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Motivation

LLMs have revolutionized the generation and 
understanding of humanlike text

Status Quo LLM-IPA-Prototype

User Study

• Conversation-Only Memory 
• Memory is not preserved after a conversation restart

• Lack of Personalized Interactions
• No recall of user preferences for long-term relationship

BMW is developing LLM-driven 
Intelligent Personal Assistant (IPA)

Thesis:

• Car-domain dataset to evaluate long-term 

preference memory

• Preference-Storage system for personalization 
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Motivation – Preference-Storage System

User Preference Storage

LLM Voice-
Assistant

Where can I park when I get 
to the mall?

There is a handicapped 
parking …

Past Conversation:

Preference
Extraction

Need for handicapped parking

…

New User Utterance: Answer:

Retrieval of Relevant Preferences

Maintenance 

Preference-Storage System

Example Data Storage
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Research Questions

How can a suitable conversational dataset be created 
to develop and evaluate the personal preference memory system?

How could personal preferences be effectively extracted from conversations and stored?

Which methods enable a context-related retrieval of preferences?

Which method can be used to effectively maintain the preference storage 
when personal preferences change over time?

RQ1

RQ2

RQ3

RQ4
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RQ1: Dataset
How can a suitable conversational dataset be created to develop and evaluate the personal preference memory system?

Goal Generate synthetic conversational dataset grounded on BMW data insights

Requirements 
• User-Assistant dialogues containing user preferences
• Conversations realistic for the in-car setting (closed-domain)
• Interaction over different time scales 

• to test extraction, later retrieval, and change of preferences (maintenance)

Why synthetic? 
• Real system does not exist
• Related work shows synthetic conversational dataset can outperform crowdsourced [1]
• Cost, Time

[1] X. Xu, Z. Gou, W. Wu, Z.-Y. Niu, H. Wu, H. Wang, and S. Wang. “Long Time No See! Open-Domain Conversation with Long-Term Persona Memory”. In: Findings of the Association for Computational Linguistics: ACL 2022. 
Ed. by S. Muresan, P. Nakov, and A. Villavicencio. Dublin, Ireland: Association for Computational Linguistics, May 2022, pp. 2639–2650. doi: 10 . 18653 / v1 / 2022 . findings - acl . 207. url: https : / / aclanthology.org/2022.findings-acl.207.
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1

2

A) One-Preference B) No-Preference

3

Extraction In-Car Conversation 

Retrieval Utterance (New Timescale)

Maintenance Utterances (New Timescale)

RQ1: Resulting Dataset Parts
How can a suitable conversational dataset be created to develop and evaluate the personal preference memory system?

Targeted evaluation

USER: Can you find good parking nearby?

Equal Pref.: USER: Can you find handicapped parking nearby?

Negate Pref.:   USER: Can you find regular parking, handicapped not needed?

Different Pref.: USER: Can you always find off-street parking for me?
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RQ1: In-Car Preference Categories
How can a suitable conversational dataset be created to develop and evaluate the personal preference memory system?

Full List of Categories

Manually defined categories relevant for in-car assistant
• together with BMW IPA Expert
• based on most used in-car intents (bottom-up)

closed-domain

20240610 Johannes Kirmayr MT Final Presentation

4

11

41



Conversation Length: 4 turns
Position User Preference: 3rd turn
…
Few Shot Example: …
(real conversation turn)

Conversation Criteria

RQ1: Dataset Generation
How can a suitable conversational dataset be created to develop and evaluate the personal preference memory system?

GPT4
“Your task is to create a 

in-car conversation 
between the driver and in-

car voice assistant, …”
41. Prompt: In-Car Conversation (One-Pref)

generate

Consistency per user
Diversity across users

Diversity across conversations

Realism
GPT4 GPT4Retrieval Utterance

Maintenance Utterances

user profile & conversation

LLM temperature = 0.7

34. Sampling of Dynamic Inputs Per Conversation
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RQ2: Preference Extraction + User Preference Storage
How could personal preferences be effectively extracted from conversations and stored?

Extraction – OpenAI function calling

Function Definition

Parameter Schema

GPT4 
with function 

calling
47. Prompt: Extraction

generate

convert to 
OpenAI function schema

temperature = 0.0

Closed-Domain: only extract in predefined categories
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B) Retrieval
by function-calling

A) Retrieval
by embedding

Storage

RQ2&3: User Preference Storage + Preference Retrieval
How could personal preferences be effectively extracted from conversations and stored?
Which methods enable a context-related retrieval of preferences?

