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Abstract

Timely and accurate reconciliation of the company’s finan-
cial information is an important internal control over the
company’s financial reporting to support quarterly and an-
nual external financial compliance activities. However, due
to the complexity of typical end-to-end business system in-
tegrations, the process to research and investigate reconcili-
ation items can be manual and time consuming. This paper
proposes a virtual assistant to enhance the control process by
providing end users with tools that will expedite the recon-
ciliation, research and validation process to improve accoun-
tants’ productivity during financial reconciliation. We employ
a large language model (LLM) to enable conversational in-
teractions using natural language. Users can pose queries re-
lated to investigating unreconciled transactions, and receive
relevant explanations and recommended actions. To map user
questions into executable SQL, we use a retrieve-and-refine
strategy with retrieval augmented generation (RAG). User
questions are encoded into vector embeddings and indexed.
Given a new question, relevant examples are retrieved and
few-shot prompting constructs an SQL generation prompt
for the LLM. The generated SQL is executed to retrieve in-
formation from databases. The LLM can invoke additional
agents and tools to perform more complex operations over
the queried dataset, such as generating and executing an ad-
justment. We optimize prompt engineering to steer the LLM’s
behavior, such as providing accounting terminology, instruc-
tions, and table schema details. During evaluation, the pro-
posed architecture achieves 95% accuracy in generating cor-
rect SQL queries for real-world user questions related to ac-
count reconciliation.

Introduction

The financials closing process occurs at the end of each
month, where companies (1) identify accounts for closing,
(2) record and post the closing entries, and (3) prepare finan-
cial reports for quarterly and annual external financial com-
pliance activities (Wild, Shaw, and Chiappetta 2022). Dur-
ing this process, timely and accurate reconciliation of the
company’s financial information is leveraged as an impor-
tant internal control, where companies reconcile all accounts
that could contain a significant or material misstatement and
post all necessary adjustments to the general ledger in a
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timely manner. As part of this process, reviewers scan the
reporting for accuracy indicators and sign off on checklist
items, including using data from comparative periods (prior
month, prior quarter, prior year), investigating and docu-
menting large-dollar, large-percentage and other anomalies
in variances (Kelso 2011).

The reconciliation, research and review process is te-
dious, as it requires following standard operating procedures
(SOPs) to gather data and create/review multiple reports
sourced from multiple systems, and then create the end user
report with the detail required to execute all month-end de-
liverables such as journal-entry posting (accruals, recurring-
entry setup), financial system querying, financial system re-
port processing, consolidation rules, allocation processing,
financial system maintenance and tax rate processing. It is
important to accomplish reconciliations in a shortened time
frame, so that the company can identify and correct errors
before filing their financial statements.

This paper proposes a large language model (LLM)-based
virtual assistant to support accounting teams in the finan-
cial reconciliation process. The system utilizes a pre-trained
LLM to enable natural language interactions with users, al-
lowing them to pose queries and receive relevant responses.
The conversational interface is designed to accelerate users’
analysis and workflows by providing on-demand access to
information and recommended actions related to reconcil-
ing accounts. This virtual assistant simplifies the process as
it works with the relevant datasets and tools in the backend
while presenting a single window interface for users. Pow-
ered by LLMs, the virtual assistant is able to process queries
and instructions from the users in natural language. The so-
lution is designed to make the LLMs aware of the specific
context of the accounts and transactions that are handled
in that organization. To create this solution, we supplement
the LLM’s knowledge using a dataset of common queries,
accounting terminology, and reconciliation procedures. The
system is optimized to understand user intent from natu-
ral language input, and respond with clarifications, expla-
nations, and procedural guidance tailored to the reconcilia-
tion context. We evaluate the assistant’s capabilities through
user studies with accountants, demonstrating its ability to
correctly interpret requests, retrieve accurate information,
and suggest appropriate next steps to drive the reconcilia-
tion process forward. Overall, this research presents a novel
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Figure 1: Illustrating different steps in the framework for the
proposed Generative Al based Virtual Assistant for Recon-
ciliation Research.

application of large language model technology to automate
aspects of the reconciliation workflow. The conversational
assistant aims to enhance accountants’ productivity and effi-
ciency when performing this critical finance function.

Approach and Architecture

The proposed virtual assistant is optimized to understand
user intent from natural language input, and respond with
clarifications, explanations, and procedural guidance tai-
lored to the reconciliation context. One of the critical fea-
tures of this system is that it should be able to take a natural
language question from the user and convert it into a corre-
sponding SQL query that can be executed against a database.
This enables the system to understand the user’s intent from
their question and retrieve the desired information from the
database. In this paper, we explain how this was achieved.
To accomplish this, we use a retrieve-and-refine strategy
leveraging retrieval augmented generation (RAG) (Liu et al.
2023) as shown in Figure 1. The system first retrieves rele-
vant examples from an embedding index built from a dataset
of (question, SQL) pairs. Specifically, the questions are en-
coded into dense vector representations using a pretrained
embedding model (e.g. SentenceTransformers e5-large-v2
(Wang et al. 2022)). These embeddings are indexed in a vec-
tor search engine such as OpenSearch (OpenSearch 2023).
During inference, when the user enters a question related
to reconciliation process, the system converts the question
into a numerical representation using the same embedding
model. Using this embedding, we query the vector store to
find the top-k most relevant user questions. For retrieving

“similar” or “relevant” items, distance-based techniques are
typically utilized. At the same time, we also retrieve their
corresponding SQL query which is stored as the metadata.

