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Abstract

We describe an application that uses large language models
to generate structured documents related to industrial equip-
ment, specifically focusing on Failure Modes and Effects
Analysis (FMEAs). Our novel application uses techniques in
structured document generation, in-context learning, and en-
sembling to create high-quality structured content that sub-
ject matter experts supervise through a user-centric interface
that presents FMEA entities as Ul elements. Novel evalua-
tion metrics for structured document generation are also pro-
posed. Our empirical results, based on 71 asset evaluations,
demonstrate the individual and combined contributions of
these techniques, with an overall effectiveness that varies be-
tween a recall of 0.669 and a precision of 0.91. Qualitative
feedback from target users validates the practicality of the de-
scribed approach to seamlessly integrate expert supervision
with generative Al in a labour-saving workflow.

Introduction

In this paper we describe an emerging application of Al, in
particular Large Language Models (LLMs), for the gener-
ation of a particular class of structured documents. Failure
Modes and Effects Analysis (FMEAs) document the compo-
sition of a piece of equipment or system and its likely points
of failure (Rausand and Hgyland 2004). FMEAs also typi-
cally include information on the consequences or effects of
a failure and possible interventions to prevent it.

The traditional method of creating an FMEA relies on a
group of experts. Often a facilitator takes the convened ex-
perts through an interview process aimed at populating the
various parts of the final FMEA document (Cooper 2015).
These parts typically include the equipment boundary and
list of maintainable components, failure modes of each com-
ponent comprised of a degradation mechanism and influ-
ence, mitigation strategies for each failure mode and ex-
tended descriptions of the mitigation activities used to de-
scribe the preventative work to be carried out.

The information contained in an FMEA comes from a va-
riety of sources. Equipment manufacturers provide manu-
als describing the operation and maintenance of their prod-
ucts. Professional societies and companies maintain specifi-
cations used in equipment procurement. Best practice guides
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prepared by maintenance engineers have recommendations
for design and operation. Because FMEAs are an expert as-
similation of data from a variety of sources they are both ex-
pensive to create (Cooper 2015) and valuable to have. Due
to the cost, many companies do not have FMEAs for all of
their equipment. Our motivation here is to leverage today’s
Al technology to speed up FMEA creation.

FMEA documents pose several challenges for the applica-
tion of Al methods. FMEAs are inherently structured docu-
ments and the ability to store and manage FMEAs in a struc-
tured database and support for a Ul with structured fields
is essential for effective FMEA management. Any solution
for generating FMEAs should capture their complex struc-
ture. FMEA documents are highly specialised and domain
specific. FMEAs with more than 1500 failure modes are
not uncommon and their creation incurs multi-million dollar
labour costs (Cooper 2015). Thus FMEAs are often propri-
etary and unavailable to LLMs for training. Further, FMEAs
exhibit a tree-like structure with one-to-many relationship
between FMEA elements such as components, degradation
mechanisms and degradation influences. This tree-like struc-
ture means errors propagate through the document (e.g., an
incorrect component leads to several incorrect degradation
mechanisms). These characteristics of FMEAs make an in-
teresting emerging application of generative Al

We continue this paper by summarizing related work, fol-
lowed by a description of our system for generating FMEAs
that includes contributions in structured document genera-
tion, in-context learning and LLM ensembles. An additional
contribution involves a metric for evaluating both the struc-
ture and semantics of new content. Further the system’s per-
formance is evaluated through both empirical and end-user
studies. Finally, we discuss the path to end-user deployment
of this capability in the enterprise setting.

Related Work

Related work is organised by the following areas of partic-
ular relevance: 1) In-Context Learning; 2) Ensembling; 3)
LLM Evaluation and 4) Structured Document Generation.

