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Abstract001

Prompt underspecification is a common chal-002
lenge when interacting with LLMs. In this pa-003
per, we present an in-depth analysis of this004
problem, showing that while LLMs can of-005
ten infer unspecified requirements by default006
(41.1%), such behavior is fragile: Under-007
specified prompts are 2x as likely to regress008
across model or prompt changes, sometimes009
with accuracy drops exceeding 20%. This010
instability makes it difficult to reliably build011
LLM applications. Moreover, simply specify-012
ing all requirements does not consistently help,013
as models have limited instruction-following014
ability and requirements can conflict. Stan-015
dard prompt optimizers likewise provide little016
benefit. To address these issues, we propose017
requirements-aware prompt optimization mech-018
anisms that improve performance by 4.8% on019
average over baselines. We further advocate for020
a systematic process of proactive requirements021
discovery, evaluation, and monitoring to better022
manage prompt underspecification in practice.023

1 Introduction024

As large language models (LLMs) are improving025

in capabilities and instruction following (Ouyang026

et al., 2022), they are increasingly integrated027

into commercial applications through customized028

instruction prompts that can span thousands of029

words (e.g., All-Hands-AI, 2025; Anthropic, 2025).030

Conveying nuanced intentions to LLMs, however,031

is inherently difficult. This issue is less significant032

for end users, as their prompts are typically one-off033

and considered successful as long as they yield one034

satisfactory response throughout their interactions.035

For LLM application developers, the problem is036

much more serious, as their prompts need to gener-037

alize to many different usage scenarios.038

As an example (Figure 1), consider a developer039

building an LLM-powered trip advisor: The de-040

tailed prompt may specify the task ➀, tone ➁,041

and certain behaviors such as avoiding transac- 042

tions ➂ and clarifying ambiguity ➃, yet it remains 043

underspecified in many aspects: For example, it 044

does not specify whether LLMs should warn about 045

weather, proactively ask follow-up questions, or 046

remind users of visa (entry) requirements. If the 047

LLM ends up not satisfying these requirements, it 048

can cause frustrations and failures, such as users 049

booking activities during bad weather, receiving 050

vague recommendations, or facing denied entry 051

due to visa issues, ultimately undermining trust in 052

the LLM-powered applications. Indeed, failing to 053

mention prerequisites of suggested activities has 054

already caused chaotic experiences in an existing 055

LLM trip advisor (Bernal and Hoover, 2024). 056

We define underspecification as the omission of 057

essential requirements in a prompt, such that 058

multiple valid but inconsistent behaviors remain 059

possible. While it is possible that developers sim- 060

ply do not care enough to specify these behaviors, 061

it is equally – if not more – likely that current en- 062

gineering and evaluation practices make it difficult 063

for developers to identify such underspecification 064

until they have already led to issues in deployment 065

(Section 2). Even if developers do not believe these 066

behaviors must be explicitly defined, they may ex- 067

pect models to act consistently along these dimen- 068

sions to support more stable user mental models of 069

LLM applications, which is, however, not the case 070

for many unspecified requirements (Figure 1). 071

In this work, we characterize (Section 2) and 072

empirically analyze (Section 3) the problem of 073

prompt underspecification. To systematically study 074

the problem, we curated a set of diverse require- 075

ments across 3 representative tasks, constructed a 076

series of prompts that specify different subsets of 077

the requirements, and evaluated each requirement’s 078

satisfaction rate with human-validated LLM-as-a- 079

judge (Zheng et al., 2023). In total, we collected 080

8.4k data points of LLM+Prompts’ aggregated be- 081

haviors on diverse requirements. Our analysis 082
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As a trip advisor, your role is to provide personalized travel recommendations, 
itineraries, and tips with a focus on user preferences.  
   - Specialize in destinations, accommodations, activities, dining, and cultural 
insights, considering budget, travel dates, and specific interests.  
   - Ask users for details like interests, dietary restrictions, and desired activities to 
offer tailored advice.  
   - Avoid booking or transaction handling.  
   - Your approach should be friendly, casual, and enthusiastic about travel, ensuring 
responses are personalized to user goals.  
   - Be clear and engaging, with a tone that's helpful, casual, and culturally sensitive.  
   - Clarify any ambiguous preferences.  
   - Show enthusiasm for exploring new cultures and experiences.

➀

➁

➂

➃

Specified requirements are followed

Unspecified requirements lead to 
divergent responses 

Plan a 7-day China trip for me in July

Absolutely! Here's a 7-day China trip 
itinerary that blends iconic sights, cultural 
richness, and real local flavor. 

🐉 7-Day China Trip Itinerary 
Beijing → Xi’an → Shanghai 
A mix of ancient wonders, modern marvels, 
and tasty surprises. […]

• Avoid transaction handling        ✅  
• Helpful and casual tone              ✅

• Remind visa requirements          ❓  
• Ask follow-up questions              ❓  
• Remind weather conditions        ❓        

Problem Formulation (Section 2)
Ad-hoc prompt engineering 
practices
Rapidly evolving prompts and 
LLMs

Amplify prompt underspecification

Empirical Analysis  (Section 3)
LLMs can guess unspecified 
requirements (41.1%)

Unspecified requirements diverge 
across prompts and models (2x)

Specifying everything makes 
LLMs struggle (19% drop)

Solution Mechanisms (Section 4/5)
Requirements-aware 
optimization (+4.8%)

Process for discovery, 
curation, and monitoring 

Our work: Understanding and 
Managing Underspecification

Underspecification presents challenges to building LLM applications

Figure 1: Developers often underspecify prompts and miss user-important requirements, leading to divergent
behaviors. We analyze the challenges underspecification presents and propose mechanisms to manage the problem.

demonstrated that, while LLMs can indeed often083

(41.1%) fill in the underspecification gap, their be-084

haviors are rather inconsistent: One version of085

an LLM may excel in fulfilling an unspecified re-086

quirement, but the next version can unexpectedly087

degrade by more than 20%. This will be a prob-088

lem for continuously developing, deploying, and089

maintaining LLM-powered applications reliably.090

We then introduce requirements-aware prompt091

optimization as a solution strategy to deliberately092

communicate important requirements to the model,093

while leaving those already implicitly fulfilled un-094

specified (Section 4). We show that such strategies095

overcome issues with existing approaches: The ob-096

vious strategy of simply specifying all requirements097

in the prompt does not work, due to LLMs’ lim-098

ited instruction-following capabilities – their per-099

formance can drop by 19% as we specify more re-100

quirements (Section 3.4), and requirement-agnostic101

prompt optimization only provides limited help102

since they have no requirement-specific feedback.103

We propose and evaluate two requirement-aware104

prompt optimizers: One to optimize how to specify105

requirements, and the other to explicitly optimize106

what requirements to specify. We demonstrate that107

both strategies work well (+4.8% accuracy), and108

the latter can produce shorter prompts (-43% to-109

kens) that are easier to follow for the model.110

Finally, we discuss how to manage prompt un-111

derspecification when building LLM applications112

in practice beyond prompt optimization (Section 5):113

This includes proactively discovering important re-114

quirements, building reliable requirement evalua- 115

tors, as well as continuously evaluating and mon- 116

itoring (un-)specified requirements. We highlight 117

the research opportunities here to support the entire 118

process of managing prompt (under-)specification. 119

In summary, our work makes the following con- 120

tribution: (1) Characterization of the prompt un- 121

derspecification problem (Section 2), (2) an em- 122

pirical analysis of LLM+Prompt behaviors when 123

underspecified (Section 3), (3) mitigation mecha- 124

nisms with requirements-aware prompt optimizers 125

(Section 4), and (4) a discussion of our vision for 126

managing prompt underspecification (Section 5). 127

2 Underspecification is Amplified in 128

Prompting LLMs 129

While underspecification is a known challenge in 130

traditional software engineering and machine learn- 131

ing pipelines (Kästner et al., 2021; D’Amour et al., 132

2022), it is significantly amplified in prompting 133

LLMs. We next elaborate on two key factors be- 134

hind this amplification: (a) the lack of rigor in 135

prompt engineering practices, and (b) the rapid co- 136

evolution of prompts and LLMs. A summary of 137

these differences is provided in Table 1. 138

Ad-hoc prompt engineering amplifies under- 139

specification. Prompts are developed with the ex- 140

pectation that not everything needs to be specified – 141

ideally, LLMs should behave like a human and fill 142

in the gaps with commonsense. This expectation 143

encourages a “minimal-specification” prompt engi- 144

neering practice: Developers begin with an initial 145
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Aspect LLM Prompt Traditional ML Models Traditional Software

Specification
Method

Natural language prompts
(instructions, examples)

Training data and model
architecture and pipeline

Usually natural language and
sometimes formal specifications

Engineering
Practices

Ad-hoc, trial-and-error prompt
iteration (Liang et al., 2024;
Zamfirescu-Pereira et al., 2023)

More structured
experimentation pipelines
(Huyen, 2022)

Systematic requirements
engineering and design
processes (Van Lamsweerde, 2009)

Artifact
Evolution

Frequent changes with little
version control (Tafreshipour
et al., 2024; Liang et al., 2024)

Periodical evolution with some
version control (Huyen, 2022)

Evolution often intentionally
tracked and limited (McConnell,
1998; Bogart et al., 2021)

Consequences Inconsistent and unexpected
LLM behaviors (Section 3)

Generalization failures, model
biases (D’Amour et al., 2022)

