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Abstract

Wind energy project assessments present sig-
nificant challenges for decision-makers, who
must navigate and synthesize hundreds of
pages of environmental and scientific docu-
mentation. These documents often span differ-
ent regions and project scales, covering mul-
tiple domains of expertise. This process tra-
ditionally demands immense time and special-
ized knowledge from decision-makers. The ad-
vent of Large Language Model (LLM)s and
Retrieval Augmented Generation (RAG) ap-
proaches offer a transformative solution, en-
abling rapid, accurate cross-document infor-
mation retrieval and synthesis. As the land-
scape of Natural Language Processing (NLP)
and text generation continues to evolve, bench-
marking becomes essential to evaluate and
compare the performance of different RAG-
based LLMs. In this paper, we present a com-
prehensive framework to generate a domain
relevant RAG benchmark. Our framework is
based on automatic question-answer genera-
tion with Human (domain experts)-Al (LLM)
teaming. As a case study, we demonstrate
the framework by introducing WeQA, a first-
of-its-kind benchmark on the wind energy do-
main which comprises of multiple scientific
documents/reports related to environmental as-
pects of wind energy projects. Our framework
systematically evaluates RAG performance us-
ing diverse metrics and multiple question types
with varying complexity level, providing a
foundation for rigorous assessment of RAG-
based systems in complex scientific domains
and enabling researchers to identify areas for
improvement in domain-specific applications.

1 Introduction

In recent years, the advancements in LLM have
revolutionized various natural language processing
tasks, including text and response generation. How-
ever, text generation using LLM often encounters
challenges such as generating irrelevant or incoher-
ent outputs, perpetuating biases ingrained in the

training data, and struggling to maintain context
and factual accuracy (Wu et al., 2024). These is-
sues pose significant obstacles to achieving human-
level performance in automated text generation sys-
tems. RAG effectively mitigates these common
challenges by incorporating retrieved information
to enhance coherence and factual accuracy, thus
minimizing the generation of fictitious or irrelevant
content (Gao et al., 2024; Lewis et al., 2021). Fur-
thermore, concurrent works suggest RAG is the
most sought approach for adapting models towards
accelerating repetitive and data intensive tasks in
niche scientific domain such as nuclear, renewable
energy, environmental policy, etc. (Munikoti et al.,
2024a,b; Phan et al., 2023). While RAG-based sys-
tems have demonstrated promising capabilities in
streamlining document analysis tasks across var-
ious professional domains, their integration into
critical decision-making processes like permitting
wind energy projects remains constrained due to
legitimate concerns about trust and reliability.

In this work, we create benchmarks to assess
RAG-based LLLM performance in the domain of
permitting wind energy projects. Environmental
Impact Statements (EIS) represent the cornerstone
documentation within this permitting landscape,
serving as comprehensive analyses that evaluate
the potential environmental consequences of pro-
posed wind energy developments. These docu-
ments play a pivotal role in promoting informed
decision-making by ensuring transparency and in-
corporating diverse stakeholder perspectives into
the approval process (Bond et al., 2024). By provid-
ing detailed evaluations of environmental effects,
alternatives analysis, and mitigation measures, EIS
documentation facilitates the responsible develop-
ment of wind energy infrastructure while building
public trust at the same time.

As RAG-based LLMs gain traction for domain-
specific applications such as wind energy permit-
ting, their effectiveness must be rigorously assessed
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through robust benchmarks to ensure its practical
utility and reliability (Chen et al., 2023a). Estab-
lishing high-quality benchmarks is essential to eval-
uate their abilities to perform regulatory-focused
reasoning, accurately interpret complex EIS doc-
uments, and support logical deductions grounded
in the documents. Such benchmarks facilitate sys-
tematic assessment of how well RAG-based LLMs
can handle the nuanced requirements of the do-
main (Xiong et al., 2024). A robust evaluation
framework allows researchers and practitioners
to investigate the impact of retrieval strategies,
model architectures, and training data, on the per-
formance of RAG, while building confidence in
automated tools for critical environmental decision
making (Ray, 2023).

In benchmarking RAG for wind energy project
permitting applications, it is crucial to evaluate its
performance across a diverse set of questions that
reflect the complexity and variability of real-world
permitting scenarios (Lyu et al., 2024). A set of
well curated and diverse questions enable a com-
prehensive assessment of RAG’s ability to interpret
EIS documents, analyze environmental impacts,
evaluate regulatory compliance, and generate co-
herent responses to permitting-related queries that
practitioners encounter during wind energy project
review processes. To generate such questions, au-
tomated methods leveraging NLP techniques can
be employed, including rule-based approaches that
capture language patterns from relevant documents,
template filling methods that incorporate wind en-
ergy terminologies, and neural network-based mod-
els that can efficiently create diverse question sets
by leveraging the semantic relationships inherent
in EIS and other documents related to wind energy
projects.

