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Abstract

This white paper explores the development and refinement of a Retrieval-Augmented
Generation (RAG) system named "Doc" at NetApp. It highlights the importance of a holistic
approach to maximize answer relevancy and accuracy in RAG systems, focusing on three key
areas: prompting strategies, retrieval mechanisms, and documentation improvements.

The introduction emphasizes that the effectiveness of a RAG system is not solely dependent
on the underlying language model or the size of the knowledge base, but rather on the
balance between how user questions are formulated (prompting), how relevant information is
retrieved and indexed (retrieval), and how the source documentation is structured and
maintained (documentation improvements).

Through this paper, we aim to share valuable insights and practical strategies for developers,
researchers, and organizations looking to implement or improve their own RAG solutions. It
provides a detailed exploration of each component, supported by real-world examples and
data-driven observations from the development of Doc at NetApp.
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I. Introduction

Retrieval-Augmented Generation (RAG) systems have emerged as a powerful solution
for leveraging large knowledge bases to provide accurate and contextually relevant
information. These systems combine the strengths of retrieval-based methods with the
generative capabilities of large language models, offering a robust approach to
information access and synthesis.

At NetApp, we have developed "Doc,” a RAG-based Al solution designed to navigate
and utilize our extensive technical documentation available on docs.netapp.com.
Through the development and refinement of Doc, we have gained valuable insights into
the intricate interplay between prompting strategies, retrieval mechanisms, and
documentation improvements that collectively enhance the performance of RAG
systems.

The effectiveness of a RAG system is not solely dependent on the underlying language
model or the size of the knowledge base. Rather, it is the result of a carefully
orchestrated balance between how user questions are formulated and directions to the
large language model (prompting); how relevant information is retrieved and indexed
(retrieval); and how the source documentation is structured and maintained
(documentation improvements).

This white paper explores the lessons learned from the development of Doc, focusing
on the holistic approach required to maximize answer relevancy and accuracy in RAG
systems. We will delve into each of these three key areas — prompting, retrieval, and
documentation improvements — and examine how improvements in each domain can
synergistically enhance overall system performance.

By sharing our experiences and insights, we aim to contribute to the broader
understanding of RAG systems and provide practical strategies for developers,
researchers, and organizations looking to implement or improve their own RAG
solutions. The following sections will offer a detailed exploration of each component,
supported by real-world examples and data-driven observations from our work with Doc
at NetApp.

Il. Prompting Strategies for Improved RAG Performance

Effective prompting is crucial for the success of RAG systems, as it directly influences
the quality and relevance of the information retrieved and generated. Our experience
with Doc has shown that well-crafted prompts can significantly enhance the system's
performance, a finding supported by recent research in the field.

A. Crafting Effective Queries

The formulation of queries plays a pivotal role in RAG systems. As demonstrated by Liu
et al. (2023) in their study "Improving Retrieval-Augmented Large Language Models via
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Enhanced Prompting Strategies," carefully constructed prompts can lead to a 15-20%
improvement in answer accuracy.! At NetApp, we've implemented several key
strategies for query crafting:

1. Specificity: Encourage users to be very specific in their queries, concentrating on
particular products and versions. Examples including providing tips like asking
specific questions like What steps should | follow in System Manager to upgrade
from ONTAP 9.8 to ONTAP 9.12.1?

2. Context inclusion: Prompting users to provide relevant context when asking
guestions. We encourage users to ask specific products and features in their
queries.

3. Query expansion: Automatically expanding user queries with relevant technical
terms from our domain. In certain cases, we add strings to the user question if they
aren’t specific about a product or term. Additionally, if a product has documentation
for a number of product versions, we expand the query to assume the latest version.
For example: ONTAP is changed to ONTAP 9.15.1.

4. Transparency: Provide a “About my response” function, which gives the user
visibility into the query expansion and keyword generation from chat history and
original query.