Software that does not meet
customer needs; incorrect behavior
in edge cases (Sommerville, 2015)

Table 1: Compared to traditional ML models and software, LLM prompts are more prone to underspecification, less
stable, and evolve more frequently. Prompt engineering practices and further amplify these issues.

prompt, observe violations of expected behavior,146

and iteratively revise through adding more instruc-147

tions (i.e., specifications) (Zamfirescu-Pereira et al.,148

2023; Liang et al., 2024). This trial-and-error pro-149

cess lacks the rigor of traditional requirements en-150

gineering (Van Lamsweerde, 2009), and exposes151

only a narrow slice of possible behaviors.152

Yet many requirements demand more systematic153

discovery efforts: Some are conditional (e.g., a154

“mentioning visa” requirement applies only to inter-155

national travel). Others are infrequently violated yet156

critical (e.g., failing “no dangerous activities sug-157

gested” is high-stake even uncommon). Still others158

are difficult to recognize (e.g., verifying “suggested159

sites are geographically close”). Because such160

requirements are easily overlooked in ad-hoc iter-161

ation, underspecification persists even as prompts162

appear to perform well on inspected examples.163

Rapid Prompt-LLM co-evolution amplifies164

underspecification. Prompts are not static artifacts165

– they are routinely modified to add new features,166

address failures, or adapt to updated LLMs (Tafre-167

shipour et al., 2024). Because their specifications168

are written in natural language, such revisions are169

easy and quick to make, encouraging frequent, in-170

formal changes. At the same time, LLMs them-171

selves evolve rapidly, often without clear change172

logs, and sometimes silently without developers’173

control (Ma et al., 2024).174

This dual, fast-moving evolution of both prompts175

and models introduces continual behavioral drift:176

Previously validated behaviors may no longer hold,177

requiring repeated rediscovery of requirements.178

The result is a growing maintenance burden for de-179

velopers, who must continually re-evaluate prompt180

behavior to keep up with both axes of change. In181

contrast, traditional software change is often care-182

fully managed (McConnell, 1998; Bogart et al., 183

2021), and most ML pipelines evolve more slowly. 184

3 How do LLM+Prompts Behave when 185

Underspecified? 186

The difficulty of reliably discovering unspecified 187

requirements raises a natural follow-up question: 188

What happens when such requirements are left 189

out of the prompt? While LLM+Prompts are 190

generally known to be unstable, existing work 191

mostly studies their stability on specified require- 192

ments. To quantitatively measure LLM+Prompts’ 193

behaviors on unspecified requirements, we design 194

an experiment as follows: We collect a set of 195

60 plausible requirements across 3 tasks and 196

create human-validated, automated validators for 197

each requirement. We then create prompts with 198

subsets of the requirements and measure how 199

well the model’s outputs meet the (un-)specified 200

requirements with validators. 201

Our analysis starts with showing that LLMs can 202

often guess unspecified requirements, but these be- 203

haviors are inconsistent (Section 3.2) and more 204

likely to degrade with model updates (Section 3.3). 205

We show that an obvious solution of specifying all 206

requirements in a single prompt actually hurts per- 207

formance, due to LLMs’ limited ability to follow 208

long, complex instructions (Section 3.4). 209

3.1 Experiment Setups 210

Tasks and data. We selected three representative 211

tasks based on Anthropic’s report measuring AI 212

usage patterns (Handa et al., 2025), covering dif- 213

ferent occupational categories (Office, Business, 214

and Computer). These tasks reflect commercially 215

integrable applications across multiple domains, in- 216

cluding software engineering (code-explain), the 217

3



travel industry (trip-advisory), and e-commerce218

(product-gen).1219

We re-purposed three existing datasets to run the220

LLM+Prompts on: Commitpackft (Muennighoff221

et al., 2023) for code explanation, a subset of222

UltraChat (Ding et al., 2023) for trip advisory, and223

Amazon ESCI (Reddy et al., 2022) for product224

description generation. From each dataset, we225

sampled 200 examples, and split them into training,226

validation, and test data with 15/35/50 split. More227

details can be found at Appendix A.1– A.2.228

Requirements. The key setup of our experiment229

is to curate a list of plausible requirements for each230

task we study. Note that there is no fixed set of231

requirements for a task, as different developers and232

application contexts may have different priorities.233

We aim to curate requirements that are plausible234

and likely shared. To this end, we explicitly cover235

various requirements elicitation methods (Van Lam-236

sweerde, 2009) for our curation:237

• Existing prompts. For each task, we collected238

prompts from the Internet, covering ones pro-239

vided by Anthropic, Google, and popular GPTs240

(prompts shared in Appendix A.4). We in-241

structed an LLM (gpt-4o) to extract specified242

requirements from each task prompt. This ap-243

proach provides requirements that have been in-244

corporated in real-world usage.245

• Brainstorming. For each task, we instructed246

an LLM (gpt-4o) to analyze potential failure247

modes and propose requirements. This simulates248

expert-driven elicitation methods by anticipating249

system failures (Barzamini et al., 2022).250

• Error analysis. For each task, we ran the cu-251

rated prompts on the train split with three smaller252

LLMs. We then instructed an LLM (gpt-4o)253

to analyze their outputs and suggested missing254

requirements. This simulates error analysis to255

produce requirements grounded in mistakes.256

For the elicited requirements, we dropped near257

duplicates, filtered out the ones that were overly258

specific, and finally had three independent annota-259

tors select the ones they found important for the260

task. We kept the requirements selected by at least261

one human annotator, with 20 requirements per262

task. The final list of requirements covers different263

categories (content, style, format) and scopes, as264

visualized in Figure 5. The full process and curated265

1We analyzed two more tasks, health-consulting and
lesson-planning, from different report categories (Physical
Sciences, Education), and shared the results in Appendix D.

requirements are shared in Appendix A.3. 266

Requirement validators. For each model 267

output, we validate how well they satisfy each 268

(specified or unspecified) requirement, either using 269

a Python script or an LLM validator (Zheng et al., 270

2023). We manually validate the LLM validators 271

with a sampled test subset, achieving an average 272

of 95.6% human-LLM agreement. More details 273

can be found in Appendix A.6. 274

Prompts. From the curated requirements, we 275

generate prompts that each include a subset of these 276

requirements. The idea is to simulate scenarios 277

where some requirements are explicitly specified 278

while others are left unspecified, enabling analysis 279

of how models behave on (un-)specified require- 280

ments. We use a cyclic design to construct prompts, 281

where each one includes N consecutive require- 282

ments (with N set to 10; see Figure 11). This en- 283

sures that (a) prompts are balanced in complexity, 284

with each containing the same number of require- 285

ments, and (b) each requirement appears equally 286

often across prompts, allowing for unbiased statis- 287

tical comparisons. 288

Metric. For each requirement, we measure its 289

satisfaction rate on each LLM+Prompt combina- 290

tion when specified or unspecified. We aggregate 291

the results across prompts or models for analysis. 292

3.2 LLMs are often able to guess unspecified 293

requirements but lack stability 294

Setups. We study three models, one smaller open- 295

sourced model Llama-3.3-70B-Instruct, one 296

big closed-sourced model gpt-4o-2024-08-06, 297

and one reasoning model o3-mini. We calculate 298

the average accuracy and standard deviation for 299

each requirement when specified or unspecified, 300

and compare their distribution. 301

Results. Unsurprisingly, we generally observe 302

that LLM+Prompts are less likely to implement a 303

requirement when unspecified – accuracy drops by 304

an average of 22.6% (and up to 93.1%) compared to 305

when the requirement is explicitly stated (Figure 2). 306

Yet, not all requirements are equally affected. We 307

found that LLMs are often able to guess unspecified 308

requirements – in 41.1% of cases, they are able to 309

achieve more than 98% accuracy on unspecified 310

requirements. Indeed, for 65% of all requirements, 311

we found at least one LLM+prompt combination 312

that is able to guess it without explicit specification. 313

Comparing across models, stronger LLMs are 314

more likely to guess requirements: o3-mini can 315

guess 44.7% of unspecified requirements, a 20.2% 316
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0.0 0.2 0.4 0.6 0.8 1.0
avg. accuracy

specified
unspecified

0% 10% 20% 30% 40%
% unspecified requirements guessed

llama3.3-70b
gpt-4o-2024-08-06

o3-mini

Figure 2: While LLMs perform worse (-22.6% avg.)
when a requirement is unspecified (top), they are often
(41.1% avg.) able to guess unspecified requirements
(≥ 0.98 accuracy), with increased capabilities (bottom).

increase compared to Llama3.3-70b-instruct,317

possibly due to extra test-time compute to “infer”318

requirements in reasoning.319

Breaking down the results, we found LLMs320

are especially good at guessing format-related321

requirements (70.7% vs. 41.1% on average). For322

example, models are often able to “provide a high-323

level summary at the beginning” or “avoid special324

characters” by default. This is likely because these325

requirements are more universal and therefore326

have been built into LLMs natively in post-training.327

Meanwhile, LLMs struggle much more with328

conditional requirements (22.9% vs. 41.1% ), as329

these requirements often specify corner cases that330

are hard to predict (e.g., “provide warnings about331

weather conditions”). Somewhat surprisingly,332

65.2% requirements found from existing developer333

prompts are guessed by LLMs when unspecified.334

This indicates that the prompts resulting from335

existing practices often contain information that336

might be redundant to LLMs’ default behaviors.337

While LLMs are often able to guess unspeci-338

fied requirements, we found them less robust with339

unspecified requirements across different prompts:340

Different prompts can guess unspecified require-341

ments completely differently. On average, they342

have a standard deviation of 8.9%, a more than 2x343

increase compared to when they are specified. We344

observe even a stronger effect when explicitly con-345

trolling for requirement conflicts (7.9% unspecified346

vs. 0.8% specification, details in Appendix C.3).347

Implications. While LLMs do follow many un-348

specified requirements, their success depends on349

how a specific model is post-trained. Developers350

seem to struggle with identifying ones that need to351

be specified. This justifies a need for automated ex-352

ploration of what to specify (Section 4.2) and prop-353

erly managing and testing all relevant requirements,354

whether specified in the prompt or not (Section 5).355

−20% −16% −12% −8% −4% 0%
Accuracy drop (%) across model updates

0%

10%

20%

%
 o

f r
eq

ui
re

m
en

ts

5.9%
3.0%

specified unspecified

Figure 3: Cumulative distribution of accuracy drop
(truncated at 0%). Prompts regress more on unspec-
ified requirements across model updates, with an almost
2x increase compared to specified requirements.

