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Abstract

Accelerating research in renewable energy policy is criti-
cal for addressing climate change and enabling informed
decision-making. Question answering (QA) over public pol-
icy documents presents unique challenges due to their legal
structure, conditional dependencies, and domain-specific vo-
cabulary. In this paper, we introduce EvalQAG, a framework
for generating high-quality QA pairs from renewable energy
policy documents. EvalQAG combines structured prompts,
retrieval-augmented inputs, and multi-stage evaluation using
large language models (LLMs) to support accurate and di-
verse QA generation. Using this framework, we construct
REPolicyQA, a domain-specific QA dataset comprising ap-
proximately 160,000 QA pairs from over 1,000 U.S. renew-
able energy policy documents. The dataset covers five policy-
relevant question types: Yes/No, Yes/No with Conditions,
Factual, Legal Obligation, and Descriptive, which capture a
wide range of reasoning patterns grounded in regulatory texts.
We evaluate multiple QA models and uncover significant per-
formance gaps, particularly in legal reasoning and conditional
inference, highlighting major shortcomings in current sys-
tems. Our results establish EvalQAG as a generalizable QA
generation pipeline for policy texts and position REPolicyQA
as a new benchmark for advancing QA research in policy and
regulatory domains. We believe this work can foster impact-
ful research in the renewable energy sector, particularly by
enabling more robust and explainable QA systems for legal
and condition-heavy regulatory documents.

Code & Dataset —
https://github.com/kir1906/EvalQAG.git

1 Introduction

Policies related to renewable and sustainable energy play
a central role in accelerating the global transition toward
cleaner power systems. These documents, typically issued
by federal or state agencies, either offer financial incentives

(such as rebates, tax credits, or grants) or impose regula-
tory mandates (such as compliance requirements or build-
ing standards). They often include eligibility criteria, partic-
ipation conditions, timelines, jurisdictional constraints, and

“These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

39285

Metadata of Policy : Question :

Title - Jackson EMC - I am a resident of Georgia looking
Residential EV Charger to purchase a new electric vehicle.
Rebate

State - Georgia
Type - Rebate Program
Sector - Residential

Document :

What are the requirements
regarding the vehicle's battery
capacity and gross vehicle weight
rating to qualify for the Clean

Vehicle Tax Credit under the
Jackson EMC - Residential EV
Charger Rebate program?

To qualify, a vehicle must:

* Have a battery capacity
of at least 7 kilowatt
hours

* Have a gross vehicle
weight rating of less than
14,000 pounds

+ Be made by a qualified
manufacturer

« Undergo final assembly
in North America

Answer :

To qualify for the Clean Vehicle
Tax Credit, a vehicle must have a
battery capacity of at least 7
kilowatt hours and a gross vehicle
weight rating of less than 14,000
pounds.

Figure 1: Example from REPolicyQA showing eligibility-
related questions for a residential EV rebate.

legal obligations—making them critical yet difficult to in-
terpret without expertise. In practice, end users rarely read
entire policy documents to determine applicability (Reiden-
berg et al. 2016; McDonald and Cranor 2008). This is where
question-answering (QA) systems can play a transforma-
tive role — by extracting precise, legally grounded infor-
mation from complex policy documents. Users typically ap-
proach these texts with specific roles, goals, or situational
contexts, as illustrated in Figure 1. To build and evaluate
QA systems for policy documents, dedicated datasets are
needed that reflect the domain’s linguistic and structural
complexity. Datasets such as Conditional QA (Sun, Cohen,
and Salakhutdinov 2021), PolicyQA (Ahmad et al. 2020),
and PrivacyQA (Ravichander et al. 2019) provide annotated
QA rooted in legal and regulatory texts. They reveal domain-
specific challenges such as ambiguity, layered logic, and
the need for contextual interpretation. Despite progress, ex-



Feature PolicyQA PrivacyQA ConditionalQA REPolicyQA (Ours)
Source Website pri- Mobile app pri- UK Government policy Renewable energy policy

vacy policies vacy policies documents documents
# Documents 115 35 436 1,056
# QA Pairs 714 1,750 3,102 159,069
# Annotations 25,017 3,500 Human-annotated Automatically generated
QA Annotator Experts Mechanical Trained annotators LLMs

