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Abstract001

Automated docstring generation is a high-002
fidelity software engineering task where factual003
correctness, interface coverage, and efficiency004
are critical. Recent work increasingly applies005
generation-time reasoning strategies—such006
as Chain-of-Thought (CoT), Tree-of-Thought007
(ToT), and Graph-of-Thought (GoT)—yet their008
benefits relative to retrieval-based grounding009
for code documentation remain unclear. We010
present a controlled empirical evaluation of011
12 Python class-level docstring generation012
strategies, combining three architectural fami-013
lies—Plain LLM, Retrieval-Augmented Gener-014
ation (RAG), and Iterative Critique RAG—with015
four reasoning modes: Base, CoT, ToT,016
and GoT. Strategies are evaluated using lex-017
ical and semantic metrics (ROUGE, BLEU,018
BERTScore), code-specific coverage measures,019
an LLM-as-a-Judge faithfulness metric, and020
latency-based cost analysis.021

Our results reveal three consistent findings.022
First, retrieval is the primary driver of factual re-023
liability: a simple RAG baseline achieves 73%024
faithfulness, compared to 50% for Plain LLMs025
and 57% for Iterative Critique RAG (+46% rel-026
ative improvement). Second, reasoning-heavy027
strategies show diminishing returns: ToT and028
GoT increase latency by up to 15× without029
statistically significant gains in faithfulness or030
semantic similarity (≤ +2-3% BERTScore).031
Third, SimpleRAG offers the best cost–quality032
trade-off, generating high-quality docstrings033
in 6 seconds versus 90 seconds for Tree-of-034
Thought pipelines. Overall, our findings indi-035
cate that for Python class-level docstring gener-036
ation—a static, context-bound task—efficient037
retrieval-based grounding is more effective than038
generation-time reasoning. We release a repro-039
ducible, cost-aware benchmark to support prin-040
cipled evaluation of automated documentation041
systems.042

1 Introduction 043

Large Language Models (LLMs) have enabled sub- 044

stantial progress in software engineering tasks such 045

as code generation, explanation, and summariza- 046

tion. To improve reliability, recent work increas- 047

ingly augments LLMs with external context, ex- 048

plicit reasoning, and self-correction mechanisms. 049

Among these approaches, Retrieval-Augmented 050

Generation (RAG) has become a standard tech- 051

nique for grounding model outputs in external doc- 052

umentation rather than relying solely on parametric 053

knowledge. 054

Automatic docstring generation is a particularly 055

important application of LLMs. Unlike open- 056

ended summarization, docstring generation is a 057

high-fidelity task in which generated descriptions 058

must accurately reflect code behavior, parameters, 059

and return values. Hallucinated or incorrect doc- 060

strings can mislead developers and propagate errors 061

into downstream tooling, making this task a strin- 062

gent benchmark for evaluating factual grounding 063

in LLM-based systems. 064

While modern LLMs can produce fluent doc- 065

strings without external context, standalone gener- 066

ation frequently yields generic or incorrect descrip- 067

tions, especially for unfamiliar or domain-specific 068

code (Zhang et al., 2025b). Prior work therefore 069

adopts RAG-based approaches that ground genera- 070

tion in style guides, API documentation, and cod- 071

ing conventions, demonstrating improved factual 072

correctness through retrieval-based grounding. Fig- 073

ure 5 illustrates the qualitative difference between 074

docstrings generated with and without external con- 075

text. 076

Concurrently, recent research emphasizes 077

generation-time reasoning strategies—such as 078

Chain-of-Thought (CoT), Tree-of-Thought (ToT), 079

Graph-of-Thought (GoT), and agentic self- 080

correction—as general solutions to hallucination. 081

These techniques have demonstrated strong per- 082
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formance on tasks requiring multi-step reasoning083