In-Context learning In-Context Learning (a.k.a. Few-
shot learning) (Brown, Mann et al. 2020) refers to the tech-
nique of providing in-prompt examples that are directly re-
lated to the task at hand and it forms a crucial component of



our application. Liu et al. (2022) proposed identifying per-
tinent examples using the k-nearest neighbours (k-NN) al-
gorithm within the embedding space of a sentence encoder.
Nori et al. (2023) employ a similar technique which they
refer to as dynamic few-shot prompting (DFSP). DFSP is
an efficient and effective method of harnessing task specific
training data, and is especially valuable in the context of
multiple LLMs as it can be used without updating billions
of parameters for each model. In our application we add hu-
man supervision as a final example selection step after ap-
plying DFSP. We also incorporate previous work on exam-
ple shuffling for example order sensitivity (Liu et al. 2022;
Pezeshkpour and Hruschka 2023; Zheng et al. 2023).

Ensembles Ensembling methods that leverage the diverse
strengths of various LLMs and/or prompts often demon-
strate improved task performance (Jiang, Ren, and Lin
2023). Wang et al. (2023) employ multiple chain-of-thought
prompts (Wei et al. 2024) to induce multiple reasoning paths
within a single LLM, with the final answer being determined
through a majority vote among the outputs generated by the
different reasoning paths. In contrast to our approaches, this
method is primarily focused on atomic LLM outputs and
reasoning tasks. Further it does not support the assembling
of pieces of different outputs into a single coherent response.
LLM-BLENDER (Jiang, Ren, and Lin 2023), is an ensemble
framework that takes the outputs of multiple LLMs, selects
the best responses for a given question and then merges them
into a single improved response. In contrast to this and other
approaches based on supervised learning (Lu et al. 2024) our
ensembling method does not require the training of (multi-
ple) additional models.

LLM Evaluation A variety of metrics are employed
for evaluating the performance of LLMs, including
ROUGE (Lin 2004), perplexity (Jelinek et al. 1977) and
BLEU (Bilingual Evaluation Understudy) (Papineni et al.
2002). However these metrics do not consider document
structure. Moreover, ROUGE and BLEU, for instance, only
consider surface text representations (i.e., Synonyms are not
considered to be matches) and operate at the token rather
than entity level. Other metrics such as BERTScore (Zhang
et al. 2020) do consider semantic representations but oper-
ate either at the sentence or the token level. In contrast, we
propose an approach for evaluating structured LLM outputs
that transparently maps to key application performance in-
dicators, considers the semantic meaning of the text rather
than simply its surface representation and operates at the en-
tity rather than the token level.

Structured Generation Although LLMs demonstrate
huge capability in natural language generation, producing
complex structured documents in an unsupervised setting
remains a challenging task. There has been significant ef-
fort invested in producing structured outputs for supervised
LLM based applications such as coding assistants (Jiang
et al. 2024b). In the unsupervised setting Béchard and Ay-
ala (2024) leverage Retrieval-Augmented Generation to im-
prove the quality of generated structured documents repre-
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Figure 1: Flow Diagram of our Interactive Application

senting work-flows. Finally, the Langchain framework' of-
fers a partial approach to structured generation, which in-
volves defining an input schema and optionally including
few shot examples of application schemas for formatting
prompts and validating responses.

Solution Approach

Our solution for generating FMEAs uses in-context learn-
ing (ICL), structured generation and ensembling to enable
interactive creation of new documents. Examples in our sys-
tem come from an existing database of hundreds of FMEAs
created by experts. Users drive the creation process through
a graphical interface that integrates their supervision with
LLM generation. The overall application flow (c.f., Figure 1)
proceeds as follows: 1) The user initiates FMEA creation by
inputting an asset name; 2) User Input is encoded and related
examples are retrieved from a Vector DB, then supervised by
the user; 3) Multiple prompts are constructed using the se-
lected examples, step instruction and prompt templates; 4)
The inference manager dispatches prompts to an LLM ser-
vice; 5) Individual LLM responses are parsed and validated;
6) Ensemble methods merge multiple responses into a single
output which is supervised by the user; 7) Final FMEAs are
assembled from all steps and stored in an SQL DB.

