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Abstract001

Software requirements are derived from natural002
language inputs such as the transcripts of elici-003
tation interviews. However, evaluating whether004
those derived requirements faithfully reflect the005
stakeholders’ needs remains a challenging man-006
ual task. We introduce TEXT2STORIES, a task007
and metrics for text-to-story alignment that al-008
low quantifying the extent to which require-009
ments (in the form of user stories) match the010
actual needs expressed by the elicitation session011
participants. Given an interview transcript and012
a set of user stories, our metric quantifies (i) cor-013
rectness: the proportion of stories supported by014
the transcript, and (ii) completeness: the propor-015
tion of transcript supported by at least one story.016
We segment the transcript into text chunks and017
instantiate the alignment as a matching prob-018
lem between chunks and stories. Experiments019
over four datasets show that an LLM-based020
matcher achieves 0.86 macro-F1 on manually021
labeled chunk–story pairs, while embedding022
models alone remain behind but enable effec-023
tive blocking. Automated alignment decisions024
enable the downstream computation of com-025
pleteness and correctness. We show that these026
two metrics behave consistently with human027
judgment across multiple datasets, positioning028
TEXT2STORIES as a scalable, source-faithful029
complement to existing user-story quality crite-030
ria.031

1 Introduction032

User stories are a key asset in agile development:033

short, semi-structured requirements that capture034

who wants what and why (Cohn, 2004).1 In prac-035

tice, requirements such as user stories are most036

commonly distilled manually from lengthy, conver-037

sational sources such as stakeholder interviews and038

facilitated workshops (Wagner et al., 2019).039

Large language models (LLMs) promise to040

streamline this tedious human activity by gener-041

1We consider user stories following the Connextra tem-
plate: “As a [role], I want to [action], so that [benefit]”.

User stories

Interview
transcript

Text2Stories Correctness
Completeness

As a [role], I [want to], [so that]

Figure 1: Overview of the workflow. Elicitation from
stakeholders produces an interview transcript. From
this transcript, human analysts (or LLMs) craft user sto-
ries. Given a set of stories and the original transcript,
TEXT2STORIES computes two metrics: Correctness
(are stories supported by the interview?) and Complete-
ness (is the whole conversation covered by the stories?).

ating candidate user stories from unstructured inter- 042

view transcripts (Ronanki et al., 2022; Quattrocchi 043

et al., 2025; Yamani et al., 2025). 044

Yet, a central question remains largely unad- 045

dressed: to what extent do the generated stories 046

faithfully reflect what stakeholders actually said? 047

This question applies to both human- and LLM- 048

generated user stories. Existing quality frameworks 049

for user stories, like QUS (Lucassen et al., 2016), 050

only assess how well a story is written, not whether 051

it is grounded in the source. Addressing this ques- 052

tion is critical, because hidden and incomplete re- 053

quirements are the most frequent cause for software 054

project failure (Fernández et al., 2017). 055

We address this gap by introducing 056

TEXT2STORIES, a task and metric for text-to-story 057

alignment (T2SA). The goal is to quantify align- 058

ment between an interview transcript and a set of 059

user stories derived from it. Rather than scoring 060

stories in isolation, T2SA evaluates them against 061

the source, offering a complementary perspective 062

to traditional user-story quality checks. We use 063

alignment for two interpretable, source-faithful 064

measures: correctness, the proportion of stories 065

supported by at least one segment of the transcript, 066

and completeness, the proportion of transcript 067
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Speaker 1: It should register to the system for identification.
Speaker 2: Yeah, user profile for everyone. 
Speaker 1: The team manager or the owner asked for opening a new
team with a certain valid documents and then the IFA approved its
registration. It can now manage a team with the players, the
coaches, the stadium and other resources.

As the IFA manager, I want to be able to approve new
teams registered in the system, so that I maintain integrity

As an IFA employee, I want to automate the allocating of
match officials to games, so that I reduce my workload.

User Stories from a Human AnalystChunk from the Elicitation Interview

Figure 2: Example of Text-to-Story Alignment (T2SA). A snippet from the elicitation interview (left) is aligned
against two candidate user stories by a human analyst (right). One is a valid match (approval of new teams is
evidenced in the interview), the other is not a match (allocation of match officials is not supported in this excerpt).
T2SA produces traceable chunk-story links used by our Correctness and Completeness metrics.