and planning and are increasingly being applied to084

code documentation pipelines. This trend raises085

a critical but under-examined question for both086

researchers and practitioners: whether the sub-087

stantial computational and latency overhead in-088

troduced by explicit reasoning is justified for089

documentation tasks that are structurally sim-090

ple, context-bound, and frequently deployed in091

latency-sensitive developer tooling.092

Despite the widespread adoption of both RAG093

and reasoning-based prompting, their interaction094

in structured, context-bound documentation tasks095

remains poorly understood. Existing studies on096

RAG for code documentation (Zhang et al., 2025c)097

focus on limited retrieval variants, while reasoning-098

centric work largely targets open-ended reasoning099

tasks rather than extractive documentation.100

In this work, we present a systematic empiri-101

cal benchmark of retrieval and reasoning strate-102

gies for Python class-level docstring generation.103

We evaluate twelve configurations formed by com-104

bining three architectural families—Plain LLMs,105

standard RAG, and iterative self-correction—with106

four reasoning modalities: Base generation, CoT,107

ToT, and GoT. This factorial design enables con-108

trolled isolation of the effects of retrieval, explicit109

reasoning, and self-verification. We conduct exper-110

iments on a curated dataset of Python class doc-111

strings and evaluate performance using lexical and112

semantic metrics: ROUGE (Grusky, 2023), BLEU113

(Papineni et al., 2002), and BERTScore (Zhang*114

et al., 2020); code-specific coverage measures (pa-115

rameter, return, and exception coverage); and a116

reference-free LLM-as-a-Judge (Bavaresco et al.,117

2025) faithfulness metric to detect hallucinations118

and unsupported claims. We additionally report in-119

ference latency to analyze cost–quality trade-offs.120

Our results show that retrieval-based grounding121

is the dominant driver of reliable docstring gen-122

eration: a lightweight RAG baseline achieves a123

Faithfulness score of 73%, substantially outper-124

forming Plain LLMs (50%) and Self-Correction125

RAG (57%), corresponding to a 46% relative im-126

provement over non-retrieval generation. In con-127

trast, reasoning-heavy strategies such as Tree-of-128

Thought and Graph-of-Thought exhibit diminish-129

ing returns, increasing inference latency by up to130

15× without statistically significant gains in faithful-131

ness or semantic accuracy (≤ +2-3% BERTScore).132

From an efficiency perspective, SimpleRAG offers133

the most favorable quality–cost trade-off, gener-134

ating high-quality docstrings in approximately 6 135

seconds per sample compared to roughly 90 sec- 136

onds for Tree-of-Thought pipelines—a 93% re- 137

duction in latency. Collectively, these findings 138

demonstrate that for code documentation, an in- 139

herently static and context-bound task, efficient 140

retrieval-based grounding is substantially more ef- 141

fective than generation-time reasoning. 142

2 Related Work 143

2.1 Automated Code Documentation 144

Automated code documentation, including sum- 145

maries and docstrings, has been widely studied to 146

improve software maintainability and developer 147

productivity. Neural approaches to code summa- 148

rization demonstrate that models trained jointly on 149

code and natural language can generate fluent de- 150

scriptions of program behavior. For example, Liu et 151

al. (Liu et al., 2021) propose a retrieval-augmented 152

summarization mechanism that integrates code 153

semantics with dense representations, reflecting 154

the evolution of retrieval-based techniques beyond 155

simple prompt tuning. However, recent studies 156

show that even strong code-specialized models fre- 157

quently hallucinate undocumented parameters or 158

behaviors when relying solely on parametric knowl- 159

edge (Dainese et al., 2024; Sundaram et al., 2025). 160

These findings motivate architectures that explicitly 161

ground generation in external context. 162

2.2 Retrieval-Augmented Generation for 163

Code Tasks 164

Retrieval-Augmented Generation (RAG) improves 165

factual grounding by injecting external, non- 166

parametric information into LLM prompts at infer- 167

ence time. RAG has been studied in both general 168

NLP summarization and code-related tasks. For in- 169

stance, (Zhang et al., 2025a) introduces the Graph 170

of Records, which enriches RAG using historical 171

LLM responses for long-context summarization, 172

suggesting that richer context representations can 173

benefit global documentation tasks. Several exten- 174

sions to basic RAG—such as corrective retrieval, 175

query reformulation, and source fusion—have been 176

proposed. However, evaluations often focus on 177

single architectural variants or rely primarily on 178

surface-level text similarity metrics, leaving open 179

questions about reliability, efficiency, and faithful- 180

ness in structured documentation tasks. 181
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2.3 Advanced Reasoning Strategies for LLMs182

