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Abstract11

Developers routinely use GenAI tools (large language models enriched in various ways) to generate12

useful components of programs, such as regular expressions. While pleasant and often effective, this13

can easily lead to subtle bugs. The developer may have been unclear in their specification, they may14

not fully understand the language of the output, there may be systematic misconceptions suffered15

by the user and perhaps even embedded in the language model, and so on.16

Responsible use of GenAI requires humans in the loop. To be effective, the human interaction17

must be both meaningful and moderate. We accomplish this as follows. First, we generate multiple18

candidate expressions instead of one. We then use formal language containment properties to19

generate distinguishing concrete scenarios that illustrate the differences between the candidates.20

We then have users rate these concrete scenarios. This process converges in a few steps, while also21

giving the user insight into any lack of clarity on their part.22

We have built a tool, pick, that implements this iterative process. We apply it to three formal23

languages with the necessary properties: regexes, linear temporal logic, and access-control policies.24

We show through experiments that pick is a significant improvement over showing users the candidate25

expressions, and also helps catch situations where no output is a match.26
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1 A Promise and a Pitfall40

Consider a roboticist who needs to turn an English description into an LTL formula, an41

administrator who has to turn one into an access-control policy, or a developer who needs to42

generate a regex. These are all tasks for which they might turn to Gen(erative)AI. Suppose43
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7:2 Human-in-the-Loop Checking of GenAI Synthesis

they ask for a regex to check whether a dd-mm-yyyy string represents a valid date. They44

might get a response like:145

46
^(0[1-9]|1[0-2])-(0[1-9]|[12][0-9]|3[01])-(\d{4})$4748

along with a warning that this checks only structure but not whether specific day-month-year49

combinations are valid. Following up to request a regex that includes date validity produces:50

51
^(?:(?:31-(?:0[13578]|1[02])-(?:\d{4}))|52

(?:29|30-(?:0[13-9]|1[0-2])-(?:\d{4}))|53

(?:29-02-(?:(?:\d\d(?:0[48]|[2468][048]|[13579][26]))|54

(?:[048]000)))|55

(?:0[1-9]|1\d|2[0-8]-(?:0[1-9]|1[0-2])-(?:\d{4})))5657

Given the complexity of the generated regex, the developer is unlikely to be able to58

inspect it for correctness. Even if they did, they might hold misconceptions about how59

regexes [45, 55, 59] (or likewise for other notations like LTL [11, 23, 26]) work; these same60

misconceptions may also be embedded in a language model used by the GenAI. They could61

write tests, but will they be comprehensive? And will they catch the edge cases needed to62

validate a complex output they do not entirely understand?63

This might just seem like a matter of “LLM quality”. However, even given a “perfect”64

LLM, there are many situations that call for human judgment. Suppose, for instance, we are65

generating a regex to categorize countries of “North America”. Exactly which countries are in66

and out? What about the Caribbean? How about Caribbean countries below the Equator?67

The exact list of the world’s countries is a fraught political matter. The list of honorific titles68

varies heavily by country. These are not a matter of “correctness”: these questions have69

no canonical answers. Generating formal outputs from prose must contend with not only70

ambiguous prose but also intent, regional variation, contested world knowledge, and more.71

Thus, while GenAIs are powerful aids for developing formal statements and several tools72

use them [10, 12, 18, 19, 39, 44, 50, 61, 79, 80, 83], we must use them responsibly, taking73

into account the above weaknesses and ambiguities. While numerous people have sounded74

the alarm about over-reliance, virtually none of the tools we have cited engage with humans75

in any meaningful way, often using GenAI to check the output—which is of no use in case of76

an erroneous specification, systematic misconception, etc. (Section 6 discusses this in more77

detail.) Safety, privacy, personal and political sensitivity, and so on all demand caution.78

We instead take the philosophical position that, instead of just piling GenAI on top of79

GenAI, humans must be in the loop. However, the demands of humans must necessarily be:80

Meaningful Asking humans to pass judgment on complex and abstract statements, such81

as those shown earlier, is unlikely to be effective. Laziness, automation bias, inability82

to form good judgments, and a desire to get things done will all lead to meaningless83

confirmation, just as we have seen for security and medical alerts [43, 70, 72].84

Moderate Asking lots of questions, no matter how simple, can be exhausting and will also85

lead to errors as the number of questions grows. We should try to make every human86

action be highly impactful and not ask users to perform too many actions.87

We embody this stance in a tool-supported workflow, shown in Figure 1 (Section 288

provides details), called pick (short for Pairwise Iterative-Choice Knockout). It uses concrete89

examples to guide a user in choosing between plausible formalized versions of a prompt:90

1 These were generated by GPT-5 on 2025-09-15 via ChatGPT.com.
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Figure 1 The Workflow of pick.

1. A user provides a textual description of the desired formal expression (e.g., a regex). pick91

supports any formal language that is closed under negation and intersection, for which92

checking equality is decidable, and that supports tractable generation of instances.93

2. pick creates not one but a family of candidate formal expressions.94

3. Driven by ideas from cognitive science (Section 6), instead of asking users to wrestle95

with these abstract formal expressions, pick presents the user with a series of concrete96

scenarios (e.g., strings for regexes, traces for LTL, requests for access-control policies)97

that have been carefully chosen to distinguish among the candidates. The user is asked to98

indicate which scenarios they would accept and reject. As they classify concrete scenarios,99

they are actually implicitly classifying the underlying candidates. This process iterates100

until they have one or no candidate expressions left.101

If in the end there is one candidate expression, then this is the best match with their intent.102

If there are no candidates left, that means either none of the expressions is a fit, or the user103

is not even consistent about their wishes. In either case, it would have been dangerous to104

take the single candidate produced by GenAI; instead, pick forces them to clarify a poor105

GenAI input or, more fundamentally, an inconsistency in their own thinking.106

We have applied pick to three formal languages: regexes, access-control policies, and107

LTL. This paper addresses two research questions:108

RQ1 To what extent does pick’s concrete-example–based workflow help users validate109

synthesized formal artifacts against their intended meaning, both alone and in contrast110

to direct inspection of candidate artifacts?111

RQ2 What technical decisions support leveraging concrete examples and closure properties112

to identify correct formal artifacts from informal intent?113

Sections 2 and 3 address RQ2 by presenting the design, algorithmic, and pragmatic choices114

underlying pick. Section 4 addresses RQ1 through controlled user studies evaluating pick115

across the three domains. In brief, our studies find that pick significantly improves user116

accuracy across regexes and access-control policies, and enables novices to match domain-117

trained participants on LTL. Together, these results provide strong support that the pick118

approach is well worthy of further consideration and use.119

2 PICK: Design, Implementation, and Algorithmics120

While we summarize the workflow here, Figure 2 explains the tool via a concrete example.121