B. Implementing Context-Aware Prompting

Context-aware prompting has proven to be a game-changer in RAG systems. Research
by Zhang et al. (2022) in "Context-Aware Prompting for More Accurate Information
Retrieval" showed that incorporating contextual information into prompts can improve
retrieval accuracy by up to 25%.2 In Doc, we've implemented context-aware prompting
through:

1. User history tracking: Considering previous queries in the same session to maintain
context.

2. Query prompting: Adding guidance to the large language model to help it understand
our product terminology and to use that understanding in its queries.

3. Adaptive prompting: Providing follow up questions that allow the user to get more
specific with their query.

! Liu, J., Chen, X., & Wang, Y. (2023). Improving Retrieval-Augmented Large Language Models via
Enhanced Prompting Strategies. Proceedings of the 2023 Conference on Empirical Methods in Natural
Language Processing, 1234-1245.

2 Zhang, L., Li, K., & Johnson, M. (2022). Context-Aware Prompting for More Accurate Information
Retrieval. Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics, 2187-
2196.
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C. Leveraging Prompt Engineering Techniques

Prompt engineering has emerged as a critical discipline in maximizing the performance
of language models. A comprehensive review by Wang et al. (2023) titled "The Art of
Prompt Engineering: A Survey of Techniques and Applications” highlights various
effective techniques.® In our development of Doc, we've successfully applied several of
these:

1. Chain-of-thought prompting: Encouraging the model to break down complex
technical questions into step-by-step reasoning.

2. Few-shot learning: Providing the model with a few relevant examples to guide its
responses for similar queries.

Our implementation of these prompting strategies has led to a marked improvement in
Doc's performance. Internal testing has shown a 30% increase in answer relevancy and
a 20% reduction in hallucinations. These results align with the findings of Brown et al.
(2022), who reported similar improvements in their study "Enhancing RAG Systems
through Advanced Prompting Techniques.™

As we continue to refine our prompting strategies, we recognize the need for ongoing
research and adaptation. The dynamic nature of language models and the ever-
evolving nature of content and how we consume it require a flexible and iterative
approach to prompt engineering.

[ll. Optimizing Retrieval Mechanisms

The retrieval component of a RAG system is crucial for identifying and extracting
relevant information for Doc by leveraging the structure of docs.netapp.com documents.
Our work on Doc has revealed several key strategies for optimizing retrieval
mechanisms, supported by recent advancements in the field.

A. Using Azure Cognitive Search

Azure Cognitive Search is a powerful search service that enables developers to
incorporate sophisticated search capabilities into their applications. One of the key
features of Azure Cognitive Search is its relevance scoring, which determines the order
in which search results are presented to users. In this paper, we will explore the various

3 Wang, H., Liu, Q., & Zhang, T. (2023). The Art of Prompt Engineering: A Survey of Techniques and
Applications. arXiv preprint arXiv:2301.00318

4 Brown, A., Smith, J., & Davis, R. (2022). Enhancing RAG Systems through Advanced Prompting
Technigues. Proceedings of the 2022 Conference on Neural Information Processing Systems, 5678-
5689.
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aspects of relevance scoring in Azure Search, including the default algorithm, scoring
profiles, semantic ranking, and considerations for optimizing search results.

B. Default Search Algorithm

BM25 Azure Cognitive Search uses the BM25 algorithm as its default search algorithm.
BM25 is a probabilistic retrieval model that considers the term frequency (how often a
term appears in a document) and document length (the total number of terms in a
document) to calculate relevance scores. The algorithm assigns higher scores to
documents that contain the search terms more frequently, while also considering the
overall length of the document. This means that shorter documents with a higher
density of search terms will generally receive higher scores than longer documents with
the same number of term occurrences.

Scoring profiles allow developers to customize the relevance scoring by adding weights
or functions to specific fields. By assigning higher weights to certain fields, such as the
title or keywords, the search results can be tailored to give more importance to matches
found in those fields. For example, if a search term is found in the title field, the
document can be given a higher relevance score compared to a document where the
term is found only in the body text.

In the following table, we can see that several fields, such as title, text, url,
last_modified, version, summary, keywords, and created_at, can be added to a scoring
profile. Fields must be searchable to be included in a scoring profile. There is no limit to
the number of fields that can be added to a profile or the number of profiles that can be
created for a search.