3.3 LLMs are more likely to regress on 356

unspecified requirements when updated 357

Setups. To analyze model updates, we study 358

six models from gpt-4o and llama-3 model 359

families: Three versions of gpt-4o: 05-13, 360

08-06, and 11-20 for simulating a hidden 361

drift of model versions, and three versions of 362

Llama-3-70B-Instruct: Llama-3, Llama-3.1, 363

and Llama-3.3, simulating intentional model mi- 364

gration and bigger changes. For each potential up- 365

date within the same model family, we calculate the 366

accuracy change for each prompt and requirement. 367

Results. We found that while the majority of 368

model updates result in stable behaviors (<1% 369

changes) or improvement, there are still a signifi- 370

cant portion (22.9%) of cases where LLMs regress. 371

Breaking down the regressions, we found that 372

prompts regress more often on unspecified require- 373

ments: 5.9% requirements regress more than 20% 374

over model updates when they are unspecified – an 375

almost 2x increase compared to specified require- 376

ments (Figure 3). This is true even for small hid- 377

den model updates, – e.g., updating gpt-4o from 378

05-13 to 08-06 makes it 48% less likely to “pro- 379

duce skimmable outputs,” and 14% less likely to 380

“mention customer support information” on average. 381

Implications. LLM updates are more likely 382

to improve on specified requirements (through 383

stronger instruction-following) but can hurt unspec- 384

ified requirements (with different default behav- 385

iors). Regressions of unspecified requirements are 386

both more frequent and far harder to detect. This 387

makes it necessary to regularly evaluate and moni- 388

tor known unspecified requirements (Section 5). 389

Existing practices of manual inspection (“vibe 390

check”) of a few examples will not be sustainable. 391

3.4 LLMs struggle with following many 392

requirements at the same time 393

At the first glance, a simple solution to underspeci- 394

fication is to add as many requirements as possible 395
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1 5 10 19
# requirements specified

0.5

1.0

Llama3.3-70b-instruct

1 5 10 19
# requirements specified

0.5

1.0

gpt-4o-2024-08-06

specified unspecified

Figure 4: LLMs’ average accuracy on specified re-
quirements drops with more requirements specified
in the prompt, especially for smaller models like
Llama-3.3-70B-Instruct.

to the prompt. We show that this is actually an396

anti-pattern that leads to over-complicated prompts,397

and does not scale to many requirements due to398

LLMs’ limited instruction-following capabilities.399

Setups. We generated additional prompts con-400

taining different numbers of requirements (N=1,401

5, 10, and 19), following the same method de-402

scribed in Section 3.1. We study their behaviors403

on two models, Llama-3.3-70B-Instruct and404

gpt-4o-2024-08-06, and calculate the average ac-405

curacy on N specified and 20 − N unspecified406

requirements for each prompt.407

Results. First, we found that LLMs are mostly408

able to follow specified requirements individually,409

with an average of 98.7% accuracy. This can410

be thought of as an approximate upper bound on411

performance, assuming each requirement could412

be stated in isolation without interference. Next,413

we found LLMs’ average accuracy starts to drop414

with more requirements specified (Figure 4): Spec-415

ifying 19 requirements together yields only an416

85.0% average accuracy for gpt-4o. Smaller mod-417

els like Llama-3.3-70B-Instruct struggle even418

more, with only 79.7% average accuracy.419

Breaking down the results, we found 37.5% of420

requirements drop significantly by more than 5%421

on average (Figure 14). A few of these require-422

ments suffer from inherent conflicts – e.g., mak-423

ing product descriptions more skimmable conflicts424

with other formatting requirements. However, we425

also found many cases without obvious conflicts,426

from “mentioning availability of transportation427

options” (-63.9% on Llama-3.3-70B-Instruct)428

to “use analogies and examples” (-81.3% on429

gpt-4o-2024-08-06). We attribute these cases430

to LLMs’ limited instruction-following capabili-431

ties: With the number of requirements increasing,432

it is much easier to neglect some requirements and433

harder to satisfy all at the same time.434

Implications. As LLMs struggle with prompts 435

with too many requirements, intentional underspec- 436

ification can be a strategy to focus the model only 437

on select requirements without distracting it with 438

requirements it follows by default. However, devel- 439

opers currently have no support for intentionally 440

underspecifying their prompts (and are bad at this, 441

see Section 3.2), which calls for automatically opti- 442

mizing prompt specification (Section 4), especially 443

as the number of requirements grows over time. 444

4 Requirements-Aware Prompt 445

Optimization 446

How can we improve LLMs’ performance de- 447

spite their limited capabilities to follow complex 448

instructions? Inspired by recent trend on au- 449

tomatically improving prompts (Khattab et al., 450

2023), we test whether existing optimizers can 451

already mitigate this issue, and found that they 452

provide inconsistent improvements. We then in- 453

troduce two requirement-aware prompt optimiz- 454

ers: We first enhance an existing prompt opti- 455

mizer with requirement-specific evaluators, show- 456

ing that requirement-specific feedback is valuable. 457

Inspired by our analysis in Section 3, we also ex- 458

plore whether we can optimize what requirements 459

to specify in the prompts, removing ones that are 460

distracting or followed by default. We propose a 461

simple Bayesian prompt optimizer to efficiently 462

search for a good requirement combination. 463

4.1 Existing prompt optimizers do not 464

improve performance consistently 465

We first explore whether we can improve prompts 466

with existing prompt optimizers. We use two off- 467

the-shelf prompt optimizers here: (1) OpenAI’s 468

prompt optimizer (OpenAI, 2025): This is a “static” 469

prompt optimizer that takes in a prompt and tries 470

to improve it without any model execution feed- 471

back. (2) DSPy’s COPRO optimizer (Khattab et al., 472

2023): This represents a “dynamic” prompt opti- 473

mizer that iteratively proposes and explores new 474

prompts and finds ones with higher performance. 475

To guide the optimization, we use an LLM evalua- 476

tor that scores outputs from 1 to 10, based on how 477

well they adhere to the input prompts. 478

Setups. We apply all optimizers to prompts 479

with the most requirements (N=19) and an LLM 480

with weaker instruction-following capabilities 481

Llama3.3-70b-instruct. We perform prompt 482

optimization on the train split (n=30) of each task 483
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Optimizer code-explain trip-advisory product-gen website-gen

Acc. #Tokens Acc. #Tokens Acc. #Tokens Acc. #Tokens

- (Original) 0.754± 0.021 342± 4 0.803± 0.024 299± 4 0.835± 0.026 303± 4 0.441 431
OpenAI 0.774± 0.049 765± 154 0.798± 0.066 1233± 238 0.845± 0.031 664± 220 0.504 1158
COPRO 0.804± 0.053 351± 54 0.785± 0.033 234± 56 0.868± 0.041 207± 44 - -
COPRO-R 0.842 ± 0.049 337± 55 0.811 ± 0.022 281± 40 0.913± 0.035 220± 50 0.535 654
Bayesian 0.773± 0.025 187± 26 0.810 ± 0.040 170± 20 0.922 ± 0.028 147± 34 0.474 121

Table 2: Prompt optimization results on 60 different prompts. We found both requirement-aware optimizers
(COPRO-R and Bayesian) can consistently improve prompt performance (+4.8% on average), with the Bayesian
optimizer reducing token usage by 41 - 45%. The trend holds for real-world prompts in agentic coding context.