The generation of structured content facilitates a Ul de-
sign that clearly visualises FMEA entities such as compo-
nents, allowing for ease of supervision. As depicted in Fig-
ure 2, the UI design encompasses several key features: i) Su-
pervision of example selection; ii) Representation of FMEA
entitites as Ul elements; iii) Decomposition into FMEA
aligned steps and iv) Supervision of the outputs of each step.
The effectiveness of our tool depends on the quality of the
generated FMEAs, and we now describe multiple techniques
that we devise to achieve this.

Structured Generation

We combine several techniques to generate structured
FMEA documents using LLMs that were not aligned to this
task. Firstly, we devise a dynamic prompting strategy that is-
sues a content dependent series of prompts, each targeting a
specific FMEA step. This method allows us to structure our

"https://github.com/langchain-ai/langchain
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Figure 2: FMEA creation Ul showing user supervision of
related examples and generated components.

queries to align with the overall hierarchical structure of an
FMEA, ensuring that all FMEA elements are addressed. In
order to generate the internal structure of each FMEA step,
two additional prompting techniques are employed: i) exam-
ples retrieved for ICL are lightly preprocessed to adhere to
the required structure; ii) output parsers (robust rule based
parsers) are used that transform the raw text output from
the LLM into structured data formats, such as lists. We also
perform data validation using the Python package Pydantic?
to ensure that the required structural format is adhered to.
Note, the structured nature of the generated content enables
us to mitigate repetitions, a prevalent issue in language mod-
els (Holtzman et al. 2020).

Metrics for Structured Responses Popular LLM evalua-
tion metrics such as ROUGE, perplexity, and BLEU do not
consider document structure. Further, metrics such as BLEU
and ROUGE, are based on surface text representations (e.g.,
synonyms are not considered) and use tokens rather than en-
tities for comparisons (c.f. Related Work for further discus-
sion of metrics). In order to accurately assess structure as
well as semantic content we introduce a collection of inter-
pretable performance evaluation metrics. These metrics are
designed to capture the inherent structure of documents such
as FMEAs. Further, by directly considering user concerns
such as “What fraction of components did the system gener-
ate?”, we ensure alignment with application performance.
We propose a group of related metrics Structured Seman-
tic Entity Evaluation (SSEE) for evaluating any structured
content that can be represented as a collections of sets, in-
cluding documents with a tree like structure like FMEAs.

*https://docs.pydantic.dev
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Entity indicates that the evaluation is focused on entities
(e.g., components) rather than tokens. Structured indicates
that we consider structure not just content, and semantic
because we consider the semantic representation of entities
rather than their surface representations. We introduce SSEE
Recall in Algorithm 1, SSEE Precision which is the ana-
logue of SSEE Recall for precision (specification is omitted
to save space) and SSEE F1 as the harmonic mean of SSEE
Precision and SSEE Recall. SSEE Recall and SSEE Preci-
sion both consider the similarity of entities in the candidate
and gold sets in a shared embedding space. Sorting in Algo-
rithm 1 is used to identify the closest matches between the
gold and candidate entities.

Algorithm 1: Structured Semantic Entity Evaluation - Recall

Given: Set of gold entities Eg1a, set of candidate entities
Ecand, sentence encoder Sg, similarity metric Sp, and simi-
larity threshold 7.

1: Encode the entities of both oq and Ecang using Sg.