Find me a restaurant 
close by

[-0.005…, …]

Search 
cosine similarity

[1] W. Zhong, L. Guo, Q. Gao, H. Ye, and Y. Wang. “MemoryBank: Enhancing Large Language Models with Long-Term Memory”. In: Proceedings of the AAAI Conference on Artificial Intelligence 38.17 (Mar. 2024), pp. 19724–19731. 
doi: 10.1609/aaai.v38i17. 29946. url: https://ojs.aaai.org/index.php/AAAI/article/view/29946.
[2] B. Wang, X. Liang, J. Yang, H. Huang, S. Wu, P. Wu, L. Lu, Z. Ma, and Z. Li. Enhancing Large Language Model with Self-Controlled Memory Framework. 2024. arXiv: 2304.13343 [cs.CL].

OpenAI Function Calling

Query
main- and subcategory
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RQ4: User Preference Storage Maintenance

[1] Bae, S., Kwak, D., Kang, S., Lee, M. Y., Kim, S., Jeong, Y., Kim, H., Lee, S.-W., Park, W., & Sung, N. (2022). Keep Me Updated! Memory Management in Long-term Conversations. http://arxiv.org/abs/2210.08750

Which method can be used to effectively maintain the preference storage when personal preferences change over time?

Maintenance [1]

Maintenance Utterances

Equal: 

Negate: 

Different:

“I like Italian food” PASS

APPEND

UPDATE

LLM Function Calling

“I don’t like Italian food”

“I like Chinese cuisine”

Existing Preference: “I like Italian cuisine”

Detailed Maintenance

Motivation: Ever-growing storage with redundant or even contradictory preferences
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RQ1: Dataset
How can a suitable conversational dataset be created to develop and evaluate the personal preference memory system?

Dataset Statistics:
1000         One-Prefence Conv.
1000  Retrieval Utterance
1000 (x3)  Maintenance Utterances
100 No-Preference Conv.

Human Evaluation:

Detailed Dataset Evaluation Qualitative Analysis

• Dataset consists of

• Total cost of generation is ~23$ (Azure GPT-4-Turbo)

• 3 Judges (BMW IPA Experts)
• Systematic evaluation on subset of 45 data points
• Score: Likert scale 1 (worst) – 3 (best); or binary

• In-Car Conversations were scored highly realistic (2.83 / 3)
• User preference was mostly clear and natural (2.57 / 3)
• 6 x preference was not clear enough, 3 x multiple preferences revealed

• Retrieval utterance was scored valid for dataset in 95%
• Maintenance utterances were scored valid for dataset in 100%

Evaluation Interface 

Results:
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RQ2: Preference Extraction – Quantitative Evaluation
How could personal preferences be effectively extracted from conversations and stored?

In-Car Conversation with user preference

Further Findings (gpt-4-t.)

• Generated JSON output adheres in 97% to the parameter schema
• Median tokens per extraction:

• 8278 (7938 come from parameter schema)
• Cost: 0.08$ per extraction

Setting Evaluation on 400 In-Car Conversations with preference and 50 without preference

Detailed Evaluation Qualitative Evaluation 

In-Car Conversation without user preference
• Risk of extraction if no preference is present is high (32%)
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RQ3: Preference Retrieval
Which methods enable a context-related retrieval of preferences?

• Disambiguation
• Richer Semantic Representation
• Consistency in Retrieval

Vector Embedding-Based Retrieval

• Latency: 0.26s

• Top-k accuracy, k=#ground truth subcat. pref.:
• Only text: 0.77
• Detail category + attribute + text: 0.86
• Why is it 0.09 better?

LLM Function-Call-Based Retrieval

• Latency: 2.08s

• Precision: 0.82
• Recall: 0.94

Detailed Evaluation Qualitative Evaluation 

Setting Evaluation on 289 Retrieval Utterances 
On average 7.3 preferences per user stored
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RQ4: User Preference Storage Maintenance

Setting

Which method can be used to effectively maintain the preference storage when personal preferences change over time?

