based
playing Prompting Prompting

Feedback Prompt
loop chaining

W https://www.servicenow.com/de/ai/what-is-prompt-engineering.html
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Automate
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Advancing Requirements Engineering ® Generative Al for Requirements Engineering: A Systematic
Through Generative Al: Assessing the : Literature Review
Role of LLMs

Generate

Jati H. Husen™®_ Sien Reeve Peralta®, Bowen Jiang®. Nobuk:
su Uba *. Hironori Wask $
Chetan Arol

Abstract Requirements Engineering (RE) is a cr

ment including the elicitation, analysis, specifics
requirements. Despite the importance of RE. it ren et Genritive AT (Gel e it
the complexities of communication, uncertaint g : i . ) 2
automation support. In recent years, large lang . s C R 1 oly ze processes and outc integratic y
significant promise in diverse domains, includii R‘equ"‘ﬂ'“e"ls hllg]neer'ng L ng . 3 pportuniti ‘ ignific u-“\,,l\ ”‘ at
i P -"": propan understanding. Th Generative Al: Prompts and Prompting z i and evaliatic
of s in driving RE processes, a g . B i s smpreh
of requirements-refated tasks. Patterns / e : R S s
t research and development in using LLMs for R 5 studlic ficus S iAo of GUIAT G el
requirements elicitation, analysis. specification, ar S, gregisgten,
U n d e rS a n d & Krishna Ronanki ¢, Beatriz Cabrero-Daniel ¢, Jennifer Horkoff ntify y chalk Taikin ot Hhiw sl
o Method: A rigorous was used to conduct
d Christian Berger i s i

Keywords Requirement Generatit
(LLMs) - Natural language processing - Softwarc

Abstract [Context] Companies are increasingly recognizing the i welude i

1 automating Requirements Engineering (RE) tasks due to their resot
nature. The advent of GenAl has made these tasks more amenable ¢
thanks to its ability to understand and interpret context effectivel
However, in the context of GenAL prompt engineering is a critical factc
Despite this, we currently lack tools and methods to systematicall

particularly ud analy requirer
1At « ASCS, b i e of large la s,

GPT serics. hig . verse Al apy wd ii) persistent

the 1 in dowai ations he interpretability of Al-gen

and const lerscoring requiring further rescarch and deve

yzed, and documented o cres cl-de e results the eritical need for
determine the most effective prompt patterns to employ for a partic Thie: results highlight the critical necd. for

nizations and project teams often overlook or da Y i roved human- Al collaboration mode

d] Two tasks related to requirements, specifically requirement

were automated using the GPT-3.5 twrbo APL The

s in GenA d RE

of RE and its impact on project success [24]. § R
s across th t cle, en smain-specific

lack of effort and resources spent in RE includ
evaluation involved assessing various prompls created using 5 prc

and implemented programmatically to perform the selected RE ta
)-J. Grundy on metrics such as precision, recall, accuracy, and F-Score. [Result e eneratis Requirements Engineerin matic Literature

. 5
| eCO g l l I Ze lonash University, Melbourne, VIC g evaluates the effectiveness of the 5 prompt patterns” ability to make €
-l chis scen H/Mcuihodis ‘ perform the selected RE tasks and offers recommendations on which p
to use for a specific RE task. Additionally, it also provides an evaluatic
ca ct clong. VIC, Australia e i : 2 %
3 bl motamed abiaicaiek doakia o s as a reference for researchers and practitioners who want to eval
Va I |d ate promp patterns for different RE t
The Author(s), under exclusive license to Springer N
A. Nguyen-Duc et al. (eds.). Generative Al for Effective So Keywords Requirements enginee Generative Al - Prompt patt
3 L il v Prompt engineering - | maodel
1 Introduction

Researchers in Requirements Engineering (RE) have been exploring the use of
machine learning (ML) and deep learning (DL) methods for various RE
including requirements classification, prioritization, tracing

and modelling [1]. However. the majority of existing M

Automate ; =T

e-mail: krishna. ronanki

strategies for respons gration in RE practices

. 4 AG 2024
ative Al for Effective So
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Limitations of Generative Al

Hallucination

Coherence Loss

Y ouTPUT1
- @ output2
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INPUT sl

Irreproducibility
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Limitations of Generative Al Marketplace