Human-curated questions offer a level of lin-
guistic richness and contextual relevance that may
be challenging to achieve solely through auto-
mated generation methods, particularly in special-
ized domains such as wind energy project permit-
ting (Zhang et al., 2024). By leveraging human
expertise and domain knowledge, curated question
sets can encompass a broader spectrum of linguis-
tic variations, domain-specific considerations, and
nuanced semantics (Ribeiro et al., 2020), provid-
ing a more comprehensive evaluation of RAG’s
performance across diverse scenarios and applica-
tions (Thakur et al., 2021). Combining automated
generation with human curation for benchmark-
ing RAG offers a synergistic approach to ensure

both efficiency and quality in question sets. This
hybrid approach leverages the strengths of both au-
tomated and human-driven processes, that provide
efficient and robust evaluation metrics for RAG’s
performance.

In this work, we present a hybrid workflow to
benchmark RAGs, which combines rapid question
generation through automated methods, augmented
with properly designed human prompts to gener-
ate diverse set of questions. Our proposed bench-
marking framework is used to generate questions
from EIS and other research documents related
to environmental impact of wind energy projects.
The extensive question-answer dataset serve as a
tool to evaluate the performance of RAG-based
LLMs, which are designed to answer queries re-
lated to these extensive and comprehensive doc-
uments. Given the vast amount of information
contained in these documents, manually reviewing
them is impractical, making RAG-based LLMs es-
sential for generating accurate responses to specific
queries. Our benchmarking framework assesses
the effectiveness of these models in accurately re-
trieving and responding to queries, ensuring that
they can reliably process and provide relevant in-
formation from the documents.

Contributions The paper introduces a novel
benchmark dataset for question-answering (QA)
task in a specific domain and also proposes a
generic framework to evaluate the RAG-based
LLM responses to different entries in the bench-
mark. This framework is designed to be adaptable
across various domains, with a specific focus on
documents related to wind energy project permit-
ting in this study. The contributions of this research
are as follows:

Novel domain-specific benchmark. We
present WeQA,'! the first comprehensive bench-
mark QA dataset specifically designed for the
wind energy domain, addressing the gap in
specialized evaluation datasets for wind energy
project permitting.

Domain-agnostic framework. Our proposed
benchmark creation and LLM evaluation frame-
work is domain-agnostic and can be tailored for
any desired niche domain, enabling researchers
to adapt the methodology for various specialized
fields beyond wind energy.

!'This benchmark will be made publicly available.
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Hybrid question generation. We introduce a
hybrid method that automatically generates diverse
question types with varying complexity levels, pro-
ducing both objective and subjective responses
across different document sections to comprehen-
sively evaluate LLM performance.

Scalable evaluation methodology. We utilize
established scoring frameworks like RAGAS (Es
et al., 2023) and incorporate multiple LLMs as
judges, ensuring scalability, reproducibility, and
comprehensive performance assessment of RAG-
based systems.

2 Related Works

There have been a lot of work in the field of bench-
marking, particularly for question answering (QA)
task. These can be broadly divided into general QA
and domain-specific QA.

General QA benchmarks. These bench-
marks have established foundational evalua-
tion frameworks for reading comprehension and
knowledge retrieval tasks. = Notable general
QA benchmarks include reading comprehension
datasets such as the Stanford Question Answer-
ing Dataset (SQuAD) (Rajpurkar et al., 2016)
and MCTest (Richardson et al., 2013), reasoning-
focused benchmarks like the AI2 Reasoning Chal-
lenge (ARC) (Clark et al., 2018), and comprehen-
sive evaluation suites such as GLUE (Wang et al.,
2018) and Big Bench (Srivastava et al., 2022). Ad-
ditional benchmarks targeting open-domain knowl-
edge include CommonsenseQA (Talmor et al.,
2018), TriviaQA (Joshi et al., 2017), Search
QA (Dunn et al., 2017), and NewsQA (Trischler
etal., 2016).

Domain-specific QA benchmarks. Recogniz-
ing the limitations of general benchmarks for spe-
cialized applications, researchers have developed
domain-specific evaluation frameworks that cap-
ture the unique linguistic patterns, technical ter-
minology, and reasoning requirements of partic-
ular fields. While scientific benchmarks such as
MMLU (Hendrycks et al., 2020), SciBench (Wang
et al., 2023), SciQ (Welbl et al., 2017), SciRepE-
val (Singh et al., 2022), SciQA (Auer et al.,,
2023), and QASA (Lee et al., 2023) are used for
multi-disciplinary scientific QA evaluations, field-
specific benchmarks include TheoremQA (Chen
et al., 2023c) for mathematics, emrQA (Pampari
et al., 2018) for medicine, BioRead (Pappas et al.,
2018) and BioMRC (Pappas et al., 2020) for bi-
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ology, LawBench (Chen et al., 2023b) for legal,
and NuclearQA (Acharya et al., 2023) for nuclear
domains.

For environmental assessment specifically,
benchmarks such as EnviroExam (Huang
et al., 2024) for environmental science QA and
NEPAQuAD (Phan et al., 2023) for Environmental
Impact Statement (EIS) documents have emerged.
However, to our knowledge, no benchmarks exist
specifically for wind energy project permitting,
making the proposed WeQA benchmark the first
comprehensive benchmarking effort in this critical
domain.

