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Abstract

Large Language Models (LLMs) are transforming how financial institutions tackle
labour-intensive tasks like drafting personalised, regulation-compliant letters. This
paper presents a deployed LLM-based system that has generated tens of thousands
of complaint-resolution response letters for a major UK bank since November 2024,
following its demonstration of a 30% boost in letter quality and a 62% reduction in
drafting time during the development phase. It has already doubled the bank’s three-
day complaint resolution rate, improved customer satisfaction, and reduced manual
workloads. In this paper, we detail our end-to-end LLM framework for regulated
complaint handling, our continuous “LLM-as-judge” approach for compliance
monitoring and prompt optimisation, and our large-scale deployment strategy. In
addition, we share lessons learned from overcoming scepticism through iterative
development and user engagement. We also discuss the technical architecture and
operational insights that have enabled a secure, robust, and future-proof deployment
in this high-stakes domain.

1 Introduction

The increasing digitisation of banking has catalysed the automation of tasks using advanced com-
putational tools, notably in customer complaint response management. This automation not only
reduces operational latency and human error but also enhances customer experience through hyper-
personalisation and allows staff to focus on more complex decision-making tasks [[1]]. Addressing
customer complaints necessitates strict compliance with regulatory standards, such as those imposed
by the Financial Conduct Authority (FCA) in the UK. Banks are required to provide timely, final
written responses summarising complaint investigations and outcomes, which is critical for main-
taining customer trust and avoiding referral to the Financial Ombudsman Service (FOS) that incurs
additional costs. Given the high handling costs associated with complaints, improving efficiency in
resolution processes is essential. This paper explores the potential of LLMs to automate the drafting
of response letters, thereby streamlining customer service operations.

Drafting professional letters consistently poses a significant challenge, being time-consuming and
prone to errors, particularly when adhering to complex guidelines. LLMs, with their advanced linguis-
tic capabilities, are well-suited to automate the creation of compliant and empathetic communications.
Their deployment can significantly enhance the quality and consistency of customer interactions in
banking, while also mitigating risks associated with non-compliance. However, the implementation
of LLMs in sensitive sectors like banking requires rigorous evaluation and robust safeguards to ensure
compliance and maintain public trust.

Related work: LLMs are increasingly applied in customer communications to generate structured,
coherent, and consistent responses in emails, chats, and letters [2|3]]. Their capacity to adhere to brand-
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specific tone and terminology guided by explicit instructions enhances both trust and personalisation,
while ensuring formal standards are met [4} 5 |6]. Notable efficiency gains in overall customer
support have also been reported [7]]. In financial services, LLLMs automate routine correspondence
such as bank statements and personalised investment summaries, which improves efficiency and
compliance [8}9,110]. A hybrid approach, where LLM-generated content is subsequently verified by
compliance officers, further ensures that legal and governance requirements are maintained [ 11} [12].

Contributions: This paper provides: (1) A comprehensive framework for designing and imple-
menting an LLM-driven solution for response letter generation in the banking sector, (2) a novel
methodology for prompt design that caters to the nuanced demands of financial communications, (3)
an innovative evaluation methodology for assessing LLM-generated letters, integrating human-centric
and automated approaches to ensure quality and regulatory adherence.

2 Development Methodology

Figure[T]illustrates the components of our response letter generation framework. The framework’s
entry point is the output from the human complaint handler investigation, which serves as the
informative features for letter generation. The process then branches into three parallel components,
each generating a distinct section of the letter independently. Next, the prompt manager routes
input data to the appropriate prompt templates, with 16 possible routing options. The prompts for
each section are then formatted according to the relevant input data, subject-matter expert (SME)
feedback, and regulatory requirements. Next, an LLM generates the letter based on the formatted
prompts. Finally, the generated letter undergoes a quality assessment using a custom LLM-as-a-judge
implementation.
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Figure 1: Overview of the response letter generation framework. FRL refers to the Final Response
Letter.