Beyond retrieval, explicit generation-time reason-183

ing strategies have been introduced to improve184

LLM performance on complex tasks. Chain-of-185

Thought (CoT) prompting (Wei et al., 2022) en-186

courages step-by-step reasoning, while Tree-of-187

Thought (ToT) (Yao et al., 2023) and Graph-of-188

Thought (GoT) (Besta et al., 2024) explore and189

aggregate multiple reasoning paths. These meth-190

ods show strong gains on tasks requiring multi-191

step inference or planning. However, their ef-192

fectiveness for context-bound, extraction-oriented193

tasks—such as code summarization and documen-194

tation—remains unclear. When relevant context is195

already supplied through retrieval, additional rea-196

soning may introduce speculative inference rather197

than improve factual grounding.198

2.4 Evaluation of Code Summarization and199

LLM Outputs200

Standard metrics such as BLEU and ROUGE are201

widely used to evaluate generated summaries and202

documentation but often correlate poorly with hu-203

man judgments. We discuss this line of work in204

two parts: first, the limitations of surface-level205

automatic metrics for code documentation, and206

second, recent advances in LLM-based evalua-207

tion frameworks designed to better capture factual208

grounding and faithfulness. Recent work therefore209

emphasizes efficiency and cost alongside correct-210

ness. ShortenDoc (Yang et al., 2025), for example,211

demonstrates that compressing docstring-related212

prompts can significantly reduce inference costs213

without degrading performance. To better capture214

documentation quality, recent studies adopt code-215

specific metrics such as parameter coverage, re-216

turn coverage, and faithfulness scores that extend217

beyond token overlap. In parallel, the LLM-as-218

a-Judge paradigm has emerged as an alternative219

evaluation approach. Studies such as (Li et al.,220

2025a) show that LLM judges can assist in ranking221

and evaluating retrieval outputs, motivating their222

use for detecting subtle grounding errors missed by223

traditional metrics.224

2.5 Research Gap225

While prior work has advanced retrieval-226

augmented generation, reasoning strategies, and227

evaluation methods, integrated comparisons of228

retrieval and reasoning for high-fidelity documen-229

tation remain limited. In particular, it is unclear230

whether reasoning-enhanced pipelines improve 231

faithfulness over retrieval-only approaches when 232

factual grounding and efficiency are critical. More- 233

over, most reasoning studies emphasize accuracy 234

in isolation and do not evaluate hallucination 235

behavior under retrieved context. Our study 236

addresses this gap by systematically benchmarking 237

retrieval and reasoning configurations for Python 238

docstring generation across quality, faithfulness, 239

and cost dimensions. 240

3 Methodology 241

3.1 Experimental Design 242

We adopt a factorial experimental design that 243

crosses three architectural families with four 244

generation-time reasoning modes, yielding twelve 245

docstring generation strategies. This design en- 246

ables controlled analysis of (i) retrieval versus no 247

retrieval, (ii) the marginal utility of explicit reason- 248

ing, and (iii) the cost–benefit trade-offs introduced 249

by iterative self-correction, while holding all other 250

variables constant. All strategies are implemented 251

within a unified, configuration-driven framework 252

to ensure fair comparison and reproducibility. 1 253

shows the architecture diagram. 254

3.2 Task Definition 255

The target task is Python class-level docstring gen- 256

eration. Compared to function-level summariza- 257

tion, class docstrings require synthesizing infor- 258

mation across methods, attributes, and inheritance 259

structures, making the task particularly sensitive to 260

hallucination and omission. Each model receives 261

the raw source code of a class and generates a PEP- 262

style docstring describing its purpose, parameters, 263

attributes, return behavior, and potential exceptions. 264

This setting reflects realistic documentation work- 265

flows and provides a stringent benchmark for evalu- 266

ating factual grounding and interface completeness. 267

3.3 Architectural Families 268

We evaluate three architectural paradigms that rep- 269

resent increasing system complexity. 270

Plain LLM serves as a no-retrieval baseline, re- 271

lying solely on the model’s parametric knowledge 272

and the input source code. This configuration estab- 273

lishes a lower bound for documentation faithfulness 274

in the absence of external grounding. 275

Simple RAG follows the standard retrieval- 276

augmented generation paradigm. A dense retriever 277

selects the top-k relevant context chunks from an 278

3



Figure 1: Experimental framework for Python docstring generation. Three architectural families combined with four
reasoning modes yield twelve strategies, all evaluated using shared quality, coverage, faithfulness, and cost metrics.