ECOOP 2026
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Figure 2 The pick regex interface. The users’ description of the desired regular expression 1 is
sent to a GenAI model, which yields four candidate regular expressions R1 - R4 . pick presents the
user with distinguishing words 2 and asks them to classify each one: upvoting classifies the word as
matching the intended pattern, while downvoting classifies it as violating the pattern. Users can
also mark that they are unsure about whether a scenario satisfies the pattern. The user has upvoted
2 scenarios 3 , resulting in the elimination of R3 . Despite having received a Downvote, R1 and R2
remain in contention because they have not met the elimination threshold of 2 votes. Users can also
add their own examples to help refine the candidates ( 5 ).

The user provides a textual description of the desired regex, which is sent to a GenAI122

model. As we discuss in Section 2.1, this yields a family of candidate expressions. pick123

presents the user with pairs of scenarios (here, words) and asks them to classify each one:124

upvoting classifies the scenario as matching the intended pattern, while downvoting classifies125

it as violating the pattern. As scenarios are classified, candidates are either supported or126

eliminated, as we discuss in Section 2.2. This informs the generation of further scenarios.127

Users can decide whether to see the candidate expressions from which they are actually128

selecting. In Figure 2, those outlined in blue remain in contention; those outlined in orange129

have been eliminated. Some of our studies showed the candidates while others did not; we130

discuss this in more detail in Section 4. pick is driven by these candidates under the hood131

whether or not it shows them to the user.132

pick is functioning software. We have implemented it for all three languages—with133

essentially the same interface—to conduct user studies. We have deployed the regex version134
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as production software as a Visual Studio Code (VSC) extension that can be easily installed135

from the VSC Marketplace.2 pick leverages VSC APIs for accessing GenAI models.136

2.1 Generating a Family of Candidates137

We have discussed several reasons in Section 1 why it is problematic to have only one138

candidate expression. Thus, pick generates a family of candidates to enable the rest of its139

workflow. There are many ways to obtain such a family:140

1. By using different GenAI tools, which have different training and alignment procedures,141

we can obtain different interpretations of the original prose.142

2. Even from a single GenAI, we can sample it for different candidate alternatives based on143

different readings (perhaps using higher temperature) of the original prose.144

3. We can always use syntactic mutation operators to turn one expression into several.145

4. We can sometimes do much better than syntactic mutation: in some cases we can create146

semantic mutants [62], which represent plausible alternatives corresponding to true, known147

human confusions (discussed in Section 4.4).148

There are also practical considerations. For instance, the set of models available depends very149

much on what subscriptions a user has (and indeed, we would not be surprised if the various150

“free” tiers disappear as the cost of using models is no longer borne by funders). There151

may also be regional, political, and language considerations (e.g., for a person prompting152

in a language that is not English, a regional language model may be much better). pick is153

therefore deliberately agnostic about how candidates are generated.154

2.2 Supporting or Eliminating Candidates155

In pick, the user is superficially classifying scenarios, but they are actually voting on156

candidates, since the ultimate goal of the tool is to find the right candidate expression.157

Furthermore, while every scenario classification is obviously a statement about the candidate158

from which it is generated, it may also be a vote on the other candidates (which, being159

related, will share non-trivial overlaps in their languages). Thus every classification applies160

to all the candidates.161

pick maintains two scores for each candidate: Upvotes and Downvotes. When the user162

Accepts a scenario, this scenario is checked against every candidate; if it is a member of163

that candidate’s language the candidate gets an Upvote, while if it is not a member of that164

candidate’s language, the candidate gets a Downvote. Rejects are treated slightly differently.165

When the user Rejects a scenario, pick again checks this against all the candidates. If the166

scenario is in the language of a candidate, that candidate is Downvoted. If the scenario is not167

in the language of a candidate, however, that candidate is not Upvoted. This is to prevent a168

candidate from being selected just because the user rejected all the other candidates; instead,169

we want the user to make affirmative decisions in favor of that candidate.170

When a candidate gets two Downvotes, it is removed from contention. A candidate is171

eligible for selection only when it receives at least one Upvote (this number is configurable).172

Unsure votes do not impact elimination or selection.173

2 https://marketplace.visualstudio.com/items?itemName=SiddharthaPrasad.pick-regex
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2.3 Computing Scenarios174

The specific scenarios that users are asked to classify are computed from those candidates175

that are still in contention. When pick is left with one candidate with sufficient support, or176

zero candidates, it terminates (Figure 1). So long as multiple candidates remain in contention,177

pick uses formal language properties to generate two scenarios that highlight the features of178

or difference between the remaining candidate(s). It shows two scenarios rather than one179

due to considerations from cognitive science, which we discuss in Section 6.180

Assume we have a universe of words U , where L(f) ⊆ U is the the language of an181

expression f (and ¬L(f) := U \ L(f)). pick can be used with any formal language that182

supports these two properties:183

1. Given a pair of candidate expressions A and B, we must be able to compute the set184

differences, L(A) ∩ ¬L(B) and L(B) ∩ ¬L(A). That is, the formal languages must be185

closed under negation and intersection.186

2. Given one of the above sets, we must be able to sample for concrete instances of it:187

formally, membership should be decidable, but ideally there needs to be a generative188

process for producing such scenarios.189

Beyond these formal requirements, there is also a practical one: the concrete scenarios drawn190

from these set differences should be easy for users to assess—that is, small, self-contained,191

and not requiring extensive cross-referencing to evaluate. This is not a property of the formal192

language alone, but of the relationship between the language and the domain it describes.193

We return to this point in Sections 7.1 and 7.2.194

Broadly, the goal is to extract as much information as possible from each classification by195

choosing words whose acceptance patterns separate candidates (Section 3 describes some196

practical considerations).197

This process begins by collapsing candidates with equivalent languages, exploiting the198

decidability of language equality and containment. With equivalent candidates removed,199

scenario generation focuses on elucidating genuinely distinct behaviors.200

In the two-candidate case, with candidates A and B, the goal is to select scenarios whose201

acceptance differs between the two. If one language is a strict subset of the other—say202

