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Sweet Spot For Innovation

Human-Centered Innovation

Getting to the sweet spot for innovation
Mindset understands that the most important part 
of your S/4HANA transformation is your people.  
Human-Centered Design is our passion. Enabling 
businesses to delight in SAP solutions is our mission.



AppHaus Approach



● Generative AI Introduction 

● What are LLMs really doing?

○ Some important concepts

○ The basic activity of an LLM

○ Some bonus concepts

● The Art of the Possible and Routes to Business Value

○ Some practical examples

○ Where should you apply this to capture business value?

Agenda



Generative AI 
Introduction



Understanding the real capabilities and constraints of AI and ML 
models is imperative for the solutioning phase of the Design Thinking 
and Architecture Thinking process to work properly.

Gen AI: No Silver Bullet

Hallucination Bias Reasoning



Examples of failures



In order to avoid these types of problems, an understanding beyond 
basic capabilities and constraints is required so that you can determine 
the applicability of generative AI models in a given situation, as well as 
the safeguards required. 

To start diving deeper into how LLMs really work, I highly recommend 
reading Bea Stollnitz’ blogs on the topic.

https://bea.stollnitz.com/blog/

What are LLMs really doing?



What are LLMs 
really doing?

Some important 
concepts



Tokens



Context

Source: Generated using Dall-E 3 via Microsoft 
Copilot



What do LLM models do?



Source: “Improving Language Understanding by Generative Pre-Training”, OpenAI

Large Language Models (LLMs)

https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf


Source: “Improving Language Understanding by Generative Pre-Training”, OpenAI

Large Language Models (LLMs)

https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf


Source: Llama Recipes Git repository

Bonus Concepts: Fine-tuning

https://github.com/facebookresearch/llama-recipes/blob/main/docs/LLM_finetuning.md


Some bonus 
concepts



Source: Llama Recipes Git repository

Bonus Concepts: Fine-tuning

Fine-tuning is the process of adjusting the parameters 
of an LLM to a specific task. This is done by training the 
model on a dataset of data that is relevant to the task. 
The amount of fine-tuning required depends on the 
complexity of the task and the size of the dataset.

https://github.com/facebookresearch/llama-recipes/blob/main/docs/LLM_finetuning.md


Fine-tuning example

We want a large language model that is good at 
generating complex OData queries. To train such a 
model, we need:

● A set of example inputs (structured text)

● Associated outputs (OData queries)

We can then run 
fine-tuning via an API, 
or on a local model.



Source: Llama Recipes Git repository

Bonus Concepts: Fine-tuning Techniques for LLM’s

Repurposing is a technique where you use an LLM for a 
task that is different from the task it was originally 
trained on. For example, you could use an LLM that was 
trained for text generation for sentiment analysis.

Full fine-tuning is a technique where you train the 
entire LLM on a dataset of data that is relevant to the 
task you want to perform. This is the most 
computationally expensive fine-tuning technique, but 
it is also the most likely to achieve the best 
performance.

https://github.com/facebookresearch/llama-recipes/blob/main/docs/LLM_finetuning.md


Source: Fine Tuning LLM’s 101

Bonus Concepts: Unsupervised vs Supervised Fine Tuning

Unsupervised fine-tuning is a technique 
where you train the LLM on a dataset of 
data that does not contain any labels. 
This means that the model does not know 
what the correct output is for each input. 
Instead, the model learns to predict the 
next token in a sequence or to generate 
text that is similar to the text in the 
dataset.

Supervised fine-tuning is a technique 
where you train the LLM on a dataset of 
data that contains labels. This means that 
the model knows what the correct output 
is for each input. The model learns to map 
the input to the output by minimizing a 
loss function.
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https://datasciencedojo.com/blog/fine-tuning-llms/


Source: Fine Tuning LLM’s 101

Bonus Concepts: Advanced Fine-tuning Techniques

Reinforcement Learning from Human 
Feedback (RLHF) is a technique where 
you use human feedback to fine-tune the 
LLM. You give the LLM a prompt and it 
generates an output. Then, you ask a 
human to rate the output. The rating is 
used as a signal to fine-tune the LLM to 
generate higher-quality outputs.