Hallucination Coherence Loss Black Box Irreproducibility
bypass / go around

ran over / hit

N ,’ Umfahren

ran over / hit
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Model % Resolved Org Agent

A scientific way for evaluating and comparing

Claude 4.5 Opus (high
reasoning)

system performance under standardized conditions. -

Gemini 3 Flash (high
reasoning)

MiniMax M2.5 (high reasoning)

@E‘ Workload Methodology Metrics

—

Claude Opus 4.6

GPT-5-2 Codex
GLM-5 (high reasoning)

GPT-5-2 (high reasoning)

] GPT 5.2 Codex
SWE-bench meme
a = Claude 4.5 Sonnet (high
O tssue > E) Unie Tosts

reasoning)
data leak in GBDT due to warm 3
start (This is about the non- Pre PR PostPR Tests

histogram-based version of... 11 Generated PR B join_struct_col
+20 -12

vstack_struct_col
O Codebase B sklearn = =
dstack_struct_col

Kimi K2.5 (high reasoning)

DeepSeek V3.2 (high reasoning)

Gemini 3 Pro

I sklearn/ [ regs.txt () gradient_boosting.py
B examples/ [J setup.cfg O helper.py ‘ -
D READMErst [) setup.py B utils =] euclidean_diff

Claude 4.5 Haiku (high

matrix_transform reasoning)

GPT-5 Mini
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[ ] [ ImageNet ]
[ BIG-Bench [ y7=v— ]

[ GSM8K\] [ HumanEval ]

[ SWE-Bench ] [ MBPP ]

| |

[ Text & NLP ] [ Reasoning & Logic ] [ Coding & Programming ] [ Computer Vison ]

/
Benchmarks in Al
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Benchmark for Al in Regquirements Management ? Marketplace

Requirements
Management

—

Benchmarks in Al




RM Bench
Our Solution :

Change
Management

RM Bench

18
Test Cases

Test Cases

TC 001

TC 002

3
Prompt Types

Prompts

Simple
Prompt

Structured
Prompt

Advanced
Prompt

13
GenAl Models

LLMs

Gemini 2.5
Pro

DeepSeek
R1

GPT-OSS
20b
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LLM as a Judge

Evaluation

Similarity
Scores

Stability
Scores

Prompt
Sensitivity
Score
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Test Case Example Y

Initial Input
The drone shall achieve a mean time between critical failures (MTBCF) of at least 200 flight-hours.

Q) Change Logs

UAVs shall demonstrate a mean time between critical failures (MTBCF) of no less than 300 flight-
hours, reflecting improved hardware reliability and customer expectations for longer uptime.

E"’_I‘] Prompt
Update the list of requirements by changing, adding, or removing them exactly as told, and then give
back the full updated list in the same format.

@ Golden Output
The drone shall achieve a mean time between critical failures (MTBCF) of at least 300 flight-hours.
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EX peﬂ me ﬂt Setu p Marketplace

Ilq

Data Ground Truth Traditional Metrics
Collection Creation Tested

Grader LLM Prompt Complexity
Selected Experiment
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How It works ?

LLM Candidate
Selection

Test-Case Input
Artefacts

Aggregate
Results

3 @) Simple Prompt

FFH  Structured Prompt

{?:;B Advance: d Prompt

Prompt Variation
Loop

LLM Qutput

Model Outputs
Saved
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RM Bench : Our Findings

o O
®m
S O

o ©

(o)) ~J

o (@)
[

o
N
(@)

0,30

0,20

Similarity score in percentage
o
Ul
)

0,10

0,00

TCOOO TCOO1 TCOO2 TCOO03 TCOO
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Slide 24

Deepseek rl

C100 TCI01 TCI02 TCI03 TCI104

Test cases

Gemini 2.5 Flash
GPT-OSS 20b
Mistral-Small 3.2 24b

m Gemini 2.5 Flash Lite
Llama 3 8b Instruct
Qwen3 235b A22B
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m Gemini 2.5 Pro

MAI-DS-RI

Gemma 3 27b
Mistral NeMo

200 TC201 TC202 TC203 TC204 TC205
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RM Bench : Our Findings
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TCOOO TCOO1 TCOO2 TCOO03 TCO04 TCOO5 TCIOO TCIO1