: for each entity ey in Egolq do > Get and sort cands
Le, =] > Candidate matches of e
for each entity e, in E.4pg do

if Sp(eg,ec) > T then
L., .append(e.)
end if
end for
Egorted =L
end foi'
: Let Meang = (¢ and £g01d = list(ggold)

. Let ﬁ;gfgf‘fd Lgolg sorted by similarity score of
Eﬁ;’”ed[()} with e,

for each entity e, in £

A A

e, sorted by similarity score with e,

ggﬁted do > Get best match of e,

for each entity e, in £:°7**? do
g

if e. ¢ M_una then
Meand = Meana U {ec}
break > Move to next gold entity
end if
end for
end for
Recall =

13:
14:

15:
16:
17:
18:
19:
20:

21: |Mcand|

[Egold]

In-Context Learning

We introduce a variant of ICL that incorporates user supervi-
sion into the example selection methods of Liu et al. (2022);
Nori et al. (2023) which we term Supervised Dynamic Few
Shot Prompting (SDFSP). A shot refers to an input-output
pair. For example when generating components, the input
of a shot is an asset’s name and the output is its compo-
nent list. SDFSP involves selecting relevant examples from
a curated library of over 700 high-quality FMEAs, which
includes tens of thousands of failure modes. For a given
input, we algorithmically retrieve and rank the most perti-
nent examples, which are then refined by the user selecting
the most relevant ones. The proposed approach combines
dense retrieval methods with expert knowledge to select the



most relevant examples for generation. The specific algo-
rithmic approach used for retrieving relevant shots is as fol-
lows. Training shot inputs and user queries are encoded in a
shared embedding space using a sentence encoder. For train-
ing shot inputs this happens offline, whilst for user queries
this happens in real-time. A query’s k nearest neighbours
in the training set are retrieved and ranked using the cosine
similarity measure. The retrieved shots are preprocessed and
added to the prompt post expert supervision. During evalu-
ation, the impact of shot orderings and counts on the text
generation quality is also explored.

Model Ensembling

We propose a novel technique for LLM ensembling that
supports the merging of complex outputs into a coherent
response. Our confidence in an answer is increased when
multiple models and/or prompts converge upon it, as this
indicates a consensus among them. This intuition forms
the foundation of our approach. We label our technique as
Counter-Based Entity Ensembling (CBEE), as it is counter
based and uses semantic representations of entities, and
specify it in detail in Algorithm 2. CBEE combines out-
puts from different models and/or prompts by leveraging
the structure of their generated content. This approach al-
lows CBEE to surpass the performance of individual mod-
els while maintaining coherence in the generated text. As
CBBE does not require supervised learning as used in previ-
ous approaches (Jiang, Ren, and Lin 2023; Lu et al. 2024),
it can be used to cheaply fuse the internal knowledge from
many LLMs, whilst also learning from our library of exist-
ing FMEAs via ICL. CBBE can be applied to any structured
content that can be expressed as a hierarchical arrangement
of lists, which encompasses a wide range of formats, includ-
ing but not limited to documents with a tree-like structure
such as FMEAs. CBBE also offers the flexibility to trade-off
between recall and precision by adjusting the count thresh-
old (see Algorithm 2). Our implementation of CBBE uses a
customised clustering strategy that initialises a new cluster
by randomly selecting a free element as a seed, and greedily
adding other available elements to the cluster provided they
satisfy the similarity requirement relative to all existing ele-
ments within the cluster. This process continues until all free
elements have been incorporated into a cluster.

Evaluation

We now report on qualitative and quantitative evaluations of
our FMEA creation application. We describe detailed em-
pirical experiments for generating the set of maintainable
components of an equipment type. The set of maintainable
components or failure locations for an industrial asset is a
key part of an FMEA indicating the parts of an asset likely to
fail. Furthermore, we present valuable feedback on our ap-
plication gathered from Subject Matter Experts (SMEs). All
experiments use greedy decoding and the all-mpnet-base-
v2? sentence encoder.

The input to the component generation step is a short de-
scription of the equipment type (e.g. ‘Electrical Submersible

*http://huggingface.co/sentence-transformers
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Pump’). Experiments used our propriety database of FMEAs
developed by SMEs and a variety of LLMs: Llama 3
(70B) (Touvron, Martin et al. 2023), Flan-UL2 (20B) (Tay
et al. 2023), and Mixtral 8x7B (8x7B) (Jiang et al. 2024a).
The database comprises 714 examples. For evaluation pur-
poses we divided the database into train (n=571; 80%), val-
idation (n=71; 10%) and test (n=72; 10%) splits. Examples
for ICL are drawn from the training split. Hyperparameters
such as the prompts, example selection criteria and output
lengths and CBBE hyperparameters were selected based on
the validation split.