L(A) ⊂ L(B)—then one scenario can be chosen that both candidates accept, while the other203

is accepted by B but rejected by A. If the languages partially overlap, then one scenario can204

be chosen from L(A) \ L(B) and another from L(B) \ L(A).205

pick generalizes this idea beyond 2 candidates by selecting scenarios whose acceptance206

patterns partition the candidate set. Each scenario in the pair assigns candidates to accepting207

or rejecting classes, so that each classification contributes information about how the user’s208

judgments align with candidate behavior. We illustrate this concretely in Section 2.5. The209

full algorithm is shown in Algorithm 1.210

2.4 Termination211

The pick process can have one of several outcomes:212

1. The user converges on a single candidate with sufficient support.213

2. The user eliminates all candidates.214

3. The user’s classifications are contradictory but keep falling within the range needed for215

acceptance or elimination.216
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The second outcome could arise in several ways: (a) perhaps the user made a simple mistake217

and accidentally misclassified a scenario; (b) perhaps the GenAI didn’t generate any accurate218

candidates, due either to a poor problem statement or a mistake within the GenAI; or (c)219

perhaps the user wasn’t actually clear on what they wanted and genuinely classified scenarios220

in ways that are inconsistent with the problem description.221

The summary of the classifications at the bottom of the screenshot is designed to help222

with at least (a): users can easily review and reclassify scenarios, based on seeing them all223

presented together. For the other two cases, having the tool report that all candidates have224

been eliminated should alert the user that something has gone wrong. Whether the problem225

arises from the user or the GenAI, it would have been dangerous for the user to have blindly226

accepted raw GenAI output (as they might have done in the absence of pick).227

2.5 A Sample Run228

We now walk through a sample run of pick for “Unix filepaths”, corresponding to Figure 2.229

The first column in the table below shows the classification round (“Setup” is the initial state;230

Figure 2 shows the tool’s state at the start of round 2). The second column shows a concrete231

scenario (a string) and the third shows how the user reacted. The remaining columns show232

how the scores update: note that (a) one scenario can impact many candidates, and (b)233

accepting a candidate can impact both kinds of scores!234

Round Scenario Decision Upvotes Downvotes
R1 R2 R3 R4 R1 R2 R3 R4

Setup 0 0 0 0 0 0 0 0
1 /a/a Accept 1 0 0 1 0 1 1 0

../a/ Accept 1 1 0 2 1 1 2 0
2 /a Accept 2 1 0 3 1 2 3 0

// Reject 2 1 0 3 2 2 3 0

235

In Round 1, the user accepts two words. The first, “/a/a” is in both L(R1) and L(R4), but236

not in either L(R2) or L(R3). The second word, “../a/”, is in L(R2) and L(R4), but not237

in either L(R1) or L(R2). Thus, at the end of Round 1, R1 and R2 have one Upvote and238

one Downvote each. R3 has two Downvotes and R4 has two Upvotes. Consequently, R3 is239

eliminated from contention at the end of this round.240

In Round 2 pick generates two new scenarios to distinguish the remaining candidates:241

“/a” (in L(R1) and L(R4) but not in L(R2)) and “//” (in L(R1) but not in L(R2) and L(R3)).242

The user accepts “/a”, which implicitly downvotes R2. This brings R2’s Downvote total to243

two, so it is eliminated. Next, the user rejects “//”. This scenario is in L(R1), so R1 gets a244

Downvote, bringing its Downvote total to two. Thus, R1 is also eliminated. As a result, pick245

converges on R4 as it has received at least one Upvote and is the only surviving candidate.246

The reader might wonder why, in Round 2, we are updating the scores for R3, even though247

it has been eliminated. The reason is because of the ability to reclassify prior classifications248

( 3 of Figure 2). Those reclassifications may revive a candidate, so we have to keep updating249

its score through all the classifications. Nevertheless, when pick finishes, any candidate with250

two Downvotes is not part of the output set of candidates.251

3 Design Choices in PICK252

pick, as presented in Section 2, embodies many design decisions, some of which are not253

evident from the screenshot. They speak to RQ2: the technical choices that arise when using254

ECOOP 2026
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concrete examples and closure properties for intent validation. We discuss these below.255

▶ How many candidate expressions should pick create?256

A good default seems to be about four. This creates enough variety to provide real choices, as257

Section 4 shows. A good number, however, really depends on how many plausible alternatives258

we can create. As we mention in Section 2.1, we can use semantic mutants to create several259

expressions based on known misconceptions that people have.260

Every extra candidate beyond a point would seem to worsen the user experience; eventually261

users will get bored or overwhelmed. On the other hand, it is also important to consider262

every reasonable candidate. Since the reasonable candidates should be related, and votes263

impact all candidates, the total amount of work may be tractable. We return to this issue,264

with some evidence, in Section 7.2.265

▶ How much support (in terms of numbers of classified scenarios) do we want before266

eliminating an expression or confirming a final selection?267

As Section 2 mentions, we reject a candidate after two Downvotes, and require at least one268

Upvote for it to be selected. We chose these numbers based on two considerations:269

1. We wanted to avoid one-off accidental selections from distorting the outcome too much.270

At the same time, we wanted the total number of steps to be tractable.271

2. We ran several preliminary rounds of prototype user studies with regexes (Section 4.2.2)272

and carefully examined the decisions made by users relative to outcomes, and also read273

their justifications for their choices. While early rounds used a Downvote threshold of one,274

we observed that large percentages of participants were eliminating all of the candidates275

across both the With List and Without List conditions. When we changed the Downvote276

threshold to two, these percentages dropped noticeably (an average of 27% across all277

problems in both conditions; with a min of 4% and a max of 52%). We thus used two as278

the threshold for the remaining studies.279

However, there is nothing especially canonical about these numbers beyond the basic principle280

of robustness to imperfect user responses over absolute minimalism. A user with a vested281

interest in the output may spend more time on each classification than our experimental282

participants, may better recognize subtle distinctions, or may desire higher assurance;283

accordingly, pick allows these thresholds to be adjusted.284

At the same time, the appropriate thresholds are also constrained by the semantics of285

the candidate space itself: when candidates overlap heavily, the amount of distinguishing286

evidence that can be obtained is inherently limited. For example, the regexes a* and a+ differ287

only on the empty string. A fixed elimination threshold of two Downvotes would therefore288

yield a non-terminating decision process. As a result, when the number of distinguishing289

scenarios is less than the elimination threshold, pick adjusts the threshold to the number of290

distinguishing scenarios between candidates.291

▶ Should we show the user the candidate formulae in addition to the scenarios?292