Evaluation on 829 Maintenance Utterances

Detailed Evaluation 

• 89% less redundant preferences 
• 86% less contradictory preferences
• 83% less preferences in total

Comparison with maintenance vs. without:
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Conclusion and Future Work

Improve Preference-Storage System 
Over-extraction of preferences, increase precision

[1] Y. Chen, Q. Fu, Y. Yuan, Z. Wen, G. Fan, D. Liu, D. Zhang, Z. Li, and Y. Xiao. “Hallucination detection: Robustly discerning reliable answers in large language models”. In: Proceedings of the 32nd ACM International Conference on Information and 
Knowledge Management. 2023, pp. 245–255.
[2] J. Wei, X. Wang, D. Schuurmans, M. Bosma, F. Xia, E. Chi, Q. V. Le, D. Zhou, et al. “Chain-of-thought prompting elicits reasoning in large language models”. In: Advances in neural information processing systems 35 (2022), pp. 24824–24837.
[3] X. Wang, J. Wei, D. Schuurmans, Q. Le, E. Chi, S. Narang, A. Chowdhery, and D. Zhou. Self-Consistency Improves Chain of Thought Reasoning in Language Models. 2023. arXiv: 2203.11171 [cs.CL].

Evaluate where LLM necessary
Fine-tune smaller language model (SLM)
Replace with special-purpose model

Future WorkMain Contributions

Operationalize preference-storage system
How to use preference to increase user experience

Synthetic Generation of Dataset
Targeted evaluation of basic preference-memory components

Baseline Benchmark on Dataset 
Justifying utility of dataset
Using and evaluating state-of-the-art LLM methods

Benefit of Structured Preference Representation
Structured extraction method allows for transparency, controllability
Use of structure for improvement in retrieval and maintenance
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Literature Research

Lead Paper:
• Dataset: Target-oriented Proactive Dialogue Systems with Personalization: Problem Formulation 

and Dataset Curation [1]
• Preference Extraction: MemGPT: Towards LLMs as Operating Systems. [2]
• Preference Retrieval: Generative Agents: Interactive Simulacra of Human Behavior [3]
• Preference Storage Maintenance: Keep Me Updated! Memory Management in Long-term 

Conversations [4]

[1] Wang, J., Cheng, Y., Lin, D., Leong, C., & Li, W. (2023). Target-oriented Proactive Dialogue Systems with Personalization: Problem Formulation and Dataset Curation. In Proceedings of the 2023 Conference on Empirical Methods in Natural Language Processing, pages 1132–1143, Singapore. Association for Computational 
Linguistics.
[2] Packer, C., Fang, V., Patil, S. G., Lin, K., Wooders, S., & Gonzalez, J. E. (2023). MemGPT: Towards LLMs as Operating Systems. http://arxiv.org/abs/2310.08560 
[3] Park, J. S., O’Brien, J., Cai, C. J., Morris, M. R., Liang, P., & Bernstein, M. S. (2023). Generative Agents: Interactive Simulacra of Human Behavior. Proceedings of the 36th Annual ACM Symposium on User Interface Software and Technology, 1–22. https://doi.org/10.1145/3586183.3606763
[4] Bae, S., Kwak, D., Kang, S., Lee, M., Kim, S., Jeong, Y., Kim, H., Lee, S., Park, W., & Sung, N. (2022). Keep Me Updated! Memory Management in Long-term Conversations. In Findings of the Association for Computational Linguistics: EMNLP 2022, pages 3769–3787, Abu Dhabi, United Arab Emirates. Association for 
Computational Linguistics.
[5] Zhang, S., Dinan, E., Urbanek, J., Szlam, A., Kiela, D., & Weston, J. (2018). Personalizing Dialogue Agents: I have a dog, do you have pets too?. In Proceedings of the 56th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 2204–2213, Melbourne, Australia. Association for 
Computational Linguistics.
[6] Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., Küttler, H., Lewis, M., Yih, W.-T., Rocktäschel, T., Riedel, S., & Kiela, D. (2020). Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. https://proceedings.neurips.cc/paper_files/paper/2020/file/6b493230205f780e1bc26945df7481e5-
Paper.pdf
[7] Wu, C., Madotto, A., Lin, Z., Xu, P., & Fung, P.. 2020. Getting To Know You: User Attribute Extraction from Dialogues. In Proceedings of the Twelfth Language Resources and Evaluation Conference, pages 581–589, Marseille, France. European Language Resources Association.