Turkers

Table 1: Comparison of policy and regulation-oriented QA datasets

isting resources face three key limitations. First, they lack
scale, typically covering only a few hundred documents
or QA pairs—Ilimiting generalizability across jurisdictions.
Second, they often fail to capture the complexity of real-
world user scenarios, where users seek answers grounded
in role, location, or eligibility and expect diverse answer
types. Third, nearly all rely on crowdsourcing or expert an-
notation, which is time-consuming, costly (Kratzwald et al.
2020; Kratzwald, Feuerriegel, and Sun 2020), and hard to
scale.

To address these limitations, we present EvalQAG, a scal-
able framework for generating and evaluating QA pairs
from renewable energy policy documents. Using EvalQAG
on a corpus of 1,056 policy documents from DSIRE', we
construct REPolicyQA, a large-scale dataset with around
160,000 high-quality QA pairs grounded in realistic user
contexts. The framework includes three stages: QA gener-
ation, QA evaluation, and QA filtering. By combining gen-
eration with systematic filtering, REPolicyQA offers a new
benchmark for QA in regulatory domains. We also evalu-
ate Llama3-8b (Grattafiori et al. 2024) model on policy-
related QA tasks, comparing zero-shot performance to the
fine-tuned Llama3-8b model trained on REPolicyQA. Re-
sults show that Llama3-P (fine-tuned Llama3-8b) achieves
notable gains over its zero-shot counterpart, significantly
enhancing reasoning on complex, unseen policy docu-
ments—highlighting the strength of REPolicyQA in captur-
ing intricate legal and regulatory contexts.

2 Related Work
2.1 Policy QA Benchmarks

Policy QA benchmarks, which comprise QA pairs grounded
in legal, regulatory, and government-issued documents, are
essential for evaluating QA systems designed for compli-
ance, eligibility, and legal interpretation tasks. These doc-
uments often feature dense language, complex conditions,
and binding obligations, posing significant challenges dis-
tinct from those in general-domain QA. Table 1 compares
several representative datasets in this domain, each empha-
sizing different aspects of legal and policy document com-
prehension. PolicyQA (Ahmad et al. 2020) and PrivacyQA
(Ravichander et al. 2019) focus on QA over privacy poli-
cies. While they introduce challenges related to legal lan-
guage, they are narrow in scope and primarily support ex-

"https://programs.dsireusa.org/system/program
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tractive QA. Conditional QA (Sun, Cohen, and Salakhut-
dinov 2021) advances the field with multi-hop QA over
UK government texts but lacks user-centric scenarios and
sector-specific framing. Clause-level datasets like LEDGAR
(Tuggener et al. 2020) and CUAD (Hendrycks et al. 2021)
assist in legal clause classification but are not structured for
QA and exclude real-world context. ConTRACT-QA (Zheng
et al. 2021) addresses commercial legal documents but re-
mains extractive. QUALITY (Pang et al. 2022) includes long-
form multiple-choice QA, but its reliance on distractors lim-
its its applicability for real-world policy reasoning. Legal-
Bench (Guha et al. 2023), in contrast, offers a comprehen-
sive benchmark for evaluating legal reasoning capabilities
of large language models. However, it primarily focuses on
general legal reasoning tasks rather than policy-specific or
domain-grounded QA. Our work diverges by targeting re-
newable energy policies with structured, scenario-driven QA
generation.

