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Abstract

Coding agents represent a transformative
paradigm in software engineering, enabling
automated coding, generation, and debugging
through a natural language interface. Recent ad-
vancements in large language models (LLMs)
and their ability to use external tools have ex-
panded the potential of using these agents be-
yond software engineering tasks. In this work,
we explore the application of coding agents
in a noncoding domain: drafting environmen-
tal impact statement (EIS) sections. For that,
we introduce DraftNEPABench: a challenging
benchmark that requires coding agents to com-
pose structured, coherent, and domain-specific
drafts grounded in multiple complex regulatory
and scientific reference materials. We evalu-
ate various state-of-the-art commercial coding
agents on this benchmark and demonstrate their
promise in generating EIS documents. Our find-
ings show that while coding agents outperform
vanilla retrieval-augmented generation (RAG)
setups for these tasks, there is still room for
improvement. We highlight the potential and
limitations of such agents in high-stakes, com-
plex, and real-world tasks, and point toward
future directions.

1 Introduction

Large language model (LLM)-based coding agents rep-
resent a major advancement in artificial intelligence
(AI)-assisted software engineering, leveraging LLMs
to autonomously perform tasks such as code genera-
tion, debugging, static analysis, and test creation (Liu
et al., 2024a; Qian et al., 2023; Zhang et al., 2024a;
Yang et al., 2024). Unlike traditional code completion
tools, modern agents like Codex CLI (OpenAI, 2025a),
Claude Code (Anthropic, 2025a), Gemini CLI (Google,
2025), SWE-Agent (Yang et al., 2024), AutoCoder-
Rover (Zhang et al., 2024b), and CodeAgent (Zhang
et al., 2024a) integrate with development environments
and external tools, enabling iterative solutions for com-
plex, multistep, and repository-level tasks. These ex-
tended capabilities enable the agents to tackle a wide
range of challenges, redefining the boundaries of auto-
mated software development.

More recently, the application of coding agents has
extended beyond software development, demonstrating
their adaptability to a range of specialized fields (Guo
et al., 2024; Gandhi et al., 2025). These agents demon-
strate capabilities to autonomously retrieve and synthe-
size documents from multiple sources, interact with
external tools, and iteratively generate both structured
and unstructured content (Yang et al., 2024; Zhang et al.,
2024a,b). These capabilities have enabled coding agents
to generalize beyond traditional software engineering
tasks into domains such as healthcare analytics, scien-
tific data analysis, and research automation, where they
support database querying, statistical computation, and
complex workflow execution through natural language
interfaces (Wu et al., 2024; Gandhi et al., 2025).

In this study, we aim to evaluate how effectively cod-
ing agents can adapt to regulatory domains such as
National Environmental Policy Act (NEPA) reviews.
NEPA requires federal agencies to conduct environmen-
tal reviews, often including an environmental impact
statement (EIS) or other documentation to assess the en-
vironmental impacts of a proposed action. Drafting such
EIS sections presents complex and challenging tests for
the generalizability and adaptability of coding agents in
different domains. These drafts are multimodal, multi-
source, and domain-intensive and must be coherent and
legally defensible, integrating scientific data, geospa-
tial analyses, engineering specifications, environmental
modeling outputs, and regulatory policy information dis-
persed across lengthy technical reports, environmental
databases, policy documents, and expert assessments.
Drafting a high-quality EIS from such heterogeneous
sources demands strong expertise in environmental sci-
ence, engineering, and regulatory compliance.

Contributions. In this work, we introduce a novel
drafting benchmark called DraftNEPABench for evalu-
ating the capabilities of LLM-based agents for drafting
EIS sections. The benchmark is curated by subject
matter experts (SMEs) to reflect realistic and domain-
relevant drafting challenges. We systematically evaluate
the performance of the state-of-the-art coding agents
on this benchmark, employing multiple LLM judges to
assess the quality of the generated drafts. Furthermore,
we rigorously validate the judgments of the LLM judges
against the expert human judgments provided by SMEs.
This multilayered evaluation framework enables a com-
prehensive understanding of both agent performance
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and the trustworthiness of LLM-based evaluation meth-
ods for EIS drafting tasks.

2 Related Work

NEPA documents must uphold scientific integrity and
use reliable data1. Although written to be understood
by the public, drafting environmental documents for
NEPA often requires expertise in both legal and sci-
entific domains. Therefore, in the absence of works
directly pertaining to NEPA, we look at existing bench-
marks for legal and scientific writing (Section 2.1). We
describe the LLM-based applications developed to sup-
port related drafting tasks in Section 2.2.

2.1 Drafting Benchmarks

Legal drafting benchmarks. AI research in the le-
gal domain has mostly focused on evaluating the le-
gal reasoning capabilities of LLMs, with benchmarks
like LegalBench (Guha et al., 2023), LawBench (Fei
et al., 2023), IL-TUR (Joshi et al., 2024), and LexEval
(Li et al., 2024). These benchmarks emphasize clas-
sification, comprehension, and reasoning but do not
address document generation or drafting. Even in com-
mon areas like contract law, benchmarks such as CUAD
(Hendrycks et al., 2021a) and ContractNLI (Koreeda
and Manning, 2021) primarily focus on clause extrac-
tion or reading comprehension, offering little support
for drafting or information retrieval tasks. Despite draft-
ing’s central role in legal practice, only a few bench-
marks evaluate the ability of LLMs to generate legally
sound and contextually appropriate drafts. Recent ef-
forts like CaseGen (Li et al., 2025) and JUDGE (Su
et al., 2025) have begun addressing this gap by introduc-
ing case document generation. However, these bench-
marks focus on the general legal domain and provide
limited attention to specialized areas (e.g., environmen-
tal permitting).

Scientific drafting benchmarks. Just as legal draft-
ing benchmarks remain scarce despite the complex-
ity, scientific drafting benchmarks are similarly un-
derdeveloped. While scientific LLM evaluation has
expanded—ranging from general-purpose benchmarks
like MMLU (Wang et al., 2024) and BIG-bench (Srivas-
tava et al., 2022) to domain-specific efforts like Multi-
MedQA (Zhou et al., 2024), Chem-LLMBench (Guo
et al., 2023), and MATH (Hendrycks et al., 2021b)—
they primarily assess factual recall or narrow reasoning
skills. More comprehensive frameworks like SciEval
(Sun et al., 2024), SciAssess (Cai et al., 2024), and
SciEx (Dinh et al., 2024) attempt to evaluate deeper
capabilities but still fall short in capturing the long-form
and interdisciplinary nature of real-world scientific writ-
ing.

142 U.S.C. 4332(2)(D),(E).

2.2 LLMs for Legal and Scientific Drafting
LLMs show strong potential for automating legal draft-
ing across diverse domains, generating documents like
case reports and contracts that align with legal stan-
dards (Lai et al., 2023). GPT-3.5, in particular, excels
at drafting complex legal complaints, including securi-
ties cryptocurrency class action lawsuits (Trozze et al.,
2024). LLMs have also been explored in patent law,
where LLMs assist with drafting claims and adapting
content to jurisdictional norms (Jiang and Goetz, 2024).
They also assist with drafting contracts and modify-
ing clauses to enhance legal precision (Narendra et al.,
2024; Savelka and Ashley, 2023). For more complex
needs, retrieval-based tools like ACORD specialize in
identifying and ranking precedent clauses from large le-
gal corpora, enabling more accurate and context-aware
drafting (Wang et al., 2025b).