3 Dataset Creation

In this paper, we focus on wind energy-related doc-
uments to enable the RAG-based LLMs to answer
questions specific to this field. We gather PDF
documents, including research articles and environ-
mental impact studies published by the Department
of Energy (DOE) under the National Environmen-
tal Policy Act (NEPA). Accessing information from
this vast database is not straightforward, necessi-
tating the need for a trained LLM to accurately
retrieve and answer questions from the provided
context. The challenge is to ensure that the model’s
responses are based on the actual documents and do
not hallucinate information. By using RAG-based
LLMs, we aim to enhance the reliability and accu-
racy of responses related to wind energy, leveraging
the rich information within our extensive document
collection. This approach ensures that the informa-
tion provided is both relevant and grounded in the
sourced material.

We constructed a data extraction and curation
pipeline to extract text, image, and table informa-
tion from wind energy-related documents as de-
picted in the ‘data curation pipeline’ in Figure 1.
Utilizing large language model (LLM) based meth-
ods such as the Unstructured.io tool (Raymond,
2023), we efficiently extracted information and
converted it into JSON elements. To ensure data
quality, we implemented a filtering step to remove
images without meaningful content, such as dec-
orative elements or blank spaces. These filtered
JSON elements were then organized into a schema,
creating a page-wise assortment of text, table, and
image elements. This structured format ensures
that the extracted data is easily accessible and can
be accurately referenced during model training and
evaluation.
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Figure 1: An overview of the proposed RAG benchmarking framework. Multiple versions of hybrid questions are
generated from specific text chunks of source documents with human-in-the-loop to review them. These questions
are used as prompts for the LLM or RAG model under test.

4 Methodology

While past works have generally preferred to use
crowdsourcing as a way to craft datasets and bench-
marks (Sap et al., 2019; Acharya et al., 2021), we
choose to automated methods for benchmark ques-
tion generation. Automatically generating bench-
marking questions using GPT-4 allows for efficient
and scalable evaluation of other LLMs and RAG.
However, this approach can introduce errors, lead-
ing to poor quality of questions being generated.
This makes it essential to incorporate a human-
in-the-loop for reviewing and refining the ques-
tions and responses. This paper proposes hybrid
approaches, where automated methods are com-
bined with human curation to ensure the accuracy
and reliability of the benchmarking process. By
leveraging both machine and human expertise, we
can achieve more robust and comprehensive bench-
marking framework.

Figure 1 provides an overview of the proposed
LLM benchmarking framework. The core of the
benchmarking framework is the question genera-
tion aspect, where automatic generation of ques-
tions forms the foundation. We combine this with
human curation to select high-quality questions,
ensuring relevance and clarity. Corresponding an-
swers to these questions are then validated by hu-
mans, establishing a reliable ground truth. This
curated set of questions and validated answers is
used to evaluate the responses of other LLMs and

RAG models.

Different question types. We generate multiple
types of questions, including closed, open, com-
parison, evaluation, recall, process, and rhetorical
questions. This diversity ensures a comprehensive
benchmarking process, as each question type as-
sesses different aspects of the models’ capabilities.
By incorporating a wide variety of questions, we
can more effectively evaluate and compare the per-
formance of LLMs and RAG models across various
dimensions. This approach provides a holistic view
of their strengths and weaknesses.

Each of these question type evaluates different
capabilities of the LLM under test. Open ques-
tions require models to generate detailed, free-form
responses, testing their ability to construct coher-
ent and informative answers. Comparison ques-
tions ask models to compare and contrast different
concepts or entities, assessing their analytical and
comparative reasoning skills. Evaluation questions
require models to make judgments or provide as-
sessments, gauging their ability to evaluate infor-
mation critically. Recall questions focus on the
model’s ability to retrieve and reproduce specific
information from memory, testing their factual ac-
curacy. Process questions ask models to explain
processes or sequences of actions, evaluating their
understanding of procedures and logical progres-
sion. Rhetorical questions are used to test the mod-
els’ grasp of nuances in language and their ability
to recognize and appropriately respond to questions
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that may not require direct answers.

We present two complementary approaches for
hybrid question generation to support comprehen-
sive LLM benchmarking. The Hybrid Prompt Ap-
proach employs engineered prompts to generate
high-quality, curated questions, while the Hybrid
Context Approach leverages text summarization
to create questions that require broader contextual
understanding. The detailed prompts used for ques-
tion generation across both approaches are pro-
vided in the Appendix.

Hybrid Prompt Approach. We utilize GPT-4 to
automatically generate questions from given text
chunks through carefully designed prompts tailored
to each question type. To enhance question quality,
we implement a manual curation process where
domain experts identify exemplary questions that
effectively assess LLM capabilities for benchmark-
ing purposes. This curation is performed system-
atically across all question types, ensuring that
each category incorporates appropriate grammati-
cal structures and complexity levels. These curated
questions subsequently serve as few-shot examples
to guide the automatic question generation frame-
work, improving the overall quality and consistency
of generated questions.