There are good arguments both for and against showing the candidate expressions in addition293

to the scenarios. For a user who is comfortable reading the candidates, working through the294

scenarios could feel tedious. Furthermore, an experienced user might calibrate the scenarios295

against the candidates, leading to more confidence in the final recommendation.296

On the other hand, the candidates could distract a user from actually working with the297

examples. If the user does hold misconceptions about the language, seeing the candidates298

might reinforce those misconceptions and bias classification of the scenarios. In addition, while299

the candidates for languages like regexes and LTL tend to not be too large, for access-control300

policies they can be extremely large and hence simply would not fit on a screen.301
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The production version of pick lets the user choose. From a research perspective,302

the question is whether showing or not showing the candidates affects the quality of the303

decisions. We therefore put this question to the test experimentally as part of our user304

studies (Sections 4.2.2 and 4.3.2), and found it made no difference.305

▶ What happens if a user runs out of candidates, or doesn’t like the examples they’re seeing?306

In such a situation, the user needs to revise the prompt. In principle, they can just start over307

with a revised version. However, doing so would throw away all the classification work they308

have already done. Therefore, pick instead provides a notion of revising the statement ( 1309

in Figure 2). At a basic level, it provides the current prompt in editable form. Much more310

importantly, it retains all prior classifications and automatically re-applies them to each of311

the newly generated candidates. In practice, we have found this immensely valuable when312

refining prompts; without it, the tool can sometimes feel extremely frustrating. This is also313

a form of robustness: rather than forcing a selection from a bad candidate set, pick tolerates314

the zero-candidate outcome (illustrated by the Dates question in Section 4.2.2).315

▶ What happens to semantically equivalent candidates?316

pick clusters candidates by semantic equivalence. In principle, for the purpose of generating317

scenarios, it can throw away all but one per cluster. However, the different syntactic forms318

may be perceived differently by the user. They may prefer one over another because it’s319

shorter, clearer, has better redundancy, etc. That is: syntax matters! Therefore, pick keeps320

all the clustered formulae. At any point (especially when a cluster emerges as the winner),321

the user can look at all cluster members and decide which best meets their needs.322

▶ What about additional information provided by GenAI systems?323

Modern GenAI systems will often not only generate candidates but will also provide descriptive324

text about them: both a textual description of what the candidate is capturing, as well as a325

confidence score. While these are not necessarily reliable, they may be useful. Therefore,326

pick retains this information, which can be viewed at any time.327

In some cases, this auxiliary information takes the form of warnings. Because GenAI328

systems are trained across a wide range of programming tasks and formalisms, they can329

sometimes recognize when a task exceeds a given language’s expressive power. For example,330

they may note that regular expressions cannot capture context-free patterns such as parsing331

HTML. When this occurs, pick passes the warning on to the user.332

▶ Can we make richer use of scenarios?333

So far, scenarios are disconnected from the GenAI, which only produces candidates. When334

refining a prompt, however, pick sends back the classifications the user has performed so far335

to the GenAI system. This additional guidance has the potential to improve the quality of336

subsequently generated candidates.337

Of course, there is no guarantee the GenAI will accurately take these scenarios into account;338

however, as noted above, pick immediately repeats the classification of new candidates, so339

any failures in this regard will be caught. pick for regexes also provides a text box where340

users can write sample scenarios to accompany even the initial prompt.341

pick also uses other ways to obtain better scenarios. One is to ask the GenAI to also342

provide some interesting scenarios, which are added to the ones generated mechanically. The343

other is to allow users to edit the scenarios it is showing. Sometimes, seeing a machine-344

generated scenario inspires the user to amend it slightly to make it much more interesting.345

These are then also used during prompt revision, etc.346

▶ How do we balance information gain against responsiveness when generating scenarios?347

Because scenarios are drawn from the disagreement region between currently live candidates,348

every scenario is informative by construction: each classification necessarily rules on at349

ECOOP 2026
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least one live candidate. In practice, however, there is a tension between finding ideal350

distinguishing examples and maintaining a productive interaction. Generating a theoretically351

optimal scenario can sometimes be computationally expensive, and waiting for such scenarios352

risks breaking the interactive flow of the tool.353

This tradeoff is further justified by the structure of the candidate space itself. Heavy354

semantic overlap or containment among candidates can reduce the practical value of even355

theoretically distinguishing scenarios: a “good” example may simultaneously confirm many356

undesirable candidates. In such cases, perfect separation is less important than sustaining357

an interaction in which each classification contributes to clarifying the user’s intent.358

Accordingly, pick favors timely progress over perfect coverage of the live candidate set.359

Informed by interaction design principles [53], scenario generation is capped at about one360

second in practice; beyond that point, the system prioritizes making forward progress over361

continuing to search for an optimal partition.362

▶ Why have an Unsure option?363

The Unsure option supports non-blocking exploration of the candidate space. Rather than364

requiring an immediate classification, pick allows users to move past an example when365

they are uncertain, continue exploring other classifications, and return to it later if desired.366

Selecting Unsure marks the example as seen but does not affect candidate votes. As observed367

in our studies (Section 4), participants did make use of this option in practice.368

▶ How can pick make differences between similar scenarios salient?369

pick includes a diff mode (accessible via the gear icon beside 2 in Figure 2) that highlights370

differences between scenario pairs. This is particularly useful when distinguishing scenarios371

that differ by only a small number of characters.372

4 User Studies in Three Domains373

We have described pick and its many components. However, we have not demonstrated that374

the pick idea is actually useful. We therefore conducted controlled studies to address RQ1:375

to what extent does pick’s workflow help users validate synthesized formal artifacts? The376

most natural question is whether pick is actually effective. A particularly interesting special377

case is whether it helps in situations where the GenAI does not produce any correct answers.378

In addition, an important user interface element to examine is the impact of showing the379

candidate expressions, as discussed in Section 2.380

We ran user studies with three formal languages: regexes, linear temporal logic [60] (LTL),381

and attribute-based access control [34, 29] (ABAC). We chose them because they not only382

enjoy the formal language properties we want, but also offer interesting contrasts:383

Regexes are widely used and can easily become quite complicated, even for seemingly384

simple patterns (as we showed in Section 1). The literature [45, 55, 59] also shows their385

potential to confuse.386

LTL formulae are used in settings as diverse as program analysis, verification, planning,387

and robotics. They have subtle semantics, as prior studies have established even with388

experienced LTL users [23, 26]. Using these results to generate candidate formulae389

provides a form of validity to our work. Furthermore, we can benchmark the performance390

of our users against those encountered in those studies.391

Access-control policies are interesting because their formal statements tend to be longer392

and more complex than for regexes or LTL. Whereas regexes and LTL entail reasoning393

about sequences or traces with limited information at each point, access control requires394
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Algorithm 1 Distinguishing candidate generation procedure. Each language is associated with
an alphabet Σ and a universe of scenarios U ⊆ Σ∗. For any candidate f , Σf ⊆ Σ denotes the set of
alphabet symbols referenced by f .