LLMs are increasingly used for scientific drafting,
particularly for generating initial drafts of sections (e.g.,
Related Work and Introduction), where they help ar-
ticulate the background and streamline citation-heavy
writing (Morris, 2023). Researchers generally guide the
LLMs with outlines or rough notes, enabling them to
produce coherent, grammatically polished paragraphs
(Castellanos-Gómez, 2023; Pervez and Titus, 2024; Gao
et al., 2023; Agarwal et al., 2024). However, limitations
persist in technical accuracy, citation contextualization,
and hallucination risks, making human oversight quite
essential (Garg et al., 2025; Basile et al., 2025).

Coding agents have been adapted to domains such
as health care (e.g., EHRAgent (Shi et al., 2024)), data
analysis (e.g., DS-Agent (Guo et al., 2024) and Data-
wiseAgent (You et al., 2025)), education (e.g., CodeEdu
(Zhao et al., 2025), CoderAgent (Zhan et al., 2025),
and TRAVER (Wang et al., 2025a)), and research (e.g.,
ResearchCodeAgent (Gandhi et al., 2025)). While spe-
cialized agentic systems have proven to be effective
for both legal (Suravarjhula et al., 2025; Shea and Yu,
2025) and scientific (Ghafarollahi and Buehler, 2024)
domains, building specialized agentic systems is time-
and labor-intensive, and even with the incorporation of
domain expertise, custom infrastructure, and significant
engineering efforts, such systems can still have qual-
ity issues. This makes general-purpose agents (e.g., a
coding agent) a practical and scalable alternative for
many drafting tasks, offering reasonable performance
with decreased development costs.

3 Building DraftNEPABench
EIS documents typically contain the following funda-
mental and interdependent components:
Purpose and need. The purpose and need section de-
scribes the goal of the proposed action and why the
action is necessary.
Proposed action and alternatives. A proposed action
is an internally or externally generated project, plan, or
rulemaking requiring an agency decision. Alternatives
are reasonable options to achieve the agency’s objective
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Figure 1: The entire process for DraftNEPABench creation and evaluation.

in place of the proposed action. Alternatives, including
a no-action alternative, are determined by the agency,
often in coordination with the project sponsor and co-
operating agencies, based on technical and economic
feasibility and the ability of an alternative to achieve the
purpose and need. Each alternative should be described
in sufficient detail to analyze environmental impacts,
including the physical or process design, the associated
activities, and an implementation schedule.
Affected environment. The affected environment sec-
tion provides a description of current environmental
conditions in areas that may experience environmental
impacts to provide a baseline for assessing the potential
impacts of the proposed action. Environmental con-
ditions include both natural and social resources such
as ecological, historic and cultural, and economic re-
sources.
Environmental consequences. The environmental con-
sequences section describes the foreseeable environmen-
tal impacts of the proposed action and alternatives on
the affected environment, detailing their scale or signif-
icance, duration (temporary or long-term), and mitiga-
tion measures. Impacts may be quantitative and quali-
tative and may require specialized expertise in various
disciplines and regulatory processes. Historically, most
EIS documents have been prepared by federal agency
staff or contractors under agency direction. However,
many agencies have developed or are developing proce-
dures for the review of NEPA documents prepared by
project sponsors, a practice likely to grow.

Despite the established statutory requirements and fa-
miliar section-level conventions, EIS preparation poses
recurring challenges in analysis, coordination, and doc-

ument preparation. Authors must balance scope and
detail, ensuring that the purpose and need support rea-
sonable alternatives, while the proposed actions and
impact analyses are described with technical specificity.
These judgments are drawn from multiple sources, in-
cluding project sponsors, cooperating agencies, and
project-specific studies, which vary in quality and com-
pleteness. EIS drafting also requires coordination across
interdependent resource sections, consistency with prior
documents and evolving regulations, and substantial edi-
torial effort to integrate the acontributions from multiple
authors, manage page limits, maintain version control,
and ensure accurate citations.

3.1 Design Principles and Case Selection

We designed the benchmark to include 102 test cases.
First, we began with a pilot pair of cases from two
EIS sections and then added 100 cases drawn from five
sections, or portions of sections (referred to here as
case sections), from 20 different published EISs. We
selected case sections from diverse action types (e.g.,
geothermal development, ecosystem restoration, and
disposal of mine waste) led by different agencies (e.g.,
U.S. Department of Energy). This initial corpus of EISs
comprised 18 different lead agencies and 22 different
actions.

We chose case sections from the 22 EISs represent-
ing the standard components of EIS documents (i.e.,
purpose and need, alternatives to the proposed federal
action, mitigation measures, affected environment, and
environmental consequences). Content from the af-
fected environment and environmental consequences
sections covered diverse resource areas, with section
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counts based on their frequency and depth of analysis.
For instance, biological resources and water resources
had a higher number of case sections because these re-
source areas often i) include extensive analysis and ii)
are usually further subdivided (e.g., into aquatic and
terrestrial for biological resources and into groundwater
and surface water for water resources). Fewer cases
were drawn from the purpose and need, alternatives,
and mitigation measures sections, as these rely heavily
on agency and applicant input. For the full list of agen-
cies, selected case sections, and counts, please refer to
Appendix B.1.

3.2 Subject Matter Experts
SMEs are personnel with specialized expertise in one or
more subject areas. For our study, we engaged 19 SMEs
with prior EIS drafting experience and determined their
level and type of specialized expertise. All SMEs held
at least a bachelor’s degree, most with advanced de-
grees, spanning disciplines such as biological sciences,
geological sciences, environmental sciences, civil engi-
neering, chemical engineering, radiation health physics,
anthropology, and law. This multidisciplinary team en-
sured a comprehensive knowledge base and intellectual
foundation.

3.3 Case Creation Procedure
SMEs were asked to choose a case study that matched
their expertise and to create two artifacts: task instruc-
tion and grading rubric. The task instruction is task-
specific prompt used to generate the draft, while the
grading rubric provides a list of scoring criteria and
their respective definitions.

3.3.1 Task Instruction
The task instruction comprises four parts. The first
part is the Case Description, which provides a brief
overview of the task (i.e., to draft a subsection related
to the specific EIS section) and the case (i.e., the EIS’s
proposed action). The second part is References, which
lists the external documents that were used to generate
the ground-truth section. References contain either a
URL or relative path to the relevant PDF. The agent
will need to consult these documents directly to draft
the LLM-generated case section. The third part, called
Detailed Instruction, provides a breakdown of the types
of information that the generated draft should include.
This part provides information regarding the required
structure of the draft, its requested content, and any
other instruction necessary for a successful draft. The
final part, Success Criteria, provides a summary list of
prompts reiterating the requirements for a successful
LLM-generated case section and ways to make the final
outcome better. An example of a task instruction can be
seen in Figure 1, as well as in Figure 4 in Appendix A.