Perplexity AI

Complementary Literature:
• Datensatz: Personalizing Dialogue Agents: I have a dog, do you have pets too? [5]
• Präferenz Retrieval: Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks [6]
• Präferenz Extraktion: Getting To Know You: User Attribute Extraction from Dialogues [7]

Contribution Masterthesis:

• Closed World: predefined categories for 
dataset and extraction with focus on the 
automotive domain

• Dataset of in-car conversations 
containing user preferences

• Focus on LLM approaches for 
components of the preference system
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Example Data Storage

Milvus Vector Database:
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Dataset – Full list of Categories

1.Points of Interest:
1.Restaurant:

1.MP: Favorite Cuisine: Italian, Chinese, Mexican, Indian, American
2.MP: Preferred Restaurant Type: Fast food, Casual dining, Fine dining, Buffet
3.MP: Fast Food Preference: BiteBox Burgers, GrillGusto, SnackSprint, ZippyZest, WrapRapid
4.MNP: Desired Price Range: cheap, normal, expensive
5.MP: Dietary Preferences: Vegetarian, Vegan, Gluten-Free, Dairy-Free, Halal, Kosher, Nut Allergies, 
Seafood Allergies
6.MNP: Preferred Payment method: Cash, Card

2.Gas Station:
1.MP: Preferred Gas Station: PetroLux, FuelNexa, GasGlo, ZephyrFuel, AeroPump
2.MNP: Willingness to Pay Extra for Green Fuel: Yes, No (cheapest prefered)
3.MNP: Price Sensitivity for Fuel: Always cheapest, Rather cheapest, Price is irrelevant

3.Charging Station (in public):
1.MP: Preferred Charging Network: ChargeSwift, EcoPulse Energy, VoltRise Charging, AmpFlow Solutions, 
ZapGrid Power
2.MNP: Preferred type of Charging while traveling: AC, DC, HPC
3.MNP: Preferred type of Charging when being at everyday points (f.e. work, grocery, restaurant): AC, DC, 
HPC
4.MP: Charging Station Amenities: On-site amenities (Restaurant/cafes), Wi-Fi availability, Seating area, 
Restroom facilities

4.Grocery Shopping:
1.MP: Preferred Supermarket Chains: MarketMingle, FreshFare Hub, GreenGroove Stores, BasketBounty
Markets, PantryPulse Retail
2.MNP: Preference for Local Markets/Farms or Supermarket: Local Markets/Farms, Supermarket

2.Navigation and Routing:
1.Routing:

1.MP: Avoidance of Specific Road Types: Highways, Toll roads, Unpaved roads
2.MNP: Priority for Shortest Time or Shortest Distance: Shortest Time, Shortest Distance
3.MNP: Tolerance for Traffic: Low, Medium, High

2.Traffic and Conditions:
1.MNP: Traffic Information Source Preferences: In-car system, NavFlow Updates, RouteWatch Alerts, 
TrafficTrendz Insights
2.MNP: Willingness to Take Longer Route to Avoid Traffic: Yes, No (traffic tolerated for fastest route)

3.Parking:
1.MNP: Preferred Parking Type: On-street, Off-street, Parking-house
2.MNP: Price Sensitivity for Paid Parking: Always considers price first, Sometimes considers price, Never 
considers price
3.MNP: Distance Willing to Walk from Parking to Destination: less than 5 min (accepting possible higher 
cost), less than 10 min (accepting possible higher cost), not relevant (closest with low cost)
4.MNP: Preference for Covered Parking: Yes, No (doesn’t matter)
5.MNP: Need for Handicapped Accessible Parking: Yes
6.MNP: Preference for Parking with Security: Yes, No (doesn't matter)

3.Vehicle Settings and Comfort:
1.Climate Control:

1.MNP: Preferred Temperature: 18 degree Celsius, 19 degree Celcius, 20 degree Celcius, 21 degree Celcius, 
22 degree Celcius, 23 degree Celcius, 24 degree Celcius, 25 degree Celcius
2.MNP: Fan Speed Preferences: Low, Medium, High
3.MNP: Airflow Direction Preferences: Face, Feet, Centric, Combined
4.MNP: Seat Heating Preferences: Low, Medium, High