dataset, and evaluate the results on the test split.484

All dynamic prompt optimizers are given a bud-485

get of 9 prompts to explore. We measure average486

requirement accuracy and prompt token usage.487

Results. Overall, we do not observe con-488

sistent improvements from the optimizers (Ta-489

ble 2, OpenAI and COPRO). While they provide490

small improvements on two tasks (+2.8% on av-491

erage), they also drop prompt performance on the492

trip-advisory task (-1.1% on average).493

4.2 Designing requirement-aware prompt494

optimizers495

Next, we explore whether we can leverage require-496

ments to help with prompt optimization:497

COPRO-R. We first enhance COPRO with498

requirement-specific validators to guide its opti-499

mization, providing average accuracy of all re-500

quirements (whether they are specified or not in501

the prompt) as the optimization metric. We expect502

this helps optimizers obtain more accurate feed-503

back and generate prompts that consider different504

requirements thoroughly.505

Bayesian. We then explore optimizing what re-506

quirements to specify in a prompt. This is from our507

observations that many requirements are actually508

redundant, followed by default, and do not need509

to be specified (Section 3.2). To explore an expo-510

nential number of requirement combinations, we511

propose a simple Bayesian prompt optimizer: We512

model each requirement as a binary hyperparame-513

ter (specified vs. unspecified), with a configuration514

r = (r1, r2, . . . , rn) ∈ {0, 1}n indicating what515

requirements to specify. Given a performance func-516

tion f(r), the optimizer aims to solve the objective:517

r∗ = argmaxr∈{0,1}n f(r).518

We define f(r) as average requirement accuracy519

for our experiment, and leverage a classic Bayesian520

optimization algorithm, Tree-structured Parzen Es-521

timator (Bergstra et al., 2011), to efficiently find a522

good r in a small number of trials.523

Results. We found that both requirement-aware 524

optimizers can consistently improve prompt perfor- 525

mance (Table 2). The simple Bayesian optimizer 526

improves prompt performance by 3.8%, while re- 527

ducing token usage by 41 - 45%. Inspecting the 528

produced prompts, we found that global, format, 529

and developer-written requirements are more likely 530

to be dropped (56.5%, 77.0%, 57.9% respectively 531

vs. 52.8% avg.), which aligns well with our obser- 532

vations in Section 3.2 that these requirements are 533

more likely to be guessed by an LLM. 534

Pairing requirement-specific validators with ex- 535

isting optimizers, we found COPRO-R can also 536

improve performance by 5.8%. Inspecting the pro- 537

duced prompts (Figure 16), we found they reorder 538

requirements in a more logical structure, merge re- 539

lated requirements together, and sometimes drop 540

requirements from the list. These together produce 541

a better way to specify a longer list of requirements. 542

In contrast, the Bayesian optimizer offers a com- 543

plementary strength to improve performance by 544

deciding what subset of requirements to specify. 545

In addition, we found our optimizers generalize 546

well to real-world contexts: On the agentic coding 547

task of website-gen (see Appendix E for setup 548

details), we found both optimizers are able to sig- 549

nificantly improve baseline prompt shared in the 550

Cursor community, with the Bayesian optimizer 551

reducing token usage by 71.9%. 552

5 Towards Managing Prompt 553

Underspecification 554

While requirement-aware prompt optimizers are 555

effective, their success depends on a more rigorous, 556

end-to-end process for building LLM-powered 557

applications. Drawing on insights from software 558

engineering (Sommerville, 2015), we outline a 559

structured approach to managing underspecifi- 560

cation – where prompt developers can discover 561

key task requirements, curate them to reflect real 562

needs, and continuously monitor for drift. 563
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Elicit requirements for comprehensive task564

representation, by increasing requirement dis-565

coverability. As emphasized in the software en-566

gineering literature (Van Lamsweerde, 2009), re-567

quirement elicitation is foundational for applica-568

tion development. However, as discussed in Sec-569

tion 2, identifying task-specific requirements re-570

mains nontrivial. While our experiments take early571

steps toward automating this process (Section 3.1),572

the broader challenge is to maximize requirement573

discoverability. Future work may explore using574

synthetic data generation (Zhao et al., 2024) to575

surface edge cases or probe specific requirements.576

We may also explore more traditional requirement577

engineering approaches, including top-down brain-578

storming (Yang et al., 2023), bottom-up data-driven579

analysis (Zeng et al., 2025), or structrued safety580

engineering approaches that anticipate problems581

before they occur (Hong et al., 2025).582

Select requirements that matter, via continu-583

ous monitoring on the full requirement set. LLM584

behaviors drift over time (Chen et al., 2024) and585

they have different capabilities to follow require-586

ments that are specified and guess ones that are587

not (Section 3.2). Deciding what requirements588

to specify and how to specify them (Section 4),589

therefore, is largely model-dependent. To support590

model migrations, we recommend background val-591

idation of all tracked requirements. This allows592

detection of drift and allows developers or optimiz-593

ers to re-select which requirements to explicitly594

specify when switching models, from a stable over-595

arching set. This requires running validations for596

each new prompt or model and alerting developers597

of significant changes. We could further distribute598

requirements across sub-modules in workflows or599

multi-agent systems (Zhou et al., 2025) to enabling600

more local monitoring and optimization.601

Curate requirements to be more aligned with602

developer needs, by validating the validators.603

Both optimization and monitoring rely on robust604

requirement validators. While validators can be605

separately tuned (e.g., we performed manual val-606

idation), a more rigorous approach is to close the607

loop between requirements and their validators. If608

a validator gives unstable (e.g., low-confidence or609

inconsistent) outputs – especially when compared610

to human annotations – it likely signals ambiguity611

or misalignment in the requirement itself. To do612

so, future work can invest in meta evaluation and613

alignment of LLM-as-judge (Shankar et al., 2024),614

strategically have developers review (intentionally615

curated) validation results, and develop strategies 616

that can refine the requirements. 617

6 Related Work 618

Instruction following capabilities of LLMs. 619

Much research has investigated LLMs’ 620

instruction-following capabilities, from building 621

datasets (Zhou et al., 2023; Qin et al., 2024), train- 622

ing better models (Sanh et al., 2021; Ouyang et al., 623

2022), to optimizing for task-specific instruction- 624

following capabilities (Zhao et al., 2024). 625

Instruction-following ensures LLMs meet specified 626

requirements, but real-world prompts are often un- 627

derspecified – studying underspecification makes 628

LLMs not only usable (following instructions) but 629

also reliable (robust when underspecified). 630

Empirical analysis of LLM behaviors. Lots 631

of work has empirically analyzed the behaviors 632

of LLMs: They found that LLMs are sensitive 633

to prompt design (Sclar et al., 2023; Cao et al., 634

2024), that different LLMs exhibit different be- 635

haviors (Dunlap et al., 2024; Sun et al., 2025), and 636

that LLM updates can often trigger unexpected per- 637

formance regression (Chen et al., 2024; Ma et al., 638

2024). We also study LLMs’ robustness across 639

prompt or model changes; however, we specifically 640

focus on their robustness on following unspecified 641

requirements, rather than specified tasks. 642

Ambiguity resolution when interacting with 643

LLMs. Ambiguity detection and resolution are 644

closely related to underspecification. For interac- 645

tive applications, asking clarifying questions can be 646

used as a fallback mechanism to resolve where user 647

prompts are underspecified (Zhang and Choi, 2023; 648

Zhang et al., 2024). However, studies found that 649

LLMs often struggle to detect ambiguity in user 650

queries (Vijayvargiya et al., 2025; Ma et al., 2025; 651

Laban et al., 2025), and much work has tried to 652

improve LLMs’ abilities to handle ambiguity (Kim 653

et al., 2024). 654

7 Conclusion 655

Prompt underspecification is common and chal- 656

lenging: LLMs can infer missing requirements but 657

behave inconsistently across prompts and models, 658

while fully specified requirements overwhelm them. 659

We show that requirements-aware optimizers make 660

prompts easier to follow and argue that system- 661

atic discovery, evaluation, and monitoring can help 662

effectively manage underspecification. 663
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Limitations664

Scale of experiments. Our experiments are con-665

ducted on a relatively small number of require-666

ments (n=60) and synthetic prompts (n=240). This667

setup allows us to curate high-quality, human-668

validated, realistic requirement–validator pairs and669

study underspecification systematically, but it lim-670

its the breadth of our analysis. To scale up, fu-671

ture work will need to curate a larger set of real-672

istic requirements and validators – note that high-673

quality validators usually require manual valida-674

tion (Shankar et al., 2024). They will also need675

more efficient ways (our experiments involved over676

1.5 million LLM calls, see Appendix A.9) to pro-677

duce fine-grained requirement-specific evaluation678

results while keeping the results reliable.679

Evaluation methodology. We rely on LLM680

validators to scale up the evaluation. While we681

manually validate their reliability and ensure682

a small error rate, LLM validators can exhibit683

preference biases toward models from the same684

family. This, however, does not affect our main685

results, which do not compare across model686

families (e.g., “model updates regress more on687

unspecified requirements”).688

Connection to practices. Our primary goal in689

this work is to first establish an empirical under-690

standing of the underspecification problem. Ac-691

cordingly, we do not include a user study or direct692

integration with developer workflows. This raises693

the possibility that the observed patterns may not694

transfer cleanly into practice. Future work should695

evaluate how well these findings generalize when696

embedded in real-world processes, constraints, and697

decision-making contexts of prompt development.698
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A Details on Experiments Setups916