3.3.2 Grading Rubric
For each case, the SMEs created a custom grading rubric.
These rubrics contain instructions and criteria to judge

the generated draft. The instructions provide guidance
on how each draft should be scored on a scale of 1 to 5,
where 1 indicates poor performance and 5 represents an
excellent draft. The evaluation criteria are task specific
and vary across different tasks. The rubric also asks the
judges to provide the justification for their scores. When
the drafts are evaluated, the rubrics are compared with
the ground-truth case section with which the generated
section is compared.

Since there are more than 350 criteria across all tasks,
we generalize them into four key criteria to facilitate
aggregate analyses. Structure checks that the draft has
all required components and is structured as specified.
Clarity ensures that the draft is objective, formal, and
nonspeculative. Accuracy2 examines the case-specific
facts and details required in the draft, while Reference
confirms correct citation and proper formatting. An
example of a corresponding task rubric can be seen
in Figure 1 and Appendix 6. Section Structure and
Organization is categorized as Structure; Reference and
Source Attribution as Reference; Clarity, Style, and
Tone as Clarity; and the rest as Accuracy.

3.4 Verification and Preprocessing

Once both artifacts for a task are created, we manually
verify that i) the task instruction has all required sec-
tions, ii) the external links or the documents used for
the references are available, and iii) the grading rubric
is complete. Once the artifacts are verified, we convert
them into Markdown format, as required for the agent.

3.5 Data Statistics

After manual verification, DraftNEPABench comprises
102 case documents. Unlike traditional text-only cor-
pora, these cases are multimodal, combining text, ta-
bles, and visual content. These cases originate from
19 distinct government agencies. Each case is, on av-
erage, 1,266 words long and has an average of 6 ref-
erences. This diversity in modality, source, and com-
plexity presents a substantial challenge for LLMs, par-
ticularly for long-context reasoning and cross-modal
understanding. Full statistics on the number of drafts,
the average length, and the number of references are
shown in Table 1.

4 Experimental Setup

4.1 Setup

Baseline. We evaluated three state-of-the-art LLMs:
GPT-5 (OpenAI, 2025b), Gemini 2.5 Pro (Comanici
et al., 2025), and Claude Sonnet 4.5 (Anthropic, 2025b)
as the baselines. Because of the context window limit,
we employed a retrieval-augmented generation (RAG)
setup for the baseline evaluation. First, we split the
Detailed Instruction section of the tasks into individual
queries. To compensate for these individual queries not

2It is noted that this is not the standard accuracy metric
but rather the colloquial term for how accurate the draft is.
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Lead Agency D L R

Bureau of Ocean Energy Management 10 1,020 7
Federal Aviation Administration 5 1,820 8
Federal Energy Regulatory Commission 10 1,485 4
Hawaii Department of Land and Natural Resources 5 1,422 7
National Nuclear Security Administration 5 1,374 6
National Oceanic and Atmospheric Administration 5 1,229 8
Tennessee Valley Authority 5 1,255 5
U.S. Army Corps of Engineers 5 1,298 5
U.S. Bureau of Land Management 5 762 6
U.S. Bureau of Reclamation 5 1,434 4
U.S. Department of Agriculture 5 938 6
U.S. Department of Commerce 5 1,479 11
U.S. Department of the Navy 5 1,370 4
U.S. Department of Transportation 5 1,259 8
U.S. Environmental Protection Agency 5 1,471 8
U.S. Fish and Wildlife Service 5 1,237 6
U.S. Forest Service 5 778 4
U.S. Nuclear Regulatory Commission 6 1,262 8
U.S. Department of Energy 1 866 6

Table 1: Number of drafts (D), average length (L), and
average number of references (R) per lead agency.

having the proper context of the task, we used LLMs
to rewrite the queries with additional context to cre-
ate “contextualized queries.”3 Then, using both sets of
queries, we retrieved top k relevant passages from the
PDF references (converted into a vector database us-
ing OpenAI’s text-embedding-3-small model (OpenAI,
2025c)). Finally, we used the retrieved context and the
task instructions to generate the final report. We ran
each baseline model n times, resulting in n independent
drafts per task.

Agents. We evaluated three major coding agents for
our drafting tasks—namely, Codex CLI from OpenAI,
Gemini CLI from Google, and Claude Code by An-
thropic. We use GPT-5 with high reasoning with Codex
CLI, Gemini 2.5 Pro with Gemini CLI, and Claude Son-
net 4.5 with Claude Code. We provided unrestricted
access to all agents to avoid any human-in-the-loop
feedback, and the same instruction prompts were used
for all agents to ensure a fair comparison.

Models for Judge LLM. To evaluate the generated
drafts, we use the three baseline models as judges. We
also asked the LLM judges to provide the reason behind
their grades for further verification and cross-checking.

4.2 Drafting Pipeline

Figure 1 depicts the pipeline for generating the case
section draft. The pipeline starts with the Agent In-
struction, which contains the prompt followed by the
agent for all tasks. Based on the instruction, the agent
first creates a plan to tackle the task and a scratchpad
to log its thoughts and steps during the process. The
agent then reads the task-specific prompt called Task
Instruction and retrieves the relevant text and images
from the reference URLs or PDFs in Task Instruction
using web browsing or PDF parsing tools. Using the
information, the agent drafts the required EIS section
and then applies a final prompt Wrap-up Instructions to

3Please see Appendix B.2 for the exact prompt that we
used for this process.

verify completeness and generate the final output files
in Markdown and HTML formats for subsequent evalu-
ation. This process is repeated for n trials, resulting in n
drafts per task.

4.3 Evaluation Pipeline

We use LLM-as-a-judge to evaluate the generated drafts,
as they are highly capable judges that are increasingly
aligning with human judgment (Gu et al., 2024).

Task-specific criteria. Decomposing evaluation cri-
teria into smaller, interpretable components leads to
more consistent and trustworthy judgment (Liu et al.,
2024b). Thus, we adopt a fine-grained, task-specific
rubric targeting multiple dimensions of quality. We
leverage Gemini 2.5 Pro to classify and organize the
rubric criteria into the four overarching categories men-
tioned in Section 3.3.2: Accuracy, Clarity, Structure,
and Reference. This ensures scalable and consistent
evaluation across the tasks while still preserving the
task-specific nuances.

Pointwise scoring. We use pointwise scoring on
a scale of 1–5. A score of 1 indicates major flaws or
irrelevant content. A score of 2 represents an incomplete
draft with multiple factual errors. A score of 3 is for a
partially correct draft with some omissions or a clarity
issue, while a score of 4 is for a mostly correct draft
with only minor omissions or unclear points. A full
score is provided to a fully correct and complete draft.

4.4 Human Validation

4.4.1 Validation Procedure
To validate the LLM judges’ scores and incorporate
SMEs’ perspectives, SMEs directly evaluate the gener-
ated drafts from each agent. For each task, we generate
k drafts and evaluate them using i LLM judges. Since
SMEs cannot review all of the drafts because of resource
limits, we use LLM scores to select the most promising
draft. As outlined in Algorithm 1, we compute each
draft’s average score per judge, then aggregate these
averages across all judges to obtain a final score. We
select the highest scoring draft for each task and agent.
Those drafts are then independently assessed by SMEs
using the corresponding grading rubrics.

Figure 2: SME validation for generated drafts.