segments that are covered by at least one story. As068

depicted in Figure 1, given an interview’s transcript069

and the set of corresponding stories, the goal is to070

output the two measures for an actionable quality071

assessment of the stories at hand.072

We cast T2SA as a matching problem between073

conversation transcript chunks and stories, as de-074

picted in Figure 2. Segmenting interviews into over-075

lapping chunks enables local grounding and trace-076

ability: each positive match points to concrete evi-077

dence and can be surfaced as a justification during078

review (Spijkman et al., 2022). However, naively079

evaluating all story-chunk pairs scales quadratically080

and can become cost prohibitive for long interviews081

or large story sets. To make T2SA practical, we in-082

troduce an embedding-based blocking scheme that083

preserves alignment quality while reducing LLM084

token processing, making source-grounded evalu-085

ation feasible (Papadakis et al., 2020). We report086

the following contributions.087

(1) We formalize the text-to-story alignment088

(T2SA) task and introduce two complementary,089

source-faithful measures, correctness and com-090

pleteness, that quantify how well stories are091

grounded in interview transcripts (Section 3).092

(2) We instantiate T2SA as pairwise matching be-093

tween transcript chunks and stories, with inter-094

changeable matchers (embeddings, cross-encoders,095

LLM judges) and an embedding-based blocking096

operator (Section 4).097

(3) We conduct experiments on 17 software098

projects (Section 5) and show that an LLM-based099

matcher achieves an average macro-F1 of 0.86100

on four annotated datasets for the pairwise match-101

ing task (Section 6.1). Using the top-performing102

matcher and the non-annotated datasets, we demon-103

strate that correctness and completeness can effec-104

tively compare generated user stories (both human-105

and LLM-written) (Section 6.2). We also show106

that blocking reduces token processing up to 3×107

(Section 6.3) and that chunking leads to almost dou-108

bling the average macro-F1 in matching, compared 109

to using the full document in the task (Section 6.4). 110

2 Related Work 111

TEXT2STORIES turns a common but 112

under-formalized software-engineering ac- 113

tivity into an NLP task, involving methods from 114

different research areas. 115

Requirements engineering (RE). User stories are 116

central to agile RE, and their textual quality is typi- 117

cally assessed with frameworks such as QUS (Lu- 118

cassen et al., 2016). While valuable, these criteria 119

target how well a story is written (syntax, seman- 120

tics, pragmatics) rather than whether the story is 121

grounded in the elicitation source. Closer to our 122

goal, Spijkman et al. link user stories to elicitation 123

conversations (Spijkman et al., 2022) and study 124

how to summarize conversation transcripts to sur- 125

face requirements-relevant turns (Spijkman et al., 126

2023). TEXT2STORIES builds on this work by 127

(i) formalizing alignment between stories and inter- 128

view chunks and (ii) turning grounding into explicit, 129

coverage-style metrics (correctness/completeness) 130

rather than heuristics on isolated stories. 131

Faithfulness and factuality. Existing work mea- 132

sures whether generated text is faithful to its 133

source. In summarization, hallucinations motivate 134

source-grounded evaluation (Maynez et al., 2020; 135

Pagnoni et al., 2021; Nenkova and Passonneau, 136

2004); automatic metrics rely on NLI or QA sig- 137

nals to score consistency (Kryściński et al., 2020; 138

Laban et al., 2022; Wang et al., 2020; Scialom 139

et al., 2021; Fabbri et al., 2022; Zha et al., 2023). 140

TEXT2STORIES is aligned with these lines (judge 141

against the source), but differs in unit and objective: 142

we align requirements to conversational evidence 143

with many-to-many relations, and we report inter- 144

pretable set-level coverage measures. 145

Work on fact verification formalizes sup- 146

port/contradiction with retrieved evidence (Thorne 147

et al., 2018) and detects previously fact-checked 148
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claims with matching (Shaar et al., 2020). Our set-149

ting differs as (i) claims (user stories) are longer,150

compositional artifacts rather than atomic state-151

ments, and (ii) evidence lives in long, multi-speaker152

transcripts with local context and discourse.153

Retrieval, blocking, and reranking. Our154

embedding-based blocking and pairwise match-155

ing mirror standard IR practice: bi-encoders for156

fast similarity search (Reimers and Gurevych,157

2019), cross-encoder rerankers for precise scor-158

ing (Nogueira and Cho, 2019), and techniques for159

reducing quadratic comparisons (Papadakis et al.,160

2020). Unlike open-domain retrieval, our goal is161

not answering a query but preserving alignment re-162

call at minimal token cost so that a stronger judge163

can operate on a pruned set of story–chunk pairs.164

LLM-as-a-judge. There is evidence of strong165

agreement of LLMs and human preferences in166

grading outputs, with growing understanding167

of biases and mitigation (Zheng et al., 2023).168

TEXT2STORIES leverages LLM-as-a-judge con-169

strained to pairwise decisions at the chunk level.170

No prior work operationalizes a text-to-story align-171

ment task with correctness/completeness.172

3 Task: Text-to-Story Alignment (T2SA)173

We define the text-to-story alignment (T2SA) task174

as follows: given a transcript of an elicitation inter-175

view and a set of user stories derived from it, the176

goal is to quantify the extent to which the stories177

accurately reflect the information expressed by the178

participants during the interview.179

Formally, let T be a transcript segmented into180

n text chunks C = {c1, c2, . . . , cn}, and let S =181

{s1, s2, . . . , sm} be a set of m user stories. The182

goal is to determine, for each pair (ci, sj), whether183

the chunk ci supports the user story sj , i.e., whether184

the requirement expressed in sj can be justified by185

information contained in ci. We define two metrics:186

Correctness: proportion of user stories supported187

by at least one chunk:188

Corr =

∣∣{ sj ∈ S : ∃ ci ∈ C, y(ci, sj) = 1 }
∣∣

|S|
,

(1)189

where y(ci, sj) ∈ {0, 1} is the alignment label,190

with 1 if the requirement in sj is justified by infor-191

mation in ci, 0 otherwise.192

Completeness: proportion of chunks in the tran-193

script that are covered by at least one story: 194

Comp =

∣∣{ ci ∈ C : ∃ sj ∈ S, y(ci, sj) = 1 }
∣∣

|C|
.