Hybrid Context Approach. The initial approach
primarily generates questions at the sentence level
by substituting subjects or objects with interrog-
ative words, which proves adequate for ‘closed’,
‘open’, and ‘recall’ type questions where answers
can be directly extracted from the text. However,
‘process’, ‘evaluation’, and ‘comparison’ questions
require deeper inferential reasoning across larger
text segments. To address this limitation, we first
employ GPT-4 to summarize extensive text chunks
(typically exceeding 15 sentences) into concise
summaries containing 5-8 sentences. We then
generate questions from these summarized chunks
using the hybrid prompt methodology combined
with curated sample questions, ensuring that the
resulting questions necessitate comprehensive un-
derstanding and synthesis of broader contextual
information.

Questions from tables. An essential compo-
nent of benchmarking RAG-based LLMs within
research articles and reports involves evaluating
their capability to retrieve and interpret tabular in-
formation. Tables represent critical content ele-
ments within research documents, frequently con-
taining comprehensive summaries and key quan-
titative data that encapsulate the essence of entire

Table 1: Question types in the WeQA benchmark

Type #Questions % Questions
Closed 382 18%
Comparison 393 19%
Evaluation 273 13%
Rhetorical 324 16%
Process 172 8%
Recall 258 12%
Open 270 13%

sections or studies. To address this requirement,
we extract tabular data in HTML format and sys-
tematically organize it within our JSON schema
framework. This HTML-formatted tabular data
is subsequently incorporated into our prompt en-
gineering pipeline to generate targeted question-
answer pairs that specifically assess the model’s
proficiency in understanding and reasoning over
structured tabular information.

Figure 2 illustrates the diverse question-answer
pairs generated from the introduction section of a
document (Invenergy, 2014) using our proposed
methodology. We demonstrate the Hybrid Context
approach where the section content is first sum-
marized into a concise form, and subsequently, tar-
geted QA pairs are generated from this summarized
context to ensure comprehensive coverage of key
concepts. Table 1 presents the statistical distribu-
tion of different question types within the WeQA
benchmark, providing insights into the composition
and balance of our evaluation dataset.

5 Results and Discussion

Experimental setup. We conduct a compre-
hensive evaluation of three state-of-the-art
LLMs—GPT-4, Gemini, and Claude—on our
WeQA benchmark within a RAG framework
Knowledge extraction is performed from wind
energy documents to create vector embeddings as
shown in the data-curation pipeline in Figure 1,
which are subsequently stored in a vector database
to enable retrieval-augmented generation capabili-
ties. We employ the RAGAS evaluation framework,
leveraging judge LLMs to provide systematic
assessment of model performance across multiple
dimensions. The evaluation encompasses key
metrics including answer correctness, context pre-
cision, and context recall, offering comprehensive
insights into each model’s proficiency in both
retrieving relevant information and generating
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Illinois (Woods et al.2007). The Central Corn Belt Plains ion is of vast

Context: INTRODUCTION _EL_ Invenergy LLC (Invenergy) is proposing to develop a wind-energy facility in Livingston County, Illinois.
and implement a standardized protocol for baseline studies of bat use in the Pleasant Ridge Wind Resource Area (PRWRA) for the purpose of estimating the impacts of the wind-energy facility on bats. The
protocol for this baseline study is similar to protocols used at other wind-energy facilities in the US and involves passive acoustic sampling using Anabat ™
final report describing the results of Anabat surveys during the 2009 study season within the proposed PRWRA. In addition to site-specific data, this report presents existing information and results of bat
monitoring studies conducted at other wind-energy facilities. Where possible, comparisons with regional and local studies were made. _EL_ STUDY AREA _EL_The PRWRA is approximately 109,278 acres
(170.75 square miles [mi*]) in size and is located in southern Livingston County, Illinois. Ford County borders the south and eastern edges and McLean County borders the west edge of the PRWRA near the town
of Fairbury (Figure 1). According to the National Landcover Dataset (USGS NLCD 2001), the dominant landcover type within the PRWRA is cultivated cropland (com [Zea mays] and soybean [Glycine max]),
comprising 92.3% (100,866 acres; 157.60 mi”) of the total land area. Developed areas are the second most common cover type, comprising 5.1% (5,573 acres; 8.71 mi *) of the PRWRA and are generally
confined to the town of Strawn, farms, and homesteads. Pasture/hayfields and deciduous forests occupy 1.2% of the study area each (1,327 and 1,320 acres [2.07 and 2.06 mi 1, respectively), and the remaining
area is comprised of small amounts of woody wetlands, barren land, open water, and grassland. The PRWRA falls within the Central Corn Belt Plains Ecoregion, which encompasses a large portion of central

Western

Inc. (WEST) develop

ic SD1 bat

_EL_The ingisa

ing corn, and i

\

plains and is
originally dominated by tall- grass prairie and had scattered groves of trees and marshes occurring on level uplands. Today, most of the Ecoregion has been cleared to make way for highly productive farms
Streams within the Central Corn Belt Ecoregion have been tilled, ditched, and tied into existing drainage systems, which has caused a reduction in the amount of
aquatic habitat. Streams running through the PRWRA are channelized; however, there are natural streams that include Indian Creek, a tributary to the Vermilion River, and the South Fork of the Vermilion River.

with sand sheets and dunes. Much of the Central Corn Belt Plains Ecoregion was

Summary:
- Invenergy LLC proposes to develop a wind-energy facility in Livingston County, Illinois.
- Invenergy tasked WEST to implement a protocol for bat baseline studies in the PRWRA.

inthe US.