5



Algorithm 1: Selecting the Best Trial per Task
and Agent Based on the LLM Judges’ Scores

Input : m: Number of agents
n: Number of tasks
k: Number of drafts per task
i: Number of LLM judges per evaluation
j: Number of evaluations per draft

Output : B[a][t]: Best draft for task t and agent a
1 for a← 1 to m do
2 for t← 1 to n do
3 for d← 1 to k do
4 for l← 1 to i do
5 for e← 1 to j do
6 S[a][t][d][l][e]← judge l’s

score ;

7 J [a][t][d][e]←
1
j

∑j
l=1 S[a][t][d][l][e] ; // Avg

score over trial

8 A[a][t][d]← 1
i

∑i
l=1 J [a][t][d][l] ;

// Avg over judges

9 B[a][t]← argmaxd A[a][t][d]

10 return B

We sample n′ = 25 tasks for SME validation. As in
Figure 2, all the drafts are first anonymized to avoid any
bias towards a specific agent. Then, each sampled task
is validated by the SME who created the correspond-
ing task instruction and grading rubric (i.e., the author
SME). While one would typically not use the same
SME to grade the task they themselves created, this is
necessary in our study as we need SMEs with specific
expertise to assess drafts from the specific subsections.
To counteract this, we run additional tests to ensure that
our author SMEs aren’t biased in their evaluations. This
effort is detailed in Section 4.4.2.

We then compare the LLM judges’ evaluations
against the SME scores to assess the alignment and
reliability of the LLM judge when replicating ex-
pert judgment for NEPA drafting. To quantify the
score difference, we use the mean absolute difference
(MAD) as in Pires et al. (2025), given as MAD =
1
n′

∑n′

i=1

∣∣∣S(i)
LLM − S

(i)
SME

∣∣∣. Here, n′ is the number of

samples graded by both the LLM and SMEs, S(i)
LLM is

the score assigned by the LLM for sample i, and S
(i)
SME

is the corresponding score assigned by the SME grader.

4.4.2 Secondary Independent Validation

To ensure reliable and fair evaluation, we use a dual-
review validation process. The task author (internal
SME), reviews and scores all of the drafts generated
by agents, while one of the generated drafts per task is
randomly evaluated by an independent (external) SME,
as shown in Figure 2. This enables the comparison of
the scoring patterns to identify any potential biases that
might occur from having authors of the cases evaluate
the drafts for these cases. Additionally, a small number
of cases were evaluated by external SMEs as an addi-

tional robustness check. By analyzing the agreement
levels and score distributions across both groups, we can
assess the objectivity of the author SME’s judgments
and take corrective actions if discrepancies are found,
thereby strengthening the overall quality. To quantify
the difference between the scores, we use the MAD
metric.

5 Results
5.1 Performance Trends
Table 2 reports the performance of the coding agents
on DraftNEPABench, with different LLM judges and
evaluation critera. For each task, scores are averaged
over five runs, and each run is evaluated five times by
each judge. The first three models (GPT-5, Gemini
2.5 Pro, and Claude Sonnet 4.5) are RAG baselines,
and the latter three (Codex, Gemini CLI, and Claude
Code) are coding agents. Boldfaced entries within a
judge block highlight the strongest RAG baseline and
coding agent for each criterion. Across all baselines,
GPT-5 is the strongest model in almost all categories,
but coding agents substantially outperform all baselines.
Claude Code achieves the highest overall scores for
every judge (3.44 ± 0.59 to 4.04 ± 0.70). In contrast,
GPT-5 receives a score of only 2.52 ± 0.61 from its
own judge, with lower scores from the Gemini and
Sonnet judges. Codex CLI also performs consistently
well, while Gemini CLI shows moderate but still clearly
superior performance relative to all baselines. These
results indicate a significant performance gap between
baseline models and coding agents on complex drafting
tasks.

Performance by judge. Results are consistent across
judges despite score variation. For the GPT-5 judge,
GPT-5 is the strongest RAG baseline, yet its score
(2.52± 0.61) remains below the weakest coding agent
(Gemini CLI at 2.74 ± 0.57). Similar patterns are ob-
served for the Gemini 2.5 Pro and Claude Sonnet 4.5
judges, where Claude Code again achieves the highest
scores and Codex CLI consistently follows. Consistent
rankings across judges suggests that the observed perfor-
mance differences reflect substantive capabilities rather
than judge-specific preferences.

Accuracy. We break down the scores into four evalu-
ation criteria: accuracy, clarity, reference, and structure.
Accuracy, the most critical dimension for assessing draft
quality, remains relatively low across all models and
agents, even for the best-performing systems. While
coding agents outperform RAG baselines for all judges,
accuracy remains well below the upper bound. For ex-
ample, Claude Code receives the highest accuracy score
from the Gemini 2.5 Pro judge (3.71± 0.99), while the
strongest RAG baseline, GPT-5, is 2.01± 0.77 from the
GPT-5 judge. These results indicate that the agent-based
approaches improve accuracy, but challenges in factual
correctness and task alignment still persist.

Clarity, reference, and structure. Beyond accuracy,
the other criteria provide complementary insights. Clar-
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Table 2: Overall performance across different evaluation criteria. The best-performing model/agent is in boldface.

Judge Model/Agent Accuracy Clarity Reference Structure Overall Score

GPT-5

GPT-5 2.01 ± 0.77 4.04 ± 0.90 3.05 ± 0.99 1.94 ± 1.04 2.52 ± 0.61
Gemini 2.5 Pro 1.66 ± 0.57 3.87 ± 0.88 2.42 ± 0.71 1.76 ± 0.91 2.21 ± 0.50
Claude Sonnet 4.5 1.80 ± 0.74 3.94 ± 0.91 2.75 ± 0.92 1.74 ± 0.98 2.33 ± 0.59
Codex CLI 2.70 ± 0.68 3.90 ± 0.49 2.66 ± 0.68 3.64 ± 0.96 3.04 ± 0.53
Gemini CLI 2.40 ± 0.70 3.60 ± 0.54 2.10 ± 0.67 3.43 ± 0.99 2.74 ± 0.57
Claude Code 3.11 ± 0.84 4.23 ± 0.55 3.05 ± 0.71 3.91 ± 0.91 3.44 ± 0.59

Gemini 2.5 Pro

GPT-5 1.89 ± 0.91 3.95 ± 1.06 3.16 ± 1.35 1.51 ± 0.87 2.43 ± 0.90
Gemini 2.5 Pro 1.70 ± 0.68 3.89 ± 1.15 2.85 ± 1.23 1.55 ± 0.85 2.28 ± 0.76
Claude Sonnet 4.5 1.70 ± 0.84 3.73 ± 1.22 2.75 ± 1.23 1.35 ± 0.69 2.20 ± 0.85
Codex CLI 3.24 ± 0.95 4.56 ± 0.47 3.71 ± 1.14 3.97 ± 0.96 3.65 ± 0.73
Gemini CLI 2.81 ± 0.87 4.12 ± 0.65 2.58 ± 1.00 3.68 ± 0.99 3.16 ± 0.68
Claude Code 3.71 ± 0.99 4.74 ± 0.41 4.00 ± 0.99 4.28 ± 0.91 4.04 ± 0.70