Generating response letters. A response letter comprises three key sections about the complaint:
summary, investigation, and resolution. Our approach uses a generative model conditioned on
complaint details, customer data, handler’s notes, bank policies, and regulatory guidelines. Post-GPT-
4 LLMs have transformed text understanding and generation [[13} [14] by excelling in zero-shot task
transfer learning, often eliminating the need for fine-tuning or few-shot examples [15,[16]. These
models swiftly parse nuanced financial data [[17] and generate lengthy, coherent responses.

Prompt Manager and prompting methods. The content of each section is shaped by key input
features, such as the complaint submission method, number of issues, and case outcome, leading to
16 distinct routes for generating letter content. Common elements like formatting and tone-of-voice
are maintained across sections. To efficiently manage prompt templates, we developed an internal
package for versioning and composable prompts, enabling parallel development. The response
letter is created through three section-wise inference calls to an LLM, with each guided by detailed
instructions to ensure compliance with regulatory and bank policies. As LLMs are known to exhibit
context sensitivity and performance degradation in extended or multi-turn scenarios [18]], careful
prompt management and template design are critical to maintain high output quality. Prompts were
derived from historical exemplars, incorporating structured instructions and formatting standards,
allowing for efficient generation of policy-compliant letters without the need for few-shot learning.



Metric Level Accuracy [%2] 95% CI

Metric Uplift [%] 95% CI

Formatting Letter 85 [77,90]

Correctness 40 [16,71] Principles Letter 96 [90, 98]
g;‘;‘;chyance i [[220’2671]] Guidelines  Section:1 100 [96, 100]
Structure 34 (1 i 50] Guidelines Section:2 92 [85, 96]
Quality 25 (5 ’5]] Guidelines Section:3 95 [89, 98]
? Hallucination  Section:1 83 [75, 89]

Overall 30 [15, 47] Hallucination  Section:2 83 [75, 89]
Hallucination  Section:3 83 [75, 89]

Table 1: Percentage improvement in
quality of Al-generated versus human-  Table 2: Automated evaluation performance metrics
written response letters based on human  for synthetically generated response letters. Cls are
evaluation, with 95% confidence inter-  calculated using the Wilson score interval method.
vals (CD).

Data selection. Response letters are generated after the complaint handler completes their investiga-
tion, with all relevant data captured in the bank’s system. Using stratified sampling, 1000 samples
were chosen from the top 250 complaint category codes across the period from 2023-01-01 to
2024-04-01 and stratified by factors such as Multiple/Single Issue, Product Type, and Case Outcome.
Exploratory analyses of historical complaints, customer feedback, and FOS reports identified key
trends and themes.

Feature selection. 14 features, including the categorical Case Outcome, were selected for response
letter generation, with data quality criteria applied to maintain a reliable context. This curated dataset
underpins our generation framework, ensuring robust performance. Sensitive data (e.g., PII, PAN) is
masked to guarantee privacy and regulatory compliance.

3 Model Validation

LLM outputs can be validated through human evaluation, traditional n-gram metrics (e.g.,
ROUGE [19] and BLEU [20]]), and LLM-as-a-judge approaches [21]. We combine human as-
sessment with automated evaluation using LLMs and established metrics. Human evaluation serves
as both the gold standard and a baseline for validating automated processes. The auto-evaluation
component aims to reduce reliance on domain experts during model development and monitoring.

Human evaluation. 46 colleagues from various business units conducted a blind assessment of both
Al-generated and human-written response letters using a S-point Likert scale, including groundedness
(accuracy and relevance), fluency (clarity), compliance (regulatory adherence), structure (sensible
organisation), and overall quality (average of the previous metrics). The evaluation included two
rounds for prompt refinement.

Automated evaluation. We used an LLM-as-judge to evaluate response letters against four criteria:
proper formatting of dates, monetary values, and account numbers; adherence to general principles
at the global letter level; compliance with section-level style and context guidelines; and detection
of hallucinated or invented facts. We validated our automated evaluation system using a synthetic
dataset, addressing challenges related to the quality of test-time letters and the resource-intensive
nature of manually sampling true negatives. Starting with SME-recommended exemplars, we created
templates and augmented them with false negatives and variations generated by LLMs, enabling the
generation of controlled ground-truth data for rigorous validation of our framework.