A.1 Task descriptions917

We selected three tasks based on Anthropic’s report918

measuring AI usage patterns (Handa et al., 2025):919

• trip-advisory: Provide personalized travel920

recommendations, itineraries, and tips.921

• product-gen: Write engaging product de-922

scriptions from the provided product details.923

• code-explain: Explain a code snippet for924

learning purposes.925

A.2 Process of data sampling and cleaning926

We re-purposed three existing datasets to run the927

LLM+Prompts on: Commitpackft (Muennighoff928

et al., 2023) for code explanation (MIT license), a929

subset of UltraChat (Ding et al., 2023) for trip advi- 930

sory (MIT License), and Amazon ESCI (Reddy 931

et al., 2022) for product description generation 932

(Apache-2.0 License). 933

• For Commitpackft, we take the python split2, 934

we keep all examples with more than 90 lines 935

of code (n=357), and then take the first 200 936

examples. 937

• For UltraChat, we take a travel-related sub- 938

set3 and keep the first 800 examples. We then 939

use gpt-4o-mini to label if each query is ask- 940

ing for travel recommendations, itineraries, 941

and tips, and filter out the queries that are not 942

(n=248 remains). We then take the first 200 943

examples. 944

• For Amazon ESCI, we take the test split4, fil- 945

ter out the examples that are not based in US 946

and not in English, and remove duplicated 947

products. We then sample 200 examples from 948

the dataset. 949

From each dataset, we split it into training, val- 950

idation, and test data with 15/35/50 split. All our 951

evaluation results are reported based on the test 952

split. All datasets are available in our shared code 953

repository. 954

A.3 Process of requirements curation 955

From each task, we curated an initial list of require- 956

ments through the three different sources described 957

in Section 3. We found existing prompts provided 958

by Anthropic, Google and GPTs5 (Figure 7). We 959

kept all requirements that are curated from existing 960

prompt, as they already approved by some human 961

developers. 962

We use gpt-4o to elicit requirements through 963

brainstorming and error analysis. The error 964

analysis is conducted on the responses gener- 965

ated from a set of smaller LLMs (gpt-4o-mini, 966

gemini-1.5-flash, llama3.2-11b). For elicited 967

requirements, we use text-embedding-ada-002 968

to generate embeddings of each requirement and 969

remove ones with high cosine similarity (> 0.9) 970

2https://huggingface.co/datasets/bigcode/
commitpackft

3https://huggingface.co/datasets/soniawmeyer/
travel-conversations-finetuning

4https://huggingface.co/datasets/tasksource/
esci

5https://docs.anthropic.com/en/prompt-library/
code-clarifier,
https://github.com/google-marketing-solutions/
feedgen/blob/main/img/config.png,
https://github.com/yourzxb/GPTs/blob/main/17/
TripAdvisor.md
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Figure 5: We gather 60 requirements for our analysis.
The majority of requirements come from bottom-up
error analysis (41.7%), followed by existing prompts
(35%), and top-down brainstorming (23.3%). Most re-
quirements specify content-related constraints (75%),
followed by style (16.7%) and format (8.3%). Most re-
quirements are global and apply to all examples (60%),
while 40% are conditional requirements. We found that
existing prompts rarely consider conditional require-
ments (only 14.3%).

to other existing requirements incrementally. Af-971

ter this step, we curate 38, 39, and 40 require-972

ments for trip-advisory, product-gen, and973

code-explain tasks respectively.974

We then filtered out the requirements that are975

overly specific (e.g., “The output must explain how976

the product’s features enhance the karaoke expe-977

rience for the targeted age group.”), and finally978

had three independent annotators select important979

requirements. We recruited the annotators from our980

contacts and ensured that they all have sufficient981

background knowledge for the task they need to an-982

notate (e.g., all three annotators are in a computer983

science PhD program for the code explanation task).984

The annotators have access to a short annotation985

rubric, including an instruction that asks them to986

mark up important requirements for the task and987

add justifications when needed, a task description,988

and example inputs to ground their annotations989

(Figure 6). The annotation process takes up to 20990

minutes, and the annotators are not compensated991

for their time. We verbally communicated to the992

annotators that their selected requirements will be993

used for later experiments.994

We kept the requirements selected by at least995

one human annotator in the end, with 20 require-996

ments for each and a total of 60 requirements as997

in Section A.5. Note that different annotators may998

diverge in the requirements they selected, and we999

intentionally kept the diversity from the process, as1000

it is natural that different stakeholders may have1001

different priorities (Van Lamsweerde, 2009). The1002

final list of requirements covers different categories1003

(content, style, format), different scopes (global,1004

Instruction: Review the provided list of
requirements and select up to 10 that you
believe are the most important for the task.
For each selected requirement, include a brief
justification explaining why it is important.

Task description: Explain the code snippet.

Sample inputs:
```python
from sqlalchemy.exc import IntegrityError

from ggrc import db
from ggrc import models
from integration.ggrc import TestCase

class TestCAD(TestCase):
"""Tests for basic functionality of cad
model."""

def test_setting_reserved_words(self):
"""Test setting any of the existing
attribute names."""

with self.assertRaises(ValueError):
cad = models.CustomAttributeDefinition()
cad.definition_type = "Section"
cad.title = "title"

with self.assertRaises(ValueError):
cad = models.CustomAttributeDefinition()
cad.title = "title"
cad.definition_type = "Section"

```

Figure 6: Sample annotator instruction during require-
ment curation.

conditional), as visualized in Figure 5. 1005

We provide all requirements used in our exper- 1006

iments in the shared code repository along with 1007

their validators. 1008
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Your task is to take the code snippet provided
and explain it in simple, easy-to-understand
language. Break down the ’codes functionality,
purpose, and key components. Use analogies,
examples, and plain terms to make the
explanation accessible to someone with minimal
coding knowledge. Avoid using technical jargon
unless absolutely necessary, and provide clear
explanations for any jargon used. The goal is
to help the reader understand what the code
does and how it works at a high level.

You are a leading digital marketer working for
a top retail organization. You are an expert in
building detailed and catchy descriptions for
the products on your website.

Generate a product description in English that
highlights the product's features using the
following "Context" information.
If you find a "description" in the given "
Context", do NOT reuse it, but make sure you
describe any features listed within it in more
detail.
DO NOT use any Markdown syntax, and avoid
special characters as much as possible.
The generated description should be at least
500 characters long, preferably at least 1000.

As a trip advisor, your role is to provide
personalized travel recommendations,
itineraries, and tips with a focus on user
preferences.

- Specialize in destinations,
accommodations, activities, dining, and
cultural insights, considering budget,
travel dates, and specific interests.
- Ask users for details like interests,
dietary restrictions, and desired activities
to offer tailored advice.
- Avoid booking or transaction handling.
- Your approach should be friendly, casual,
and enthusiastic about travel, ensuring
responses are personalized to user goals.
- Be clear and engaging, with a tone that's
helpful, casual, and culturally sensitive.
- Clarify any ambiguous preferences.
- Show enthusiasm for exploring new cultures
and experiences.

Figure 7: Existing prompts for the three studied tasks.
We extracted a subset of requirements from these
prompts and constructed a set of synthetic prompts with
the prompt templates in Appendix A.7
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A.4 Prompts for requirements elicitation and1009

validation1010

You are an experienced requirements engineer.
Your goal is to brainstorm a list of
requirements that specify desired LLM behaviors
for the given task.
These requirements should identify behaviors
that, if omitted, would likely frustrate or
annoy users -- such as forgetting to surface
important reminders, warnings, or common-sense.

These requirements should be consistent with
each other without contradictions and
complementary to existing requirements.

Guidelines:
- Each requirement should test exactly ONE
requirement
- Requirements should be easily verifiable,
almost as if writing a Boolean condition in
Python. They should be testable with Python
code or an LLM itself (no human judgment or
external sources needed).
- Requirements should not be overly general
(i.e. they should not be universal requirements
that might apply to any reasonable reasponse)
- Requirements should be generally applicable
for responses to that task, not referring to
any specific response
- Avoid unrealistic edge cases - focus on
plausible failures that could occur even in
aligned or well-trained LLMs.
- Focus only on objective, measurable
requirements
- Use concise and unambiguous language
- Never generate similar requirements to the
existing requirements

Figure 8: Prompts for requirement elicitation - Brain-
storming.

You are an experienced requirements engineer.
Your goal is to extract a list of atomic
requirements that specify desired LLM behaviors
for the given task.

You will be presented with a model input and
several model outputs from different models.
First, provide a detailed analysis critiquing
the model outputs.
Then, based on the analysis, suggest a list of
atomic requirements that specify desired LLM
behaviors for the given task.
These requirements should be consistent with
each other without contradictions and
complementary to existing requirements.

Guidelines:
- Each requirement should test exactly ONE
requirement
- Requirements should be easily verifiable,
almost as if writing a Boolean condition in
Python
- Requirements should not be overly general
(i.e. they should not be universal requirements
that might apply to any tasks)
- Requirements should be generally applicable
for responses to that task, not referring to
any specific input examples
- Focus only on objective, measurable
requirements
- Use concise and unambiguous language
- The requirements should be consistent with
each other without contradictions
- The requirements should not overlap with
existing requirements

Here are some bad requirements:
- The output should be interesting. - This is
subjective
- The output should provide examples in fewer
than 280 characters. - This overloads multiple
aspects
- The output should be helpful and harmless. -
This is overly general

Here are some good atomic requirements:
- The output should provide examples.
- The output should be fewer than 280
characters.
- The output should contain at least 3
references.

Figure 9: Prompts for requirement elicitation - Error
analysis.
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You are a reviewer who is evaluating whether a
model output satisfies the given requirement.
Given a task description, examples, and
requirement, draft a step-by-step evaluation
plan for the requirement.

Follow the guideline below:
- The evaluation plan should be a step-by-step
process to evaluate if the requirement is met.
- The evaluation plan should be concise and
clear, and lead to a final judgment on whether
the model output meets the requirement.
- When requirements are conditional (e.g.,
indicated by "if applicable"), the evaluation
plan should include a first step to check if
the requirement is applicable to an example
input.
- The evaluation plan should only include the
steps to evaluate the requirement, and not
include any additional feedback or suggestions,
or steps to evaluate other related requirements.