Parameter-efficient Fine-tuning (PEFT) is 
a set of techniques that try to reduce the 
number of parameters that need to be 
updated during fine-tuning. This can be 
done by using a smaller dataset, using a 
simpler model, or using a technique called 
low-rank adaptation (LoRA)

https://datasciencedojo.com/blog/fine-tuning-llms/


Source: LoRA: Low-Rank Adaptation of Large 
Language Models, arXiv:2106.09685

“This suggests that the low-rank adaptation 
matrix potentially amplifies the important features 
for specific downstream tasks that were learned but 
not emphasized in the general pre-training model.”

Fine-tuning – Key insights from the LoRA paper

https://arxiv.org/abs/2106.09685


Source: New and improved embedding model, 
OpenAI (blog)

Bonus Concepts: Embedding 

Numbers represent the words, their 
context (the relationship of the words to 
each other and other embeddings), and 

their meaning

https://openai.com/blog/new-and-improved-embedding-model


Bonus Concepts: Retrieval-Augmented Generation (RAG)

Source: Vectorize your Data : SAP HANA Cloud's Vector Engine for Unified ...

https://community.sap.com/t5/technology-blogs-by-sap/vectorize-your-data-sap-hana-cloud-s-vector-engine-for-unified-data/ba-p/13579558


Some things that are 
possible - and a few 
you should avoid







❖ Very good at generating reasonable, grammatical text based on the 
pre-trained model and fine-tuned parameters

❖ Some internal concept structure derived from probability distribution of text 
in the training set

❖ Provides for a good level of “common sense” knowledge.

❖ Able to determine the next token with reference to a context that is quite 
large compared to previous systems

➢ Populating this context with relevant information is very important. RAG and other 
techniques can help.

❖ With careful fine-tuning, can develop a good level of specialized knowledge 
or capability

Some interesting capabilities and qualities



❖ Context is still very limited

❖ There is no memory

❖ An LLM does not “know” the training corpus

➢ But it’s pretty good at recalling it in some cases!

❖ Base output is the approximate median of the training set

➢ Remember: Some internal concept structure derived from probability distribution 
of text in the training set!

❖ LLM structure results in being surprisingly bad at some things like input or 
output with a non-linguistic structure without extensive fine-tuning

Some surprising constraints



❖ Topic identification and detail extraction

❖ Code generation and feedback (bug-finding, unit test suggestions)

❖ Writing generation, feedback, and rewriting

❖ Idea generation

❖ Translation

❖ Work with documents and data

❖ Suggesting how to approach a problem

For more ideas and examples, 

I recommend following Ethan Mollick.

Some things that are possible



● Start at the right level of abstraction
● Derive

○ Capabilities and qualities
○ Constraints and weaknesses

● Apply these capabilities and constraints when searching the solution space 
for a problem to determine if LLMs are a feasible solution

● Use other techniques to constrain the problem space to the ideal for LLMs
○ Control the context
○ AI ethics process

How to get value and avoid disaster



Proceed with Caution: AI Ethics Processes

Source: SAP AI Ethics Handbook

https://www.sap.com/documents/2023/03/7211ee96-647e-0010-bca6-c68f7e60039b.html


Some practical 
examples



Work with documents and data - summarization, Q&A



Built-in Business AI: SAP Joule

https://www.sap.com/products/artificial-intelligence/generative-ai.html



Sample Use Case: Topic Identification and Detail Extraction



Architecture for assistant based on topic identification

https://app.diagrams.net/?page-id=SUDALtAwiIQrZe6En1T7&scale=auto#G1wb6hJxrLCToR3-3v_rqxhk43PGlhzM2v


http://www.youtube.com/watch?v=Ylhms3EaFkA&t=575


SAP FedML (new version) Solution Architecture

Source: SAP FedML

https://github.com/SAP-samples/datasphere-fedml


Q&A based on RAG with Langchain, HANA Vector Engine, etc

Source: Discovery Center

https://discovery-center.cloud.sap/refArchDetail/ref-arch-open-ai


Where should we 
apply this?



Upcoming AI Use-Case Events

While enthusiasm for AI is high, we understand 
that bridging the gap between excitement and 
implementation can be a challenge. 

The workshop addresses this head-on, and, 
through guided exercises, you’ll come away 
with viable ideas and strategies for taking AI 
forward.

Tuesday, May 14, 2024, in Houston, TX

Thursday, May 16, 2024, in Dallas, TX

Tuesday, May 21, 2024, in Atlanta, GA

Thursday, May 23, 2024, in Miami, FL



Thank you 
for attending

Robb Neuenschwander • Sr Director of Strategy
robbneuenschwander@mindsetconsulting.com

https://www.linkedin.com/in/robb-neuenschwander/ 