Individual Models

For scale and practicality experiments we use DFSP (with 5
and 15 shots), rather than SDFSP. If all shots don’t fit in a
model’s input limit we drop the least relevant shots. This is
primarily an issue when using 15-shots with FLAN-UL2 as
it has a receptive field of 2048 tokens (Tay et al. 2023). We
consider three different permutations for ICL shots: Worst
Last - Ordered by most relevant to least relevant shot; Worst
First - Ordered by least relevant to most relevant shot; and
Worst Middle which places shots closer to the middle the
less relevant they are. For example, for 5-shot, where ¢ indi-
cates the ¢’th most relevant example, the Worst Last order-
ing is [0, 1, 2, 3, 4], Worst First ordering is [4, 3,2, 1, 0], and
the Worst Middle ordering is [0, 2,4, 3, 1]. The results of the
single model experiments are shown in Table 1.

Individual models performed this task well. Llama 3 is the
top performing model for the metrics SSEE Recall (0.605),
SSEE F1 (0.587) and ROUGE-1 (0.551), with Flan-UL2
producing the top score for SSEE Precision (0.63). Zero-
Shot performance was significantly lower than DFSP perfor-
mance, emphasizing the need for effective ICL techniques

Algorithm 2: Counter-Based Entity Ensembling
Given: Entity lists £;,Vi € {1,2,...,n}, a sentence en-
coder Sg, a similarity metric Spq, a similarity threshold
Tsim» @ count threshold 7., and a clustering algorithm
C(L,S8e,SMm, Tsim) which clusters the items in £ such
that two items @ and b are in the same cluster only if
Sm (Se (a),Se (b)) = Tsim-
: fori e {1,2,...,n} do
L Lduster Z C(L5, Se, St Taim)
Let £ =[] © Keep an element from each cluster
for each cluster cls in £E4t" do

L¥.append(e), e is an element of cls.
end for
: end for
cLetL=LY+LY+ ...+ LY
Lester —C(L, Se, Sng, Toim)
Let ﬁmerged — H
for each cluster cls in Lt do

if |cls| > Tent then

L£mer9ed gppend(e), e is an element of cls.

end if
end for
return £mer9ed

> Individual lists

1
2
3
4
5:
6
7
8

9:
10:
11:
12:
13:
14:
15:
16:




Model Method Shot Order Shots SSEE Recall SSEE Precision SSEE F1 ROUGE-1
Flan-UL2 Zero-shot  NA 0 0.047 0.218 0.077 0.102
Flan-UL2 DFSP Worst Last 5 0411 0.614 0.492 0.457
Flan-UL2 DFSP Worst Middle 5 0.423 0.599 0.495 0.457
Flan-UL2 DFSP Worst First 5 0.416 0.630* 0.501 0.466
Flan-UL2 DFSP Worst Last 15 0.470 0.604 0.529 0.502
Flan-UL2 DFSP Worst Middle 15 0.482 0.604 0.536 0.515
Flan-UL2 DFSP Worst First 15 0.471 0.604 0.529 0.514
Llama 3 Zero-shot ~ NA 0.176 0.165 0.171 0.180
Llama 3 DFSP Worst Last 5 0.499 0.526 0.512 0.481
Llama 3 DFSP Worst Middle 5 0.516 0.536 0.526 0.488
Llama 3 DFSP Worst First 5 0.521 0.551 0.535 0.494
Llama 3 DFSP Worst Last 15 0.605* 0.569 0.587* 0.548
Llama 3 DFSP Worst Middle 15 0.593 0.578 0.586 0.551%*
Llama 3 DFSP Worst First 15 0.583 0.561 0.571 0.523
Mixtral 8x7B Zero-shot NA 0.135 0.114 0.123 0.175
Mixtral 8x7B DFSP Worst Last 5 0.438 0.544 0.485 0.409
Mixtral 8x7B  DFSP Worst Middle 0.374 0.548 0.445 0.349
Mixtral 8x7B DFSP Worst First 0.449 0.506 0.476 0.397
Mixtral 8x7B  DFSP Worst Last 15 0.452 0.472 0.462 0.402
Mixtral 8x7B DFSP Worst Middle 15 0.448 0.460 0.454 0.375
Mixtral 8x7B DFSP Worst First 15 0.513 0.488 0.500 0.443