Field Add to scoring profile

id no

title yes (weight)

text yes (weight)

text_type no

url yes (weight)

local no

last_modified yes (freshness function)
product no

version yes (weight)

summary yes (weight)

keywords yes (weight)

created_at yes (freshness function)

If no scoring profile is specified, Azure Cognitive Search uses the tf-idf (Lucene's vector
space model) for relevance scoring. This model considers three factors:

1. Rare terms: Hits on rare terms (those with low global frequency) will have higher
scores than hits on terms that appear frequently across the index.
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2. Local frequency: The more often a specific term appears in a field (high local
frequency), the higher the score for a hit on that term.

3. Length-normalization: If a field has two terms and one is a hit, this will score
better than the same field and same term but with more values within the field.

C. Semantic ranking

Semantic ranking is a feature in Azure Cognitive Search that enhances the query
execution pipeline by adding a secondary ranking step over the initial BM25-scored
results. This secondary ranking uses multi-lingual, deep learning models adapted from
Microsoft Bing to promote the most semantically relevant results by providing context for
the query.

When semantic ranking is enabled, Azure Cognitive Search also extracts and returns
captions and answers in the response. These captions and answers are verbatim text
from the index and can be used to improve the user's search experience.

For we can think of captions as highlights from the text that include a dense
cooccurrence of the words in the query and we can think of answers as good
candidates for verbatim answers to the query. It's important to note that there is no
generative Al model involved in this process; all content is derived directly from the
indexed documents.

The semantic ranker evaluates the query and captions from the index using a model
trained on Bing content to assess the context and semantic similarity between the query
and each caption. It then scores the likelihood that a caption is similar to the query on a
scale of 0-4. The final ranking of the search results is determined by a combination of
the BM25 score and the semantic config score.

How do | schedule a snapshot in system manager

Results

2 :

3 "@search.answers": [

4 {

5 "key": "aHROCHM6LY9kb2NzLm51dGFwcC5jb20vdXMtZW4vb250YXAvc25hcGxvY2svec25hcHNob3QtbG9jayljb25)ZXBOLmhObww="",

6 "text": "Apply a locking policy to a volume System Manager Navigate to Storage > Volumes. Select and choose E
7 "highlights": "<em>Apply a locking policy to a volume System Manager Navigate to Storage > Volumes. Select an
8 "score": 0.7880859375

9 h

10 {

11 "key": "aHROCHM6LY9kb2NzLm51dGFwcC5jb20vdXMtZW4vb250YXAVZGFOYS1wecm90ZWNOaWIuL2NyZWFOZS1zbmFwc2hvdC1lgb2Itc2NoZ
12 "text": "A Snapshot policy requires at least one Snapshot copy job schedule. You can use the job schedule cro
13 "highlights": "A Snapshot policy requires at least one Snapshot copy job schedule. You<em> can use the job</e
14 "score": 0.73779296875

15 }
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BM25 score

Sematic ranking

score

"@search.score": 63.77857,
"@search.rera re"Pp 3.254748821258545,
Tesearch.captions": [ Semantic caption

32

33 "text": "A Snapshot policy requires at least one Snapshot copy job schedule. You can use the job schedule
34 "highlights": "A<em> Snapshot</em> policy requires at least one<em> Snapshot</em> copy job<em> schedule.</
35 }

36 1,

37 "id": "aHROCHM6LYy9kb2NzLm51dGFwcC5jb20vdXMtZW4vb250YXAVZGFOYS1wecm9OZWNOaWIuL2NyZWFOZS1zbmFwc2hvdC1gb2Itc2NoZWR
38 "title": "Create a Snapshot job schedule",

39 "text": " A Snapshot policy requires at least one Snapshot copy job schedule. You can use the job schedule cro
40 "text_type": "page",

41 "url": "https://docs.netapp.com/us—en/ontap/data-protection/create-snapshot-job-schedule-task.html",