Examples
---
Requirement: The explanation should provide
examples of how to instantiate and use key
classes, if applicable.
Evaluation Plan:
1. Identify the key classes in the given code
snippet by examining the code structure and
class definitions. If there are no key classes,
this requirement is not applicable.
2. Check that the explanation clearly
highlights which classes are considered "key"
for this snippet (for example, any classes that
define core functionality or are central to the
code's purpose).
3. Verify that the explanation includes
concrete examples showing how to instantiate
the identified key classes.
4. Finally, assess whether the explanation
meets the requirement by providing sufficient
instantiation and usage examples that a user
could follow.

You are a reviewer who is evaluating whether a
model output satisfies the given requirement.
Given a task description, examples, and
requirement, write a Python function to
evaluate the requirement.

The Python function `evaluation_function` takes
task_description, model_input, and model_output
as input arguments and returns a boolean value
indicating whether the requirement is met.

You are a reviewer who is evaluating whether a
model output satisfies the given requirement.

Given a task description, model input, model
output, a requirement and its step-by-step
evaluation plan, execute the evaluation plan to
evaluate if the model output meets the
requirement. If the requirement is not
applicable, return True for meets_requirement.

Figure 10: Prompts for requirement evaluation: Plan-
ning (top and middle) and execution (bottom).
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A.5 Complete list of curated requirements1011
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Curated requirements for trip-advisory

• The output should consider factors such as budget, travel dates, and specific interests.

• The output should ask users for details like interests, dietary restrictions, and desired activities.

• The output should not include booking or transaction handling.

• The output should be friendly, casual, and enthusiastic about travel.

• The output should be personalized to user goals and preferences.

• The output should be clear and engaging.

• The output should be culturally sensitive.

• The output should clarify any ambiguous preferences.

• The output should show enthusiasm for exploring new cultures and experiences.

• The output should ensure activities are age-appropriate if age preferences are specified by the
user.

• The output should highlight any visa or entry requirements specific to the suggested destina-
tions.

• The output should provide warnings about weather conditions that might affect accessibility to
certain activities during the user’s planned travel dates.

• The output should provide follow-up questions to solicit user preferences if they are not initially
provided.

• The output should clarify the geographic context if the location is ambiguous.

• The output should specify if transportation options are seasonal or subject to availability.

• The output should include suggestions for public transport or alternative travel methods.

• The output should correctly identify and focus on sites located within the specified geographic
area.

• The output should provide references to local regulations or park rules, when applicable.

• The output should contain a section explicitly stating safety guidelines specific to solo traveling.

• The output should include tips for varying levels of experience for recommended activities.

17



Curated requirements for product-gen

• The output must highlight the product’s features.

• The output must be written in English.

• The output must describe any features listed within the given Context in more detail.

• The output must be at least 500 characters long.

• The output should preferably be at least 1000 characters long.

• The output must not use Markdown syntax.

• The output must avoid special characters as much as possible.

• The output must avoid excessive use of technical jargon, ensuring that the description is
understandable to a general audience.

• The output must use engaging and vivid language to capture and retain the reader’s attention.

• The output must include at least three benefits that the product provides to the user.

• The output must follow a coherent structure, ensuring logical flow from introduction to
conclusion.

• The output must avoid any explicit comparisons with products from brands unless specified in
the context.

• The output must ensure that any numerical values or ranges are accurately represented if
mentioned at all.

• The output must include a mention of the package content.

• The output should clearly mention any customer support or warranty information included
with the product.

• The product description should mention any personalization options available, including any
important limitations or specifications.

• The output must paint a vivid picture of the customer experience with practical use cases.

• The output should break down complex information into clearer, more concise points.

• The output must be free from any promotional prompts such as ’click add to cart’.

• The output must ensure that key product information is easily skimmable.
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Curated requirements for code-explain

• The output should break down the code’s functionality.

• The output should explain the purpose of the code.

• The output should use analogies and examples to clarify the explanation.

• If technical jargon is used, the output should provide clear explanations for it.

• The output should aim to make the explanation accessible to someone with minimal coding
knowledge.

• The output should identify and explain any variables or data structures used in the code snippet.

• The output should detect and describe any dependencies or libraries required by the code
snippet.

• The output should check and explain any potential side effects or state changes that occur
during code execution.

• The output should include a precise, step-by-step execution order that aligns with the code.

• If there are error handling mechanisms, the output should accurately describe them and explain
how they handle potential errors.

• The output should mention any missing components or aspects in the provided code snippet,
such as lack of functionality or completeness.

• The output should explain scenarios where certain features of the code are particularly beneficial
or efficient.

• The explanation should include potential applications and implications of the coded algorithm.

• The output should address potential edge cases tested by the code.

• The output should explicitly define the scope of explanation without making assumptions about
specific use cases.

• The output should not exceed 500 words to maintain conciseness and focus.

• The output should not describe components or operations not present in the provided code.

• The output should provide a high-level summary at the beginning to set the context.

• The output should provide an example of how at least one function, class, or constant imported
from the code can be used.

• The output should include information about verifying the setup or configuration before
execution, if applicable.
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Curated requirements for health-consulting

• The output should provide a concise summary of risk factors associated with health recommen-
dations, if applicable.

• The output should offer guidance on maintaining a healthy lifestyle, including diet and exercise
recommendations, if applicable.

• The output should prioritize listing the most critical conditions to rule out first during diagnosis,
if applicable..

• The output should provide basic first aid instructions for common injuries and illnesses, if
applicable.

• The output should encourage users to consult healthcare professionals for accurate medical
assessments.

• The output should provide action steps when experiencing severe symptoms such as difficulty
breathing or swelling, if applicable..

• The output should include important safety and handling tips for storing and managing medica-
tions, such as tracking usage duration for time-sensitive drugs, if applicable..

• The output should recommend specific follow-up actions and time frames for reevaluation, if
applicable.

• The output should direct users to trusted medical resources and reputable websites.

• The output should provide separate advice compartments for interventions feasible at home
and those requiring professional medical environments, if applicable..

• The output should mention simple lifestyle adjustments or practices that may help alleviate
symptoms until professional care is received, if applicable.

• The output should respond to user inquiries in clear and informative language.

• The output should emphasize that it is not a substitute for professional medical advice, diagnosis,
or treatment.

• The output should flag symptoms that typically warrant immediate professional medical
intervention, if applicable..

• The output should provide possible explanations and suggest potential conditions based on
described symptoms.

• The output should provide specific criteria for when to transition from home care to professional
medical evaluation, if applicable.

• The output should provide information on over-the-counter and prescription medications,
including side effects and dosages, if applicable..

• The output should provide step-by-step instructions for emergency response procedures like
CPR and choking, if applicable..

• The output should include a disclaimer stating it is not a licensed medical practitioner.

• The output should offer easy-to-understand explanations of medical terms, procedures, and
concepts.
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Curated requirements for lesson-planning

• The lesson plan should explicitly mention extension activities for further student engagement
or enrichment.

• The lesson plan should include a detailed outline.

• The lesson plan should be easy to follow.

• The lesson objectives should be aligned with relevant educational standards.

• Each section should specify the resources used.

• The lesson plan should be well-organized.

• The lesson plan should identify prerequisites or prior knowledge that students need before the
lesson begins.

• The lesson plan should mention strategies for engaging students in a virtual or hybrid learning
environment, if applicable.

• The outline should be broken down into an introduction, main activities, and a conclusion.

• The lesson plan should promote critical thinking.

• Differentiation strategies should be included and tailored to address varying student needs and
abilities.

• The lesson plan should include assessment methods to evaluate students’ understanding and
mastery of lesson objectives.

• The lesson plan should cater to a specific grade level or age group.

• The lesson plan should promote active learning.

• The lesson objectives should be clearly stated.

• The lesson plan should specify alternative plans if any technology used in the lesson malfunc-
tions.

• Each section should describe the teaching methods used.

• Each section should describe the learning activities planned.

• The lesson plan should be designed for a 60-minute class session.

• The lesson objectives should be measurable.
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A.6 Human validation of requirement1012

validators1013

Validator construction. We employ a two-step1014

procedure to construct reqiorement validators:1015

First, we have a planner (o3-mini) to draft a step-1016

by-step evaluation plan or a Python script, for each1017

requirement. Next, a validator either executes the1018

Python function, or the natural language evaluation1019

plan (with gpt-4.1-mini) on each example to pro-1020

duce the final judgment. We iterate the validators1021

for each requirement on the train split to achieve1022

high human-LLM agreement.1023

Human validation. To assess the reliability of1024

our LLM-based requirement evaluators, we curated1025

a set of 1,095 evaluation results for human valida-1026

tion. The evaluation results are curated with strat-1027

ified sampling: We sample 20 evaluation results1028

(10 positive, 10 negative) per requirement. If there1029

are not enough results (e.g., when a requirement1030

is almost always satisfied), we take the maximum1031

number available.1032

We then have a human annotator manually re-1033

view the evaluations. For each model output, the1034

annotator compared the predicted label against their1035

own judgment of whether the output satisfied the1036

given requirement. Overall, the evaluators have1037

95.6% (SD=0.08) agreement rates, indicating a rea-1038

sonably high level of human–LLM agreement.1039

A.7 Prompt templates and construction1040

We use a simple prompt template to construct our1041

experiment prompts. The task descriptions are1042

one-line minimal descriptions as shown in Ap-1043

pendix A.1.1044

Prompt template for our experiments

[Task description]

Follow the guideline below:
- [requirement 1]
- [requirement 2]
...
- [requirement N]

1045

In our experiments, our goal is to systematically1046

cover requirement subsets, to make sure (a) each1047

prompt has roughly the same complexity in terms1048

of the number of requirements to follow, and (b)1049

different requirements are specified or unspecified1050

the same number of times. We use a simple cyclic1051

design to achieve this, as shown in Figure 11.1052

R1 R2 R3 R4 R5 R6 R7 R8
P1
P2
P3
P4
P5
P6
P7
P8

Figure 11: We use a cyclic design to generate prompts.
Each prompt (row) covers the same number of k con-
secutive requirements (column). Each requirement is
specified k times and unspecified N − k times exactly.
We randomize the order of requirements to distribute
requirements from different sources.