indexed corpus and concatenates them with the279

source code prior to generation. This architecture280

isolates the effect of contextual grounding without281

introducing additional reasoning or control mecha-282

nisms.283

Iterative Critique RAG applies a test-time gen-284

erate–critique–refine loop in which the model re-285

vises an initial docstring based on self-identified286

omissions or unsupported claims. This heuris-287

tic self-correction approach, distinct from trained288

reflection-token frameworks such as SELF-RAG,289

incurs additional inference costs and is evaluated290

to determine whether lightweight self-review im-291

proves reliability beyond retrieval alone.292

3.4 Reasoning Modes293

Across all architectural families, we apply four294

prompting strategies (Li et al., 2025b) that vary the295

structure of generation-time reasoning.296

The Base setting uses direct zero-shot (Izacard297

et al., 2022) prompting without explicit reason-298

ing instructions. Chain-of-Thought (CoT) encour-299

ages step-by-step reasoning over parameters and300

behaviors. Tree-of-Thought (ToT) generates multi-301

ple candidate decomposition plans and synthesizes302

the most complete one. Graph-of-Thought (GoT)303

produces independent reasoning components (e.g.,304

parameter analysis, return behavior, exception han-305

dling) and aggregates them into a final docstring.306

This axis enables systematic analysis of the benefits307

and computational costs of increasingly structured308

reasoning.309

3.5 Evaluation Metrics310

We employ a multi-dimensional evaluation frame-311

work covering documentation quality, complete-312

ness, faithfulness, and efficiency. Lexical similarity313

is measured using ROUGE-1 and BLEU, while 314

semantic alignment is assessed with BERTScore. 315

Documentation completeness is evaluated using Pa- 316

rameter, Return, and Exception Coverage, which 317

quantify whether relevant interface elements are 318

explicitly documented. 319

To detect hallucinations not captured by similar- 320

ity or coverage metrics, we introduce a reference- 321

free Faithfulness Score using an independent LLM- 322

as-a-Judge (Elmitwalli et al., 2025). The judge eval- 323

uates whether statements in the generated docstring 324

are supported by the source code and, when appli- 325

cable, retrieved context, producing scores from 0.0 326

(unsupported) to 1.0 (fully grounded). This score 327

serves as our primary reliability metric. We addi- 328

tionally record inference latency, model call counts, 329

and token usage to quantify computational cost and 330

analyze quality–efficiency trade-offs. 331

3.6 Reproducibility 332

All experiments are driven by centralized config- 333

uration files that fix retrieval parameters, prompt 334

templates, model settings, and evaluation criteria 335

across strategies. This ensures that observed differ- 336

ences arise solely from architectural and reasoning 337

variations rather than uncontrolled experimental 338

factors. 339

4 Experimental Setup 340

4.1 Dataset Construction 341

We constructed a blind docstring generation bench- 342

mark from the rag-docstring dataset, consisting of 343

250 Python classes collected from diverse public 344

GitHub repositories. For each class, we extract 345

two aligned artifacts: (i) the raw class code and 346

(ii) its original docstring. To enforce a blind gen- 347
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Figure 2: Dataset construction pipeline. Python classes
are collected from GitHub, parsed to separate code and
docstrings, and stripped of docstrings to create a blind
generation setting; the extracted docstrings are used as
reference annotations in the benchmarking framework
(Figure 2).