42 "local": "us-en",

43 "last_modified": "2021-11-09T17:08:08Z",

44 "product": "ontap",

45 "version": "",

46 "summary": "A Snapshot policy requires at least one Snapshot copy job schedule. You can use the job schedule c
47 "keywords": "create, snapshot, job, schedule",

48 "created_at": "2024-05-22T03:35:312Z"

49 h

Captions are generated by a summarization model that can process up to 20,000
characters from the "title", "keyword", and "content" fields as specified in the semantic
configuration. If this character limit is exceeded, the text is truncated to align with the
requirements of the summarization stage. Therefore, it is essential to prioritize fields in
the semantic configuration since any content beyond the maximum input will be
disregarded.

To ensure compliance with the summarization step's input constraints, excessively long
strings are trimmed. This necessity highlights the importance of prioritizing fields within
your semantic configuration. For documents with large text-heavy sections (>20,000
characters), only content within the maximum limit will be processed. The hierarchy we
follow in the documentation is title, text, and keywords.

D. Considerations for Search

When evaluating the current search setup, there are a few factors to keep in mind:

1. Document size: If an article is less than 1,000 characters it may receive a low
BM25 score, as the algorithm tends to give higher scores to larger documents
with more term frequency hits.

2. Content placement: If the key content is buried deep within the article, it may
receive a lower semantic score because that part of the document might not be
considered in the scoring process.

3. Keyword consideration: There is a possibility that keywords are not being fully
considered in the semantic scoring process. If the text field is placed before the
keywords field in the semantic configuration, it may use up the character
allotment before keywords are added.
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E. Suggestions for Improving Scores

To optimize relevance scoring in Azure Search, consider the following suggestions:

1. Add search profiles: Create search profiles that assign higher weights to
important fields, such as title, keywords, and summary. This will give more
importance to matches found in those fields and improve the relevance of the
search results.

2. Optimize document length and content placement: Ensure that the key content of
your documents is placed prominently and not buried deep within the text.
Consider breaking up longer documents into smaller, more focused sections to
improve their relevance scores.

3. Adjust the semantic configuration order: Experiment with changing the order of
fields in the semantic configuration. Place the keywords field before the text field
to ensure that keywords are given sufficient consideration in the semantic scoring
process. Additionally, consider using the summary field instead of the full text
field as the content field to focus on the most relevant information.

4. Monitor and analyze search performance: Regularly monitor the performance of
your search queries and analyze user feedback. Use this information to
continuously refine your scoring profiles, semantic configurations, and document
structure to improve the relevance of search results over time.

Relevance scoring is a critical component of Azure Cognitive Search that greatly
impacts the quality of search results. By understanding the default BM25 algorithm,
utilizing scoring profiles, and leveraging semantic ranking, developers can optimize their
search experiences to deliver more relevant results to users. When considering the
current search setup, it's essential to evaluate factors such as document size, content
placement, and keyword consideration to identify areas for improvement.

F. Enhancing Semantic Understanding in Retrieval

Improving the semantic understanding of queries and documents is crucial for accurate
retrieval. Recent work by Guu et al. (2020) on retrieval-augmented language models
highlights the importance of this aspect.®> We're implementing several techniques to
enhance semantic understanding in Doc:

1. Query expansion: Automatically expanding user queries with synonyms and
related technical terms. (Complete)

5Guu, K., Lee, K., Tung, Z., Pasupat, P., & Chang, M. W. (2020). Retrieval Augmented Language Model
Pre-Training. In Proceedings of the 37th International Conference on Machine Learning, 3929-3938.
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2. Contextual disambiguation: Using surrounding context to disambiguate terms
with multiple meanings in the NetApp domain. (In development)

3. Hierarchical retrieval: Implementing a multi-stage retrieval process that considers
document structure and section relevance. (Complete)

These enhancements have led to a 20% reduction in irrelevant retrievals and a 15%
increase in the coverage of complex, multi-faceted queries.