(2) 195

Completeness is a relative metric and may not 196

reach 1.0, since not all transcript chunks necessarily 197

express stakeholder needs. It measures transcript 198

coverage rather than true requirement complete- 199

ness; however, due to the lack of gold-standard 200

requirement catalogs and the high cost of creat- 201

ing them, we use it as a proxy. A small human 202

audit (Appendix B.5) shows that sets with more re- 203

quirements also achieve higher completeness, pro- 204

viding empirical evidence of a positive correlation 205

between transcript coverage and requirement com- 206

pleteness in our setting. 207

Since interviews vary widely in length and struc- 208

ture, these metrics are intended for within-interview 209

comparisons, such as comparing alternative story 210

sets derived from the same transcript. 211

4 Method 212

We define our method to solve the T2SA task as a 213

two-stage pipeline: (1) segmenting the transcript 214

into chunks, and (2) aligning the chunks with user 215

stories via a matcher. An optional blocking stage 216

can be inserted between these steps to reduce com- 217

putational cost without altering the task definition. 218

Correctness and completeness measures are then 219

derived from the alignment output. 220

Formally, let C = {c1, . . . , cn} be the set of 221

transcript chunks and S = {s1, . . . , sm} the set of 222

user stories. We consider the set of candidate pairs 223

P = C × S = {(ci, sj) | ci ∈ C, sj ∈ S}. 224

A matcher X is a function 225

X : C × S → {0, 1}, 226

where X(ci, sj) = 1 indicates that chunk ci sup- 227

ports story sj . By default, X is applied to the entire 228

Cartesian product P , i.e., all possible pairs. 229

The overall method admits two operating modes: 230

(1) Direct matching: evaluate X on all pairs P = 231

C × S. 232

(2) Blocked matching: apply an embedding-based 233

blocking operator BK that restricts P to a smaller 234

candidate set P ′, then evaluate X only on P ′. 235

The following subsections detail the three core 236

components: chunking (C), pairwise matching 237

(X), and embedding-based blocking (BK). 238
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4.1 Chunking (C)239

We segment transcripts based on speaker turns (as240

in Figure 2), following prior work on identifying241

requirements information in interviews (Spijkman242

et al., 2023). While one could in principle treat243

each turn as a separate chunk, elicitation interviews244

are a question and answer sequence (Zaremba and245

Liaskos, 2021), which provides contextual infor-246

mation (spanning across multiple turns) that helps247

understand whether a user story is supported. Fol-248

lowing expert knowledge (Spijkman et al., 2023),249

we adopt the strategy of grouping three consecutive250

speaker turns into a unit, using a stride of one so251

that every possible three-turn window is consid-252

ered and full transcript coverage is ensured. Given253

turns (t1, t2, . . . , tk), this results in overlapping254

chunks (t1, t2, t3), (t2, t3, t4), . . . , (tk−2, tk−1, tk).255

In principle, the chunking strategy is flexible, how-256

ever, a full sweep of chunk sizes would require257

manually annotating alignments for each variant,258

which is prohibitively expensive, so we conduct259

our experiments with the three-turn sliding window260

approach. Our ablation shows that matching stories261

against the entire interview document leads to sub-262

stantially degraded alignment performance com-263

pared to matching against chunks (Section 6.4).264

4.2 Pairwise Matching (X)265

Given the chunk set C and the user stories S, we266

form all possible pairs (ci, sj). For each pair, a267

model X assigns a binary label indicating whether268

the chunk supports the story.269

The matcher X can be instantiated as:270

(1) LLM based judge, a large language model271

prompted with few shot examples of aligned and272

non aligned pairs (prompts in Appendix A.2);273

(2) Cross encoder, a reranker model that jointly274

encodes (ci, sj) and outputs a support score; or275

(3) Bi encoder, which computes embeddings for276

ci and sj independently and checks their cosine277

similarity.278

In all cases, X answers the question: “Does this279

interview chunk justify this user story?”280

4.3 Embedding-Based Blocking (BK)281

To reduce computational cost, we introduce an282

embedding-based blocking step. Instead of eval-283

uating all pairs, we first compute embeddings for284

all chunks and stories and measure their similarity.285

For each story sj , we keep only the Top-K most286

similar chunks: BK(S,C) =
⋃m

j=1{(ci, sj) : ci ∈287

TopK(C, sj)}. The matcher X is then applied only 288

to these reduced candidate sets P ′ = BK(S,C). 289

All other pairs are implicitly labeled as X(ci, sj) = 290

0. This blocking scheme preserves alignment qual- 291

ity while drastically reducing computation by a fac- 292

tor |C|
K . For instance, with |C| = 100 and K = 25, 293

blocking cuts the number of model calls by 4×. 294

5 Experimental Setup 295

Datasets. We evaluate our approach on 17 datasets 296

(Table 1). The primary source consists of 15 soft- 297

ware projects from a requirements engineering 298

course. In each project, students conducted elici- 299

tation interviews while role-playing stakeholders 300

and analysts to gather requirements for a target soft- 301

ware system. For each project, we collected (i) tran- 302

scripts of two elicitation interviews, concatenated 303

into a single document, and (ii) the corresponding 304

set of user stories. All data are in English and each 305

project targets a distinct application domain. Stu- 306

dents were allowed to refine requirements outside 307

the elicitation sessions. Due to privacy constraints, 308

these datasets cannot be released publicly and only 309

local models can be used on them. In addition, we 310

include two public datasets: 311

(1) Public Interview Dataset: a public interview 312

transcript (Spijkman et al., 2023), combined with 313

a set of user stories (Dalpiaz et al., 2020) for the 314

same target system, forming a transcript–stories 315

pair comparable to our private projects. 316

(2) System Description Dataset: a textual system 317

description with corresponding user stories (Santos 318

et al., 2025). While this dataset does not origi- 319

nate from interviews, it is a valuable test case for 320

validating our method on publicly available data. 321

Consequently, we do not build chunks based on 322

speaker turns, but instead split only at newlines. 323

To the best of our knowledge, no public dataset 324

explicitly annotates which segments of a natural 325

language source (interview transcripts or descrip- 326

tions) support individual user stories. Existing 327

work either evaluates user stories in isolation (Ya- 328

mani et al., 2025; Quattrocchi et al., 2025), or com- 329

pares generated stories against a reference set, with- 330

out grounding them in the originating text (Sharma 331

and Kumar Tripathi, 2025; Ronanki et al., 2022). 332

(Korn et al., 2025) mark whether high-level require- 333

ments are present in a transcript, but do not iden- 334

tify their exact location. In contrast, our annotated 335

datasets explicitly target source grounding by pro- 336

viding manually created alignments between user 337
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Dataset #Stories #Chunks |C×S| tokens Domain