eration setting, the docstring is removed from the348

input code prior to generation, while the extracted349

docstring is retained as the reference annotation.350

The resulting (code-without-docstring, reference-351

docstring) pairs form the evaluation dataset for all352

experiments. Figure 2 illustrates the dataset con-353

struction pipeline, and all samples are evaluated354

using the unified benchmarking framework shown355

in Figure 1.356

4.2 Models and Hardware357

All strategies are evaluated using a fixed set of mod-358

els and hardware resources to avoid confounding359

effects.360

• Generator LLM: Meta-Llama-3-8B-Instruct,361

quantized and served via Ollama, selected for362

its strong instruction-following capability and363

practical deployment footprint.364

• Judge LLM: DeepSeek-Coder-V2, used ex-365

clusively as an independent evaluator for the366

LLM-as-a-Judge faithfulness metric.367

• The embedding model all-MiniLM-L6-v2368

(384 dimensions) was chosen to reflect real-369

istic developer-tooling constraints rather than370

large, compute-heavy encoders.371

All experiments were executed on a single NVIDIA372

A100 GPU, ensuring stable throughput and consis-373

tent latency measurements across all strategies. Re-374

porting results on a high-performance accelerator375

allows observed cost differences to be attributed376

to architectural and reasoning choices rather than377

hardware limitations.378

4.3 Retrieval Index and Parameters379

To isolate the effects of reasoning and self-380

correction, retrieval parameters are fixed across all381

retrieval-based strategies (Lewis et al., 2020). We 382

use dense semantic retrieval with cosine similarity 383

over embedded text chunks and retrieve the top- 384

k = 3 documents. Preliminary ablations showed 385

that larger values of k introduced irrelevant context 386

and consistently reduced faithfulness; we, there- 387

fore, adopt k = 3 as a conservative setting. Docu- 388

ments are segmented into 512-token chunks with 389

a 50-token overlap to balance semantic coherence 390

and retrieval granularity. 391

4.4 Execution Protocol and Logging 392

All twelve strategies are evaluated on the same set 393

of 250 classes. Metrics are computed per sam- 394

ple and aggregated across the dataset. Alongside 395

documentation quality, coverage, and faithfulness, 396

we record end-to-end latency, token usage, and 397

model-call counts for each strategy, enabling ex- 398

plicit analysis of quality–efficiency trade-offs. All 399

prompts, hyperparameters, and evaluation settings 400

are controlled via centralized configuration files to 401

ensure reproducibility and consistent comparisons. 402

5 Results 403

5.1 Core Text Quality Metrics 404

We first examine standard text quality metrics, in- 405

cluding lexical overlap (ROUGE-1, BLEU) and 406

semantic similarity (BERTScore). Aggregate re- 407

sults are summarized in Table 1. Across archi- 408

tectural families, SimpleRAG (Base) achieves the 409

highest semantic alignment, with a BERTScore of 410

0.598, outperforming both the Plain LLM base- 411

line (0.595) and Self-Correction RAG (0.569). 412

Paired Wilcoxon signed-rank tests confirm that 413

the improvement of SimpleRAG over Plain LLM 414

is statistically significant (p < 0.05). While 415

reasoning-based prompting strategies occasionally 416

yield marginal improvements in lexical overlap, 417

these gains do not translate into consistent seman- 418

tic improvements. Across all families, differences 419

between Base prompting and reasoning-augmented 420

variants (CoT, ToT, GoT) are not statistically sig- 421

nificant with respect to BERTScore. These results 422

suggest that increasing reasoning depth does not 423

systematically improve semantic quality for doc- 424

string generation. 425

5.2 Faithfulness and Hallucination 426

Faithfulness, measured using an independent LLM- 427

as-a-Judge, reveals the most pronounced differ- 428

ences between strategies. Quantitative scores are 429
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Setting Strategy ROUGE-1 BLEU BERTScore Readability

No RAG

Plain 0.190 0.010 0.595 47.40
CoT 0.191 0.007 0.602 38.14
GoT 0.212 0.011 0.581 44.53
ToT 0.210 0.012 0.581 49.56

RAG

SimpleRAG 0.200 0.006 0.598 39.95
CoT 0.176 0.009 0.574 32.93
GoT 0.205 0.008 0.579 42.86
ToT 0.205 0.012 0.586 44.72

RAG + Reasoning

IterCrit RAG 0.203 0.009 0.569 50.68
CoT 0.204 0.008 0.562 48.87
GoT 0.221 0.006 0.585 50.70
ToT 0.195 0.005 0.560 47.30

Table 1: Core text quality metrics averaged over 250 classes. Improvements in lexical and semantic similarity from
reasoning strategies are inconsistent and do not correlate with faithfulness.

reported in Table 2.430

Plain LLM strategies consistently cluster around431

a faithfulness score of 0.50, regardless of reason-432

ing mode, indicating a persistent hallucination433

in the absence of grounding. In contrast, Sim-434

pleRAG (Base) achieves the highest faithfulness435

score (0.731), representing a 46% relative improve-436

ment over the Plain LLM baseline. This improve-437

ment is statistically significant under paired testing438

(p < 0.001).439

Reasoning-augmented RAG variants do not sur-440

pass the base retrieval strategy. Although ToT-441

RAG and GoT-RAG achieve moderate faithful-442

ness scores, they remain significantly below Sim-443

pleRAG (p < 0.05). These findings indicate that ad-444

ditional reasoning steps can introduce unsupported445

inferences rather than improve factual grounding446

for this task.447

5.3 Documentation Coverage and Its448

Interaction with Faithfulness449

We next analyze how comprehensively each strat-450

egy documents the code interface. Parameter, re-451

turn, and exception coverage metrics are reported452

in Table 2, while their relationship with faith-453

fulness is illustrated in Figure 3. SimpleRAG454

achieves the best balance between documentation455

completeness and correctness, maintaining high456

parameter, return, and exception coverage while457

also attaining the highest faithfulness. In contrast,458

Self-Correction RAG shows lower coverage with459

only moderate faithfulness, indicating that itera-460

tive critique can suppress valid interface informa-461

tion alongside hallucinations. Reasoning-heavy462

strategies occasionally increase coverage, but at a463

substantially higher computational cost and with-464

Figure 3: Relationship between documentation cover-
age and faithfulness. Bubble size indicates average
execution time.