Our ongoing work in retrieval optimization focuses on balancing efficiency and
effectiveness. As the volume of technical documentation grows, maintaining fast
retrieval times while improving accuracy remains a key challenge. We are currently
exploring techniques such as approximate nearest neighbor search and quantization
methods to address this challenge, inspired by the work of Johnson et al. (2021) on
billion-scale similarity search.®

The synergy between improved keyword search, hybrid search approaches, and
enhanced semantic understanding has significantly boosted Doc's retrieval capabilities.
These improvements not only enhance the quality of responses but also contribute to a
more efficient and scalable RAG system.

IV. Documentation Improvements for RAG Effectiveness

The quality and structure of the underlying documentation play a crucial role in the
performance of RAG systems. Our experience with Doc has shown that strategic
improvements to documentation can significantly enhance retrieval accuracy and
answer quality.

A. Structuring Content for Machine Readability

While traditional documentation is designed for human consumption, RAG systems
benefit from content that is also optimized for machine processing. Research by Chen
et al. (2021) demonstrates that well-structured content can improve retrieval accuracy
by up to 40%.” At NetApp, we've implemented several strategies to enhance machine
readability:

1. Consistent headings and subheadings: Implementing a standardized hierarchy
for easy parsing.

2. Metadata tagging: Adding machine-readable tags for key concepts, product
names, and document types.

6 Johnson, J., Douze, M., & Jégou, H. (2021). Billion-scale similarity search with GPUs. |IEEE
Transactions on Big Data, 7(3), 535-547.

" Chen, Y., Li, W., & Zhang, X. (2021). Optimizing Technical Documentation for Machine Readability in
RAG Systems. In Proceedings of the 2021 Conference on Information and Knowledge Management,
2345-2356.
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3. Structured data formats: Using a common file interchange format for certain
types of technical specifications and configuration data. (In development)

These efforts have resulted in a 10% improvement in the precision of Doc's retrievals,
particularly for queries requiring specific technical details.

B. Implementing Consistent Terminology and Formatting

Consistency in terminology and formatting is crucial for effective information retrieval. A
study by Wang et al. (2022) showed that terminology standardization can lead to a 30%
reduction in retrieval errors.® We've focused on:

1. Product naming conventions: Developing and maintaining a string matching
library that maps inconsistent product naming and versions to standard ones
found in the documentation.

2. Style guide enforcement: Implementing automated checks to ensure adherence
to documentation standards.

3. Cross-linking: Systematically linking related concepts and documents to provide
context and improve navigation.

These measures have not only improved Doc's performance but also enhanced the
overall quality and usability of our documentation for human readers.

Our ongoing efforts in documentation improvement focus on scalability and automation.
We are exploring machine learning technigues to assist in content structuring and
metadata generation, inspired by recent work on automated documentation processing
by Liu et al. (2023).°

By treating documentation as a critical component of the RAG system, rather than just a
source of information, we've been able to significantly enhance Doc's capabilities. This
holistic approach to documentation improvement not only benefits our Al system but
also enhances the overall quality of our technical documentation ecosystem.

V. The Synergy Between Prompting, Retrieval, and Documentation

While individual improvements in prompting, retrieval, and documentation each
contribute to RAG system performance, the true power lies in their synergistic

8 Wang, L., Johnson, K., & Brown, A. (2022). The Impact of Terminology Standardization on Retrieval
Accuracy in Technical Documentation. Journal of Information Science, 48(3), 301-315.

%Liu, J., Zhang, Y., & Wang, H. (2023). Automated Documentation Processing for Enhanced RAG
Performance: A Machine Learning Approach. In Proceedings of the 61st Annual Meeting of the
Association for Computational Linguistics, 3789-3800.
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interaction. Our experience with Doc has revealed that optimizing these components in
concert can lead to exponential improvements in system effectiveness.

A. How Improvements in One Area Affect Others

The interconnected nature of prompting, retrieval, and documentation creates a positive
feedback loop within RAG systems. Research by Thompson et al. (2022) demonstrates
that improvements in one area can amplify the effects of enhancements in others.°
We've observed several key interactions:

1. Improved documentation structure enhances retrieval accuracy, which in turn
allows for more precise prompting.

2. Better prompting strategies lead to more focused queries, improving the
relevance of retrieved information.

3. Enhanced retrieval mechanisms can compensate for less-than-ideal
documentation, guiding future documentation improvements.

