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Area and Scope of Investigations
● Range of implementation levels from being 

used in production to a one off experiment

● Goal is to point out useful and practical 

applications and directions that intersect 

with BIBFRAME

● Areas we’ll look at:

○ Vector Embeddings

○ Entity reconciliation 

○ Work relationship classifying 

○ Small machine learning model 

applications

○ AI features for BF adoption 



“AI”

● I will try to say “Gen AI” or LLM vs “Machine Learning” to differentiate between the 

two.

● I feel like many of these ideas are low hanging fruit, trying to quantify, test, think of 

how implement. 

● Shift towards thinking about how Open Weight models can be used instead of 

requiring frontier models.



Vector Embeddings

● AI Sandbox: Access to a Amazon Web Service account. Allowed to use AI 

services.

● Built over 20 million vector embeddings by flattening the work instance into a flat 

descriptive metadata text representation using the AWS titan-embed-text-v2 

embedding model (1024 dimensions) 

● Loaded them into a  S3 Vector Bucket

● Uses Bedrock Anthropic Haiku model to do rerank and query expansion

● A reusable query service and dataset that can power many applications:

○ Subject Finder, a LCSH Suggest service in Marva

○ Discovery layer prototype

○ Dataset for analysis and visualization



Vector Embeddings - Dataset and Visualization

https://lcnetdev.github.io/

embedded-catalog-viz/
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Vector Embeddings - Marva’s Subject Finder

Record in progress



Vector Embeddings - Marva’s Subject Finder

Subject and Classification Recommendations

1. Generate a flat text 

version of the in process 

record

2. Convert to embedding 

vector

3. Ask for the 10 nearest 

records

4. Open those BF records 

and extract LCSH 

headings

5. Rank which headings are 

most relevant to the in 

process records.



Vector Embeddings - Marva’s Subject Finder

● Tested in Marva with a dozen catalogers for a few weeks. They reported:

○ Mimics existing partial copycat workflows, just does it faster.

○ Useful when working in a unfamiliar domain or to explore possibilities.

○ Not useful when working in well know domain.

● In production, any Marva cataloger can use it with supervisor’s permission



Vector Embeddings - Discovery

1. Take query and use LLM to generate a “perfect” resource description for that 

topic, basically hallucinate a record.

2. Vectorize that phantom resource 

3. Find the resources that would be its neighbors, those are the most relevant 

records to the question

Internal proof of concept demo



Vector Embeddings - Takeaways

● Bibliographic records are well suited to RAG methodology

● All services are language/script agnostic.

● Could be a tool to enable a more relationship based discovery system 

(GraphRAG).

● Built in guardrails against LLM shenanigans.

● Extremely inexpensive to create and run.



Entity Reconciliation

● BIBFRAME is a shift towards Entities and Relationships. Ensuring they are correct 

as well as adding and enriching them is important to achieve a network effect.

● A couple examples from the Wikidata/EMCO world.

○ Instead of trying to get a LLM to catalog a book how about we just ask it to 

help find mistakes? Applying LLM reasoning to QA checks.

○ How well does it perform at reconciliation tasks at scale?



EMCO LCCNBot Check

● When a NACO cataloger adds a 

reference to Wiki* it will pick up the 

reference and insert the NAR’s 

LCCN into Wikidata. Fully human 

generated matching. 

● Over the last year I have had a LLM 

check process that doesn’t prevent 

the match from being made but flags 

it on a QA report.

● https://id.loc.gov/loads/lccnbot/

https://id.loc.gov/loads/lccnbot/
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Bulk Enrichment Test

● Historically NARs would have citations like "Wikipedia, viewed Mar. 4, 2011" but 

no other information. 65,000 NARs exist with no LCCN link to Wikidata. What 

percentage of the 65,000 could be automatically linked via LLM?

○ Search the name in Wikidata

○ Compare each Wikidata result to their MADS counterpart document

○ Judge if they are the same entity

○ I used the open weight model Qwen3.8 27B 8-bit

● Sampling I found there is a 1% error rate over all 

● As scenarios because more complicated the error rate grew:

○ Pseudonym - 1.5% error rate

○ Name merges (schools changing names for example) - 17% error rate



Entity Reconciliation - Takeaways

● It demonstrably works, even open weight models have ability to help in entity 

reconciliation.

● These examples demonstrate reconciling to external data but next area of testing 

will be to aid during internal reconciliation workflows.



Relationship Classifying / Cluster Building

● Relationships between other works and instances are very easy to communicate 

in BIBFRAME but there is a lack of them in historical data.

● Only about 20% of the catalog would even have potential relationships. 

● Debatable usefulness for use while cataloging but could be very helpful for 

discovery. Tests framed in the idea of building super work clusters for discovery.

● Steps

○ Cast a very wide clustering net based on title/contributor 

○ Ask the LLM to generate relationships between all the clustered works

○ Used open weight model Qwen3.6-35B-A3B-bf16



Relationship Classifying / Cluster Building

● Results:

○ 97% correct with coarse 

relationship

○ 87% correct with fine grain 

relationship 

● Read more

● Cluster Viewer 

● Needs more work. Most useful for 

discovery layers, enriching the 

graph. 

https://thisismattmiller.com/post/superwork/
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Small Machine Learning Applications

● We have a lot of data to train small task specific models with to solve problems 

that are too complicated for a rule based or programmatic approach.

● Example:

○ Exploring how we would do authority work in MADS in Marva. Requirement to 

convert to MARC for distribution.

○ We want to move away from subfield encoding in literals that MARC depends 

on. 

○ Trained a Conditional Random Field (CRF) model on NAR data to generate a 

MARC Key subfield string that can be used in the conversion but the 

cataloger does not need to subfield the string.

○ 97.5% successful based on random sample

○ Demo: https://thisismattmiller.github.io/naf-crf/

https://thisismattmiller.github.io/naf-crf/
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Marva Scan - OCR / Structured Data Extraction

● Connects Marva to phone or web camera to send images to vision supported LLM 

to extract structured data to insert into the record.



Marva Scan - OCR / Structured Data Extraction



Marva Scan - OCR / Structured Data Extraction

● Used in test environment with catalogers to evaluate how well it works.

● Sends images to a Sonnet 4.6 LLM with specific prompts on how to extract data 

for each page

● Positive feedback, surprising useful for non-latin scripts 



Thanks for Listening!

mattmiller@loc.gov
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Questions?
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