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Introduction 
Overview


Financial advice lives or dies on the accuracy of what gets captured from client 
conversations. Advisers discuss incomes, assets, liabilities, and spending in noisy, 
real-world dialogue, and those details must be recorded correctly for both 
regulatory compliance and good advice. Aveni Assist Fact Find uses an external, 
API-based LLM to turn call transcripts into structured tables. But confidence in those 
tables still depended on manual checking, which is slow, expensive, and hard to 
scale, especially in a domain where even small hallucinations can have 
consequences.


This case study focuses on a shift in how we validate and improve LLM 
performance for financial workflows: building robust, automated evaluations that 
measure real production accuracy and directly surface hallucination risk. By 
moving from ad-hoc human QA to repeatable, metrics-driven evaluation, we can 
track performance over time, compare models quickly, and detect failure modes 
before they affect advisers or clients. Just as importantly, we can quantify whether 
extracted facts are genuinely grounded in the underlying summary and transcript, 
rather than being plausible but invented.


Our results show that FinLLM, fine-tuned with synthetic Assist data and finance-
specific information extraction datasets, performs strongly on this task and often 
surpasses GPT-4o at the field level. Fine-tuning not only improved raw extraction 
accuracy but also reduced formatting errors and made model behaviour more 
consistent, which is critical for downstream automation. The automated evaluation 
framework now lets us iterate rapidly, while a structured manual evaluation 
provides a final safeguard against judge bias and alignment artefacts. Together, 
these evaluation layers give us a clearer path to deploying models that are not just 
more accurate, but more trustworthy: models that minimise hallucination and can 
be relied on in real financial advice workflows.
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Fact Find Overall Evaluation Results
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Existing Set-up
The pipeline currently used in production for Assist Fact Find consists of 
transcribing the call, constructing a narrative and summary using an external LLM, 
extracting the hard facts and verifying with a human for accuracy.

Fact extraction entities


The following facts are automatically extracted from the LLM-generated summary 
for each of the following categories: Income, Expenditure, Asset. These facts are 
extracted as a table, where each item is listed as a separate row. 


For example, given the following summary:

Income

Joe Bloggs has a yearly income of £50,450 from his job as teacher at Sanderson High. He also 
receives a passive income from his flat in London that he rents out for £2,100 per month.
 

Expenditures

Joe spends £1,500 per month on the mortgage for his flat in Brighton and pays £200 a month to run 
his car, a Ford Fiesta.
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