2.2 Automated QA Generation (QAG)

Early approaches to automatic question generation (QAG)
relied on rule-based or template-driven systems, which
transformed declarative sentences into factual “wh” ques-
tions using syntactic parsing and handcrafted templates.
While these methods produced grammatically correct ques-
tions, they often resulted in shallow QA pairs lacking deeper
reasoning. For example, Hussein, Elmogy, and Guirguis
(2014) utilized OpenNLP and rule-based patterns to gen-
erate factoid questions, resulting in well-formed outputs
but limited sentence diversity and cross-domain scalability.
Similarly, Fabbri et al. (2020) applied template-based gener-
ation to retrieved sentences in an unsupervised QA pipeline,
enabling large-scale question creation but producing mainly
surface-level queries. More recent work leverages large lan-
guage models (LLMs) such as GPT-3 (Brown et al. 2020),
TS5 (Raffel et al. 2023), and Flan-T5 (Chung et al. 2022) to
create diverse, contextually relevant QA pairs. These models
demonstrate strong few-shot and zero-shot capabilities, par-
ticularly when provided with well-crafted prompts. For in-
stance, Li et al. (2024) introduced a self-prompting strategy
that iteratively generates QA exemplars, improving qual-
ity without manual annotation. Zhong et al. (2021) demon-
strated that meta-tuning across datasets and prompt types
enhances zero-shot generalization. Despite such progress,
most work still focuses on short, general-domain texts and
tends to generate shallow or easily answerable questions.



RefineNet (Nema et al. 2019) improved output quality via
a two-pass refinement process but was limited to factoid
QA. Overall, while LLMs have advanced QAG significantly,
challenges remain—particularly in generating questions that
require higher-order reasoning, capture nuanced eligibility,
or reflect legal obligations.

2.3 Evaluating and Filtering QA Pairs

Evaluating automatically generated QA pairs is challeng-
ing, particularly in domain-specific contexts where mul-
tiple valid answers are possible. Traditional metrics like
BLEU (Papineni et al. 2002), ROUGE (Lin 2004), ME-
TEOR (Banerjee and Lavie 2005), and F1 (Rajpurkar et al.
2016) rely on lexical overlap with gold references, often
missing semantic accuracy and contextual fit. Embedding-
based metrics such as BERTScore (Zhang et al. 2020) and
Sentence Mover’s Similarity (Clark, Celikyilmaz, and Smith
2019) offer improvements by comparing texts in a contex-
tual space, but still require high-quality references and of-
fer limited interpretability. Recent work uses large language
models (LLMs) as evaluators. Song et al. (2023) employed
GPT-3 to assess factual consistency and relevance in sci-
ence QA, while Wan et al. (2024) showed that LL.M-based
evaluations align closely with expert judgments. Zheng
et al. (2023) further established standardized LLM-as-a-
judge benchmarks for assessing model quality and reliabil-
ity, and Ghosh et al. (2025) analyzed the logical and factual
consistency of LLMs in evaluation settings. These models
support nuanced evaluation without gold answers, though
their effectiveness depends on careful prompt design and
tuning. Filtering is equally critical for maintaining dataset
quality. Garg and Moschitti (2021) proposed answerability-
based filtering using model distillation, which removes in-
valid or irrelevant questions but may retain semantically triv-
ial ones. Fabbri et al. (2022) introduced QAFactEval, verify-
ing factuality by decomposing QA content into atomic facts
and retrieving evidence. While useful for fact-checking, it
depends on external corpora and does not address domain
specificity or redundancy. These challenges underscore the
need for robust, semantically grounded filtering pipelines
tailored to domains such as policy or law, where contextual
alignment and relevance are crucial.

3 EvalQAG Framework

We introduce EvalQAG (Figure 2), a domain-adaptive
framework for automated question—answer generation over
renewable energy policy documents. EvalQAG combines
large language models with structured prompts, role-specific
contextualization, and a multi-stage filtering pipeline to gen-
erate diverse and high-quality QA pairs grounded in regula-
tory text. Unlike prior approaches that emphasize model ar-
chitecture or scale, EvalQAG adopts a quality-centric design
that prioritizes the accuracy, relevance, and informativeness
of the generated QA pairs.

3.1 QA Generator

The goal of this framework is to generate high-quality,
structured QA pairs from complex policy documents in the
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Figure 2: EvalQAG framework

renewable energy domain. Given a policy document D,
we segment it into a sequence of semantically coherent
chunks using a hybrid chunking strategy, yielding C(D) =
{c1,¢a,...,cn}, where each ¢; represents a coherent unit of
text. Each document is also associated with structured meta-
data Mp. To guide QA generation, we define a prompt con-
struction function 7, which constructs the prompt,

Dio.p = ’/T(Cia MDv g, 0, P)
where,

* Di,0,p is the model-ready prompt

¢; 1s chunk ¢ of the document D

Mp represents the metadata

€ is set of few-shot examples
* 0 € O, where O is the set of question types.
* p € P, where P is the set of policy types.