- The study uses passive acoustic sampling with Anabat ic bat a standard app

- The PRWRA covers approximately 109,278 acres in southern Livingston County.
- Neighboring counties are Ford to the south and east, and McLean to the west near Fairbury.

- Developed areas represent 5.1% of the land and include the town of Strawn, farms, and homes.

- The report describes results from the 2009 Anabat surveys and compares them to other wind-energy facility studies.

- Dominant landcover is cultivated cropland, primarily corn and soybean, accounting for 92.3% of the area.

- The land has 1.2% of pasture/hayfields and the rest is a mix of deciduous forests, wetlands, open water, and grassland.
- The region was once tall-grass prairie with scattered groves and marshes, now mainly converted for agriculture, with modified stream habitats.

Closed
Question: Is Invenergy LLC planning to build a wind-
energy facility in Livingston County, Illinois?
Answer: Yes.

Question: What s the process implemented by WEST for
conducting bat baseline studies for the wind-energy
facility proposed by Invenergy LLC?

Answer: The process involves using passive acoustic
sampling with Anabat ultrasonic bat detectors as a
standard approach to conduct the bat baseline studies.

Rhetorical

Q Comp to pastul yfi and deciduous
forests, how much more land does cultivated cropland
occupy within the PRWRA?

Answer: Cultivated cropland occupies approximately
91.1% more land than each pasture/hayfields and
deciduous forests in the PRWRA.

the purpose?

assess wind facility impacts on bats.

Question: Who did Invenergy LLC engage to conduct bat
usage studies for their wind energy facility, and what was

Answer: Invenergy engaged Western EcoSystems
Technology, Inc. (WEST) to conduct bat usage studies to

N
Question: Given the historical transformation of the region, shouldn't the
environmental impact assessment of the wind-energy facility pay particular
attention to the remnant natural habitats?

Answer: Yes, the environmental impact assessment should pay attention to the
remnant natural habitats due to the area's history of being once tall-grass prairie
with diverse ecosystems now mainly converted for agriculture.

J J

Figure 2: Different types of questions generated from the “introduction” section of a report (Invenergy, 2014)
generated by the hybrid context approach. The section from the original document is first summarized and the
question-answer pairs are generated from the summarized text chunk.

accurate responses from the provided context. For
the judge LLM component, we utilize both GPT-4
and Gemini-1.5Pro to ensure robust and unbiased
evaluation of the assessed models’ performance.
Figure 3 presents the answer correctness score,
while the context precision and context recall
depicted in Table 3 (added in Appendix) show
the ability of the models to retrieve the context
accurately.

Observation 1 The observed answer correctness
scores are notably low, indicating a robust and
challenging benchmark.

Specifically, "evaluation" and "comparison" type
questions yield nearly zero answer correctness
scores for all models, highlighting their difficulty
in responding. Recall that, these challenging ques-
tions were crafted from summaries of text chunks
rather than the text chunks themselves, further com-
plicating the models’ ability to generate correct an-
swers. This underscores the complexity and rigor
of the benchmarking process, emphasizing the need
for models to improve their understanding and con-
textual extraction capabilities.

Observation 2 There is an alignment in evalua-
tions made by the two judge LLMs used within the
RAGAS framework, particularly visible for ‘closed’
type questions.

This similarity arises because the answers to these
questions are objective (‘yes’ or ‘no’), leading to
equivalent correctness evaluations by both models.
Although there are some mismatches in the evalu-
ations made by the two judge LLMs, the number

of these discrepancies is insignificant compared to
the number of matching evaluations.

Figure 4 displays the confusion matrix illustrat-
ing the evaluations made by the two judge LLMs
(GPT-4 and Gemini-1.5Pro) on the responses pro-
vided by the RAG-based Claude and GPT-4 mod-
els to the benchmarking questions. In this context,
a true positive occurs when the judge LLM cor-
rectly identifies the model response as matching
the ground truth. Conversely, a false positive arises
when the judge LLM incorrectly states that the
model response matches the ground truth, while it
does not. This matrix helps visualize the accuracy
and reliability of the evaluations conducted by the
LLMs, when used within the RAGAS framework.
We note that majority of evaluations made by either
judge LLM matches the actual evaluation which
indicates that both of them are reliable.

Observation 3 Comparison between ‘closed’ and
‘open’ type questions within the same section re-
veals a higher answer correctness for responses to
‘open’ type questions than ‘closed’ type questions.