2.Lighting and Ambience:
1.MNP: Interior Lighting Brightness Preferences: Low, Medium, High
2.MNP: Interior Lighting Ambient Preferences: Warm, Cool,
3.MP: Interior Lightning Color Preferences: Red, Blue, Green, Yellow, White, Pink

4.Entertainment and Media:
1.Music:

1.MP: Favorite Genres: Pop, Rock, Jazz, Classical, Country, Rap
2.MP: Favorite Artists/Bands: Max Jettison (Pop), Melody Raven (Pop), Melvin Dunes (Jazz), Ludwig van 
Beatgroove (Classical), Wolfgang Amadeus Harmonix (Classical), Taylor Winds (Country/Pop), Ed 
Sherwood (Pop/Folk), TwoPacks (Rap)
3.MP: Favorite Songs: Envision by Jon Lemon (Rock), Dreamer's Canvas by Lenny Visionary (Folk), Jenny's 
Dance by Max Rythmo (Disco), Clasp My Soul by The Harmonic Five (Soul), Echoes of the Heart by Adeena
(R&B), Asphalt Anthems by Gritty Lyricist (Rap), Cosmic Verses by Nebula Rhymes (Hip-Hop/Rap)
4.MNP: Preferred Music Streaming Service: SonicStream, MelodyMingle, TuneTorrent, HarmonyHive, 
RhythmRipple

2.Radio and Podcasts:
1.MNP: Preferred Radio Station: EchoWave FM, RhythmRise Radio, SonicSphere 101.5, VibeVault 88.3, 
HarmonyHaven 94.7
2.MP: Favorite Podcast Genres: News, Technology, Entertainment, Health, Science
3.MP: Favorite Podcast Shows: GlobalGlimpse News, ComedyCraze, ScienceSync, FantasyFrontier, 
WellnessWave
4.MNP: General News Source: NewsNexus, WorldPulse, CurrentConnect, ReportRealm, InfoInsight
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UML Class Diagram Dataset Generation
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Sampling of User Profile Data
User Data:

Preferences:

20240610 Johannes Kirmayr MT Final Presentation

Commanding
{"USER": "Find me a kosher restaurant around here."}, 
{"ASSISTANT": "The closest kosher restaurant to our current location in Godda, India is Star 
Kosher Bites, which is approximately 20 minutes away by car. Would you like directions to this 
restaurant?"}

Keyword
{"USER": "Look for ZephyrFuel stations"}, 
{"ASSISTANT": "I found a ZephyrFuel station 8 kilometers from here with good prices. Shall I set 
the course?"}

Questioning
{"USER": "I'm thinking about picking up some groceries too. What are my options?"}, 
{"ASSISTANT": "There are various grocery stores in the area such as FreshFarm Groceries, 
QuickMart, and GreenLeaf Store."}

Conversational
{"USER": "Hey, I just got this car and I'm still figuring things out. Can you help me adjust some 
settings?"}, 
{"ASSISTANT": "Of course, I'm here to assist you. Which settings would you like to adjust?"}



Sampling of Dynamic Inputs Per Conversation

Example Few-Shot Examples:

11. RQ1: Dataset Generation
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Dataset – Generation Methods

LLM-based generation methods:
1. one LLM generates the whole conversation
2. two LLM agents (user/driver and voice 

assistant) simulate conversation
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Valid/Invalid Extraction
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Introduction of other category

Query Classification

20240610 Johannes Kirmayr MT Final Presentation



Prompts
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Prompt: In-Car Conversation (One-Pref)

11. RQ1: Dataset Generation
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Prompt: In-Car Conversation (No-Pref)

Pfeile inputs
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Prompt: Dynamic Inputs
•user_profile = {
"Age": "10-90", "Gender": ["male", "female"], "Technological_Proficiency": ["low", "middle", "high"],
}

•user_conversation_style = [
"Keyword-only: direct, straight-to-the-point.",
"Commanding: straightforward, imperative sentences.",
"Questioning: seeking information, clarification.",
"Conversational: casual, human-like manner."]