Claude Sonnet 4.5

GPT-5 1.90 ± 0.82 3.46 ± 0.78 3.03 ± 1.12 1.47 ± 0.53 2.27 ± 0.71
Gemini 2.5 Pro 1.72 ± 0.74 3.47 ± 0.81 2.66 ± 0.83 1.47 ± 0.57 2.15 ± 0.63
Claude Sonnet 4.5 1.69 ± 0.73 3.44 ± 0.86 2.69 ± 0.94 1.34 ± 0.49 2.13 ± 0.67
Codex CLI 2.83 ± 0.68 3.84 ± 0.45 3.43 ± 0.95 2.92 ± 0.89 3.10 ± 0.59
Gemini CLI 2.60 ± 0.66 3.63 ± 0.47 2.46 ± 0.78 2.83 ± 0.87 2.80 ± 0.57
Claude Code 3.61 ± 0.92 4.35 ± 0.54 3.94 ± 0.91 3.43 ± 1.08 3.76 ± 0.79

Aggregated

GPT-5 1.90 ± 0.83 4.11 ± 0.75 3.04 ± 1.19 1.63 ± 0.88 2.41 ± 0.76
Gemini 2.5 Pro 1.68 ± 0.66 4.10 ± 0.72 2.61 ± 0.98 1.63 ± 0.83 2.21 ± 0.64
Claude Sonnet 4.5 1.72 ± 0.75 4.02 ± 0.89 2.71 ± 1.06 1.46 ± 0.75 2.22 ± 0.71
Codex CLI 2.92 ± 0.81 4.20 ± 0.53 3.23 ± 1.05 3.52 ± 1.05 3.27 ± 0.68
Gemini CLI 2.62 ± 0.75 3.90 ± 0.59 2.37 ± 0.85 3.38 ± 1.00 2.90 ± 0.64
Claude Code 3.47 ± 0.94 4.54 ± 0.49 3.64 ± 1.00 3.88 ± 1.02 3.75 ± 0.74

ity scores are consistently high for both agents and base-
lines, suggesting that most systems can produce clear
and readable drafts. In some cases, the RAG baselines
match the agents’ performance on clarity. Reference
usage exhibits greater variability, with coding agents
generally citing relevant information more appropri-
ately. Structure scores further highlight the advantages
of agent-based approaches, as agents like Claude Code
and Codex CLI consistently produce drafts satisfying
the structural requirements of the task. Overall, agentic
planning and iterative refinement meaningfully improve
reference use and document organization, while factual
accuracy remains the primary bottleneck for reliable
end-to-end EIS drafting.

5.2 Generation Efficiency for Coding Agents

To assess the coding agents’ efficiency, we measure the
average task completion time (in minutes) and the aver-
age total token consumption (in millions of tokens), as
summarized in Table 3. Codex CLI is the most efficient,
completing tasks in an average of 7.69± 4.86 minutes
while also consuming the fewest tokens (1.27 ± 0.81
million tokens). Claude Code requires more time and to-
kens on average (12.39± 4.75 minutes and 2.40± 0.99
million tokens) but remains stable. In contrast, Gemini
CLI shows high variability in both completion time and
token usage (13.66± 27.14 minutes and 6.60± 11.77
million tokens), indicating inconsistent performance and
the occasional outlier.

5.3 SME Validation

We sampled 25 cases for SME validation to assess the
quality of the agent-generated drafts, following the pro-

Table 3: Average time taken and tokens used by the
agents.

Agent/Model Time (Minutes) Token (Millions)

Codex CLI 7.69 ± 4.86 1.27 ± 0.81
Gemini CLI 13.66 ± 27.14 6.60 ± 11.77
Claude Code 12.39 ± 4.75 2.40 ± 0.99

cedure described in Section 4.4. Table 4 reports the
average scores assigned by the LLM judges and Author
SMEs across the selected tasks. Claude Code received
the highest scores from all LLM judges as well as Au-
thor SMEs, while Codex CLI generally ranked second
and Gemini CLI received lower scores.

Table 4: Scores given by all LLM judges and Author
SMEs.

Agent/Model GPT-5 Gemini 2.5 Pro Claude Sonnet 4.5 Author SME

Codex CLI 3.05 ± 0.48 3.65 ± 0.69 3.06 ± 0.41 3.19 ± 0.65
Gemini CLI 2.73 ± 0.56 3.16 ± 0.72 2.75 ± 0.57 3.43 ± 0.80
Claude Code 3.41 ± 0.48 4.03 ± 0.53 3.71 ± 0.68 4.10 ± 0.59

This overall ranking is consistent across evaluation
criteria. Detailed criterion-level Author SME scores
are provided in Appendix E. In addition, the alignment
between LLM judges and SMEs is quantified in Table 5,
which shows moderate to strong agreement in overall
system ranking. Taken together, these results indicate
that SME assessments are consistent with automated
evaluation outcomes at an aggregate level.

5.4 SME Alignment
To assess the potential bias from Author SMEs, we
compared their scores with those assigned by an Ex-
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Table 5: Overall MADs for all LLM judges.

Agent/Model GPT-5 Gemini 2.5 Pro Claude Sonnet 4.5

Codex CLI 0.667 0.825 0.559
Gemini CLI 0.839 0.713 0.854
Claude Code 0.859 0.542 0.785

Criteria

Av
er

ag
e

Sc
or

e

Figure 3: Average criterion-level scores for sampled
drafts, comparing Author and External SME evalua-
tions.

ternal SME, using the MAD (Section 4.4.2). Besides
the 25 randomly selected drafts described in Section 4,
8 additional drafts from the 25 cases were also eval-
uated by External SMEs, resulting in a total of 33
cases. We observe moderate to strong agreement across
agents. Claude Code exhibits the highest alignment,
while Codex CLI shows the lowest alignment. Overall,
Author SME evaluations closely track those of an ex-
ternal evaluator and do not exhibit systematic inflation.
Figure 3 compares the average scores across evalua-
tion criteria. External SMEs tend to score accuracy
more strictly, while Author SMEs are comparatively
stricter on structure and reference use; clarity scores
are closely aligned. These differences reflect the varia-
tion in evaluative emphasis rather than disagreement in
overall assessment, supporting the validity of the human
evaluation protocol.

6 Discussion

Agentic systems improve long-form drafting but do
not resolve accuracy limitations. We observe that
coding agents consistently outperform standalone RAG
baselines on long-form, structured drafting tasks, es-
pecially organization, reference handling, and overall
usability, highlighting the value of agentic planning
and iterative refinement. However, accuracy remains
a persistent limitation across all models, including the
strongest agentic systems. SME feedback highlights
recurring issues with factual specificity, data placement,
and citation correctness, indicating that improved draft-
ing workflows alone do not guarantee factual grounding.

Performance varies systematically by model and
section type. We find that qualitative SME assessments
reveal consistent behavioral differences across agent
implementations, reflecting trade-offs between consis-
tency, specificity, and verbosity. In addition, model per-
formance varies substantially by section type. Less ana-

lytically complex sections are generally more amenable
to agent-assisted drafting than sections requiring tighter
data integration or analytical judgment. These pat-
terns suggest that both model design and task struc-
ture play a significant role in determining the output
quality. We provide a detailed model-specific analy-
sis in Appendix E.1, and a section-level discussion in
Appendix E.2.