Consumes a non-empty finite set of non-equivalent candidates R and a set of
already-classified scenarios E ⊂ U . Produces 2 distinct scenarios.

1. Maintain list T of distinguishing scenarios, initially empty.
2. If R = {f1, f2, . . . , fn} with n ≥ 2, while |T | < 2, for all pairs {fi, fj} ⊆ R:

a. Sample t from ((L(fi) \ L(fj)) ∪ (L(fj) \ L(fi))) \ E.
b. If t is available, add it to T and E.

3. If |R| = 1 or |T | < 2, sample f from R.
a. Sample distinguishing scenarios t− from L(¬f) \ E and t+ from L(f) \ E if available.
b. If t+ is available, add it to T and E.
c. If t− is available, add it to T and E.
d. If t− is unavailable, try to sample scenario t+

1 from L(f) \ (E). If t+
1 is available, add

it to T and E.
e. If t+ is unavailable, try to sample a scenario t ∈ Σ∗

f \ E. If t is available, add it to T

and E.
f. If |T | < 2, then no further distinguishing scenarios can be produced. Sample 2 − |T |

scenarios from E if available, and add them to T .
4. Return the elements of T .

reasoning about multi-faceted relationships and attributes about entities, resources, and395

permissions. There is a risk that these aspects can challenge pick.396

We summarize what we learned in Section 4.5. Links to the online versions of the three397

studies are provided in Supplement Section 1.398

4.1 Shared Study Logistics399

Studies in all three domains had similar logistics and structure, which we describe before400

giving details of the individual studies.401

Participants We ran all of our user studies on Prolific [63], offering participants a bit402

above minimum wage in the USA based on a time estimate for each task; payments were403

increased (including retroactively) when actual average times exceeded our estimates. These404

payments stabilized at USD 5 by the time we got to the LTL and ABAC tasks, which took405

about 30 minutes on average. For pilot rounds, we gathered data from 10 participants at a406

time. After each round we analyzed the data and responses for potential problems in the407

study design (ranging from instructions to problem setup to software) and revised until we408

were satisfied that the studies were functioning well. We then ran the formal study round,409

where we gathered data from 50 participants per condition, sometimes gathered over multiple410

sessions. To avoid familiarity becoming a factor, we prevented participants who had done a411

pilot round from doing the final round. We also prevented anyone who did the regex or LTL412

studies from doing the policy study. Across the pilot and study rounds, we spent a total of413

USD 3,266.66 on the studies.414

Study Structure The study advertisements on Prolific followed a general format like “you’ll415

be shown a description of <kind of data> and asked to classify <kind of scenario> based on416
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whether they match the description”, with requirements on prior programming experience417

and access to a desktop or laptop. The full descriptions for all problems and conditions appear418

in Supplement Section 3. Our study did not fall under the aegis of our Institutional Review419

Board, but we applied standard precautions for safeguarding participants. A participant who420

accepted the task went first to a consent screen that explained what we collect (responses421

and demographics that Prolific requests), how we would use the data (academic research and422

publication), data storage (collection on an encrypted web server), anonymization (responses423

and demographics stored by anonymous ID), sharing (we could share a fully anonymized424

dataset with other researchers), and that participants could withdraw at any time.425

Those who chose to consent and proceed next received screening questions to check for426

experience that had been advertised with the task. All participants were asked whether427

they had computer programming experience. Regex participants were also asked about428

their experience with regexes; access control and LTL participants were asked about their429

familiarity with Boolean logic. Participants who lacked any of these were screened out.430

Accepted participants proceeded to a tutorial on both the task and the use of pick.431

The tutorial explained the domain, gave an example of a scenario, and explained what it432

meant for a scenario to be (in)consistent with a prompt. For the LTL and ABAC scenarios,433

participants were then guided through 3–4 sample classifications with feedback to ensure434

they understood the setting. Regardless of score, participants could continue.435

Finally, we took participants through a walkthrough of pick, pointing out the various436

areas of the UI (as we did with readers in Section 2 when explaining Figure 2). At the end437

of the walkthrough, participants proceeded to see and respond to study problems. In all438

studies, we configured pick to require a minimum of four upvotes for a candidate to be439

selected. Details of those problems are in the sections on each individual domain.440

After a participant had completed all problems, we asked them to explain their reasoning441

on all scenarios for which their classification differed from that of our ground truth solution.442

These comments sometimes inspired modifications that we made while in the pilot phase443

for each problem. For the LTL and ABAC studies, we also asked participants whether they444

had prior experience with that formalism (radio button answer) and whether they had ever445

encountered or used tools that involve reasoning about temporal traces or access-control446

policies. We put these questions at the end to avoid invoking knowledge-based biases prior447

to the study.448

Study Version of pick All three studies were conducted with an earlier version of pick.449

The final user-facing tool contains various pieces of functionality, such as scenario-generation450

timeouts and adaptive elimination thresholds, that are not germane to the study task. The451

visual interface is similar to that shown in Figure 2, with minor cosmetic differences: for452

example, Upvote and Downvote buttons were labeled “Accept” and “Reject” respectively. We453

therefore believe that the studies evaluate the core pick workflow—the iterative classification454

of concrete scenarios to distinguish among candidates—and thus support the paper’s main455

claims about the approach.456

What We Did Not Study In practice, a user might give pick a poorly worded description457

for which GenAI might not generate good candidates. We chose not to include such problems458

in our studies, since it was not clear what our analysis would need to look for in such cases.459