Table 1: Results of Individual Model Evaluation for FMEA Component Generation.

with this application. Again Llama 3 was the best perform-
ing individual model in zero-shot, with a ROUGE-1 score
of 0.18, whereas Flan-UL2 performed significantly worse
than the other models in this setting. In general, including 15
shots produced better results than 5 shots, except for SSEE
Precision, perhaps due to the inclusion of some irrelevant
content in the extra shots that the models sometimes fail to
filter. In terms of shot-ordering, no clear patterns were ob-
served that favoured a specific arrangement. However, var-
ious shot permutations provide valuable inputs for ensem-
bling approaches. The evaluation process also validated the
generated content’s structure, as the gold answers are struc-
tured and the SSEE metrics are responsive to structure as
well as text. This underscores the efficacy of our approach
for producing both accurate and structured responses. In
summary, individual models demonstrated strong perfor-
mance, and incorporating more shots generally improved re-
sults, except for SSEE Precision.

Ensembles

We also evaluate the CBEE ensembling approach on the test
split using the top three and the top five performing individ-
ual model, shot count and shot ordering triples on the vali-
dation split for the metric SSEE F1. The top five triples on
the validation split were Llama 3 Worst Middle, Flan-UL2
Worst First, Llama 3 Worst Last, Flan-UL2 Worst Middle
and Flan-UL2 Worst First, all with 15-shots. We report re-
sults for CBEE with a match threshold equal to 0.95, and
vary the count threshold across a range of values to explore
the balance between precision and recall. The results of the
ensemble experiments are shown in Table 2. The applica-
tion of ensemble methods leads to improvements across all
reported metrics. Specifically, the CBEE approach with a
count threshold of 1 exhibited an increase in recall of more
than 10%, reaching 0.669 compared to 0.605 for any single

response. CBEE with a count threshold of 5 achieved a re-
markable precision of 0.91, which is particularly impressive
given the difficulty of the task. The CBEE ensembling ap-
proach with count threshold set to 2 yielded the best results
in metrics that balance both precision and recall (ROUGE-
1 and SSEE F1). When comparing ensembles of the Best
5 to the Best 3, in general the former showed better recall,
while the latter had better precision. This highlights the im-
portance of considering both recall and precision when eval-
uating the performance of ensembling approaches. In sum-
mary, the CBEE ensemble method has been successful in
enhancing the performance of this task, as evidenced by the
improvements in recall and precision achieved.

User Feedback

We gathered user feedback on our application via survey
and individual interviews. We demonstrated our application
to an audience of SMEs at the Society for Maintenance
& Reliability Professionals* annual conference. Subsequent
polling revealed an overwhelming positive response to the
adoption of the tool if available, as well as to the balance we
struck between automation and supervision. Further, we en-
gaged an SME having decades of experience as a reliability
engineer to use our interactive system to generate 100 new
FMEAs for various equipment types. The expert took on av-
erage four hours to interactively generate, review and correct
a new FMEA. Even though the time for generating a new
document of good quality is still standing at several person-
hours, this represents a large improvement over the several
person days traditionally spent on this task (Cooper 2015).
Other feedback highlighted the importance of low-latency
for interactivity and a preference for concise responses.