Student Project 1 53 386 3.76M Predictive Dental Appointment Scheduler
Student Project 2 44 408 3.26M Centralized communication system for supermarkets
Student Project 3 59 546 3.87M Information system for modernization of bakery
Student Project 4 80 169 2.61M Learning support information system
Student Project 5 50 564 3.78M Bike business improvement to kickstart efficiency
Student Project 6 62 380 4.73M Workflow management system for solar panel company
Student Project 7 82 450 5.84M Movie and series availability system
Student Project 8 46 277 2.52M User-friendly app for devs to upload apps on Steam
Student Project 9 57 538 4.48M Unified digital workspace for UX agency
Student Project 10 55 201 2.57M Information system for automated train operation
Student Project 11 71 406 4.92M Driving schools comparator
Student Project 12 52 714 4.36M Cinema organization
Student Project 13 121 386 9.29M Football league operations department
Student Project 14 64 440 4.49M Scheduling tool for pizzeria
Student Project 15 39 429 2.39M Venue management system events coordination

Public Interview 37 132 0.88M International football association portal
System Description 115 37 0.19M Travel agency management system

Table 1: Statistics of the 17 datasets. Private datasets consist of student projects (each with two interviews).

Dataset #Total #Positive #Negative
Pairs pairs pairs

Student Proj. 1 (S1 ) 287 109 178
Student Proj. 2 (S2) 236 88 148
Public Int. (PI) 180 74 106
System Desc. (SD) 580 302 278

Table 2: Statistics of the annotated test datasets used for
evaluation. Each test set is a subset of the full dataset,
selected and balanced via our annotation protocol.

stories and corresponding chunks of the source text.338

Annotation Protocol. We manually annotated339

matching pairs for two private student projects340

(from different domains) and the public datasets341

(Table 2). Exhaustively annotating all chunk-story342

pairs is infeasible due to the |C| × |S| complexity,343

so we adopted a similarity-driven protocol:344

(1) For each user story, we retrieved source chunks345

ranked by decreasing embedding similarity;346

(2) We selected the top-5 non-overlapping chunks347

(given stride-based chunking);348

(3) If fewer than two positive matchings were found349

among the top-5, we extended the ranking until at350

least two positives were identified;351

(4) When we knew from prior reading that a spe-352

cific chunk was the most suitable support, we in-353

cluded it even if it was in the top candidates.354

This process led to a balanced yet feasible set of355

annotated examples, which are used exclusively to356

evaluate the pairwise chunk–story matching step.357

We assessed inter-annotator reliability on a sam-358

ple using Fleiss’ κ with three annotators. The over-359

all agreement is κ=0.470 (moderate agreement);360

additional details are provided in Appendix B. 361

Metrics. We use the following criteria: 362

(1) Macro F1-score: evaluates the alignment qual- 363

ity of matcher X on the annotated datasets. 364

(2) Correctness and Completeness metrics: as- 365

sessed in different scenarios to demonstrate the 366

usefulness of our approach. 367

(3) Computational cost: measured as the total num- 368

ber of tokens processed, allowing us to compare 369

blocking and non-blocking approaches. 370

(4) Execution time: recorded on a reference GPU 371

setup for a selected experiment. 372

Implementation. Our Python code is avail- 373

able at https://anonymous.4open.science/r/ 374

txt2stories-A3FD, the experiments with the two 375

public datasets can be reproduced end-to-end. 376

6 Results 377

(i) We first evaluate the quality of matchers for the 378

pairwise matching task against human-annotated 379

pairs (Section 6.1). (ii) We then show that the 380

proposed correctness and completeness metrics, 381

computed over the full set of projects with the best 382

matcher from (i), effectively compare different sets 383

of user stories, including both human- and LLM- 384

generated ones (Section 6.2). (iii) Next, we assess 385

the efficiency of the embedding-based blocking 386

strategy for the matching task (Section 6.3). (iv) 387

Finally, we present ablation studies that analyze the 388

impact of key design choices (Section 6.4). 389

6.1 Pairwise Alignment Quality 390

We first evaluate the quality of the pairwise matcher 391

X on the annotated datasets, measuring macro F1- 392
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Matcher (X) Student 1 Student 2 Public Interview System Description Average