Poorly stated questions are in the mind of the beholder; poorly stated questions that we460

created might not have made sense to users, which would lack validity as a study design.461

By design, our baselines compare pick against unaided candidate selection rather than462

against other example-driven assistive tools; such tools adopt a different task decomposition,463

making a head-to-head comparison ill-defined (Section 6).464
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Accuracy When we report study results, we focus mainly on a participant’s accuracy on465

each problem. A participant is accurate on an individual problem if they either converged466

on the correct answer or, if there was no correct candidate, they eliminated all candidates.467

The regex study featured one problem with no correct candidate.468

Time is Not Reported While Prolific reports participant time-on-task, these data are469

not meaningful: we cannot tell whether participants interleaved doing our task with other470

activities. We looked at the reported time only to identify participants who appeared to not471

take the study seriously. We saw little evidence of this except in one case (Section 5).472

4.2 Regular Expressions473

Table 1 The problems in the Regular Expressions study. First we provide the problem name
used in this paper. Then we show the problem description and the candidate expressions for that
problem (as a □ list).

abWords: Words consist only of the letters a and b, have length at least two, and
contain a b in every even position (2nd, 4th, 6th, . . . ).
□ (a|b){2,}
□ ((a|b)b)+(a|b)? [Correct]

□ ((a|b)b)+
□ (a|b)(ab)*a?

Times: Time in a 24-hour/military format (hh:mm). Note that both hh and mm must
be two digits long, and padded with zeroes if needed. The time must also be valid.
□ ([0-9]|1[0-9]|2[0-3]):[0-5][0-9]
□ ((0?[1-9])|(1[0-2])):([0-5]\d)(\s?((A|a|P|p)(M|m)))?
□ ([01][0-9]|2[0-3]):[0-5][0-9] [Correct]
□ \d{2}:\d{2}
Dates: Calendar dates in mm/dd/yyyy format. mm and dd must have two digits each
and yyyy must have four digits. All should be padded with zeroes if needed. The date
must also be valid. The correct regex is not among the candidates.
□ (0[1-9]|1[0-2])/(0[1-9]|[12][0-9]|3[01])/([0-9]{2})
□ ((01|03|04|05|06|07|08|09|10|11|12)/(0[1-9]|[12][0-9]|30)|

(02)/(0[1-9]|1[0-9]|2[0-8]))/([0-9]{4})
□ ((01|03|05|07|08|10|12)/(0[1-9]|[12][0-9]|30)|(04|06|09|11)/

(0[1-9]|[12][0-9]|3[01])|(02)/(0[1-9]|1[0-9]|2[0-8]))/([0-9]{4})
□ \d{2}/\d{2}/\d{4}
VarNames: Variable names that must start with a letter (uppercase or lowercase) or
an underscore. After the first character, they may contain any number of letters, digits,
or underscores.
□ ([A-Za-z]|_+[0-9A-Za-z])\w*
□ \w+

□ [A-Za-z][0-9A-Za-z]*
□ [A-Z_a-z]\w* [Correct]

As we have discussed, regexes can be tricky to get right even for fairly simple patterns.474

The difference between ∗ and + (zero occurrences and at least one occurrence, respectively)475

can be subtle, especially if people don’t consider the zero case when imagining an expression.476

Some regexes get complicated when multiple sub-expressions are required to properly account477

for constraints within a pattern.478

For our regex study, we wanted problems that would be more realistic than the typical479

problems in a theory of computation textbook, while also having enough subtlety that users480

might get them wrong. Table 1 shows the problems that we used. While the first one481

(abWords) is more of a classic textbook problem, we felt it would also provide a good baseline482
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Table 2 Accuracy on regex study. The first three columns report the percentage of participants
within each condition who got each problem correct. The last three columns report the results of a
chi-squared test between pairs of conditions (C for Control, L for With List, nL for Without List).
Each of these cells lists χ2, p. All comparisons had 1 degree of freedom and N = 100. Significant
values (p < α = .05) are in bold.

Problem Control With List Without List C-v-L C-v-nL L-v-nL
abWords 22.0% 60.0% 72.0% 13.39, <.001 23.12, <.001 1.11, .2912
Times 62.0% 66.0% 84.0% 0.04, .8350 5.07, .0243 3.41, .0647
Dates 26.0% 70.0% 66.0% 17.67, <.001 14.53, <.001 0.05, .8303
VarNames 50.0% 58.0% 58.0% 0.36, .5472 0.36, .5472 0.00, 1.0000

with classic regex operations. The other three were practical problems with different forms483

of subtlety: both the Times and Dates problems allow only certain specific values within484

their general format, while the VarNames problem has a restriction in the first position.485

4.2.1 Generating Candidates and Scenarios486

For each of these problems, we used our experience with regular expressions, as well as test487

cases, to determine the ground truth expression. We used a combination of methods to488

generate the alternative candidates. For the Times and Dates problems, we asked a GenAI489

to generate multiple candidates. For the abWords and VarNames problems, we manually490

created versions that captured common mistakes with these problems.491

Rather than the information-gain-maximizing strategy used by pick (Section 2.3), we492

employed an earlier, more naive, pairwise scenario generation procedure for this study. The493

procedure terminates after identifying a pair of scenarios that distinguishes any two active494

candidates, rather than maximizing across the full candidate set. Thus, it requires more495

human interaction than Algorithm 1.496

4.2.2 Experiments and Results497

Our regex study had participants in three different conditions:498

1. The Control condition required participants to select a regex from a static list of candidates,499

without working through (classifying) examples. Participants could select an expression,500

indicate none was correct, or indicate that they were unsure of their answer. This501

condition corresponds to asking a GenAI to generate a set of candidates, then picking502

among them without additional tool support.503

2. In the With List condition, participants could see the list of candidates as they classified504

scenarios (the version shown in Figure 2).505

3. The Without List condition is identical to With List, except that pick does not show506

the list of candidates. The contrast between With List and Without List helps us judge507

whether showing the list of candidates helps or hurts.508

Table 2 reports on participant accuracy. Columns 2–4 report on accuracy as a percentage of509

participants (N=50 in each condition). Columns 5–7 report the χ2 statistics and corresponding510

p-values from chi-squared tests between each pair of conditions. The accuracy percentages511

show that the control group did particularly poorly on two problems (abWords and Dates);512

the effect-size columns confirm that these differences were significant. For the Times and513

VarNames problems, the percentages identifying the expected expression were similar between514
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Table 3 Mean accuracy (%) by self-reported regex experience and perceived tool usefulness.