out corresponding gains in faithfulness. Crucially, 465

higher coverage does not imply higher faithful- 466

ness. Encouraging exhaustive documentation can 467

prompt models to speculate beyond the available 468

evidence. Paired statistical tests confirm that Sim- 469

pleRAG significantly outperforms Self-Correction 470

and reasoning-enhanced variants in both coverage 471

and faithfulness (p < 0.05). 472

5.4 Computational Cost and Efficiency 473

We analyze computational efficiency using 474

execution time and its components, reported in 475

Table 3, with the overall quality–cost trade-off 476

shown in Figure 4. All experiments were ex- 477

ecuted on a single NVIDIA A100 GPU under 478

identical conditions. SimpleRAG (Base) achieves 479

a mean latency of approximately 5.9 seconds 480

per sample, making it suitable for interactive 481

developer workflows. In contrast, ToT-RAG incurs 482
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Setting Strategy ParamCov ReturnCov ExceptionCov Faithfulness

No RAG

Plain 0.528 0.925 0.791 0.501
CoT 0.563 0.866 0.784 0.500
GoT 0.463 0.821 0.679 0.504
ToT 0.379 0.746 0.703 0.502

RAG

SimpleRAG 0.455 0.940 0.845 0.731
CoT 0.489 0.746 0.664 0.702
GoT 0.428 0.896 0.698 0.596
ToT 0.471 0.657 0.639 0.634

RAG + Reasoning

IterCrit RAG 0.287 0.612 0.649 0.573
CoT 0.274 0.508 0.539 0.572
GoT 0.408 0.642 0.631 0.543
ToT 0.267 0.552 0.560 0.522

Table 2: Documentation coverage and faithfulness scores. SimpleRAG (Base) achieves the highest faithfulness
despite not maximizing coverage, indicating that reasoning-based verbosity often introduces unsupported content.

Setting Strategy Latency (s) API Calls Retrieval (s) Generation (s)

No RAG

Plain 7.44 1.0 0.00 7.44
CoT 7.05 1.0 0.00 7.05
GoT 21.93 1.0 0.00 21.93
ToT 74.49 1.0 0.00 74.49

RAG

SimpleRAG 5.90 2.0 0.05 5.84
CoT 8.69 2.0 0.05 8.64
GoT 24.74 2.0 0.06 24.68
ToT 89.52 2.0 0.28 89.23

RAG + Reasoning

IterCrit RAG 8.82 2.66 0.15 6.61
CoT 9.89 2.75 0.20 6.66
GoT 22.21 2.75 0.15 12.12
ToT 50.28 2.69 0.29 12.05

Table 3: Computational cost comparison measured on a single NVIDIA A100 GPU. Reasoning-heavy strategies
incur substantial latency without commensurate gains in faithfulness.

Figure 4: Trade-off between faithfulness and execution
latency for all strategies. Latency is shown on a loga-
rithmic scale.

a mean latency of approximately 89.5 seconds, 483

representing a 15× increase over SimpleRAG. This 484

difference is highly statistically significant (p < 485

0.001). Importantly, the increased computational 486

cost does not yield corresponding improvements 487

in faithfulness or semantic quality. Figure 4 488

shows that SimpleRAG consistently occupies the 489

optimal region of the faithfulness–latency space, 490

achieving the highest correctness at the lowest cost. 491

492

Overall, retrieval-based grounding consistently 493

dominates generation-time reasoning in producing 494

faithful docstrings. While self-correction improves 495

over Plain LLMs, it remains unstable and inferior 496

to SimpleRAG. Across all metrics, statistical tests 497

confirm that SimpleRAG (Base) lies on the optimal 498

faithfulness–cost Pareto frontier, achieving the best 499

balance between reliability and efficiency. 500
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6 Discussion501