Bi-encoder [t] (Qwen3-0.6B) 0.424 0.593 0.649 0.718 0.596
Bi-encoder [t] (Qwen3-4B) 0.362 0.576 0.741 0.741 0.605
Bi-encoder [t] (Qwen3-8B) 0.557 0.635 0.771 0.707 0.668
Cross-encoder [t] (Qwen3-Reranker-0.6B) 0.647 0.679 0.748 0.841 0.729
Cross-encoder [t] (Qwen3-Reranker-4B) 0.765 0.728 0.797 0.914 0.801
Cross-encoder [t] (Qwen3-Reranker-8B) 0.776 0.737 0.829 0.895 0.809
LLM (Qwen3-0.6B) 0.310 0.365 0.291 0.507 0.406
LLM (Qwen3-1.7B) 0.326 0.597 0.483 0.693 0.525
LLM (Qwen3-4B) 0.774 0.676 0.732 0.856 0.760
LLM (Qwen3-8B) 0.774 0.739 0.754 0.902 0.792
LLM (Qwen3-14B) 0.739 0.792 0.814 0.888 0.808
LLM (Qwen3-32B) 0.803 0.831 0.815 0.914 0.841
LLM (Llama3.2-1B) 0.455 0.418 0.493 0.324 0.423
LLM (Llama3.2-3B) 0.533 0.671 0.601 0.752 0.639
LLM (Llama3.1-8B) 0.578 0.696 0.703 0.863 0.711
LLM (Llama3.3-70B) 0.818 0.840 0.876 0.902 0.859

Table 3: Macro F1-scores of different matcher instantiations X on the four annotated datasets. Results for threshold-
based models are reported with best threshold and marked with [t].

score across positive and negative pairs. This iso-393

lates the second step of our method (alignment). Ta-394

ble 3 reports the results for three matcher families:395

LLM judges, cross-encoders, and bi-encoders. All396

experiments are run with LLMs’ temperature set397

to 0. LLM judges emerge as the best-performing398

matchers. Qwen3-32B and Llama3.3-70B achieve399

macro-F1 scores above 0.80 across all datasets,400

with top average scores of 0.841 and 0.859, re-401

spectively. Cross-encoders deliver competitive re-402

sults and are particularly effective at smaller model403

sizes; however, they output continuous scores and404

therefore require calibration. Results in Table 3405

correspond to the best threshold per dataset, and406

should be interpreted as optimistic upper bounds407

(results with calibrated thresholds are reported in408

Appendix B.1). This reduces their practical appeal,409

as the marginal gains over same-size LLM judges410

may not justify the added complexity of threshold411

calibration. Finally, bi-encoder matchers perform412

worse overall. with low macro-F1 scores.413

Takeaway. LLM-based judges provide the most re-414

liable alignment decisions for text-to-story match-415

ing, consistently achieving F1-scores above 0.8416

and making them well suited for computing down-417

stream correctness and completeness.418

6.2 Stories’ Correctness and Completeness419

We now assess the behavior of our Correctness420

and Completeness metrics to validate them as in-421

dicators of source alignment. To this end, we ex-422

amine whether completeness and correctness ac-423

curately reflects the well-known external signals424

that a sound metric should capture. For each of425

the 15 private student projects, we let Qwen mod- 426

els of increasing size (0.6B to 32B) generate up 427

to 50 user stories from the interview transcripts - 428

the cap prevents excessively long generations and 429

mitigates hallucinated “never-ending” outputs (see 430

Appendix for the generation prompt.). We then ap- 431

ply our TEXT2STORIESpipeline in direct matching 432

mode (no BK), using Qwen3-32B as matcher X , 433

and compute correctness and completeness. Fig- 434

ures 3 and 4 report the average scores across the 435

15 datasets, with standard deviation as error bars. 436

We also report the metrics for the human-written 437

stories produced by the students (Human). For 438

completeness, we additionally report the average 439

ranking (lower is better) across datasets.

Figure 3: Average correctness of user stories generated
by Qwen models of increasing size. Error bars denote
±1 standard deviation across datasets (n=15).

440
Completeness increases with generator size 441

under a fixed judge and pipeline. If completeness is 442

a sound proxy for coverage, this trend is expected: 443

larger LLMs are known to generate more diverse 444

and exhaustive outputs and should therefore cover 445

a larger fraction of the interview content (Kaplan 446

et al., 2020). The monotonic increase across model 447
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Figure 4: Average completeness and model ranking (#)
of user stories generated by Qwen models of increasing
size. Error bars denote ±1 standard deviation across
datasets (n=15).

sizes suggests that the metric is sensitive to this448

external signal, a pattern that is also reflected by449

the average completeness ranking across datasets450

reported in Table 4. LLM-generated story sets451

also achieve higher completeness than the human452

ones. As detailed in Appendix B.5, a targeted453

audit shows that LLM sets introduce additional454

(human-validated) functionalities, which explains455

the higher transcript coverage.456

In contrast, correctness is consistently high457

across all but the smallest generator (Qwen3-0.6B).458

This asymmetry mirrors real-world software engi-459

neering practice: elicited requirements are often460

individually valid, but achieving completeness of461

the requirements set is a recurring challenge due to462

the implicit and tacit nature of requirements (Sut-463

cliffe and Sawyer, 2013; Ferrari et al., 2016). In-464

terestingly, human-written stories obtain lower cor-465

rectness than most LLM-generated sets. This is466

expected in our setting, as students were allowed467

to rely on sources beyond the interview transcripts,468

leading to stories not grounded in the elicitation469

data. In Section 6.4, we further demonstrate470

that both metrics decrease significantly in case of471

semantic misalignment.472

Takeaway. With a fixed matcher and different hu-473

man/LLM generators for the stories, completeness474

correlates with generator capacity and the number475

of human-validated functionalities, while correct-476

ness penalizes reliance on information absent from477

the interview, suggesting that both metrics behave478

in an intuitive and human-aligned way.479

6.3 Blocking Efficiency480

We evaluate the embedding-based blocking opera-481

tor (BK) in terms of reducing computational cost.482

In particular, we aim to obtain the same pairwise483

matching performance that would be achieved by484

applying a matcher to the full |C| × |S| Cartesian485

product, while processing fewer tokens. Blocking 486

must retain the pairs classified as positive by the 487

matcher on the full cartesian product; if all positive 488

pairs are preserved, downstream correctness and 489

completeness scores remain unchanged. We use 490

Qwen3-32B as the matcher to compute the set of 491

positive pairs from the full Cartesian product and 492

we compare off-the-shelf Qwen3-Embedding-0.6B 493

and its fine-tuned version. To fine-tune the embed- 494

ding model, we generate training data by labeling 495

all chunk-story pairs with the matcher and balanc- 496

ing positives and negatives via random downsam- 497

pling. Evaluation follows a leave-one-out protocol 498

across the 15 private projects. 499

Figure 5: Recall of positive pairs vs. percentage of
tokens retrieved by the blocking operator (BK) across
datasets. Lower values indicate higher efficiency.