Bias and fairness. Recognising that LLMs can inherit biases from their training data [22]], poten-
tially resulting in unfair outcomes [23]], we examined automated evaluation results by protected
characteristics, revealing no material difference between groups.

Results. (1) Al-written response letters demonstrate 30% higher quality than human-written ones.
46 SMEs conducted a blind review of 25 human-written and 225 Al-generated response letters
using our framework. Table [I] presents the average scores and percentage improvement across
our performance metrics. Our results show a statistically significant improvement in Al-generated



response letters across all metrics, indicating that SMEs strongly prefer Al-generated response letters
over human-written ones.

(2) We assessed the quality of generated response letters using an LLM-as-judge approach (Table[2),
with confidence intervals calculated via the Wilson score method. The process exhibits high content
and style quality, with low hallucination rates, evidenced by strong performance across Principles,
Formatting, and Guidelines metrics. All letters are reviewed by experts before finalisation, ensuring
no hallucinations in delivered correspondence. Automated evaluation is used solely for model
monitoring and to detect distributional shifts for any required intervention.

(3) The automated evaluation framework facilitates prompt optimisation, reducing the resource
demands on SMEs during development and allowing validation of improvements before costly
SME validation. Initial evaluations revealed hallucination patterns, such as fabricated compensation
payment dates and unclear contextual guidance, which were addressed through optimisation, leading
to a 57% reduction in hallucination rates without SME involvement. This method not only enhanced
development efficiency but also preserved SME expertise for validating significant improvements.

4 Deployment at a Leading UK Bank

Our response letter generation solution is operational in a hybrid cloud environment at a leading
UK bank, assisting complaints handlers daily in drafting customer response letters. The system is
accessible through a secure web-based Single Page Application (SPA), with controlled access via
enterprise authentication and authorisation. Handlers can review and edit Al-generated drafts before
approval for customer dispatch. Data processing is managed by an orchestration layer that oversees
batch processing and machine learning pipelines, ensuring continuous model monitoring and real-
time application health visibility. Security is upheld through role-based access, token authentication,
and audit logging, while data exchanges are protected and sensitive information masked to comply
with regulatory standards, ensuring data privacy and operational efficiency.

Since November 2024, the GenAl solution has automated the drafting of tens of thousands of resolu-
tion letters, reducing manual effort and enhancing clarity and personalisation of communications.
The proportion of complaints resolved within the three-day target window has significantly improved,
improving Net Promoter Scores and generating positive feedback from both customers and colleagues.

5 Discussion and Conclusion

The deployment of an LLM-powered complaint response tool in a leading UK bank demonstrates the
maturing role of GenAl in regulated industries. Better understanding LLM risk-related behaviours
and their alignment with human decision-making is increasingly important for financial services,
where robust and predictable Al systems are required [24]. This case highlights how automation
can drive efficiency, improve communication quality, and address compliance challenges offering a
template for responsible Al integration without undermining regulatory oversight or customer trust.

The key success factors for the project included user involvement and change management, where
engaging complaint handlers in the development and testing phases fostered trust and advocacy.
Additionally, the use of agile, cross-functional development allowed for iterative feedback from
frontline staff, ensuring that the tool met both technical and compliance requirements. Furthermore,
the quality and scalability of the GenAl-generated letters proved to match or exceed human standards,
facilitating a successful rollout. Lastly, strict adherence to business processes and regulatory needs
was crucial for the tool’s adoption. These points underscore the value of user-centred design, agile
practice, and business alignment for successful Al deployment in regulated domains.

Challenges persist around managing hallucinations and ensuring accuracy, necessitating continuous
monitoring and human oversight. Fully capturing the emotional nuances of sensitive complaints
remains difficult, particularly in complex cases. Future work may explore improved prompt engineer-
ing, such as chain-of-thought prompting [25], and the use of retrieval-augmented generation [26] to
better incorporate policy context. Agentic frameworks may further streamline operations by enabling
autonomous information retrieval.
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