From this observation, we conclude that RAG-
based models generate more accurate subjective
responses to ‘open’ questions than objective (‘yes’
or ‘no’) responses for ‘closed’” questions. This phe-
nomenon may stem from the inherent design of
LLMs, which are optimized for generating exten-
sive text sequences and may struggle with the preci-
sion required for definitive binary responses. This
suggests that these models perform better when
tasked with generating detailed, context-rich an-
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Figure 3: Answer correctness scores computed using the RAGAS scoring framework with GPT-4 and Gemini-
1.5Pro as judge models for response generated by all three models used.

swers rather than simple, binary ones, highlighting
their strength in handling nuanced and complex
queries.
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Figure 4: Confusion Matrix for evaluations by judge
LLMs on responses from Claude (top) and GPT-4 (bot-
tom) models

Observation 4 The answer correctness scores for
questions derived from the “Introduction” section
are higher compared to those from other sections.

This is because the “introduction” section is typi-

cally longer, more similar to other documents, and
often includes a related works section, which aligns
closely with content found in many other docu-
ments. As a result, the RAG-based LLMs can
more easily extract relevant information to answer
questions accurately, leading to higher correctness
scores. Additionally, the content in the “introduc-
tion” section is primarily text-based, unlike other
sections which contain equations, tables, and fig-
ures. Therefore, the models provide more accurate
responses to questions from the “introduction” sec-
tion compared to those from other sections.

Observation 5 The answer correctness scores for

‘rhetorical’ questions are lower than those for other

question types.

This is because ‘rhetorical’ questions lack definite
answers in the documents, making it challenging
for the models to retrieve the appropriate context
and provide correct responses. The absence of
clear, concrete answers in the source material com-
plicates the models’ ability to generate accurate
and relevant responses, leading to lower correct-
ness scores for this question type.

Observation 6 Evaluations made by Gemini-
1.5Pro on the responses generated by all three
LLMs are higher than the evaluations made by
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GPT-4, with the responses from Gemini LLM re-
ceiving significantly higher scores.

Figure 5 shows the scores computed by the judge
LLMs for the responses generated by the three
RAG-based LLMs. The Gemini-1.5Pro judge tends
to rate high scores even when the LLMs refuse to
answer. An example is listed below:

Evaluation comparison of LLM generated
answer

Question: In the HTML table that estimates the an-
nual number of bird collisions at different percentages
of avoidance, what is the estimated number of colli-
sions per year at 98.0% avoidance?

Expected answer: The estimated number of colli-
sions per year at 98.0% avoidance is 152.

Gemini generated answer: This question cannot be
answered from the given source. While the text dis-
cusses bird collisions with wind turbines, it does not
provide any data on estimated collision numbers at
different avoidance rates.

GPT-4 score: 0.194

Gemini-1.5Pro score 0.813

\ J

Conversely, in instances where the LL.Ms gen-
erate correct answers, Gemini-1.5Pro has been ob-
served to evaluate them as incorrect; such as:

Evaluation comparison of LLM generated
answer

Question: Who is the GIS Technician in the ‘STUDY
PARTICIPANTS’ table?

Expected answer: JR Boehrs

Gemini generated answer: Saif Nomani JR Boehrs
was the GIS Technician.

GPT-4 score: 0.703

Gemini-1.5Pro score: 0.200

6 Conclusion

In conclusion, this paper presents a versatile frame-
work for evaluating the performance of RAG-based
LLMs across various question types and document
sections. We showcase this by introducing a hybrid,
automated question-generation method that ensures
comprehensive coverage of both objective and sub-
jective queries, and implement this for the use case
of wind energy related document and present the
WeQA benchmark, which is a first of its kind bench-
mark in wind energy domain. However, the useful-
ness of our work goes beyond this niche domain as
our approach is domain-agnostic, meaning it can be
used for creating benchmark for any domain. Addi-
tionally, our use of the RAGAS scoring framework
allows for a thorough evaluation of model perfor-
mance, offering a holistic assessment of LLM ca-
pabilities, while also having the advantage of being
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Figure 5: Answer correctness (top left), answer similar-
ity (top right), context precision (bottom left) and recall
(bottom right) scores across different judge and genera-
tor models.

easy for other researchers to adapt this approach
for their own work.

7 Limitations

A limitation of the proposed framework is that the
automatic method of generating questions often
produces queries that are too specific to the docu-
ment from which they were derived. When these
questions are posed to an LLM with a large doc-
ument corpus, the model may struggle to respond
accurately, necessitating the filtering of ambigu-
ous questions to ensure relevance and clarity. Ad-
ditionally, the RAGAS scoring framework, which
relies on LLMs as judges, introduces uncertainty
in performance metrics, as different judge LLMs
may score responses differently. While compar-
isons can be made for questions with objective
responses, evaluating and comparing subjective re-
sponses across different LLMs remains challenging
and less consistent. Another limitation of this study
is the absence of comprehensive ablation studies,
including comparisons between RAG-enabled and
non-RAG configurations, which would provide
deeper insights into the specific contributions of
retrieval mechanisms to model performance.