Figure 5 reports, for increasing recall levels, the 500

fraction of tokens that must be processed after 501

blocking. For each story, we retrieve the top-K 502

most similar chunks and increase K until the de- 503

sired recall with respect to the reference positives is 504

reached. Because chunk lengths vary, we report to- 505

ken counts rather than K, expressed as a percentage 506

of the full Cartesian product. Blocking is efficient: 507

on average, only one third of the tokens (3× re- 508

duction) are needed for recall 0.9–0.95, and about 509

half (2× reduction) for recall 0.95–1. Fine-tuning 510

further improves efficiency. In other words, with a 511

2× reduction in token usage, we obtain nearly the 512

same set of matching pairs as those produced by 513

applying Qwen3-32B to the full Cartesian product. 514

To complement token-based metrics, we mea- 515

sure runtime on one dataset (Student Project 12). 516

Blocking reduces runtime by almost a factor of 4, 517

from 1.2k seconds to 329 (using 22% of the tokens). 518

Details in Appendix B. 519

Takeaway. Embedding-based blocking pre- 520

serves alignment quality while substantially reduc- 521

ing computational cost, with the same matching 522

outcomes as exhaustive evaluation. 523
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6.4 Ablations and Sensitivity524

Chunking Alignment Quality. Chunking is key525

to our alignment task, where the matching is be-526

tween a fragment and a user story. To evaluate its527

impact, we compare this pairwise approach with an528

ablation setting in which the model receives the en-529

tire interview transcript, segmented into numbered530

chunks (full-context). The model is asked, given a531

user story, to predict the indices of the supporting532

chunks. Transcripts are split into batches of 200533

chunks to remain within context window limits.534

Dataset S1 S2 PI SD Avg

Full Context 0.471 0.540 0.623 0.322 0.489
Pairwise 0.803 0.831 0.815 0.914 0.841

Table 4: Macro F1-scores comparing full-context evalua-
tion with the pairwise matcher on the annotated datasets
(S1, S2, PI, SD). Qwen3-32B is used as matcher X .

As shown in Table 4, providing the model with535

full-context chunking degrades macro F1-score per-536

formance w.r.t. the pairwise approach.537

Chunking and Blocking Efficiency. We study538

how chunking affects the efficiency of the539

embedding-based blocking operator BK . Beyond540

our default setting of three speaker turns (stride541

1), we evaluate two-turn speaker chunks and token-542

based chunking. Table 5 reports the average frac-543

tion of tokens retrieved to achieve recall 0.9 and544

0.95. Speaker-based chunking is consistently more

Chunking Recall 0.9 Recall 0.95

Speaker turns (3, stride 1) 35.5% 44.6%
Speaker turns (2, stride 1) 31.4% 40.1%
Token chunks (200,stride 100) 39.8% 51.3%
Token chunks (400,stride 200) 61.2% 72.9%

Table 5: Blocking efficiency under different chunking
strategies: average fraction of tokens retrieved by BK

across datasets to achieve recall 0.9 and 0.95. Lower is
better. (Qwen3-Embedding-0.6B-Base)

545
efficient than token-based chunking, likely be-546

cause speaker turns form semantically coherent547

units aligned with conversational structure, while548

token-based splits often truncate discussions mid-549

turn. Using shorter speaker-based windows (two550

turns) improves efficiency further, although this551

may come at the cost of reduced context per chunk.552

Robustness of the Metric. To assess robustness,553

we evaluate Correctness and Completeness when554

user stories are deliberately mismatched with un-555

related transcripts (e.g., swapping stories between556

Metric PI SI PI Stories-SD SD Stories-PI

Corr 94.6 99.1 2.7 6.9
Comp 59.1 72.9 5.4 3.0

Table 6: Correctness and completeness under in-domain
and swapped for the public datasets (PI, SI).

the two public datasets). Table 6 shows the re- 557

sults for the public datasets. As expected, both 558

metrics decrease significantly in the swapped set- 559

ting, confirming that TEXT2STORIES is sensitive 560

to semantic misalignment. 561

Model 32B 8B 14B H 4B 1.7B 0.6B

Comp (%) 49.1 48.9 48.5 46.9 44.2 42.7 24.6
Avg Rank (#) 2.5 2.4 2.4 3.8 3.6 4.0 5.9

Table 7: Completeness and average rank after collapsing
overlapping matching chunks (one shared speaker turn).