Human and automated evaluations provide com-
plementary signals. Comparisons across LLM judges,
Author SMEs, and External SMEs show moderate to
strong agreement in overall system ranking, with some
differences in emphasis. We find that the alignment be-
tween Author and External SMEs indicates that author
involvement as evaluators does not introduce substantial
bias. Overall, automated evaluation can provide use-
ful comparative signals for long-form generation but
remains complementary to expert human review. Addi-
tional discussion of the evaluation alignment and bias
considerations is provided in Appendix E.3.

7 Conclusion
In this work, we introduced DraftNEPABench, a bench-
mark for evaluating the ability of LLMs and agent-based
systems to draft sections of EISs for NEPA-related tasks.
The benchmark captures the key complexities of envi-
ronmental impact drafting. Our evaluation combines
scalable automatic assessment using multiple LLM
judges with complementary SME assessments, provid-
ing insight into both model performance and limitations.
Although commercial off-the-shelf agents were evalu-
ated, they demonstrated promising performance, with
Claude Code consistently favored by both automated
and human evaluators. However, persistent challenges
related to factual accuracy and data integration high-
light the continued need for human oversight. Overall,
our findings suggest that current LLM-based systems
can aid NEPA drafting workflows while leaving clear
room for improvement through targeted adaptation and
improved grounding.

8 Limitations
While DraftNEPABench provides a useful foundation
for evaluating LLMs on NEPA-related drafting tasks, it
has several limitations. In some cases, reference drafts
contained missing citations or outdated regulatory infor-
mation, which may have affected accuracy judgments.
Because LLM agents had access to more recent infor-
mation through web searches, their outputs sometimes
diverged from the ground truth while remaining practi-
cally relevant, leading to stricter grading by LLM judges
(Figure 8). SMEs were instructed to accept newer infor-
mation where appropriate.

In addition, the evaluation criteria capture broad as-
pects of draft quality but do not fully reflect legal de-
fensibility or project-specific nuance. Expanding the
benchmark with more up-to-date references, additional
section types, and alternative evaluation schemes would
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enable a more detailed assessment of model behavior,
particularly with respect to grounding, citation practices,
and section-level variability.

Finally, since we started this work, newer and more
capable models have been released from all three fron-
tier models, and improvements have been made to the
coding agents. Therefore, the results using these cod-
ing agents might be different with the new models and
capabilities in place.

9 Ethical Considerations
All human-involved research in the project, including
the SME involvement, was ruled as non-human subject
research (non-HSR) by the Institutional Review Board
(IRB). All SMEs were compensated for their time at
their regular hourly rates.
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A Example Task and Rubric

A.1 Example Task Instruction

Task Instruction Example

Description: We need to draft an affected environment section describing land use
and visual resources at Los Alamos National Laboratory, which will be included in
the Surplus Plutonium Disposition Program final environmental impact statement
. . .
References:

• BLM (U.S. Bureau of Land Management). 1986. Visual Resource Con-
trast Rating. BLM Manual Handbook 8431, Washington, D.C. January
https://example.gov/docs/example.pdf

• ...

Detailed Instructions: When drafting this section, please make sure to

• use the provided references to access the necessary facts and values.

• structure the section into five paragraphs.

• in the second paragraph, describe the visual resources in general and
what can be viewed at the facility, including geology, vegetation, and any
resulting visual effects from environmental impacts, and describe what the
public can view of the facility, including the extent of nighttime lights.

• . . .

Success Criteria: A good draft of the subsections is defined based on the following
criteria:

• This section should provide a short definition of land use and visual re-
sources.

• A reference map should be provided for the information presented.

• . . .

Figure 4: An example of the task instruction for a case.

A.2 Agent Instructions

Simplified Agent Instructions

Outcomes:

• A high-quality final report

• Working artifacts like Plan, Scratchpad, images

Steps:

• Step 1: Set up and read task instruction

• Step 2: Plan

• Step 3: Convert reference PDFs to text

• Step 4: Explore references

• Step 5: Extract figures

• Step 6: Draft report

• Step 7: Quality and completeness check

• Step 8: Finalize and organize

Figure 5: Steps followed by the coding agents to com-
plete a DraftNEPABench task.

A.3 Example Rubric

Grading Rubric Example

Scoring Scale:
Score Description

5 Fully correct and complete
4 Mostly correct, minor omissions or unclear points
3 Partially correct, moderate omissions or clarity issues
2 Incomplete or contains multiple factual errors
1 Missing, seriously flawed, or irrelevant

Evaluation Criteria:

1. Section Structure and Organization: Does the draft contain all five
required paragraphs in the correct order?

• Intro: LANL land use overview
• Visual resources and viewshed
• TA-55 land use and visual context
• TA-52 land use and visual context
• Visual contrast assessment using BLM methodology

2. Correct Definitions and Context: Are the definitions for “land use” and
“visual resources” included and correct?

3. LANL Geographic and Facility Data: Does the draft include key details
such as location, acreage, technical areas, development percentage, square
footage, structures, and residential/agricultural use?

4. Visual Resource and Viewshed Description: Does the draft describe
topography, vegetation, geologic colors, viewshed changes, visibility of
development, public visibility, and nighttime lights?

5. TA-55 Accuracy: Are facts about TA-55 (acreage, development, access,
land use, vegetation, facilities, visibility, nearest offsite receptor) correct
and clear?

6. TA-52 Accuracy: Are facts about TA-52 (acreage, access, land use, vege-
tation, nearest offsite receptor) correct and clear?

7. Visual Impact Assessment Using BLM Ratings: Are BLM visual con-
trast ratings applied accurately to developed areas, north/south of Pajarito
Road, and undeveloped areas?

8. Reference and Source Attribution: Are references included for key data
points? Are citations consistent, and do they include figures/maps where
applicable?

9. Clarity, Style, and Tone: Is the tone formal, objective, and nonspeculative?
Is the language precise and free of advocacy?

Figure 6: Rubric and scoring sheet for evaluating the
LANL land use and visual resources section.

B Additional Details on Case Creation
B.1 Details About Case Sections
The dataset comprises 102 selected cases spanning a
range of National Environmental Policy Act (NEPA)
case sections. Table 6 reports the number of cases as-
sociated with each section. The distribution shows cov-
erage across core environmental resource areas (e.g.,
biological resources, water resources, and air quality),
as well as socioeconomic, infrastructure, and planning-
related sections, with some sections represented more
frequently than others.

B.2 Baseline Evaluation Query Creation
We used the following prompt to create the “contex-
tualized queries” for the baseline evaluation from the
queries extracted from the task instructions:

1 You are a Subject Matter Expert (SME) in drafting
2 Environmental Impact Statements (EIS).
3
4 You have been provided with a task instruction intended to
5 guide the drafting of an EIS section. However, the
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Table 6: Selected case sections.

Case Section Count Case Section Count
Alternatives 1 Purpose and need 3
Air quality 6 Socioeconomic 7
Biological resources 14 Recreation and open space 5
Cultural and historic resources 7 Transportation and traffic 6
Geology and soils 7 Utilities and infrastructure 3
Land use and zoning 7 Waste management 6
Mitigation measures 3 Water resources 9
Noise and vibration 7 Visual resources 5
Public health and safety 5 Important species and habitats 1

6 instruction is not currently well-suited for
7 retrieval-augmented generation (RAG), which relies on
8 precise and contextualized queries to retrieve
9 relevant information from a vector database.

