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Semantic Search with Sentence-BERT for Design Information 
Retrieval
• Motivation:

• Idea is to leverage knowledge contained in large amounts of data in natural 
language format from past projects to improve new designs
• However, with the sheer volume of information available, it can be 

challenging to identify information relevant to a specific information need
• Lacking a way to leverage the information available, these repositories may go 

underutilized
• Information retrieval (IR) is the task of obtaining relevant search results from 

a collection of documents (or other resources)
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Background: Design Information Retrieval

• Possible IR methods include: indexing1, hierarchical thesauri2, and ontologies3

• Semantic network4 methods are popular in design information retrieval, 
including the SemanticOrganizer5 at NASA
• New and emerging methods in artificial intelligence include Bidirectional Encoder 

Representations from Transformers (BERT)6 models, which have recently 
revolutionized natural language processing
• Sentence-BERT, or sBERT7, models are particularly suited to information retrieval 

tasks
• Fine-tuning produces sBERT models that are specifically tuned for design 

information retrieval tasks
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Semantic Search with Sentence-BERT for Design Information 
Retrieval
In this research, we fine-tune an sBERT model for design information retrieval. 
Our use case considers a NASA project manager capturing lessons learned relevant 
to a current project from NASA’s Lessons Learned Information System (LLIS). We 
find the fine-tuned sBERT model performs well using standard information retrieval 
metrics, and that it outperforms the pretrained (not fine-tuned) model.
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Semantic Search with Sentence-BERT for Design Information 
Retrieval: Overview
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NASA Lessons Learned Information System (LLIS)

• https://llis.nasa.gov
• Publicly available database of lessons 

learned at NASA
• 2096 lessons at time of writing
• For internal users, the database can 

be downloaded as a spreadsheet
• At right: Lesson 630
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Use Case and Query Formulation
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• Our use case is a NASA project manager capturing lessons learned relevant to a 
current project from NASA’s Lessons Learned Information System (LLIS).
• We choose three information needs, inspired by real requirements from NASA’s 

Human Landing System (HLS) project:
• Cyber Security: “cyber security data and systems”
• Fault Tolerance: “fault tolerance methods”
• Fault Isolation: “fault isolation methods”



Search Formulation
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• Symmetric vs. asymmetric?
• Passages vs. documents?



Sentence-BERT Model Selection
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• Pretrained sBERT models are available on Huggingface: https://huggingface.co
• Symmetric vs. asymmetric?
• Tuned with dot product, cosine similarity, or normalized?
• English Language vs. other?
• Performance?

https://huggingface.co/


Fine-Tuning

10

• Using LLIS documents to fine-tune the model
• For asymmetric search, we need query-result pairs, 

where a query is the short text a user searches and 
the result is the document the IR system returns 
• LLIS documents are not natively in query-result 

pairs, but we can instead generate synthetic 
queries using docTTTTTquery8

• 31,530 query-result pairs are generated (156 
minutes) and used to fine-tune the model (31 
minutes) given moderate GPU



Semantic Search
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• Fine-tuned model is used to generate embeddings for the LLIS corpus (30 
seconds) – these embeddings are stored and referenced for each search
• Embeddings are also calculated for each query (~0.086 seconds)
• The search itself takes 0.014 seconds, for a total time of 0.1 seconds per search in 

our setup



IR Performance Metrics
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• Precision and recall for IR:
• RET = documents retrieved by the IR 

system
• REL = documents relevant to the 

query (assessed by human)

• Ranked retrieval metrics:
• Precision at k: P at k=10, 20, 30,…
• Mean average precision (MAP): 

requires complete list of REL
• nq: number of queries tested
• nd,j: number of relevant documents for 

query j
• Pi: precision at i



Results
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Wrap Up & Future Directions

• Devised an IR system using a fine-tuned sBERT model that performs well using 
standard ranked results IR performance metrics and retrieves results in 0.1 
seconds
• Fine-tuning significantly outperforms the baseline model and is possible in a few 

hours given modest GPU
• The completed model is usable for this use case and similar, or it can be further 

fine-tuned for other design information retrieval tasks
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Thank You! 
hannah.s.walsh@nasa.gov
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