In total, we define 10 distinct prompt templates based on 5
question types and 2 policy types. We use a set of large lan-
guage models £, including LLaMA 3 (Touvron et al. 2024),
Mixtral:8 (Jiang et al. 2024), Gemma 3 (Google DeepMind
2025), and Yi:34b (Young et al. 2024). Each model L, re-
ceives the prompt p; ¢, and generates structured QA pairs:

n9,p

Af’f = Lr(io,p) = (95,0585 ¢5)} ;20

where,
* g;: generated question,
* a;: corresponding answer,
* 5; C ¢;: supporting evidence from the chunk,
* ¢;: Answer-dependent conditions that need to be met.

To ensure proportional generation, the number of QA pairs
is lower-bounded as follows,



0,p |Cl‘
a2
where |¢;| is the length of chunk ¢;, and 7 is a fixed token
or character budget (e.g., 1024). Finally, the full QA set for
a document D is constructed by aggregating outputs over
all models, chunks, and type combinations. This prompt-
conditioned, multi-model generation framework enables the
construction of large-scale QA datasets tailored to diverse
question intents and policy formats.

Section-Aware Chunking. Policy documents are often
too long to input into LLMs in full. Naive chunking strate-
gies that split text into fixed-length segments can per-
form poorly—especially with structured content like tables,
which contain crucial policy details such as incentive rates,
eligibility criteria, and deadlines. Fragmenting these struc-
tures can harm answer quality and introduce semantic in-
consistencies. To address this issue, we implement a section-
aware chunking strategy that prioritizes structural coher-
ence, even at the cost of slightly larger chunk sizes. Given
a policy document D, we begin by parsing it into a sequence
of top-level sections. To balance context length with model
input limitations, we define a minimum chunk size of 4096
characters. If a section is smaller than this threshold, it is
merged with subsequent sections until the minimum size is
met. Next, we apply a hybrid function x over each merged
section s/, as:

* 7, = 8192: maximum size before applying overlapping
splits,

e 7, = 4096: base chunk size for OC,

¢ § = 512: character overlap for OC,

* OC(s,Tp,0): generates overlapping chunks of length 7,
with stride 7, — 6.

{smm}
OC(s.,, T, 0)

if |s],| < Tu
otherwise

m)

X(s

where:

The parameters 7, and 7, were chosen through pilot ex-
periments: longer spans diluted focus, while smaller win-
dows fragmented logic. These thresholds balanced com-
pleteness and contextual relevance. This hybrid chunking
approach ensures structural coherence by respecting section
boundaries, merges small sections to avoid underflow, and
handles large content with overlapping context windows to
support high-quality QA generation.

3.2 QA Evaluation

To assess the quality of generated QA pairs, we developed
an LLM-based evaluation framework inspired by the eval-
uation metrics introduced in HoneyBee and sciQAG (Song
et al. 2023; Wan et al. 2024). As shown in Table 2, we used
five core metrics to evaluate the QA pairs. Each QA pair is
evaluated using Qwen3:8b (Yang et al. 2025) with structured
prompts and scored on a scale from 1 (poor) to 10 (excel-
lent), along with a brief rationale. Each evaluation prompt
dynamically incorporates document metadata and adapts to
the specific metric and question type. The LLM is instructed
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Accuracy (A): Measures whether the answer and any as-
sociated conditions are factually correct and directly sup-
ported by the document chunk. This ensures that no hallu-
cinated or misleading content is presented to the user.

Completeness (C): Checks whether the answer fully ad-
dresses all aspects of the question, including implied sub-
components. This helps evaluate the depth and coverage of
the response beyond superficial correctness.