6.1 Why Reasoning Underperforms for502

Docstring Generation503

Our results show that explicit generation-time504

reasoning strategies—Chain-of-Thought, Tree-of-505

Thought, and Graph-of-Thought—do not improve506

faithfulness for retrieval-augmented docstring gen-507

eration and often degrade it. This outcome is best508

explained by the nature of the task. Docstring gen-509

eration is a descriptive, context-bound problem:510

the objective is to accurately restate information511

explicitly present in the code and supporting doc-512

umentation. Unlike tasks that require planning or513

inference, documentation benefits from strict ad-514

herence to observable structure. Reasoning-based515

prompting expands the model’s deliberation space,516

encouraging speculative inferences about behavior517

or semantics that are not supported by the input.518

Without external verification, these inferences fre-519

quently lead to unsupported statements—a failure520

mode we term hallucination by inference. Em-521

pirically, reasoning-heavy strategies substantially522

increase computational cost while yielding equal523

or lower faithfulness than simpler alternatives.524

6.2 Retrieval as a Constraint on Generation525

In contrast, retrieval-based grounding acts as an526

effective constraint on generation. By injecting527

concrete external context, SimpleRAG narrows the528

output space to statements supported by retrieved529

evidence, reducing hallucination without additional530

control mechanisms. Even lightweight retrieval531

configurations achieve large gains in faithfulness,532

indicating that retrieval actively regularizes genera-533

tion rather than merely supplementing parametric534

knowledge.535

6.3 Implications for Agentic and536

Self-Correction Frameworks537

The performance of Self-Correction RAG high-538

lights important limitations of agentic approaches539

for documentation tasks. Although iterative cri-540

tique improves upon Plain LLM baselines, it re-541

mains consistently inferior to SimpleRAG and ex-542

hibits high variance. Because the critic and genera-543

tor share the same incomplete context and inductive544

biases, self-correction often reinforces earlier as-545

sumptions rather than correcting them, aligning546

with prior findings that effective agentic correction547

requires external verification signals. Overall, our548

results indicate that for structured, context-bound549

tasks such as code documentation, grounding mech- 550

anisms are more reliable than internal deliberation 551

or self-reflection. 552

7 Conclusion 553

This work highlights the importance of task-aware 554

architectural design in large language model–based 555

software engineering systems, showing that increas- 556

ingly complex reasoning mechanisms do not uni- 557

versally improve reliability. We present a system- 558

atic empirical evaluation of retrieval, reasoning, 559

and self-correction strategies for automated Python 560

docstring generation across twelve configurations 561

and multiple quality, coverage, faithfulness, and 562

cost metrics. 563

Our results demonstrate that retrieval-based 564

grounding is the primary driver of reliable 565

documentation, while generation-time reasoning 566

yields diminishing—and, in several cases, nega- 567

tive—returns. A lightweight Retrieval-Augmented 568

Generation (RAG) baseline consistently outper- 569

forms both standalone LLMs and reasoning- 570

heavy pipelines in faithfulness while incurring 571

substantially lower computational costs. In 572

contrast, explicit reasoning strategies—including 573

Chain-of-Thought, Tree-of-Thought, and Graph-of- 574

Thought—significantly increase inference latency 575

without improving factual correctness and often 576

introduce additional unsupported content. We char- 577

acterize this failure mode as hallucination by in- 578

ference, where reasoning encourages speculative 579

abstraction that is misaligned with the extractive, 580

context-bound nature of documentation tasks. 581

These findings have direct implications for 582

the design of automated documentation systems. 583

Rather than indiscriminately applying complex 584

agentic pipelines, retrieval-first architectures of- 585

fer a more effective, efficient, and sustainable so- 586

lution for developer-facing tools, where latency 587

and reliability are critical constraints. Future work 588

will extend this analysis to additional programming 589

languages, documentation formats, and codebase- 590

aware retrieval settings, and explore adaptive sys- 591

tems that invoke reasoning only when ambiguity 592

is detected. We hope this study encourages more 593

principled evaluation of when reasoning is neces- 594

sary—and when efficient grounding alone is suf- 595

ficient—in practical software engineering applica- 596

tions. 597
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Limitations598

These results should not be interpreted as evi-599

dence against the usefulness of reasoning strate-600

gies in tasks that genuinely require planning, ex-601

ecution, or multi-step inference. Our findings602

are specific to Python class-level docstring gen-603

eration, a static and context-bound documentation604

task where correctness depends primarily on faith-605

ful restatement rather than inference. Several ad-606

ditional limitations remain. First, our evaluation607

focuses on a single programming language and608