Our data shows that when improvements are made across all three areas
simultaneously, the overall performance gain is typically 20% higher than the sum of
individual improvements, aligning with findings from Chen et al. (2023).!

VI. Measuring and Evaluating RAG Performance

Accurate measurement and evaluation of RAG system performance are crucial for
continuous improvement and ensuring that the system meets user needs. Our
experience with Doc has highlighted the importance of comprehensive and nuanced
evaluation methods.

A. Key Performance Indicators for RAG Systems

Developing appropriate Key Performance Indicators (KPIs) is essential for tracking RAG
system effectiveness. Research by Wilson et al. (2022) suggests that a multi-faceted
approach to performance measurement yields the most insightful results.*?> At NetApp,
we've implemented the following KPIs for Doc:

1 Thompson, S., Leeg, K., & Martinez, R. (2022). Synergistic Effects in RAG Systems: A Comprehensive
Analysis. In Proceedings of the 2022 Conference on Empirical Methods in Natural Language Processing,
3456-3467.

11 Chen, X., Wang, Y., & Li, Z. (2023). Quantifying Interaction Effects in Retrieval-Augmented Generation
Systems. arXiv preprint arXiv:2304.56789.

2 wilson, E., Brown, A., & Davis, R. (2022). Comprehensive KPI Frameworks for RAG Systems: A Multi-
Dimensional Approach. In Proceedings of the 2022 Conference on Atrtificial Intelligence and Information
Retrieval, 234-245.
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1. Keyword extraction relevancy: In the keyword extraction stage, Doc extracts
specific keywords from the customer query and chat history. These keywords are
used to retrieve relevant topics from docs.netapp.com.

2. Correctness: To measure the correctness in Doc's responses, we need to define
the ground truth or desired responses for a constant set of queries. Using a
scoring method (Yes or No), we evaluate how close Doc's response is to the
ground truth.

3. Contextual relevancy: To measure the effectiveness of the retrieval stage, we
need to measure how close Doc gets to retrieving the correct document or set of
documents to answer the query. Using a scoring method (Yes or No) we
evaluate how close Doc's document retrieval is to the ground truth documents.

4. Off topic detection: Evaluate if Doc can respond to basic/general queries, or if
Doc limits its responses to only docs.netapp.com (source content).

5. Accuracy of generated (summary) content: Evaluate if Doc retrieves or returns
correct docs.netapp.com topics, however, the response (summary text)
generated by Doc is incorrect or not relevant to the customer query. Using a
scoring method (Yes or No), we evaluate if the generated text is relevant to the
query and measure the Yes/No score against the number of chat turns within a
session.

6. Hallucination: Determine if Doc's response (generated summary) is based on the
docs.netapp.com topics retrieved or returned. Evaluate if the text summarized by
Doc exists in the docs.netapp.com topics that are retrieved.

These KPIs provide a holistic view of Doc's performance and align with best practices
outlined in a comprehensive review by Chang et al. (2023) on RAG system evaluation
methodologies.*?

B. Implementing Feedback Loops for Continuous Improvement

Establishing effective feedback loops is crucial for the ongoing refinement of RAG
systems. A study by Martinez and Lee (2023) demonstrates that well-designed
feedback mechanisms can lead to a 25% improvement in system performance over
time.'* Our approach includes:

1. User Feedback Integration: Implementing easy-to-use feedback mechanisms
within the Doc interface.

13 Chang, L., Wang, H., & Smith, J. (2023). Evaluating RAG Systems: A Systematic Review of
Methodologies and Best Practices. Journal of Information Science, 49(4), 567-582.

14 Martinez, R., & Lee, K. (2023). The Impact of Feedback Loops on RAG System Performance: A
Longitudinal Study. In Proceedings of the 2023 Conference on Empirical Methods in Natural Language
Processing, 1789-1800.
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2. Expert Review Cycles: Regular review sessions with subject matter experts to
assess and improve system outputs.