Intent (I): Evaluates the clarity, focus, and linguistic qual-
ity of the question itself, penalizing verbosity, compound
phrasing, and grammatical errors. This ensures that the
question is well-formed, singular, and user-friendly.

Relevance (R): Quantifies how useful or important the
question would be for a user in a specific sector (e.g., resi-
dential, nonprofit) seeking to understand or access a policy.
This metric aligns the QA generation process with realistic
user needs and practical utility.

Groundedness (G): Ensures the answer remains within
the bounds of the given context and penalizes hallucina-
tions or unsupported generalizations. This serves as a safe-
guard against overconfident or fabricated content by en-
forcing strict contextual fidelity.

Table 2: Evaluation criteria for policy QA generation and
assessment.

to return a (score, justification) tuple. This framework serves
both for scoring QA quality and filtering out low-quality
generations based on configurable thresholds or rankings.
To validate the reliability of our LLM-based evaluation, we
conducted cross-model checks using independent evaluators
such as GPT-OSS (Agarwal et al. 2025) and Gemini (Co-
manici et al. 2025), yielding a low Mean Absolute Deviation
(MAD = 0.6). We further performed a human audit on 100
QA pairs, where agreement with LLM scores reached Co-
hen’s k = 0.72. These results demonstrate consistent scoring
across both models and humans, confirming the robustness
of our LLM-judge framework.

3.3 QA Filtering

To ensure the quality and reliability of the generated QA
dataset, we implement a filtering pipeline that selects only
the most relevant, accurate, and well-grounded QA pairs.
Given the diverse outputs produced by multiple LLMs, fil-
tering plays a critical role in eliminating noisy, ambiguous,
or redundant entries. Our goal is to retain QA pairs that are
both contextually faithful to the source chunk and semanti-
cally coherent, thereby improving the utility of the dataset.

Local Filtering. To reduce redundancy and select high-
quality outputs, we apply local filtering to QA pairs gen-
erated for each chunk—question type pair. This enables the
consolidation of semantically similar questions. For a given
chunk ¢; and question type 6, let A? denote the set of all QA
pairs generated across policy types and models for fixed c;
and 0. We group semantically similar questions using cosine



Model Yes-No Yes-No (Cond.) Legal Obligation Factual Descriptive
Gemma3:27B 8.45 (3) 8.51 (5) 8.29 (2) 8.07 (3) 8.43 (4)
LLaMA3.3 7.96 (4) 7.97 (5) 8.18 (3) 7.79 (2) 8.60 (2)
Mixtral 7.78 (3) 8.06 (3) 8.28 (5) 8.06 (4) 8.43 (2)
Yi:34B 8.16 (4) 8.21 (5) 8.04 (3) 7.93 (4) 8.07 (2)

Table 3: Best performance per model across question types; values in parentheses indicates few-shot examples; The score is

average of five metrics explained in section 3.2

similarity. For any two questions g;, g;; € Af with embed-
dings v; and v, we assign them to the same group if:

Vj . Vj/

cos(vj, v,r) > 7,

vl =
where 7, = 0.95 is the similarity threshold. The resulting
semantic groups are:

gf:{gl7g27~--,gL}, g@gAf

where L is the total number of groups formed. For each
group Gy, we construct the final QA pair as follows:

q" = argmax [
(g,5,)€Ge

(a*,s",0") = argmax A A+ AC + \3G
(,a,5,¢)€G,
where A, C, G, and I are evaluator scores from Table 2 and
A1, A2, A3 are task-specific or uniform weights. Groups of
size one are retained without modification. The final locally
filtered QA set for chunk ¢; and question type 6 is:

L
AP = (@7 07,57, 67)e)
=1

This approach ensures each unique question intent is rep-
resented by the clearest formulation and paired with the most
accurate and complete answer, while maintaining semantic
diversity and grounding.