*https://smrp.org/
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Model(s) Ensemble Method Threshold SSEE Recall SSEE Precision SSEE F1 ROUGE-1
Flan-UL2 Best 3 CBEE 2 0.468 0.630 0.532 0.504
Flan-UL2 Best 5 CBEE 2 0.494 0.609 0.545 0.513
Llama 3 Best 3 CBEE 2 0.578 0.624 0.600 0.564
Llama 3 Best 5 CBEE 2 0.629 0.536 0.579 0.528
Mixtral 8x7B  Best 3 CBEE 2 0.403 0.679 0.526 0.450
Mixtral 8x7B  Best 5 CBEE 2 0.556 0.534 0.545 0.496
Many Best 3 CBEE 1 0.663 0.484 0.560 0.504
Many Best 5 CBEE 1 0.669 0.457 0.543 0.490
Many Best 3 CBEE 2 0.558 0.658 0.604 0.559
Many Best 5 CBEE 2 0.610 0.584 0.597 0.567
Many Best 3 CBEE 3 0.365 0.877 0.515 0.427
Many Best 5 CBEE 5 0.309 0.910 0.461 0.370

Table 2: Results of Ensemble Evaluation for FMEA Component Generation.

Deployment Considerations

Deployment of our system targets complex enterprise set-
tings where users may not be familiar with the technology of
LLMs. On the system side, even though preferred software
components are rapidly evolving, our application needs to
support deployment environments both in the cloud and on-
premise.

We address these system requirements with a loosely cou-
pled container-based architecture (c.f., Figure 3). Users in-
teract with a web UI that communicates with a web ser-
vice with endpoints for each step in the FMEA genera-
tion process. Both the Ul and web service are packaged
and deployed separately as stateless applications, enabling
horizontal scaling to support the required workload. The
web service implements the in-context learning, structured
generation and ensemble approaches used in our applica-
tion. The service receives input from clients and in turn re-
trieves similar examples from the vector database, prompts
the LLM service(s), and returns the parsed response to the
user. The decoupling of the service and interface allows for
easier integration with different systems, including an enter-
prise asset management solution and a suite of tests.

This design delegates LLM inferencing and vector
database functionality to external services for flexibility and
scalability. For example, customer deployments can include
additional vector databases with their own FMEA collec-
tions. Also, deployments can flexibly choose their preferred
LLM provider or model. While this flexibility is required in
modern enterprise deployment it proves to be a challenge
given the vast array of providers in the market and a lack of
standardised APIs. Our system relies on both in-house and
community driven® abstractions to interface with the back-
end services. This allows users to transparently choose be-
tween back-end technologies.

Back-end inferencing endpoints by necessity limit the
number of concurrent requests a caller can make, which di-
rectly effects the response time users experience. Our web
service decomposes LLM calls in the pipeline to take maxi-
mum advantage of the available concurrency.

In summary we deploy our application via stateless con-
tainers that communicate over HTTP(s) to promote scalabil-

>https://github.com/langchain-ai/langchain
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Figure 3: Architecture of the container based system deploy-
ment with its boundary and interface to external services.

ity and interoperability with different systems including an
enterprise asset management solution.

Conclusions

This paper presents an application for creating structured
FMEA documents using LLMs. Primary contributions in-
clude an ensemble technique for merging structured LLM
outputs, and metrics for validating structured LLM re-
sponses. Quantitative and qualitative evaluations confirm the
efficacy of our approach in providing productivity enhance-
ment in a specialised quality sensitive domain. An SSEE
precision of 0.91 is a specific highlight of the empirical
study. We hope that the proposed solution will prove ben-
eficial to others in generating and evaluating structured con-
tent through LLMs. Future efforts will focus on finalising
deployment to end-users as well as investigating alternative
approaches aimed at enhancing content quality, such as syn-
thetic data generation and task-specific fine-tuning. In sum-
mary, this paper introduces a labour saving application of
LLMs using novel approaches in structured document gen-
eration and evaluation, supported by empirical and qualita-
tive evidence, and a clear path to product deployment.
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