8 Ethical Considerations

While we do not anticipate the novel work pre-
sented here to introduce new ethical concerns in
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and by themselves, we do recognize that there may
also be pre-existing concerns and issues of the data,
models, and methodologies we have used for this
paper. We acknowledge that researchers should not
“simply assume that [...] research will have a net
positive impact on the world” (Hecht et al., 2021).
In particular, it has been seen that Large Language
Models (LLMs), like the ones used in this work,
exhibit a wide variety of bias — e.g., religious, gen-
der, race, profession, and cultural — and frequently
generate answers that are incorrect, misogynistic,
antisemitic, and generally toxic (Abid et al., 2021;
Buolamwini and Gebru, 2018; Liang et al., 2021;
Nadeem et al., 2021; Welbl et al., 2021). How-
ever, when used within the parameters of our ex-
periments detailed in this paper, we did not see
such behaviour from any of the models. To our
knowledge, when used as intended, our models do
not pose additional ethical concerns than any other
LLM.
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A Prompts used to generate QA pairs
using Hybrid Prompt Approach

In this section, we detail the various prompts used
to create the different types of questions in the
WeQA benchmark dataset. First, we show the
prompt to generate questions from a given text

chunk. We use curly braces to denote placeholders
for the different inputs to the prompt.

Prompt with placeholder

Generate {number of questions} questions given
the content provided in the following paragraph. Re-
strict the type of questions to {question type} ques-
tions.

{Text chunk from document section }

We curate the generated questions, where do-
main experts manually identify the questions which
are best suited for the purpose of benchmarking
LLMs. We perform this process for each type of
question, so that we include particular grammati-
cal structures for each question type. Thereafter,
we use these curated high-quality questions as few-
shot examples to regenerate questions using the
automatic question generation framework. The up-
dated prompt along with the placeholders looks as
follows:

Prompt with placeholder

Generate {number of questions} questions given
the content provided in the following paragraph. Re-
strict the type of questions to {question type} ques-
tions.

{ Text chunk from document section }

You can generate similar questions (but not limited)
to sample questions provided below.

{Sample question 1}

{Sample question 2}

{Sample question 3}

B Prompts used to generate QA pairs
using Hybrid Context Approach

We use the following prompt to summarize a doc-
ument section from which the questions are to be
generated.

Prompt with placeholder

You are a smart assistant. Can you summarize this
input paragraph within {number of points} bullet
points. Return the summarized text.

Input paragraph: {Text chunk from document to
summarize }

Thereafter, we use the earlier prompt to generate
questions from this summarized text chunk. We
add the few-shot example questions which are iden-
tified by the domain experts for each question type.

249


https://arxiv.org/abs/2310.14724
https://arxiv.org/abs/2310.14724
https://arxiv.org/abs/2310.14724
https://arxiv.org/abs/2402.13178
https://arxiv.org/abs/2402.13178
https://arxiv.org/abs/2402.01722
https://arxiv.org/abs/2402.01722
https://arxiv.org/abs/2402.01722

Prompt with placeholder

Generate {number of questions} questions given
the content provided in the following paragraph. Re-
strict the type of questions to {question type} ques-
tions.

{Summarized text chunk from document section }
You can generate similar questions (but not limited)
to sample questions provided below.

{Sample question 1}

{Sample question 2}

{Sample question 3}

C Prompts used to generate QA pairs
from tables

We extract the tabular data from documents as
HTML objects in the filtered JSON schema. We
use the following prompt to generate question-
answer pairs from the tabular data.

Prompt with placeholder

Generate {number of questions} questions given
the table provided in HTML format in the following
paragraph? Generate the questions keeping in mind
that the caption of the table is {Table caption ob-
tained from document.}

Restrict the questions such that the answers can be re-
trieved from the provided table in the HTML format.
For each question, return 3 lines: question/ answer/
proof. Make sure there are no newline characters in
the proof.

Input table:{Table in HTML format extracted
from document}

\. J

We show an example QA pair generated from a
table obtained from a document (Invenergy, 2014).
Table 2 shows the table from the document for
reference. An example QA-pair generated from
this table is provided here.

LLM generated question-answer pair

Question: What is the acreage of Cultivated Crops
within the Pleasant Ridge Project Area based on the
National Land Cover Database in May of 2014?
Answer: The acreage of Cultivated Crops within the
Pleasant Ridge Project Area is 55,946 acres.

Proof: The table entry under the “Habitat” column
for “Cultivated Crops” corresponds with the en-
try under the “Acres [Hectares]” column that reads
“55,946[22,641]

D Context Recall and Context Precision

We utilize RAGAS context recall and precision met-
rics to evaluate the retrieval performance of our
RAG-based systems, where context recall measures
the proportion of relevant information successfully
retrieved from the knowledge base, and context

Table 2: Land Cover Types, Coverage, and Composition
within the Pleasant Ridge Project Area, Based on National
Land Cover Database in May of 2014 (Invenergy, 2014)

Habitat Acres [Hectares] % Composition
Cultivated Crops 55,946[22,641] 92.6
Developed 3,432[1,389] 5.7
Deciduous Forest 451[183] 0.7
Hay/Pasture 347[140] 0.6
Open Water 122[49] 0.2
Woody Wetlands 111[45] 0.2
Barren Land 19[8] 0.0
Herbaceous 3[1] 0.0
Total 60,431[24,456] 100

precision assesses the relevance of the retrieved
context to the given query. In our setup, we employ
semantic similarity-based retrieval using vector em-
beddings, where ‘relevant context’ is defined as text
chunks or the document sections that contain in-
formation necessary to answer the posed questions.