A.8 LLM judge setups for generic prompt 1053

optimizers 1054

For generic prompt optimizers, we used a 1055

requirement-agnostic LLM judge. The judge is 1056

provided with task-level information, prompt in- 1057

struction, as well as inputs and outputs from the 1058

task. The judge then rates the output on a 1-to-10 1059

scale. We use gpt-4.1-mini as the judge with a 1060

temperature of 0 to ensure judge consistency, and 1061

verified that this model provides sufficiently con- 1062

sistent and reasonable judgments for our tasks. 1063

A.9 Compute resources used in the 1064

experiments 1065

In our first set of experiments (up to Section 3.3), 1066

we make 6k inferences with each of the 7 models 1067

to obtain model outputs. We then make 840k infer- 1068

ences to evaluate the results with gpt-4.1-mini. 1069

In our second experiment (Section 3.4), we make 1070

6k inferences with each of the two models on 3 1071

different prompt configurations (different numbers 1072

of requirements). We then make 720k inferences 1073

to evaluate the results with gpt-4.1-mini. 1074

For prompt optimization experiments (Sec- 1075

tion 4), we make 16.2k inferences with each prompt 1076

optimizer to produce all optimized prompts (324k 1077

inferences for evaluation). We then make 6k in- 1078

ferences with 4 different optimization results each 1079

(480k inferences for evaluation). 1080

For LLM validators, we used a temperature of 1081

0 to extract the most likely prediction. For other 1082

inference calls, we used the recommended temper- 1083

ature in best practices (1.0 for gpt-4o models and 1084

0.6 for Llama-3 models.) The maximum tokens 1085

are set to 4096, and all other inference parameters 1086

are set to default values. 1087
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Figure 12: To discover an unspecified requirement reli-
ably with 95% probability, developers need to inspect a
lot more examples (N ↑) when the requirement appears
less frequently, gets violated less, or is harder to detect
(p ↓).

B Detailed Analysis on Requirements1088

Discovery1089

If underspecified prompts are more unstable, could1090

developers discover relevant task requirements in1091

the first place? We argue that this is rather chal-1092

lenging with current manual trial-and-error prompt1093

engineering practices, where developers examine1094

examples in an ad-hoc fashion and iterate their1095

prompts only when they observe outputs that vio-1096

late their expectations (Liang et al., 2024).1097

First, many requirements are conditional and1098

can easily be missed when developers only look1099

at a few representative examples – for example,1100

“accurate numerical values in summaries” is only1101

relevant to inputs containing numerical values.1102

When the probability of encountering such inputs1103

(prelevant) is low, the requirement is likely not to be1104

covered within a few inspections. However, our1105

previous analysis demonstrates that conditional re-1106

quirements are exactly where LLMs struggle more.1107

Second, some requirements may be violated less1108

frequently (pviolated), and thus less likely to be dis-1109

covered via observing violations. Yet they can1110

still be critical, such as high-stakes safety require-1111

ments for trip advisory – e.g., “no dangerous ac-1112

tivities suggested.” In other cases, violations may1113

be harder to recognize, with a lower probability1114

of being noticed (pnoticed), as in “ensuring correct1115

program execution in code explanations.” More-1116

over, when developers inspect LLM outputs, their1117

assessments are biased by prior knowledge and1118

subjective interpretation, which can lead them to1119

overlook certain types of requirements (Szymanski1120

et al., 2024).1121

Considering these factors, an unspecified require-1122

ment may require significant efforts or luck to1123

be discovered with the current practice. Quan-1124

titatively, a developer will need to look at N =1125

log(1− ps)/ log(1− prelevant · pviolated · pnoticed) ex-1126

amples to discover the requirement with probability 1127

ps (e.g., 0.95), assuming independent Bernoulli tri- 1128

als. For example, a conditional requirement that is 1129

relevant to 20% of examples, violated 50% of the 1130

time, and perfectly noticeable will require inspect- 1131

ing more than 29 examples to be detected with 95% 1132

probability (Figure 12). This will be an excessive 1133

workload for a human to complete on their own 1134

for every single model update or prompt change, 1135

assuming they have access to a diverse dataset, if 1136

at all. 1137

C Additional experiment results 1138

0.0
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Figure 13: Comparing LLM+Prompts performances on
specified requirements vs. unspecified requirements,
we found that, overall, LLM+Prompts perform worse
and diverge more for unspecified requirements. This
is statistically significant even if we consider all other
factors and explains a large portion of the variances
observed (Table 4).
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Figure 14: The histogram of average requirement accu-
racy drops when the prompts include more requirements
(N=1→19). We found 37.5% requirements drop signifi-
cantly by more than 5%.

C.1 Requirement guess rates breakdown 1139

We break down how often LLMs can “guess” re- 1140

quirements and satisfy them without specification 1141

(Table 3). We found that LLMs excel at global, 1142

format-related, and prompt-sourced requirements, 1143

but struggle with conditional, style-related, and 1144

bottom-up requirements. 1145

C.2 ANOVA results 1146

We apply ANOVA to analyze how factors like re- 1147

quirement scope, source, category, or model im- 1148

pact LLM+Prompts performance on specified vs. 1149
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Fill-in Rate

Requirement Scope
Conditional 22.9%
Global 53.2%

Requirement Source
Bottom-up 21.5%
Prompt-sourced 65.2%
Top-down 40.0%

Requirement Category
Content 39.9%
Format 70.7%
Style 32.0%

Average 41.1%

Table 3: Requirement guess rates breakdowns.

unspecified requirements. For factors that are sig-1150

nificant, we use Tukey’s HSD test to identify which1151

specific group means are significantly different1152

from each other. Results are reported in Table 4.1153

C.3 Requirements Conflict Analysis1154

When we analyze the variances in specified require-1155

ments, we observe that they are partially caused1156

by requirement conflicts (e.g., making product de-1157

scriptions more skimmable conflicts with other for-1158

matting requirements).1159

To better understand which requirements con-1160

flict, we conducted an analysis on requirement be-1161

haviors: For each requirement, we calculated its1162

average accuracy conditioned on whether another1163

requirement was specified alongside it or left un-1164

specified. We found that approximately 11.4% of1165

requirement pairs exhibited clear conflicts, defined1166

as cases where specifying one requirement caused1167

the accuracy of another to drop by more than 5%.1168

For example, the requirement “accessible to some-1169

one with minimal coding knowledge” conflicted1170

with others such as “describe error handling” or1171

“describe any dependencies or libraries,” with drops1172

in accuracy of up to 41.1%.1173

Next, we assess how conflicts impact our results1174

on requirement variances across prompts. To assess1175

this, we excluded all requirements showing any1176

signs of conflict (i.e., cases where specifying one1177

requirement reduced the accuracy of another by1178

more than 5%) and recomputed the variance in1179

accuracy across prompts.1180

After removing these conflicting requirements,1181

we found the difference in prompt variance be- 1182

came even more pronounced: 0.8% for speci- 1183

fied requirements versus 7.1% for unspecified ones. 1184

This suggests that prompt instability on specified 1185

requirements often stems from conflicting require- 1186

ments being included in the same prompt. In con- 1187

trast, instability on unspecified requirements re- 1188

mains high even when no conflicts are present, 1189

highlighting that models are inconsistent in how 1190

they fill in missing constraints. For instance, the 1191

requirement “explicitly state safety guidelines spe- 1192

cific to solo traveling” exhibited large variance 1193

across prompts when left unspecified, even though 1194

it did not conflict with other requirements in the 1195

task. This indicates that the instability arises from 1196

underspecification itself, rather than requirement 1197

interaction. 1198
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Avg. accu-
racy

SD of accu-
racy

Acc.
delta

SD
delta

Specified? 125.87*** 48.47*** - -
Conditional? 19.01*** 16.38*** 4.55* 3.03

Source 19.99*** 36.83*** 9.07*** 3.63*
Category 23.86*** 55.00*** 1.01 0.44

Model 1.80 0.57 0.68 1.71
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 4: ANOVA results: We report the F-value and p-value, which quantify the extent to which each variable
accounts for the observed variances. We found that whether a requirement is specified has the largest impact on
average accuracy (+0.2) and a significant impact on SD (-0.037). Breaking down the requirements, we found models
struggle with conditional requirements (-0.09 accuracy, +0.017 SD), but are better at requirements found in existing
prompts and format-related requirements.
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C.4 Prompt Optimization Examples1199
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An example of unoptimized prompts

Explain the code snippet.

