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INTRODUCTION METHODOLOGY

The extraction of key business highlights from financial reports can be pivotal in ) Retrieval Augmented Generation

shaping the investment decisions, risk management and planning strategies around . RAG operates in two phases: Retriever and Generator.

businesses. The volume of the financial data in terms of annual reports, balance . .
* Retriever component retrieves the top-k relevant chunks from the long PDF

sheets, etc. is huge and thus the manual analysis of all these becomes an extremely . o .
using similarity search of vector representations of query and the chunks.

time-consuming task prone to human errors. Multiple approaches to perform QA on

: : : : , * The retrieved chunks are processed through the Generator to generate an
financial documents using LLM exist but one of the major concerns related to these

. : : : . answer which is coherent.
documents is the long context sizes needed. Financial PDFs like annual reports can

be more than 200 pages long. Most LLMs lack the ability to process these long * RAG Generation can be done in two ways: RAG-Token and RAG-Sequence.

documents in one pass. Even the ones which can process such documents suffer Considering resource limitations, RAG-Sequence was used.

the problem of missing the correct answers if the answers to the query are  The retriever component can limit the ability for a RAG pipeline if relevant
mentioned in the middle of a very long context [1]. documents are not present in top-k retrieved documents.

This work delves deeper into two approaches which can be leveraged to perform QA ) MapReduce with Re-Ranking

on such large documents without compromising on the quality of results. Analysis is .

MapReduce gets rid of the dependency on retrieval component.

done in terms of the trade-offs that exist between accuracy and computational costs , ,
y P * We move away from the LangChain abstraction of MapReduce to processes

to query long PDFs. Manual evaluation for the approaches is done and the issues

related to BLEU, ROUGE and other embedding based evaluation like BERTScore are

document chunks in parallel with the help of basic LLMChain.

. . . . . * Few-shot learning is used in the prompts to generate output along with a score
discussed. The best performing models are wrapped in an interface to easily query

. of the relevancy of the answer. Filtering is done using this score.
the annual reports. This work paves the way for future work that can be done to

make a QA engine using the entire scraped corpus of financial reports of all the * Filtered results are sentto the Reduce prompt to generate the final output.

companies listed on LSE. * GPT-4o0-miniis used for MapReduce since it performed the best in testing RAG.

RESULTS

CONTRIBUTIONS

The key contributions in this work include the following: ) Limitations of Retriever in RAG

 Scraped financial reports data from two different resources (Annual Reports and Retriever is implemented using Facebook Al Similarity Search (FAISS) and the

Hargreaves Lansdown) for all listed companies on LSE. A total of 70 GB of data sentence-transformer model MPNet is used to extract 768-dimensional hidden

was scraped with approximately 18k PDF documents. The scraping was done representations. K is increased to see if the Retriever limits the RAG applications

with the help of fault-tolerant pipeline with retry-mechanisms to ensure data accuracy. For a small-data of 150 Questions (FinanceBench dataset [2]), at k=5,

model is able to capture all relevant pieces of text only 83 times. K=5 is used for
completeness.

. Build and test multiple approaches to perform QA on long documents in the comparison of Generator models due to an inflection point as shown in Figure 3.

financial domain. Analysis was done using RAG, Stuffing, Refine and MapReduce. ) Llama vs Mistral vs GPT for RAG on FinanceBench

RAG and MapReduce were chosen as ideal options considering processing times S . _
RAG application is tested for three different models. For Llama and Mistral, we

and efficiency. Experiments were designed to test the viability of the two . .
use 4-bit quantized models to run the Generator component of RAG due to

methods. MapReduce with re-ranking performed the best and was used as the . .
resource constraints. GPT results are generated using OpenAl APlI. From the

basis for Case-studies for Business Insight Extraction on PDF. . o
results, GPT model outperformed Llama and Mistral. Thus, only GPT-4o0-mini was

* Wrapping the MapReduce implementation in a GUI. This was done with the help o . . .
used for the MapReduce application. Running MapReduce with Llama and Mistral

of streamlit. The GUI lets the user perform QA using the MapReduce approach . o . .
with parallelisation would have required extremely resource-heavy machines.

with tweakable parameters for temperature, max tokens, chunk size, etc. as

shown in Figure 1. It also logs intermediate results after the Map Phase for ) Optimised MapReduce with Re-ranking

debugging. In order to optimize the MapReduce with parallelisation, LangChains’ LLMChain
was used with ThreadPoolExecutor. The reason to not use LangChain abstraction

was better processing time and ability to tweak results at an intermediate stage.

Load PDF type
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The competitive edge of PCGH ZDP PLC lies in its unique structure as a financing vehicle mlddle Of the ConteXt as demonstrated by LIU et. al |n “LOSt |n the mlddle” [1].

, . that issues Zero Dividend Preference (ZDP) shares. This allows the company to provide
131072 Enter your intermediate query:

capital growth opportunities for investors without the obligation to pay dividends, which . . .
Chunk Overlap Extract any information mentioned about the company can be attractive in a low-interest-rate environment. Additionally, the company has a clear H uman Eva lu ation was con d ucte d tocom p aret h em Od e lS S h own in F | g ure 5 .
i and defined purpose of raising finance for its parent company, Polar Capital Global
Enter your final query: Healthcare Trust plc, which enhances its operational efficiency and reduces overhead costs,

0 . q
What is the competitive edge of the company as it has no employees or premises. )

Processing times analysis for PDF

Moreover, the company benefits from the expertise of Polar Capital LLP as its Investment
Find Answer Manager, ensuring professional management of its operations. The scheduled repayment of
ZDP shares at a fixed entitlement provides a level of predictability for investors, with a

The processing time for the LangChain Version of MapReduce chain, self-

Duery processed suceassiulhy defined timeline for returns. This structure, combined with the backing of a reputable

parent company and a standard listing on the London Stock Exchange, positions PCGH ZDP

PLC favorably in the market, appealing to investors seeking capital growth with a lower risk |mplemented VerS|0n Of MapReduce W|th re_rank and RAG app“ca‘“on was done

profile.

using GPT as the Generator model. The optimized version of MapReduce with re-

Print intermediate response

ranking was able to give similar processing times to RAG despite having much
Figure 1: GUl to query and process PDFs using MapReduce more visibility into the PDF since it scans all chunks. The LangChain version

though increases linearly as the PDF size increases.

data into actionable information. The primary goal of this project, thus, is to develop a system
that can feed on the information from the financial report provided and perform Question-
answering using the information assimilated by the Large Language Model (LLM). Directly

processing these documents through LLMs is not very effective because of the magnitude of

problem of Long documents in the domain of finance namely RAG and MapReduce. An

Financial asset insights can steer businesses in making informed decisions by distilling vast \\\\,7
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these financial reports. Two plausible approaches are discussed in the work to tackle this
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Figure 2: Overview of the usual RAG pipeline
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Figure 3: MapReduce with Re-ranking
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Figure 4: Overview of the usual RAG pipeline
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Figure 5: Output Evaluation on FinanceBench
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Figure 6: Processing times vs PDF pages

CONCLUSIONS

Financial QA from annual reports is a significantly challenging task due to the PDFs being extremely long. Two approaches to chunk the long PDF and
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