•car_location_city = sample_random_world_city

•level_of_assistant_proactivity = ["medium",  "high", "very high - no questions"]

•preference_strength_modulation = [ "subtly hinted at",  "clearly stated", "strongly emphasized"]

•conversation_length = 4-10 sentences

•position_user_preference_in_conv = 1- conversation_length

•few_shot_example = real conversation turn related to topic
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Prompt: Preference Query
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Prompt: Maintenance Query
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Prompt: Real few shot examples per topic
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Prompt: Extraction

13. RQ2: Preference Extraction + User Preference Storage
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15. RQ4: User Preference Storage Maintenance

Prompt: Maintenance
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Results
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Setting 

RQ1: Dataset
How can a suitable conversational dataset be created to develop and evaluate the personal preference memory system?

Dataset Statistics:

1000  One-Prefence Conv.
1000  Preference Query
1000 Maintenance Query
100 No-Preference Conv.
~23$

Human Evaluation: 3 Judges (Bmw Experts)
Subset of 

• 40 data points (One-Pref) 
• 5 data points (No-Pref)

6 x Preference not clear enough
3 x Multiple preferences revealed
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Dataset Distribution

Conversation Criteria
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Dataset Diversity & Statistics

5 User
10 repeating conversations each
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Dataset Evaluation Interface & Criteria
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Dataset Evaluation Results No-Pref
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RQ2: Preference Extraction – Quantitative Evaluation
How could personal preferences be effectively extracted from conversations and stored?

One-Preference Conv.

No-Preference Conv. Findings
• Generated output adheres in 97% to the parameter schema
• Risk of non-extraction if a preference is present is low (2%)

• Risk of extraction if no preference is present is high (32%)

• Median tokens per extraction:
• 8278 (7938 come from parameter schema)
• Cost: 0.08$ per extraction

Setting Evaluation on 400 One-Preference and 50 No-Preference In-Car Conversations

37. Introduction of other category
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Result: Extraction

Vector Creation:
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Result: Extraction – Confusion Matrix

20240610 Johannes Kirmayr MT Final Presentation



Extraction Multi-Label Confusion Matrix
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RQ3: Preference Retrieval
Which methods enable a context-related retrieval of preferences?

𝑛_𝑠𝑢𝑏!,#	 ≜ number of preferences stored within 
subcategory 𝑖 for user 𝑗

r.prec. = #	preferences	retrieved	subcategory	#
#	total	preferences	subcategory	𝑖

Embedding-Based Retrieval

Category-Based Retrieval

relevance precision = 0.94

Setting • Evaluation on 289 data points (preferences extracted with perfect accuracy)
• Preference Queries target subcategory
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Query Classification
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RQ4: User Preference Storage Maintenance

[1] Bae, S., Kwak, D., Kang, S., Lee, M. Y., Kim, S., Jeong, Y., Kim, H., Lee, S.-W., Park, W., & Sung, N. (2022). Keep Me Updated! Memory Management in Long-term Conversations. http://arxiv.org/abs/2210.08750

Setting

Which method can be used to effectively maintain the preference storage when personal preferences change over time?

Evaluation on 829 Maintenance Queries
• 289 equal preference
• 251 negate preference
• 289 different preference

694 preferences less
in storage than without

maintenance 
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Maintenance Function Call
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Discussion
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Dataset
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Extraction
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Retrieval
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Template
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Stick to the good sebis traditions

§ Provide action links at the bottom of the slide to guide the audience to our web pages or publications (see 
below). (Select the text, press CTRL-K)

§ Use a file name according to our sebis conventions which helps us and our audience to find the file of your 
presentation on our web site with Google search:
§ YYMMDD Author Short Title
§ Include this string in the footer (Einfügen -> Kopf- und Fusszeile -> Fusszeile)
§ The unusual date format simplifies the search for the latest version of a slide in an alphabetical directory 

listing (Dropbox, Explorer, Tricia, Sky-Drive)

For more information visit BEAMS , EAM Pattern Catalog and EAM KPI Catalog (http://wwwmatthes.in.tum.de)

[Ha13g] Hauder, M., Roth, S., Matthes, F.: Current Tool support for Metrics in Enterprise Architecture Management 
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https://wwwmatthes.in.tum.de/pages/ste22z023rd3/BEAMS
https://wwwmatthes.in.tum.de/pages/3b4t6l34g936/EAM-Pattern-Catalog
https://wwwmatthes.in.tum.de/pages/19kw70p0u5vwv/EAM-KPI-Catalog
https://wwwmatthes.in.tum.de/pages/co7fr625vwih/Ha13g-Current-Tool-Support-for-Metrics-in-Enterprise-Architecture-Management
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