10
11 Your objective is to rewrite or restructure the instruction
12 to make it more effective for information retrieval. You may:
13 - Rephrase the instruction for clarity and specificity.
14 - Break it down into smaller, more focused sub-instructions
15 if that improves retrieval accuracy.
16 - Ensure the reformulated instruction is self-contained and
17 contextually rich, even though you only have access to the
18 original instruction.
19
20 Here is the original task instruction:
21 {task_instruction}
22
23 Return only the improved instruction(s), separated by
24 newlines, optimized for retrieval. Do not include any
25 additional commentary or explanation. Limit the output
26 to a maximum of 20 instructions.

B.3 Baseline Draft Generation Prompt

Once we have retrieved the passages, we used the fol-
lowing prompt to generate the draft from the baseline
models:

1 You are a subject matter expert at drafting Environmental
2 Impact Statement for National Environmental Policy Act(NEPA).
3 Using given task instruction and context from references,
4 draft a section that meets all the success criteria.
5
6 Context from references: {context}
7
8 Here is the task instruction: {task_instruction}
9

10 If context from the refrences is not provided use the urls
11 provided in the reference section of task instruction.
12 Check if the success criteria is met but do not include
13 in the final draft. Do not forget to add references.
14
15 Strictly return only the generated draft suitable for saving
16 as markdown with all heading and sections.

C Performance by Estimated Task
Difficulty

To assess whether task difficulty correlates with model
and agent performance, we analyze results across four
difficulty levels assigned by subject matter experts
(SMEs). Importantly, these difficulty ratings were de-
signed to reflect anticipated human drafting effort rather
than the intrinsic complexity for language models or
agents. As shown below, this distinction is critical:

higher human-rated difficulty does not correspond to
lower agent performance.

C.1 Difficulty Rating Framework

Each case section was assigned a difficulty rating rang-
ing from 1 (simple) to 4 (complex) based on the SMEs’
assessment of the anticipated effort required to draft
that section. Ratings were determined by considering
the section length, degree of technical detail, and en-
vironmental impact statement (EIS) section type (e.g.,
affected environment, environmental consequences, pur-
pose and need, alternatives, and mitigating measures).

Table 7 summarizes the four-tier difficulty frame-
work, and Table 8 shows the distribution of case sections
across difficulty levels. The resulting dataset intention-
ally spans a broad range of drafting complexity to enable
the analysis of performance trends across task difficulty.

C.2 Dataset Characteristics by Difficulty

Table 9 reports the descriptive statistics for the drafts
at each difficulty level, including the number of drafts,
average draft length, and average number of references
per draft.

Draft length and reference statistics. As expected,
higher difficulty ratings correspond to longer drafts,
with difficulty 4 sections being substantially longer
on average than difficulty 1 sections. Difficulty 2 sec-
tions include the largest number of references, reflecting
resource-intensive affected environment sections that
require the synthesis of multiple data sources. These
trends indicate that the difficulty ratings capture mean-
ingful differences in the anticipated human effort and
content complexity.

C.3 Performance Across Difficulty Levels

Figure 7 and Table 10 present the average scores for
the baseline models and coding agents across difficulty
levels, aggregated by judge.

Observed performance trends. Contrary to expecta-
tions, agent performance does not decline as task dif-
ficulty increases. Coding agents—particularly Claude
Code and Codex CLI—exhibit stable or improving per-
formance at higher difficulty levels across all judges. In
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Table 7: Difficulty rating criteria for environmental doc-
umentation.

Difficulty Criteria
1 Affected environment sections for

straightforward resource areas, typ-
ically land use, air quality, waste
management, noise, utilities and
infrastructure, geology, socioeco-
nomics, and cultural.

2 (1) Affected environment for re-
source areas that require substan-
tial input—typically, biological re-
sources and water resources.
(2) Environmental consequences for
straightforward resource areas with
simple proposed actions.

3 (1) Environmental consequences for
(a) resource areas with greater com-
plexity but simple proposed actions
or (b) straightforward resource ar-
eas with more complex proposed ac-
tions.
(2) Affected environment + environ-
mental consequences (simple com-
plexity).

4 (1) Environmental consequences for
resource areas with greater complex-
ity and complex proposed actions.
(2) Affected environment + environ-
mental consequences (greater com-
plexity).
(3) Mitigating measures, purpose
and need, and alternatives.

several cases, the highest scores are achieved on diffi-
culty 3 and 4 tasks. In contrast, baseline models show
relatively flat or mildly declining performance as the
difficulty increases, indicating a limited sensitivity to
task difficulty.

Implications. These results reveal a misalignment be-
tween the human-perceived task difficulty and agent
difficulty. Tasks that are more complex for human au-
thors may provide richer structure, clearer constraints,
or more explicit context that benefits agent-based sys-
tems. Consequently, difficulty ratings grounded in the
anticipated human effort do not directly translate to
an increased difficulty for language models or coding
agents.

D Extended SME Analysis

This appendix provides additional analysis supporting
the SME validation results reported in the main pa-
per. The discussion below summarizes the criterion-
level scores and recurring observations noted during the
SMEs’ review of agent-generated drafts.

Difficulty
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Figure 7: Overall performance of the baseline models
and coding agents across different difficulty levels.

Criteria
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Figure 8: Average scores across evaluation criteria for
the sampled cases by LLM judges & Author SMEs.

D.1 Further Analysis of SME Versus LLM Scores

Figure 8 provides additional insight into the differences
in evaluation emphasis between LLM judges and Au-
thor SMEs. This figure suggests that LLM judges tend
to be stricter on accuracy and, in some cases, structure,
whereas SMEs place greater emphasis on clarity and, to
a lesser extent, structure, which are especially important
in the context of NEPA drafting. Despite these differ-
ences, the overall consistency between the LLM and
SME evaluations suggests that LLM judges can provide
meaningful and reliable signals for automatic evalua-
tion while still reflecting the systematic differences from
expert human judgment.

D.2 Criterion-Level SME Scores

Table 11 reports the breakdown of Author SME scores
across evaluation criteria. While the main paper focuses
on aggregate trends, this table provides additional detail
on how agents perform with respect to accuracy, clarity,
reference use, and structure. Across all criteria, Claude
Code receives the highest average scores, consistent
with the overall SME rankings discussed in the main
paper.

D.3 Observed Model-Specific Patterns During
SME Review

In addition to numerical scores, we summarize the re-
curring patterns observed during the SMEs’ review of
agent-generated drafts. These observations are intended
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Table 8: Difficulty rating criteria and counts for the environmental documentation.

EIS Case Section Low Complexity Medium Complexity High Complexity

Affected Environment 23 26 4
Environmental Consequences 2 17 6
Combined affected environment and
environmental consequences

2 6 7

Purpose and need, alternatives and
mitigating measures

- 2 5

Difficulty: 1 2 3 4

Table 9: Data statistics based on estimated difficulty.