E Judge LLM Evaluation Analysis
Through Confusion Matrices

To assess the reliability and accuracy of LLMs as
judges within the RAGAS evaluation framework,
we conduct a detailed analysis using confusion
matrices for closed-type questions where binary
(‘yes’/‘no’) responses can be objectively compared
against ground truth answers. This analysis is par-
ticularly crucial for validating the trustworthiness
of automated evaluation systems in benchmarking
scenarios.

Methodology for evaluation. We evaluate two
judge LLMs—GPT-4 and Gemini-1.5Pro—by
comparing their assessments of RAG-based model
responses (Claude and GPT-4) against manually
verified ground truth labels for closed-type ques-
tions. The confusion matrix framework allows us
to quantify four key evaluation scenarios:

* True Positive (TP): The judge LLM correctly
identifies that the model response matches the
ground truth answer.

* False Positive (FP): The judge LLM incor-
rectly states that the model response matches
the ground truth when it does not

* True Negative (TN): The judge LLM cor-
rectly identifies that the model response does
not match the ground truth answer
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GPT-4 as Judge Gemini 1.5 Pro as Judge

Model — GPT Claude Gemini GPT Claude Gemini
Section | Type | Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec.
closed 0.467 0314 0500 0330 0570 0385 | 0.392 0435 0424 0448 0467 0.563
comparison | 0.556  0.596  0.607 0.672 0.587 0.628 | 0.429 0597 0480 0.637 0454 0.632
Introduction  process 0.565 0.608 0.598 0.625 0586 0.602 | 0.457 0.568 0467 0.603 0.483  0.591
recall 0.529 0597 0560 0.617 0.540 0.586 | 0.491 0.611 0.487 0.624 0483  0.601
rhetorical 0305 0296 0365 0353 0319 0306 | 0272 0299 0323 0339 0283 0.299
closed 0.162  0.119 0168 0.139 0.094 0082 | 0.128 0.176  0.144 0.174 0.084  0.093
open 0364 0431 0431 0540 0378 0471 | 0333 0455 0383 0.511 0367 0.446
Method evaluation 0400 0.387 0442 0453 0416 0422 | 0311 0406 0352 0474 0316  0.430
process 0270 0275 0270 0.293  0.282 0.302 | 0209 0.282 0.162 0.268  0.210  0.306
recall 0234 0277 0223 0268 0250 0.285 | 0.223 0270 0.188  0.251 0212 0.278
rhetorical 0229 0223 0241 0232 0250 0238 | 0208 0.238 0.193 0.230 0.224  0.248
closed 0.143  0.077 0.102 0.072 0.076 0.059 | 0.120 0.101 0.093 0.099 0.070 0.086
open 0.284 0.328 0263 0280 0.325 0320 | 0230 0306 0.192 0.265 0253  0.320
Results comparison | 0.167  0.174  0.139  0.141 0172 0.173 | 0.128 0.157 0.098  0.119 0.134  0.156
evaluation 0272 0254 0217 0218 0257 0.263 | 0.226 0.252 0.171 0229  0.209  0.266
rhetorical 0.192 0.182 0.133  0.126 0.183 0.175 | 0.156 0.180 0.100 0.136  0.160  0.176

comparison | 0.048  0.051 0.059 0.065 0055 0.058 | 0.045 0.050 0.053 0.059 0.050 0.058
Conclusion evaluation 0.082 0.079 0.100 0.103 0.086 0.080 | 0.073 0.081 0.072 0.084 0.078  0.081
rhetorical 0.138  0.141 0178 0.171 0.148 0.147 | 0.126  0.148  0.149 0.165 0.133  0.144

Table 3: Performance of the models on the WeQA benchmark scored using the RAGAS framework across judge
LLMs. The "Prec." and "Rec." mean Context Precision and Context Recall respectively, while "Type" refers to the
Question Type. The best performance for each question type per judge LLM is highlighted in bold.

* False Negative (FN): The judge LLM incor-
rectly states that the model response does not
match the ground truth when it actually does

Analysis of judge LLM performance. The con-
fusion matrices reveal that the majority of evalua-
tions made by both judge LLMs align with the ac-
tual ground truth evaluations, demonstrating their
reliability as automated evaluators. Specifically,
both GPT-4 and Gemini-1.5Pro exhibit high accu-
racy rates in distinguishing correct from incorrect
responses, with minimal discrepancies in their as-
sessment capabilities.

Cross-judge agreement. Additionally, we ob-
serve substantial agreement between the two judge
LLMs, suggesting consistency in evaluation stan-
dards across different model architectures. This
cross-validation approach enhances the robustness
of our evaluation methodology and provides con-
fidence in the reliability of automated assessment
within specialized domain benchmarks like WeQA.
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