Global Filtering. Following local filtering, we apply a
document-level global filtering step to further refine the
QA dataset by removing question-answer pairs with low
scores. Unlike local filtering, which operates on each
chunk—question type pair, global filtering is applied at the
level of the entire document for each individual question
type. This step enforces consistency and usefulness at the
document level, ensuring that retained QA pairs are not only
locally sound but also globally informative within the policy
context. For a given document D and question type 6, let:

N
0,local __ 6,local
ARt = J A

i=1

denote the set of locally filtered QA pairs aggregated across
all chunks ¢; in D. We keep only those QA pairs whose An-
swer (a,) and Question (g,.) score exceeds a threshold 7,
ensuring both answer correctness and question clarity at the
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document level. The globally filtered QA set for question
type 6 in document D is:

A%global = {(qa a,s, ¢) S A%IOCM qr Z TR, Qr Z TR}

R+1T A+C+G

2 B 2

where T = 7 in our implementation and A, C, G, I, R
are defined as per Table 2. This final filtering step ensures
that only QA pairs that are meaningful and useful to end
users—given the context of the policy’s target sector—are
retained for each question type, while preserving diversity
across documents and LLM sources.

dr r

4 REPolicyQA Dataset
4.1 Policy Collection

To construct a high-quality corpus of U.S. energy policy
documents, we leveraged metadata from the Database of
State Incentives for Renewables and Efficiency (DSIRE
USA), a comprehensive repository of federal and state-level
programs. Using DSIRE’s structured CSV exports contain-
ing metadata such as state, sector, policy type, and source
URLSs, we systematically retrieved referenced documents
via web scraping and link resolution. All documents were
standardized to PDF and converted to Markdown using
MinerU(Wang et al. 2024), an open-source parser that pre-
serves structural elements such as headings, lists, and ta-
bles. Metadata was archived and supplemented to resolve
missing attributes. The dataset is restricted to Renewable
and Efficiency policy documents published from 2021 on-
ward, yielding a curated collection of 7,056 documents
linked to 490 unique policy programs. After manual au-
dit, only 32 documents contained meaningful images, which
were excluded due to low frequency and processing diffi-
culty. Each program is annotated with an Applicable Sector
field—Residential or Non-Residential—and categorized by
policy type: Financial Incentive or Regulatory Policy.

4.2 Applying EvalQAG

Before applying the EvalQAG framework at scale, we first
construct a standardized reference dataset that can serve as
high-quality exemplars for few-shot prompting and related
evaluations.

GOLDPolicyQA Dataset. To guide and benchmark the
QA generation process, we manually constructed the
GOLDPolicyQA dataset through expert annotation. Two an-
notators curated QA pairs from a set of 12 U.S. renewable



Stage  Descriptive Factual Legal Obligation Yes-No Yes-No (Cond.) \ Total

Raw 61,151 59,558 59,784 62,803 64,408 307,704
Local 54,651 51,656 51,229 55,024 54,228 266,788 (-13.3%)
Global 25,452 28,780 37,331 35,096 32,410 159,069 (-48.3%)

Table 4: QA pair counts per question type across filtering stages; percentages show reduction from initial stage.

Stage Accuracy Completeness Groundedness Relevance Intent Mean
Raw 8.98 8.15 8.76 6.70 8.99 8.32
Local 9.07 8.23 8.83 6.63 9.02 8.36
Global 9.66 (+7.6%) 8.77 (+7.6%) 8.96 (+2.3%)  8.46 (+26.3%) 9.46 (+5.2%) 9.06 (+9.0%)

Table 5: Average QA metric scores across stages. Percentage values indicate improvement relative to the Main stage.

and efficiency policy documents—stratified by both sec-
tor and policy type. Specifically, we selected 4 documents
targeting the residential sector and 8§ targeting the non-
residential sector, with each category evenly split between
Financial Incentives and Regulatory Policies. For each doc-
ument, two questions were generated per question type. All
questions were answerable solely from the document con-
tent, often incorporating realistic user scenarios to enhance
contextual grounding. Conditional questions include explicit
eligibility conditions, and answers were grounded in the
source text with only minimal edits for fluency. Each QA
pair was reviewed independently for quality using a struc-
tured rubric. Each QA pair was rated on Relevance, Clar-
ity, Completeness, and User-Friendliness, with score rang-
ing from 1 to 10. Approximately 95% of pairs scored 8 or
higher, reflecting high annotation consistency.