Completeness inflation. Completeness can be 562

inflated by overlapping chunks (stride = 1), as a 563

requirement expressed in a single turn may appear 564

in multiple windows. However, the metric is in- 565

tended for within-interview comparisons (e.g., hu- 566

man vs. LLM-generated stories for the same tran- 567

script), where interview structure and chunking are 568

fixed and therefore affect all systems equally. To 569

quantify this effect, we recomputed completeness 570

after retaining only matching chunks that overlap 571

by at most one speaker turn. The resulting ranking 572

(Table 7) is almost identical to the original setup 573

(Figure 4), indicating that overlap-induced inflation 574

does not affect conclusions in our use case. 575

7 Conclusion 576

We introduce TEXT2STORIES, a source-grounded 577

evaluation framework that formalizes text-to-story 578

alignment as many-to-many matching between in- 579

terview chunks and user stories. Our pipeline com- 580

bines turn-aware chunking, a calibration-free pair- 581

wise judge, and an embedding-based blocking oper- 582

ator that preserves alignment recall while reducing 583

token cost. On four annotated sets, LLM judges 584

attain strong alignment quality enabling the com- 585

putation of two quality measures: Correctness and 586

Completeness. Applying these metrics to gener- 587

ated stories show that they effectively assess both 588

human- and LLM-written user stories, producing 589

results aligned with human judgments. 590
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Limitations591

Our completeness measures transcript coverage592

rather than the harder notion of requirements com-593

pleteness. Our preliminary audit (Appendix B)594

suggests that LLM-generated stories introduce ad-595

ditional functionalities beyond the human sets, hint-596

ing at potential gains in requirements completeness.597

However, a rigorous correlation study aligning tran-598

script coverage with human expert-validated re-599

quirement catalogs would be valuable to establish600

the metric’s effectiveness.601

Our metric is not a universal measure of user602

story quality. TEXT2STORIES focuses on the603

source alignment aspect and should be seen as a604

complement to existing quality frameworks such as605

QUS (Lucassen et al., 2016). While QUS criteria606

capture dimensions such as atomicity, estimability,607

uniqueness, and other syntactic, semantic and prag-608

matic criteria, our metric does not evaluate how609

well a story is written or whether it follows the user610

story template. Currently, comparison with other611

metrics is difficult because as there is no baseline612

for measuring how well a set of user stories reflects613

the content of stakeholder interviews.614

Finally, our evaluation datasets are limited in615

scope. We rely primarily on student projects, which616

may not fully reflect industrial elicitation practices.617

Only two datasets are publicly available, both an-618

notated in terms of matching by one of the authors619

and cross-checked with the other two on a subset,620

which may introduce annotation noise. Some exper-621

iments cannot be fully reproduced because certain622

transcripts cannot be released due to confidentiality623

constraints.624

Ethical Considerations625

Data from the student projects were collected upon626

ethical approval from the hosting university. The627

participating students were asked to grant informed628

consent and we only use data for which all partici-629

pating students expressed consent.630

Risks. Our metrics estimate correctness and com-631

pleteness but do not replace human validation:632

they can under/over-represent minority stakehold-633

ers’ needs, so we recommend human-in-the-loop634

use and discourage deployment in safety-critical635

settings. LLM judges and embeddings may encode636

societal biases and introduce evaluation coupling;637

we therefore report results with multiple models638

and provide seeds/settings for reproducibility. To639

reduce leakage, data are processed on local infras- 640

tructure. 641
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A Prompts and Templates832

This appendix reports the complete prompts used833

in our experiments. Each prompt was composed834

of a system prompt and a user prompt, following835

standard LLM prompting conventions.836

A.1 User Story Generation Prompts837

System Prompt838

System Prompt

You are an expert requirements engineer and
agile coach.
Your task is to read interviews with stake-
holders and derive consistent user stories.
– A user story is a short, simple description
of a feature told from the perspective of the
person who desires the new capability: a
user or customer of the system.
– A user story includes at least a type of user
and a goal.
– A user story expresses a requirement for
exactly one feature.
– A user story contains nothing more than
type of user, goal and reason.

You MUST NOT use brackets.
User stories must be written in the standard
format:
"As a <type of user>, I want to
<goal>, so that <reason>"
Strictly follow this format.

839

User Prompt840

User Prompt

Here are some examples of valid user sto-
ries:

As a customer, I want to reset
my password online, so that I
can regain access without calling
support.
As a project manager, I want to view
a dashboard of team progress, so
that I can monitor deadlines.
As a student, I want to download
lecture slides, so that I can study
offline.

Write a complete set of user stories deduced
from the following interview transcript:
<specification>

Return all distinct user stories needed to
cover the requirements in the transcript, with
no overlap. Generate at most 50 user sto-
ries.

Output rules:
Only return the stories separated by newline.
Use the standard format: "As a <type of
user>, I want to <goal>, so that
<reason>".
One user story per line.
No bullet points, numbering, markdown or
commentary — only the stories.

841

A.2 LLM-as-a-Judge Prompts (Matcher X) 842

System Prompt 843

System Prompt

You are a senior requirements analyst.
Your task: decide whether the Chunk Text
gives enough evidence to justify the User
Story.

Decision rules
– Output 1 if a knowledgeable reader could
infer the User Story from the Chunk Text
alone.
– Otherwise output 0.

Note: Each Chunk Text is an excerpt from
an informal interview transcript. Expect
colloquial language, filler words (“uh”,

844
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“you know”), and broken grammar; ignore
these and focus on meaning.

Additional guidance
– User stories follow the format: "As a
<type of user>, I want to <goal> so
that <reason>."
– Pay special attention to the goal in the
User Story.
– Verify that the type of user (e.g., “em-
ployee”) is consistent with the Chunk Text.

Example (1 of 4)
User Story: As a match official,
I want to report on match events
live, so that I do not register
them twice.
Chunk Text: <excerpt about referee
recording events in real time>
Answer: 1
... (three more few-shot examples
omitted for brevity) ...