Given the retrieved question-SQL pairs, we create the
prompt for the LLM to generate the final SQL query for the
input user question using a few-shot prompting technique.
With few-shot prompting, we provide the model with a set
of high-quality examples, each consisting of both the in-
put and desired output on a target task. As the model first
sees examples, hypothetically, it can better understand the
human intention and criteria for what kinds of answers are
desired. Therefore, few-shot learning often leads to better
performance than zero-shot (Gao et al. 2023).

The prompt also contains relevant information about the
problem domain and information about the table schema.
We add necessary information about match sets and open
match sets. We also supply a description about important
columns such as the account, company code, and country to
help LLM in generating the SQL query.

The LLM-generated SQL statement is post-processed
prior execution, such as applying guardrails and error
checks. The SQL statement is then executed on the appro-
priate database and the results are presented to the user.

Embedding Dataset

To understand the customer requirements for the assistant,
our team conducted interviews where we asked customers
for a set of questions that would likely pose to the assistant,
steps to obtain the answer, and desired responses. The pri-
mary use cases involved querying for open account balances
across different dimensions like company code, country, etc.
Examples:

e What is the balance for account 12345?
* What is the balance of 12345 at the company code level?
¢ Is there a ticket I could reference for issue XYZ?

* What are some possible reasons why transaction ABC is
not reconciled?

In order to build a robust question pool, an LLM was then
employed to increase the quantity and diversity of user ques-
tions, such as by asking the LLM to generate variations on
the questions. An example prompt:

Given the following user question, generate a list of sim-
ilar questions that an accountant may ask. User question:
What is the balance for account 12345?

Response by the LLM:

» What is the ending balance of account 12345 as of today?

* What is the balance of account 12345 as of the last day
of the month?

» What is the average balance of account 12345 over the
past few years?

We also included variables such as country code, com-
pany code, and date range to increase the question pool.

Given this set of questions, the next task was to gener-
ate corresponding SQL queries and validate the response by
running it against the actual database. There are two ways to
generate the queries:



1. Manual: A human annotator familiar with SQL can write
the corresponding SQL queries. The queries are then val-
idated by running it against the database.

2. LLM-aided generation: An LLM is used to generate SQL
queries. A human expert then validates the queries.

The final enriched question-SQL dataset is then used for
embedding purposes.

Embedding of Questions

The RAG architecture primarily relies on embedding or en-
coding items/documents of interest (external to LLM knowl-
edge) in a vector store and then retrieving items “similar” to
input user question during inference. Embedding is the pro-
cess of converting text into a numerical representation that
captures the meaning of the text. This is done by training
a neural network on a large corpus of text. The neural net-
work learns to represent each word in the corpus as a vector
of numbers. This vector captures the semantic and syntactic
relationships between the word and other words in the cor-
pus. To perform this conversion from text to the numerical
domain, typically off-the-shelf embedding model are used
which have been trained on large volumes of existing bench-
mark datasets. For this paper, we use the intfloat/e5-large-
v2 embedding model (Wang et al. 2022). The question-SQL
dataset containing 100+ user questions is indexed into the
vector store.

Number of Relevant Examples to Retrieve: k

When determining the number of similar questions to re-
trieve for each query, there is a trade-off between providing
enough examples for the large language model to generate
high-quality responses, while also staying within computa-
tional constraints. Specifically, the LLM we are using has
a maximum input token limit that restricts the total number
of tokens that can be processed for each query. Sending too
many question examples risks exceeding this limit and fail-
ing to generate a response. At the same time, providing too
few examples starves the LLM of the data it needs to un-
derstand the contextual similarities between questions and
generate relevant responses.

Through experimentation, we found that retrieving 3 sim-
ilar questions per query struck an effective balance given our
particular LLM’s input token limit. This allows the model to
gather sufficient signal about the semantic and contextual re-
lationships between similar questions, while staying within
the computational budget per query. When k£ = 1, we obtain
80% accuracy, as compared to 83% when k = 2.

LLM Used

For the purpose of this paper, we use Claude V1-Instant
(Anthropic 2023) which is a LLM created by Anthropic.
It utilizes a Transformer-based neural network architecture
trained on Anthropic’s Constitutional Al dataset to gener-
ate natural language responses. The model architecture con-
sists of trainable embeddings, a transformer encoder, and an
autoregressive decoder. The embeddings convert the input

text into vector representations that capture semantic mean-
ing. The transformer encoder then processes these embed-
dings, learning contextual relationships between words and
concepts through multiple self-attention layers. The decoder
takes the encoder output and generates a response word-
by-word, with each new word conditioned on the previous
words and encoder context.