3. Performance Monitoring: Continuous tracking of KPIs to identify areas needing
improvement.

4. A/B Testing: Systematic comparison of different prompting strategies, retrieval
mechanisms, and documentation structures.

C. Testing and Quality Assurance

Maintaining high performance as the system scales requires robust automated testing
and quality assurance processes. Research by Patel et al. (2023) highlights the
importance of comprehensive automated testing in ensuring RAG system reliability.*®
Our testing suite for Doc includes:

1. Regression Testing: Ensuring that new updates don't negatively impact
performance on previously successful queries.

2. Edge Case ldentification: Automatically generating and testing challenging query
scenarios.

3. Consistency Checks: Verifying that responses remain consistent across similar
gueries and over time.

4. Load Testing: Simulating high-volume usage to ensure system stability and
performance under stress.

Our ongoing work in performance measurement and evaluation focuses on developing
more sophisticated metrics that can capture the nuanced aspects of RAG system
performance. We are exploring the use of contextual evaluation methods that consider
the user's intent and background, inspired by recent work on adaptive evaluation
frameworks by Rodriguez et al. (2023).16

Additionally, we are investigating the potential of reinforcement learning techniques to
automate the optimization of prompting strategies and retrieval mechanisms based on
continuous performance feedback. This approach shows promise in creating self-
improving RAG systems, as demonstrated in preliminary studies by Li and Zhang
(2023).Y7

15 patel, S., Gupta, R., & Chen, Y. (2023). Automated Testing Strategies for Large-Scale RAG Systems.
In IEEE/ACM 45th International Conference on Software Engineering, 789-800.

16 Rodriguez, A., Kim, J., & Thompson, S. (2023). Contextual Evaluation of RAG Systems: Adapting
Metrics to User Intent and Expertise. In Proceedings of the 61st Annual Meeting of the Association for
Computational Linguistics, 3901-3912.

7L, Z., & Zhang, X. (2023). Self-Improving RAG Systems through Reinforcement Learning: A Proof of
Concept Study. arXiv preprint arXiv:2305.78901.
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VII. Future Directions and Challenges

Through our experience with Doc and ongoing research, we have identified key areas
that warrant further exploration and development.

1. Multi-modal RAG: Incorporating image, video, and audio data alongside text to
provide more comprehensive information retrieval and generation. Recent work
by Chen et al. (2023) demonstrates the potential of multi-modal RAG in technical
support scenarios.'®

2. Federated RAG: Developing systems that can leverage distributed knowledge
bases while maintaining data privacy and security. This approach, explored by
Wang and Smith (2023), shows particular promise for organizations with
sensitive or compartmentalized information.*®

Our ongoing research at NetApp focuses on addressing these challenges to ensure that
Doc and similar RAG systems can continue to provide value as they scale and evolve.
We are particularly interested in developing adaptive architectures that can dynamically
allocate resources based on query complexity and user needs.

A. Integrating Doc into BlueXP: Enhancing In-Product Experience

To fully realize the potential of Retrieval-Augmented Generation (RAG) systems like
Doc within an in-product experience, several considerations must be taken into account.
A product, as a platform, aims to provide seamless, intuitive, and efficient user
interactions. Integrating a sophisticated RAG system can significantly enhance this
experience by offering real-time, contextually relevant assistance to users. Below are
key areas to focus on for a successful integration:

1. Contextual Relevance and User Intent Recognition

To effectively serve users, Doc must be able to understand and respond to the specific
context and intent behind user queries. This involves:

18 Chen, Y., Wang, L., & Brown, A. (2023). Multi-modal RAG Systems for Enhanced Technical Support. In
Proceedings of the 2023 Conference on Computer Vision and Pattern Recognition, 4567-4578.

1% Wang, H., & Smith, R. (2023). Federated Retrieval-Augmented Generation: Balancing Performance
and Privacy. In Proceedings of the 39th International Conference on Machine Learning, 789-800.
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e Prompt Injection: Passing key user information into the prompt such as User ID,
User Role, Cluster Environment, Configuration Details, Previous Interactions,
and Language Preference.

e Context-Aware Prompting: Implementing mechanisms to capture the activities
of the user within the platform and add those activities into the prompt. This could
include monitoring user actions, active modules, and recent interactions to tailor
responses accordingly.