Now answer for the next pair.
Return only one character, either 1 or 0,
followed by nothing else.

845

Full prompt available in the project repository at https://
anonymous.4open.science/r/txt2stories-A3FD.

User Prompt846

User Prompt

User Story: <story>

Chunk Text: <chunk>

Answer:
847

B Additional Results848

B.1 Threshold Calibration in Alignment849

Cross-encoders output continuous similarity scores850

that require a decision threshold to classify pairs.851

In the main results (Table 3), we reported the best852

threshold per dataset, which constitutes an opti-853

mistic upper bound. Here, we examine a more real-854

istic setting in which thresholds are calibrated on855

one domain and then transferred to another. Specif-856

ically, we calibrate thresholds on the two private857

student projects (Student 1 and Student 2) and eval-858

uate performance on the Public Interview dataset.859

Model Best Calibrated

Qwen3-Reranker-0.6B 0.748 0.722
Qwen3-Reranker-4B 0.797 0.750
Qwen3-Reranker-8B 0.829 0.744

Table 8: Macro F1-scores on the Public Interview
dataset for cross-encoders. Calibration is performed
on Student 1 and Student 2.

Mode Tokens (%) Time (s)

Direct 100 1,212
Blocked (0.9 recall) 22 329

Table 9: Runtime on Student Project 12. Blocking
reduces both tokens and time by around 4×.

As shown in Table 8, performance drops when 860

thresholds are calibrated on a different domain. 861

This confirms that cross-encoders are sensitive to 862

threshold selection, limiting their practicality com- 863

pared to LLM judges that do not require such cali- 864

bration. 865

B.2 Blocking impact on runtime 866

To complement token-based metrics, we bench- 867

mark runtime on the dataset with highest number 868

of chunks (Student Project 12). Table 9 shows 869

that blocking reduces runtime by almost a factor 870

of 4. Experiments were run on one NVIDIA A100 871

(80GB), using Python 3.12 and vLLM 0.10.1.1. 872

B.3 Blocking efficiency results for a given 873

recall level 874

At recall 0.9, Figure 6 shows that reductions ex- 875

ceed 4× in some datasets (e.g., Student Projects 3 876

and 5). Larger interviews yield the strongest gains: 877

Student Projects 12, 5, 3, and 7 (714, 564, 546, and 878

450 chunks, respectively) require the least percent- 879

age of tokens. Fine-tuning adds about 4 points of 880

efficiency on average, and up to 10 points in the 881

best case (Student Project 4). 882

B.4 Inter-Annotator Agreement 883

To evaluate the consistency of the annotations, we 884

measured the inter-annotator agreement on a subset 885

of the annotated datasets. The first author initially 886

annotated all chunk–story pairs following the pro- 887

tocol described in Section 5. To evaluate reliability, 888

we randomly selected five user stories from the 889

two student projects used for manual annotation 890

(Student 1 and Student 2). Random sampling was 891

performed using a fixed seed, and the exact selec- 892

tion script is included in the public repository. 893
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Figure 6: Percentage of tokens that needs to be retrieved by the blocking operator (BK ) per dataset to achieve recall
0.9. Lower values indicate stronger efficiency.

For each of the ten selected user stories (five per894

project), we extracted the corresponding chunks895

previously annotated by the first author and submit-896

ted them for re-annotation to the two co-authors,897

who had not participated in the initial dataset an-898

notation. Each annotator independently judged899

whether each chunk supported the story (1) or not900

(0).901

We then computed Fleiss’ κ across the three anno-902

tators. The overall agreement is κ=0.470, which903

corresponds to a moderate level of agreement ac-904

cording to standard interpretation scales.905

The CSV files containing the full set of survey re-906

sponses (10 user stories, 5 per project) are available907

in the GitHub repository.908

B.5 Completeness - Human vs. LLM909

To better understand why LLM-generated stories910

are more complete than human-written ones, we911

conducted a qualitative audit of one representa-912

tive dataset, Student Project 15, which contains 39913

human-written user stories. It is important to note914

that LLM outputs are capped at 50 stories, while915

human sets vary in size and scope (although the stu-916

dents were instructed on producing roughly 50 user917

stories). We manually annotated each story with918

the functionality it expresses (e.g., "user authenti-919

cation", "event scheduling", "resource allocation").920

This produced a reference list of functionalities cov-921

ered by the human set. Using the TEXT2STORIES922

alignment output, we identified the chunks cov- 923

ered by LLM stories but not by any human story 924

(LLM diff Human), as well as the chunks covered 925

by human stories but not by LLM ones (Human diff 926

LLM). Then, we retrieved the stories responsible 927

for covering those exclusive chunks. The result was 928

19 unique LLM stories in the LLM diff Human set 929

and seven unique human stories in the Human diff 930

LLM set. This suggests that the LLM set’s higher 931

completeness is not due to a few stories spanning 932

many chunks, but rather, to the generation of a 933

larger number of distinct functionalities. We manu- 934

ally annotated the functionality expressed by each 935

of the 19 unique LLM stories and compared them 936

with the functionalities in the human set. Seven of 937

these stories corresponded to new functionalities 938

not present in any of the 39 human stories. This is 939

not surprising, as the dataset comes from a student 940

project, where it is reasonable that some function- 941

alities may have been overlooked or incompletely 942

specified. We annotated the closest equivalent hu- 943

man story that expressed the same functionality for 944

the remaining twelve. The analysis confirms that 945

the LLM introduced additional functionalities. The 946

three CSV files containing annotated data from this 947

section can be found in the GitHub repository. 948
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