Experience Very
useless

Somewhat
useless

Neutral Not sure Somewhat
useful

Very
useful

Never used – – – 25% (n=1) 50% (n=3) 35% (n=5)
Occasional 25% (n=2) 25% (n=1) 42% (n=3) 50% (n=1) 40% (n=10) 40% (n=12)
Regular – 50% (n=1) – – 50% (n=4) 39% (n=7)

the control and the other conditions (and indeed there is no significant difference). There515

were no significant differences between the With List and Without List conditions.516

What might explain the low Control condition scores on abWords and Dates?517

For abWords, the most common incorrect answer (by 19 participants) was the third518

candidate, which only matches strings with even numbers of characters. Seven thought519

there was no correct regex, while another seven chose the fourth expression. Only one520

chose the first expression. Five were Unsure. The high rate of selection of the even-length521

regex (which at first glance seems correct) suggests that edge cases are easy to miss when522

evaluating candidates.523

The Dates problem, unlike the other three, had no correct candidate (though participants524

did not know this). As Table 1 shows, this problem had the longest candidate expressions.525

It is thus plausible that participants found these too onerous to work through manually,526

and thus simply made their best guess: among the ones who selected a candidate, 6 chose527

the first, 7 chose the second, 19 chose the third, and nobody chose the fourth. Five said528

they were Unsure (only two were unsure on both this and the abWords problem).529

Of the 50 participants in the Control condition, 13 self-reported that they “regularly use530

or write regexes”. Not a single one of these 13 got both the abWords and the Dates531

problems correct. This confirms the potential pitfalls of blindly selecting or approving532

candidates: examples can expose people to edge cases, especially when those examples have533

been selected to highlight the differences between candidates.534

At the end of the Control condition study, participants were shown a screenshot of the535

pick scenario-classification interface and asked how useful they felt such a tool would be.536

Table 3 shows the responses (columns) broken out by participants’ self-reported experience537

using and writing regexes (rows). The majority of participants felt the tool would be useful,538

including all but one of the ones with the most experience. The two who felt the tool would539

be very useless each got only one problem correct.540

These two pieces of data—improved accuracy on two problems for those who classified541

scenarios, and participants’ opinions that examples would have been helpful—offer our first542

evidence that the pick workflow offers benefits to users.543

To List or Not to List As the last step of the study, participants in the With List and544

Without List conditions were asked about the (potential) value of seeing the candidates:545

1. How useful “was it” (With List) / “would it be” (Without List) to see the candidate regex546

list? (5-point Likert from Very Useful to Very Useless, with “I’m not sure” option)547

2. For each problem, would you have confidently chosen one from the candidate list without548

testing it on example words? (Options per problem were “yes”, “no”, and “unsure”)549

In each condition, 44 of 50 participants selected “somewhat” or “very useful”. Among those550

with advanced regex experience, 8/10 (With List) and 9/14 (Without List) said they would551
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Figure 3 Our gradebook policy and two scenarios (requests), shown through the pick UI. In
the ABAC study, we applied a colorblind-friendly syntax highlighting scheme to the instructions,
policies, and requests based on the recommendations of Patrignani [58].

be “very useful”. Only 6/10 advanced participants in With List were confident in selecting an552

expression without reviewing scenarios on all problems; in Without List, only 2/14 advanced553

participants felt the same. These findings provide even more (albeit subjective) evidence554

from experts for pick’s design choice of grounding selection in concrete scenarios rather than555

candidate expressions alone.556

4.3 Access-Control Policies557

In attribute-based access control (ABAC), policies formalize the ability of subjects to take558

actions on resources, perhaps based on attributes of or relationships between these components.559

For example, consider a policy governing who can view and assign grades in a gradebook. The560

possible subjects are Faculty, Students, and TAs (for “teaching assistant”). The resource is561

an Assignment with an attribute indicating whether it has been Submitted, and the available562

actions are View and Grade.563

When an entity wants to access a resource for a purpose, it issues a request comprised of564

a subject, action, resource, and attribute settings. Evaluating the policy against the data in565

the resource yields a decision (such as “permit” or “deny”). In the context of pick, requests566

serve as scenarios. Figure 3 shows the gradebook policy and sample requests.567

Reasoning about policies is especially subtle because of relationships that are easy to568

miss. One is role overlap, which occurs when one concrete subject holds multiple roles (a569

TA can also be a student), and readers could fail to account for those. Another can lie570

in having different policy rules render conflicting decisions based on different attributes.571

Industrial-strength policy languages (such as XACML [54]) include policy combinators to572

disambiguate such decisions.573

We selected three problems based on the literature on analysis tools and our own personal574

experience. We intentionally made these problems modest in size and likely to have concise575

policies, because otherwise the Control condition would have been overwhelming. (In reality,576

policies can cover hundreds of roles [66], but our Prolific participants would likely not have577

been interested in reviewing policies that large.) Due to space constraints, we only summarize578

the three policy problems here. The full presentation of the policies and their candidates579

appear in Supplement Section 2.580

Accounting: This governs the ability of admins and accountants to read and edit financial581

and legal documents. Documents can be under audit or archived. Subjects can be in582
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Table 4 Accuracy on access control study. The first three columns report the percentage of
participants within each condition who got each problem correct. The last three columns report the
χ2 statistics and corresponding p-values from chi-squared tests between each pair of conditions (C
for Control, L for With List, nL for Without List. Significant values (p < α = .05) are in bold.