documentation style, and results may not directly609

generalize to other languages or documentation610

formats. Second, although the dataset spans di-611

verse GitHub repositories, its size is modest, and612

larger-scale studies could further validate the ob-613

served trends. Third, faithfulness is assessed us-614

ing an LLM-as-a-Judge, which—while effective615

for relative comparison—may reflect biases of the616

evaluator model. Finally, we do not include human617

evaluation, which could provide complementary618

insights into developer-perceived usefulness and619

clarity.620

Ethics Statement621

We acknowledge two primary ethical considera-622

tions in this work. First, AI-assisted tools were623

used during writing and code development solely to624

improve clarity and presentation. All experimental625

design, analysis, and conclusions were developed626

and verified by the human authors, who take full627

responsibility for the content.628

Second, all experiments were conducted using629

publicly available, open-source code and datasets630

under their respective licenses. No private, sen-631

sitive, or personally identifiable data were used,632

and data ownership and licensing constraints were633

respected.634

More broadly, our findings support the re-635

sponsible and sustainable use of large language636

models. By showing that lightweight retrieval-637

based grounding achieves higher reliability than638

reasoning-heavy pipelines while reducing infer-639

ence costs by up to 15×, this work promotes ef-640

ficient deployment and aligns with the principles641

of Green AI and responsible model usage.642
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A Appendix 772

A.1 Output of generated docstrings: 773

774

Figure 5: This image shows two docstrings generated. The one on the left shows the docstring generated without
RAG and one on the right shows with RAG.
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A.2 System Prompts:775

776

Figure 6: System Prompt
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777

Figure 7: Final Generation Prompt
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778

Figure 8: Retrieval Context Query Generation Prompt
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A.3 Reasoning Prompts: 779

780

Figure 9: Chain of Thought Prompt
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781

Figure 10: Tree of Thought Prompt
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782

Figure 11: Graph of Thought Prompt
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783

Figure 12: Iterative Critique RAG – Critique Prompt
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784

Figure 13: LLM-as-a-Judge Prompt

A.4 Evaluation Framework: 785

To ensure a holistic assessment of the generated docstrings, we employed a comprehensive suite of 786

evaluation metrics categorized into two main areas: code evaluation metrics and documentation coverage 787

metrics. 788

A.4.1 Code evaluation metrics 789

These metrics assess the fundamental quality of the generated natural language text. We used 5 key 790

metrics: ROUGE-1 score, BLEU score, BERT score, ease of reading, and conciseness. For measuring 791

accuracy, the main metric that we use is the BERT score. The BERT score is calculated as follows: 792

BERT = 2× PBERT ×RBERT

PBERT +RBERT

Where PBERT is the Precision BERT score, and RBERT is the Recall BERT score. 793

794

19



To calculate the ease of reading, we use the Flesch reading ease metric, which is calculated based on795

the ratio of total words to total syllables, as mentioned below:796

Clarity =
206.825− 1.5

Totalw
Totals

− 84.6
Totalsy
Totalw

100

where w are words, s are sentences, and sy is the generated syllabus.797

798

Conciseness measures how precise the docstring is.799

Conciseness =
CompressGenerated text

CompressGround truth

The ideal conciseness score will be around 1, which indicates that the compressed text of the ground800

truth and the generated text are of the same length.801

A.4.2 Documentation Coverage Metrics802

These metrics evaluate how well the docstring documents the functional interface of the code.803

804

Parameter Coverage measures the proportion of function and method parameters that are mentioned in805

the generated docstring vs. the actual code.806

Parameter coverage =
DParameters

CParameters

where DParameters are the generated docstring parameters, and CParameters are the code docstring807

parameters.808

Return coverage is a binary score that checks whether a return statement in the code is documented.809

Return coverage =



1 if code has docstring and no return statement

1 if code and docstring both have a return statement

0 if code has a return statement but the docstring does
not, or vice versa

(1)810

Faithfulness scores represent the relationship between the tokens in the generated docstrings and the811

retrieved context.812

Faithfulness score =
DTokens ∩RCTokens

DTokens

where DTokens represents tokens generated by the docstring, and RCTokens represents the retrieved813

context.814

815

Exception Score measures the proportion of explicitly raised exceptions in the code that are mentioned816

in the docstring.817

Exception coverage =
DException

CExceptions

where DExceptions stands for the number of exceptions raised in the generated docstring, and818

CExceptions is the number of exceptions in the code.819
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