Few-Shot Prompting Experiments. Few-shot prompting
plays a central role in our QA generation framework, en-
abling LLMs to generalize the task using a small set of
curated exemplars rather than task-specific fine-tuning. Ex-
emplars were drawn from the manually curated GOLD-
PolicyQA dataset to model the desired structure, tone, and
answer granularity for each question category, helping the
model produce coherent and grounded QA pairs. To evalu-
ate the impact of different few-shot configurations, we con-
ducted controlled experiments on 27 randomly selected pol-
icy documents, generating QA pairs under four settings: 2,
3,4, and 5 exemplars. This resulted in approximately 2,500
QA pairs. Comparative results (Table 3) reveal the optimal
exemplar count for each model-question type combination
and informed the prompting strategy used for large-scale
generation.

4.3 Statistics of REPolicyQA

The final REPolicyQA dataset was constructed through a
multi-stage pipeline that combines large-scale QA genera-
tion with rigorous quality filtering, applied to 1,056 U.S. re-
newable energy and energy-efficiency policy documents. In
the initial Raw stage, the system produced 307,704 QA pairs
spanning five question types, each contributing from 59,000
to 64,000 instances (Table 4). The Local Filtering stage op-
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erated at the chunk—question-type level, removing seman-
tically redundant or low-quality QA pairs through cluster-
ing and evaluation metrics thereby reducing the dataset by
13.3% to 266,788 pairs. Subsequently, a Global Filtering
step was applied at the document—question-type level to dis-
card low-scoring pairs, resulting in a final dataset of 159,069
QA pairs—a 48.3% reduction from the original pool.

As shown in Table 5, this two-stage filtering process sub-
stantially improved overall QA quality. The average QA
score increased from 8.32 to 9.06, with notable gains in Rel-
evance (+26.3%) and consistent improvements across Ac-
curacy, Completeness, Groundedness, and Intent. These re-
sults demonstrate the effectiveness of our filtering strategy
in generating high-quality, user-relevant QA pairs that are
grounded in complex policy texts.

Coverage Analysis. To evaluate how well each context re-
flects its source text, we introduce a chunk-to-context cov-
erage metric that measures the proportion of a chunk pre-
served in the final context (range 0—1). We applied this met-
ric to all QA pairs after Global Filtering. Dataset exhibits
strong contextual fidelity: the average coverage score is 0.89,
with 85.9% of chunks scoring above 0.8 and only 3% of
chunks scoring below 0.2. This distribution demonstrates ro-
bust alignment between chunks and their corresponding con-
texts across REPolicyQA.

Train / Dev / Test Splits. To prevent information leak-
age, we split the dataset at the document level, ensuring
questions from the same source stay in the same split. The
dataset comprises 1,051 documents and 159,069 QA pairs,
with 113,514 / 23,026 / 22,529 questions assigned to the
train / dev / test sets, respectively. This approach supports
robust generalization to unseen policies.

5 Experiments
5.1 Experimental Setup

To evaluate the effectiveness of the EvalQAG framework,
we conducted both zero-shot and fine-tuning experiments
using controlled subsets of the dataset. These experiments
were designed to assess the impact of domain adaptation and
structured prompting on model performance.



Model Yes-No Yes-No Cond. Legal Obligation Factual Descriptive \ Global (F1/EM)
LLaMA3-8B (NC) 0.18 0.38/0.12 0.13 0.12 0.09 0.18/0.12
LLaMA3-P (NC) 0.76 0.71/0.21 0.19 0.15 0.20 0.41/0.29
(+#3222%)  (+86.8% / +75.0%) (+46.2%) (+25.0%)  (+122.2%) (+127.8% 1 +141.7%)
LLaMA3-8B 0.51 0.38/0.15 0.16 0.16 0.11 0.26/0.19
LLaMA3-P 0.85 0.79/0.33 0.50 0.53 0.49 0.64 /0.38
(+66.7%)  (+107.9% / +120.0%) (+212.5%) (+2313%)  (+345.5%) (+146.2% / +100.0%)

Table 6: F1 scores for LLaMA3-8B (baseline) and LLaMA3-P (fine-tuned), NC = No context provided. All differences are
statistically significant compared to the baseline (two-sided t-test, with p < 0.01).