Deepseek rl

m GLM 45 Air
Mistral-Small 3.1 24b

Gemini 2.5 Flash
GPT-OSS 20b
Mistral-Small 3.2 24b

m Gemini 2.5 Flash Lite
Llama 3 8b Instruct
Qwen3 235b A22B

TC102 TCI103 TCI104 TC105
Test cases

m Gemini 2.5 Pro
MAI-DS-RI

Gemma 3 27b
Mistral NeMo



Our Findings
Overall Model| Accuracy
& Stability
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Similarity Score

0,88

0,86

0,84

0,82

0,80
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0,76

0,74

0,72

0,70

Stability vs Performance
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Stability vs Performance q

Overall Model Accuracy e S Marketplace

& Sta b| | |ty 0.86 Gemini 2,5 Flash
Gemini 2.5 Flash Lite
0.84 Mistral-Small 3.2 24b
Top-performing models (e.g., Gemini 2.5 ' B ~->-0 A22B
Flash, §~0.86) show high accuracy and low MAI-DS-R1
it i ili Median Similarity
standard deviation (high stability). o 082 G REITEm — — —— == —— =2
. GPT-OSS 20k
8 I Mistral-Small 3.1...
) 0,80 |
3. |
s : GLM 4.5 Air
=4 | il
& .
0N |
0,76 |
r/listral NeMo Deepseek rl
I
0,74 =1 .
=
_% i Llama 3 8b
072 ool Instruct
C |
% | Gemma 327b
U]
I
0,70 = |
ON[0) 0,12 o4 0,16 0,18 0,20 0,22

Standard Deviation



Our Findings
Overall Model| Accuracy
& Stability

Top-performing models (e.g., Gemini 2.5
Flash, §~0.86) show high accuracy and low
standard deviation (high stability).

Gemini 2.5 Pro even being a better model
than Gemini 2.5 Flash & Flash-Lite might be
due to over-thinking.

Similarity Score

0,88

0,86

0,84

0,82

0,80

0,78
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0,74

0,72

0,70

Stability vs Performance
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Prompt Type Trend Per TC Set

. . 0,88 N
TC Set 1 (Structured Tasks) achieved highest > ( \
- A TR
performance (§~0.87). 0,86

0,84

0,82

0,80

0,78 \\

0,76 \\

0,74 \ \\
0,72 \
0,70 \

TC SET 1 TC SET 2 TCE SET &

Average Similarity

Phases Of Prompting

Simple - Structured —a— Advanced



Our Findings
Performance Across Test Case Sets

Prompt Type Trend Per TC Set

\r°

Marketplace

0,88
TC Set 1 (Structured Tasks) achieved highest =
performance (§ ~0.87). e A~
- 0,84
Performance dropped significantly in TC Set 3 ER
(Semantic/Compliance Tasks) (§ =0.72), =
confirming models struggle with implicit » 080 \\
regulatory semantics and contextual \M
interpretation. 2 076 \\
0,74 \ \(‘!\
[ .
0,72 Nl/
0,70
TC SET 1 TC SET 2 TC SET 3

Phases Of Prompting

Simple - Structured —a— Advanced
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Performance Across Test Case Sets Marketplace

Prompt Type Trend Per TC Set

(ORS]S]
TC Set 1 (Structured Tasks) achieved highest =
performance (§ ~0.87). e A~

- 0,84

Performance dropped significantly in TC Set 3 ER
(Semantic/Compliance Tasks) (§ =0.72), =
confirming models struggle with implicit » 080 \\
regulatory semantics and contextual o ous
interpretation. L \s\
Increasing complexity of tasks perform better 074 \ Y
with complex prompts. 0,72 \

0,70

TC SET 1 TC SET 2 TC SET 3

Phases Of Prompting

Simple - Structured —a— Advanced
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Qualitative Competent But hly Prompt
Foundation Fragile Sensitive
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GraderLLM Input Lifﬁit_éd
Bias Fragmentation Scope

Future Work

Fine-tune RM Extend RM
Based LLMs Bench
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Kontakt

nikhiljha@ki-marktplatz.com
ruslan.bernijazov@ki-marktplatz.com




	Finalization
	Slide 1: Benchmarking Generative AI for Requirements Management
	Slide 2
	Slide 3: About us Engineering slows down as complexity grows
	Slide 4: About us We’re building the platform that operates agents in engineering 
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34