Prompt Engineering

Prompt engineering, also known as in-context prompting,
refers to methods for how to communicate with LLM to
steer its behavior for desired outcomes without updating the
model weights. The effect of prompt engineering methods
can vary greatly among models, thus requiring heavy exper-
imentation and heuristics. We started with a basic prompt:

Based on the following example user questions and cor-
responding SQL statements, your job is to draft a SQL query
for the input question.

Examples: {k retrieved examples}

Question: <user question>

Output SQL Query:

For the above prompt, we noticed that the LLM started to
hallucinate variable names, account numbers, etc. To solve
this issue, we iteratively updated the prompt and evaluated
the LLM-generated SQL query. Some of our findings are
described below:

* Reinforce the instructions/task details before and af-
ter the examples. This ensures that the LLM does not
forget the instructions. Example:

Based on the following example user questions and SQL,
your job is to draft SQL query for the input question. Do
not create new columns. In the SQL query, the account
number should be in quotation marks.

Examples: {k retrieved examples}

Based on the above user questions and corresponding
SQL, your job is to draft SQL query for the input ques-
tion. Do not create new column names. Do not add date
in the SQL query if the user question did not contain any
date. Do not create new variables which are not present
in the user question.

Explicitly provide instructions about how the LLM
should generate the final output. Example:

Do not create new column names. Do not add date in the
SQOL query if the user question did not contain any date.
Do not create new variables which are not present in
the user question. In the SQL query, the account number
should be in quotation marks. Generate the SQL query
within <sql>and </sql>tags.

When injecting the table schema, highlight important
column description, their datatype, and typical for-
mat. Example:

TABLE_AAA only contains the following columns:
account which is a 5-digit code, company represents 2-
character company code, issue id is an integer identifier

for the issue, description is the string description of the
issue.



* Provide relevant background about the problem do-
main. Example:
TABLE_AAA contains open match sets. A match set is re-
sponsible for grouping two related journal lines. A match
set is when the balance nets to zero. A non-zero net bal-
ance indicates an issue. The TABLE_AAA tracks these is-
sues. For each open match set, an issue id is assigned.
Issue description is documented in column description.
An issue can have multiple open match sets assigned to
it.

Evaluation

To evaluate the efficacy of the proposed architecture, we
constructed an evaluation dataset containing over 80 ques-
tions derived from embedding sets and original user in-
quiries. The dataset excluded complex questions requiring
nested queries or combining multiple embedding set ques-
tions. We characterized each question based on the presence
of GROUP BY, LIMIT, or WHERE clauses to determine
SQL generation complexity.

We input the evaluation questions into the proposed
LLM pipeline and obtained SQL responses. We executed
these SQL responses against a database table containing the
dataset. Queries triggering database execution errors were
automatically labeled INCORRECT. For successful execu-
tions, we manually evaluated the generated query and out-
put, labeling each CORRECT or INCORRECT.

We computed LLLM output accuracy as:

Number of correct SQL queries

ey

Accuracy =
4 Total number of queries

Based on this metric, the proposed architecture achieved
95% accuracy on the evaluation dataset.

We also conducted an ablation study to understand the
contribution of the retrieve-and-generate (RAG) component
to the overall approach. Specifically, we set the number
of retrieved question-SQL pairs & = 0 when generating
the prompt for the large language model (LLM), meaning
that no relevant examples were retrieved or included in the
prompt. In this ablation setting without the RAG component,
we observed an accuracy of 74% on the SQL generation
task. This demonstrates that the RAG component provides
a considerable boost in accuracy over using the LLM alone,
highlighting the importance of retrieving and incorporating
relevant examples into the prompt for the LLM. The RAG
component likely improves performance by providing use-
ful in-domain examples that make the SQL generation task
more clear and grounded for the LLM.

LLM Agents for Task Automation

While the virtual assistant enables users to query data and re-
ceive explanations via natural language, LLMs also have po-
tential to act as agents that can autonomously execute repet-
itive reconciliation tasks on the user’s behalf. The data re-
trieved from the user’s initial questions lays a foundation for
the agent to take further action.

One example is automating the creation of adjustments
and journal entries. By querying tables that link open match

sets to payment statuses, the LLM agent could identify
groups of unreconciled transactions and infer potential rea-
sons based on the payment data. For instance, if a pay-
ment failed due to decline by the payment processor, the
agent may suggest classifying the transaction as a bad debt
write-off. The agent could then prompt the user to confirm
the write-off, and if approved, automatically generate and
submit the adjustment journal entry without the accountant
needing to perform the tedious manual steps.

LLM agents could also handle application of foreign ex-
change rates to query results. Rather than requiring accoun-
tants to retrieve rates from an API and manually convert
values in Excel, the agent could query the API, retrieve the
rate for the desired currency, and apply the conversion to the
result set before presentation to the user. By coding these
complex multi-step workflows as agent logic, reconciliation
tasks can be automated while retaining human oversight.

Conclusion

The adoption of LLMs as virtual assistants in the accounting
domain has the potential to enhance productivity for accoun-
tants during the critical month-close reconciliation process.
By translating natural language questions into executable
SQL and natively incorporating tools such as adjustments,
the assistant simplifies access to the information needed for
reconciliation research, accelerating month-close and free-
ing up accountants’ time for higher judgement tasks.
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