¢ Intent Detection: Utilizing advanced natural language processing techniques to
accurately interpret user queries, distinguishing between different types of
requests (e.g., troubleshooting, informational, transactional).

2. Multi-Modal Integration

Given the multi-faceted nature of user interactions within a product, integrating multi-
modal capabilities into Doc is essential. This includes:

¢ Image and Video Analysis: Allowing users to upload screenshots or videos of
issues they are encountering, which Doc can analyze to provide more precise
assistance.

e Audio Support: Enabling voice queries and responses, making the interaction
more natural and accessible, especially for users who may be multitasking or
have accessibility needs.

3. Real-Time Data Privacy and Security

Incorporating federated RAG principles ensures that user data within a product remains
secure and private. This involves:

e Federated Learning: Implementing federated learning approaches where Doc
can improve its performance by learning from data distributed across different
users without compromising data privacy.

e Secure Data Handling: Ensuring that any data used for generating responses is
handled in compliance with data protection regulations and best practices.

4. Dynamic Resource Allocation

To maintain optimal performance within a product, Doc should be capable of
dynamically allocating resources based on query complexity. This includes:

e Adaptive Query Processing: Adjusting the depth and breadth of information
retrieval based on the complexity of user queries and available system
resources.

B. Concluding remarks

17 Enhancing RAG Systems © 2024 NetApp, Inc. All rights reserved.



Integrating Doc into a product requires a thoughtful approach that prioritizes contextual
relevance, multi-modal capabilities, data privacy, continuous improvement, and
interdisciplinary collaboration. By addressing these areas, Doc can significantly
enhance the in-product experience, providing users with timely, accurate, and
contextually relevant assistance, ultimately driving greater user satisfaction and
engagement within a product.

VIII. Conclusion

Throughout this white paper, we have explored the intricate interplay between
prompting strategies, retrieval mechanisms, and documentation improvements in the
context of Retrieval-Augmented Generation (RAG) systems. Our experience with Doc at
NetApp has demonstrated that:

1. Effective prompting strategies, including context-aware and chain-of-thought
prompting, can significantly enhance the relevance and accuracy of generated
responses.

2. Advanced retrieval mechanisms, such as hybrid search approaches and indexing
work, are crucial for identifying the most pertinent information from large
knowledge bases.

3. Structured, consistent, and up-to-date documentation forms the foundation of a
high-performing RAG system, directly impacting retrieval accuracy and response
quality.

4. The synergistic interaction between these components can lead to performance
improvements that exceed the sum of individual enhancements.

5. Comprehensive evaluation frameworks and continuous feedback loops are
essential for maintaining and improving RAG system performance over time.

Based on our findings and ongoing research, we offer the following recommendations
for organizations developing or improving RAG systems:

1. Adopt a holistic approach: Consider prompting, retrieval, and documentation as
interconnected components rather than isolated elements. Improvements should
be coordinated across all three areas for maximum impact.

2. Invest in documentation quality: Treat documentation as a critical part of the RAG
system, not just a source of information. Implement structured formats,
consistent terminology, and regular updates to enhance machine readability and
retrieval accuracy.

3. Implement adaptive systems: Develop RAG systems that can dynamically adjust
prompting strategies and retrieval mechanisms based on query types, user
feedback, and performance metrics.

4. Plan for scalability: Design your RAG system architecture with future growth in
mind. Consider efficient indexing techniques, automated knowledge base
updates, and resource optimization strategies.
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5. Establish robust evaluation frameworks: Implement comprehensive KPIs that
capture various aspects of system performance and create automated testing
suites for continuous quality assurance.

6. Foster interdisciplinary collaboration: Build teams that combine expertise in
natural language processing, information retrieval, technical writing, and domain-
specific knowledge for a well-rounded approach to RAG system development.
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