Difficulty # Drafts Avg. Length # References

1 22 1,054 7
2 31 1,225 8
3 30 1,310 5
4 17 1,557 6

to contextualize the quantitative results and reflect the
issues encountered during evaluation, rather than a sep-
arate qualitative annotation process.

Gemini CLI. During the SMEs’ review, Gemini CLI
outputs were generally observed to follow the prescribed
outlines and maintain a consistent professional tone.
However, reviewers frequently encountered issues re-
lated to imprecise data placement, geographic speci-
ficity, and in-text citation accuracy, as well as reliance
on generic NEPA language.

Codex CLI. Codex CLI outputs were often concise
and structured, but usability varied across sections.
While some drafts were largely usable, others required
substantial revision, particularly due to issues with data
integration and citation consistency.

Claude Code. Claude Code drafts were generally ob-
served to be more consistently structured, with clearer
narrative flow and more effective reference use. In sev-
eral cases, SMEs noted that these drafts required fewer
revisions relative to other agents. Nonetheless, occa-
sional data-related issues were identified, and outputs
were often more verbose than those of other systems.

D.4 Notes on Evaluation Alignment
As discussed in the main paper, the alignment between
the LLM judges and SMEs is quantified using the mean
absolute difference (MAD). The criterion-level results
and observed patterns reported here are consistent with
the aggregate agreement trends reported in Sections 5.3
and 5.4.

E Extended Discussion
This appendix provides an extended qualitative analysis
supporting the discussion in the main paper, including

model-specific observations, section-level performance
differences, and additional considerations related to eval-
uation alignment.

E.1 Model-Specific Benefits and Issues

E.1.1 Gemini CLI

Based on SME reviews of content generated using Gem-
ini CLI, we observe strengths in following prescribed
outlines, maintaining logical progression, and using a
consistent professional tone. However, Gemini CLI
struggles to reliably place data, maintain geographic
specificity, and produce accurate in-text citations. SMEs
also note a tendency toward vague or generic NEPA lan-
guage, rather than the use of section-specific or project-
specific terminology.

E.1.2 Codex CLI

Codex CLI produces concise and, in some cases, accu-
rate content. However, we find substantial variability in
usability across sections. While the expected outlines
are generally rendered correctly and some content is
directly usable, other outputs require substantial revi-
sion, in some cases exceeding the effort required to draft
the section without artificial intelligence (AI) assistance.
Data integration and citation accuracy remain recurring
issues.

E.1.3 Claude Code

Overall, we find that Claude Code produces the
strongest content across models and section types. SME
reviewers note appropriate document structure, logical
subsection organization, clear transitions, and readable
introductions. Data, locations, and references are gener-
ally used more effectively and correctly than in outputs
from other systems, and in several cases, SMEs judged
the generated content to be comparable to or better than
the ground truth drafts. Nonetheless, SMEs identify
occasional data issues, indicating the continued need
for careful verification. Reviewers also note that Claude
Code outputs are often more verbose than those of other
models, which raises practical concerns given NEPA
document length constraints.
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Table 10: Overall performance grouped by judge and agent across difficulty levels.

Judge Agent/Model Difficulty 1 Difficulty 2 Difficulty 3 Difficulty 4

GPT-5

GPT-5 2.52 ± 0.71 2.56 ± 0.60 2.51 ± 0.59 2.47 ± 0.54
Gemini 2.5 Pro 2.19 ± 0.59 2.19 ± 0.40 2.26 ± 0.56 2.18 ± 0.43
Claude Sonnet 4.5 2.37 ± 0.63 2.36 ± 0.47 2.33 ± 0.68 2.22 ± 0.63
Codex CLI 2.91 ± 0.56 2.97 ± 0.52 3.16 ± 0.51 3.14 ± 0.53
Gemini CLI 2.62 ± 0.60 2.63 ± 0.48 2.83 ± 0.55 2.98 ± 0.65
Claude Code 3.31 ± 0.72 3.36 ± 0.55 3.57 ± 0.53 3.56 ± 0.57

Gemini 2.5 Pro

GPT-5 2.37 ± 1.07 2.54 ± 0.93 2.44 ± 0.86 2.31 ± 0.74
Gemini 2.5 Pro 2.21 ± 1.00 2.35 ± 0.70 2.27 ± 0.74 2.24 ± 0.58
Claude Sonnet 4.5 2.24 ± 1.06 2.34 ± 0.72 2.09 ± 0.85 2.12 ± 0.77
Codex CLI 3.45 ± 0.74 3.55 ± 0.75 3.79 ± 0.71 3.90 ± 0.68
Gemini CLI 3.02 ± 0.78 3.05 ± 0.54 3.25 ± 0.65 3.43 ± 0.80
Claude Code 3.82 ± 0.80 3.95 ± 0.72 4.19 ± 0.58 4.27 ± 0.63

Sonnet-4.5

GPT-5 2.37 ± 0.63 2.36 ± 0.47 2.33 ± 0.68 2.22 ± 0.63
Gemini 2.5 Pro 2.24 ± 1.06 2.34 ± 0.72 2.09 ± 0.85 2.12 ± 0.77
Claude Sonnet 4.5 2.18 ± 0.82 2.13 ± 0.49 2.12 ± 0.75 2.09 ± 0.64
Codex CLI 3.09 ± 0.67 3.06 ± 0.60 3.10 ± 0.58 3.21 ± 0.49
Gemini CLI 2.73 ± 0.61 2.73 ± 0.49 2.85 ± 0.63 2.93 ± 0.55
Claude Code 3.71 ± 0.98 3.61 ± 0.72 3.83 ± 0.75 3.97 ± 0.72

Table 11: Overall performance based on Author SME
scores across different criteria.

Agent/Model Accuracy Clarity Reference Structure

Codex CLI 3.06 ± 0.83 3.18 ± 1.14 3.22 ± 0.94 3.43 ± 1.33
Gemini CLI 3.30 ± 0.84 3.62 ± 1.37 2.76 ± 1.41 3.75 ± 1.32
Claude Code 4.12 ± 0.76 4.09 ± 0.97 4.08 ± 0.83 3.94 ± 1.19

E.2 Section-Specific Performance and Task
Sensitivity

Of the 25 SME-reviewed tasks, six tasks had identical
resource areas (e.g., there were multiple visual resources
sections). This enabled analysis across similar sections
although the actions, lead agencies, and ground truth
documents differed in scope, level of detail, and tone.

Across models, we observe occasional instances
where generated content is generally usable with tar-
geted edits. However, less analytically complex affected
environment sections, such as Air Quality, are more
consistently amenable to agent-assisted drafting, partic-
ularly when using Claude Code. In contrast, sections
requiring tighter data integration, cross-referencing, or
analytical judgment exhibit greater variability in quality
and consistency across models.

E.3 Evaluation Alignment and Bias
Considerations

An additional analysis of the evaluation alignment in-
dicates that while LLM judges tend to apply stricter
criteria for accuracy, SMEs place greater emphasis on
clarity, structure, and communicative effectiveness. We
find that the alignment between the Author and Exter-
nal SMEs indicates that author involvement does not
systematically inflate scores. These complementary dif-

ferences suggest that automated and human evaluations
capture overlapping but distinct aspects of draft quality,
supporting the use of hybrid evaluation strategies for
long-form generation tasks.
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