Zero-Shot Setting. We evaluated the instruction-tuned
language model LLaMA3-8B (Grattafiori et al. 2024) in a
zero-shot setting on a held-out test set comprising 22,529
QA pairs. QA instances were sampled at the document level
to ensure no overlap with training documents, preserving the
integrity of the evaluation. The model was prompted using
a standardized template tailored for policy QA, designed to
elicit context-sensitive and legally grounded responses.

Fine-Tuned Setting. To examine the benefits of domain
adaptation, we fine-tuned LLaMA3-8B using an Alpaca-
style instruction tuning approach (Taori et al. 2023). The
training set consisted of 10,000 QA pairs randomly se-
lected from the EvalQAG dataset, with document-level sep-
aration from the test set. The resulting model, referred to
as LLaMA3-P, was evaluated on the same 22,529-question
test set used in the zero-shot setting, enabling a controlled
comparison of general-purpose and domain-adapted perfor-
mance.

5.2 Implementation Details

For zero-shot experiments, we set the temperature to 0.8 and
top-p to 0.9, and max_new_tokens fixed at 100. To fine-
tune the LLaMA3-8B model on our QA dataset, we follow
the Alpaca method (Taori et al. 2023). Training is conducted
over 3 epochs with a per-device batch size of 4 and gradient
accumulation over 8 steps on an NVIDIA A100 GPU. We
use a cosine learning rate schedule with a base learning rate
of 2e-5, no weight decay. Mixed precision is enabled with
bfloat16 and TF32. The maximum sequence length is 2048
tokens. To assess model performance, we use two metrics:
Exact Match (EM) and F1 score.

6 Results

Table 6 presents the performance comparison between the
baseline LLaMA3-8B and the fine-tuned LLaMA3-P mod-
els across five question types using EM and F1 scores.
Fine-tuning yields consistent gains across all categories,
with the most notable improvements observed in Legal
Obligation, Factual, and Descriptive questions. These ques-
tion types require precise extraction of obligations, retrieval
of concrete policy facts, and generation of structured ex-
planations—suggesting that the REPolicyQA dataset ef-
fectively captures these aspects through its chunk-aware
prompting and scenario-driven generation process. Notably,
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under the no-context (NC) setting—where the model re-
ceives only the question without supporting passage—the
fine-tuned model still demonstrates clear advantages. This
highlights the model’s improved ability to generalize from
domain-specific training, even in the absence of direct tex-
tual grounding. Overall, these results underscore the value
of domain adaptation: fine-tuning on REPolicyQA equips
the model with stronger semantic alignment to regulatory
language, enabling it to better handle conditional logic, le-
gal terminology, and eligibility structures, key challenges in
compliance-oriented QA systems.

7 Conclusion

We presented EvalQAG, a scalable and structured frame-
work for automatically generating and evaluating ques-
tion—answer (QA) pairs from complex renewable energy
policy documents. The framework integrates multi-model
generation, role-aware prompting, and two-stage filtering to
produce high-quality QA datasets that capture the linguis-
tic and interpretive nuances of real-world regulatory texts.
Using EvalQAG, we constructed REPolicyQA, a large-scale
dataset of around 160,000 QA pairs across diverse ques-
tion types and policy domains. Fine-tuning on REPolicyQA
yields substantial performance gains, particularly in chal-
lenging categories such as legal obligations, factual reason-
ing, and descriptive understanding—demonstrating its value
where models typically struggle most.

Beyond technical contributions, EvalQAG offers practi-
cal and societal impact by transforming dense legal con-
tent into accessible QA pairs tailored to user needs. This
helps homeowners, businesses, and service providers better
navigate their rights and obligations, enhancing public ac-
cess to policy information and supporting broader engage-
ment in renewable energy adoption. Future work will ex-
plore user-in-the-loop refinement, multimodal integration,
and reinforcement-based filtering to further improve adapt-
ability, interpretability, and practical utility.
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