Follow the guideline below:
- The output should explain the purpose of the code.
- The output should explain scenarios where certain features of the code are particularly beneficial
or efficient.
- The output should use analogies and examples to clarify the explanation.
- The output should not describe components or operations not present in the provided code.
- The output should check and explain any potential side effects or state changes that occur during
code execution.
- The output should include a precise, step-by-step execution order that aligns with the code.
- The output should break down the code’s functionality.
- If technical jargon is used, the output should provide clear explanations for it.
- The output should include information about verifying the setup or configuration before execution,
if applicable.
- The output should identify and explain any variables or data structures used in the code snippet.
- The output should explicitly define the scope of explanation without making assumptions about
specific use cases.
- The output should aim to make the explanation accessible to someone with minimal coding
knowledge.
- If there are error handling mechanisms, the output should accurately describe them and explain
how they handle potential errors.
- The output should address potential edge cases tested by the code.
- The output should not exceed 500 words to maintain conciseness and focus.
- The output should provide an example of how at least one function, class, or constant imported
from the code can be used.
- The output should detect and describe any dependencies or libraries required by the code snippet.
- The explanation should include potential applications and implications of the coded algorithm.
- The output should provide a high-level summary at the beginning to set the context.

Figure 15: Unoptimized prompts generated from the prompt template (acc=75.4%).
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An example of COPRO-optimized prompts

Provide a detailed explanation of the given code snippet, following these guidelines:

1. **Overview**: Begin with a high-level summary that sets the context for the code’s
purpose and functionality.
2. **Purpose and Benefits**: Clearly explain the code’s main objective and highlight scenarios
where its features are particularly beneficial or efficient.
3. **Analogies and Examples**: Use relatable analogies and examples to enhance understanding,
especially for complex concepts.
4. **Code Breakdown**: Decompose the code into its fundamental components, explaining the
role and function of each part.
5. **Step-by-Step Execution**: Offer a precise, sequential walkthrough of how the code executes,
ensuring clarity on the process.
6. **State Changes and Side Effects**: Identify any potential side effects or state changes that
occur during execution.
7. **Variable and Data Structure Explanation**: Define and explain any variables or data
structures used, ensuring comprehension for those with minimal coding knowledge.
8. **Technical Jargon**: Simplify or clarify any technical terms to make the explanation
accessible.
9. **Setup Verification**: Include information on verifying the setup or configuration before
running the code, if relevant.
10. **Error Handling**: Describe any error handling mechanisms, detailing how they manage
potential errors and edge cases.
11. **Dependencies**: Identify any libraries or dependencies required by the code.
12. **Applications and Implications**: Discuss potential applications and implications of the
algorithm or functionality provided by the code.
13. **Function Usage Example**: Provide an example of how at least one function, class, or
constant from the code can be utilized.
14. **Conciseness**: Ensure the explanation does not exceed 500 words, maintaining focus and
clarity.

Figure 16: COPRO-optimized prompts (acc=86.7%). We found COPRO-optimized prompts tend to reorder
requirements in a more logical structure, merge related requirements together, and sometimes drop requirements.
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D Additional tasks setups and results1200

Tasks and data. We analyzed two more tasks,1201

health-consulting and lesson-planning,1202

from different categories (Physical Sciences,1203

Education) in the Anthropic report.1204

• health-consulting: Offer symptom guid-1205

ance, medical info, first-aid tips, and health1206

advice.1207

• lesson-planning: Generate a lesson plan1208

for the given user query.1209

We used two existing datasets to run the1210

LLM+Prompts on: HealthBench (Arora1211

et al., 2025) for health consulting, and les-1212

son_plan (Adeniyi, 2026) for lesson planning.1213

• For HealthBench, we use gpt-4.1-mini to1214

label if each query is a medical consulting1215

request from a user. We filter out the ones1216

that are not medical consulting and the ones1217

that are not in English. We then sample 2001218

examples from the dataset.1219

• For lesson_plan, we drop duplicated queries1220

and then sample 200 examples from the1221

dataset.1222

Requirements. We followed the same procedure1223

to curate requirements as in Appendix A.3 and1224

shared them in Appendix A.5. We found existing1225

prompts provided by Anthropic and GPTs6.1226

Results. We observed very similar empirical re-1227

sults in the additional tasks we studied, showing1228

our main findings can be readily generalized to1229

different tasks and models:1230

(1) There is a performance gap between speci-1231

fied and unspecified requirements (83.6% vs.1232

59.5%); models are able to guess unspeci-1233

fied requirements frequently (25.1%); format-1234

related / global / developer-written require-1235

ments are easier to guess (cf. Section 3.2).1236

(2) Unspecified requirements are more likely to1237

regress over model updates (4.3% vs. 2.3%)1238

(cf. Section 3.3).1239

(3) LLMs are struggling with more requirements1240

(dropping from 95.0% to 78.5% when we in-1241

crease the number from 1 to 19) (cf. Sec-1242

tion 3.4).1243

6https://platform.claude.com/docs/en/
resources/prompt-library/lesson-planner,
https://github.com/linexjlin/GPTs/blob/
3adfb7b38423b64a995057483c1f9007ed5f4da5/
prompts/MedicalDiagnosisAssistant.md

(4) We also found the results hold for 1244

newer reasoning models we tested 1245

(gemini-2.5-flash). 1246

E Details on Agentic Coding Case Study 1247

Prompt and requirements. We identified a sys- 1248

tem prompt for front-end development from Cursor 1249

Community.7 The system prompt consists of a 1250

list of 25 requirements grouped by categories (e.g., 1251

TypeScript Usage, UI and Styling). 1252

Optimizers. We use the same optimizers with the 1253

same setup as in Section 4.2. For the Bayesian op- 1254

timizer, we split the prompt into different segments 1255

based on the requirements, and the optimizer will 1256

choose the segments to include in the final prompt. 1257

Evaluation. For a proposed prompt, we run it 1258

on each user query three times to reduce the 1259

variance of the generated code repository. Each 1260

run is executed with OpenHands scaffolds using 1261

Qwen3-30B-A3B-Instruct-2507, provided with 1262

TerminalTool, FileEditorTool, and TaskTracker- 1263

Tool. The generated code repository will then be 1264

packed into one single file with Repomix and pro- 1265

vided to gemini-2.5-flash for evaluation. The 1266

evaluator model has access to all 25 requirements 1267

and will evaluate the code repository based on how 1268

well it adheres to the requirements, producing an 1269

average accuracy across requirements. 1270

7https://cursor.directory/
gatsby-development-best-practices
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An example of unoptimized prompts

You are an expert in TypeScript, Gatsby, React and Tailwind.

Code Style and Structure
- Write concise, technical TypeScript code.
- Use functional and declarative programming patterns; avoid classes.
- Prefer iteration and modularization over code duplication.
- Use descriptive variable names with auxiliary verbs (e.g., isLoaded, hasError).
- Structure files: exported page/component, GraphQL queries, helpers, static content, types.

Naming Conventions
- Favor named exports for components and utilities.
- Prefix GraphQL query files with use (e.g., useSiteMetadata.ts).

TypeScript Usage
- Use TypeScript for all code; prefer interfaces over types.
- Avoid enums; use objects or maps instead.
- Avoid using ‘any‘ or ‘unknown‘ unless absolutely necessary. Look for type definitions in the
codebase instead.
- Avoid type assertions with ‘as‘ or ‘¡.

Syntax and Formatting
- Use the "function" keyword for pure functions.
- Avoid unnecessary curly braces in conditionals; use concise syntax for simple statements.
- Use declarative JSX, keeping JSX minimal and readable.

UI and Styling
- Use Tailwind for utility-based styling
- Use a mobile-first approach

Gatsby Best Practices
- Use Gatsby’s useStaticQuery for querying GraphQL data at build time.
- Use gatsby-node.js for programmatically creating pages based on static data.
- Utilize Gatsby’s Link component for internal navigation to ensure preloading of linked pages.
- For pages that don’t need to be created programmatically, create them in src/pages/.
- Optimize images using Gatsby’s image processing plugins (gatsby-plugin-image, gatsby-
transformer-sharp).
- Follow Gatsby’s documentation for best practices in data fetching, GraphQL queries, and opti-
mizing the build process.
- Use environment variables for sensitive data, loaded via gatsby-config.js.
- Utilize gatsby-browser.js and gatsby-ssr.js for handling browser and SSR-specific APIs.
- Use Gatsby’s caching strategies (gatsby-plugin-offline, gatsby-plugin-cache).
Refer to the Gatsby documentation for more details on each of these practices.

Figure 17: Unoptimized prompt from Cursor Community (acc=44.1%).
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An example of Bayesian-optimized prompts

You are an expert in TypeScript, Gatsby, React and Tailwind.
- Prefer iteration and modularization over code duplication.
- Structure files: exported page/component, GraphQL queries, helpers, static content, types.

- Prefix GraphQL query files with use (e.g., useSiteMetadata.ts).

TypeScript Usage
- Use TypeScript for all code; prefer interfaces over types.
- Avoid enums; use objects or maps instead.

UI and Styling
- Use Tailwind for utility-based styling
- Use a mobile-first approach

- Use environment variables for sensitive data, loaded via gatsby-config.js.

Figure 18: Bayesian-optimized prompts (acc=47.4%). We found Bayesian-optimized prompts use much fewer
tokens while achieving similar accuracies.
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