Problem Control With List Without List C-v-L C-v-nL L-v-nL
Accounting 40% 66% 70% 5.78, .0162 7.92, .0049 0.05, .8303
Grading 46% 68% 66% 4.08, .0434 3.29, 0.0698 0.00, 1.0000
Technology 46% 60% 64% 1.45, .2293 2.59, .1078 0.04, .8368

training (in which case editing is not allowed).583

Grading: The policy shown in Figure 3.584

Technology: This governs the ability of network and system admins to access and edit585

firewalls and servers. Privileged actions can only be performed after hours if the subject586

is on call.587

Each allows overlapping roles. Accounting features a resource with two attributes. Technology588

had attributes on each of the subject, action, and resource. These examples offered some589

structural variety, despite their relative simplicity as policies go.590

4.3.1 Generating Candidates and Scenarios591

For each problem, we wrote a prose version of the problem and asked a GenAI to produce a592

candidate policy to match that prose. Unsurprisingly, given the modest and textbook nature593

of these problems, these GenAI versions looked correct; after review, we made those our594

ground truth policies. We obtained the other candidates by modifying the ground truth595

policy systematically based on set relationships: one each that accepted a superset, a subset,596

and an overlapping but non-identical set of requests.597

Scenario generation for policies follows Algorithm 1. The set of actions is usually fixed598

by the system. While the number of subjects and resources is finite, it is not fixed a priori;599

these policies gain their power from referring to classes of entities (such as “Faculty”) and do600

not need to be updated as each one joins or leaves. However, most of these undistinguished601

entities are interchangeable. Therefore, it is very standard—and effective—to assume a602

reasonable size bound in formal methods tools for reasoning about such policies [27, 30, 31, 52].603

By placing such a bound, the language of ABAC satisfies the properties needed by pick,604

and a SAT-solver can decide the necessary questions.605

4.3.2 Experiments and Results606

As with the regex study, our ABAC studies had participants in three conditions—Control,607

With List, and Without List—with 50 participants in each. Table 4 summarizes the accuracy608

scores. Both conditions that classified scenarios significantly outperformed the Control group609

on the Accounting problem, as did the With List condition on the Gradebook problem. There610

were no significant differences between the With List and Without List conditions.611

We noticed an interesting pattern in the incorrect answers: while only a few participants in612

the Control condition eliminated all the policies, participants in each of the other conditions613

(individually, not combined) were 2-4 times as likely to do so.3 On the one hand, this suggests614

3 We did not compute the significance of these differences because we had not intended to do this
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Table 5 The problems in the LTL study. Each problem was framed in terms of an instrument
panel with three colored lights: Red, Green, and Blue. The variable r indicates when the red light
is on, the variable g when the green light is on, and the variable b when the blue light is on. The
ground truth formula for each problem is marked with a [Correct].

RedOnce: Red is on in exactly one state, not necessarily the first.
□ (!r) U (r & X(G(!r))) [Correct]
□ F(X(r))
□ G(F(r) -> X(G(!r))) & F(r)
□ F(r & X(G(!r)))
□ G (r -> XG!r)

□ F(r) & (r -> X(G(!r)))
□ F(r)
□ X(F(r) U G(!r))
□ (F(r) -> G(!r))

RedOnOff : The Red light is on for zero or more states, and then turns off and remains
off in the future.
□ (r U !r) & (G(!r -> G(!r))) [Correct]
□ r U (! r) & (!r -> X !r)
□ r ->(X(r) | (G !(r)))
□ F(G(!r))

□ F(r -> X(G(!r)))
□ G(r) U G(!r)
□ F(r) & G(r -> X(U(!r)))

RedBlue: Whenever the Red light is on, the Blue light will be on then or at some point
in the future.
□ G(X(r) -> (X(b) | F(b)))
□ G(r -> F(b)) [Correct]

□ r -> (F(b))

that maybe our thresholds should be different. Much more interestingly, it means that pick615

users are much more likely to end up with no solution, whereas Control users get a wrong616

solution that is similar to the correct one, but accepts a different set—and hence may be617

subtly wrong with the errors noticed only after a while.618

Within the Control condition, participants who chose an incorrect policy appear to select619

the subset and superset candidates much more often than the overlapping policy. Further620

study would be required to determine whether some underlying cognitive factor explains this621

or whether it was just an artifact of our specific participants.622

4.4 LTL623

LTL is another language that has the properties we need. Its growing use in numerous624

domains beyond verification, such as robotics [2, 3, 6, 16, 28, 33, 36, 40, 69, 77, 78], not only625

means it has more users, but also that they may not be experts in its use. Such users are626

perhaps more likely to use GenAI and less able to judge the correctness of its output.627

4.4.1 Generating Candidates and Scenarios628

In principle, we can reproduce what we did for regexes and ABAC for LTL. For LTL, however,629

we have a unique opportunity to simulate pick’s workflow without even involving GenAI.630

Researchers have extensively documented LTL misconceptions [23, 26]—for instance,631

assuming statements are globally quantified (“Implicit G”), or assuming that the antecedent632

comparison when we started the study. In the interests of good research practice, we report it only as
an interesting observation for further exploration, as we would have done had we formally pre-registered
the study.
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Figure 4 Accuracy comparison across problems with 95% CI (Wilson Score). Data for P23 and
FM24 were sourced from publicly available datasets [25] and [24], respectively.

of an until (U) becomes false when the consequent becomes true. We refer to these two prior633

studies as P23 [26] and FM24 [23] throughout this section.634

Their work provides two things of immediate value. First, it provides a set of example635

situations, which we adopted with only minor phrasing changes (to remove contextual636

dependencies). Second, in those studies, the participants—who knew LTL—provided actual637

LTL formulae (including a correct formula). We used these as our initial candidates instead638

of creating our own, since they capture realistic misconceptions.639

Our study, in this situation, is therefore much richer than the previous two. We are640

armed with situations where even people with (significant) training and experience produced641

wrong formulae without realizing it. That means it is highly plausible that (a) a GenAI642

trained on such people might produce these formulae as output, and that (b) had such a643

formula been produced by GenAI, users might have accepted it. The question then is, how644

do our crowdsourced, non-experts armed with pick fare compared to those experts?645

The three problems—RedOnce, RedOnOff, and RedBlue—are listed in Table 5 along646

with all candidate formulae and the ground truth for each.647

Scenarios for LTL are traces. A trace is a sequence of states,
as shown on the right (here, each state specifies which of
blue, green, and red lights are on or off at a moment in
time). Arrows connect successive states, and every trace ends
in a (perhaps multi-state) cycle (shown with a back-arrow),
indicating that the final segment repeats forever. These traces
were generated and sampled from candidates using the Spot
ω-automata manipulation and generation toolkit [13, 14].

648

4.4.2 Experiments and Results649

We chose a set of formulas from P23 and FM24 , using all the candidates produced by650

the LTL-trained participants (the data are publicly available [24, 25]). These are shown651

in Table 5. Note that pick participants were Prolific crowdworkers with no assumed LTL652

knowledge. All pick participants used the tool in the Without List condition, since we were653

using the prior research data as our control group and we did not want to try to teach our654

potentially novice participants to read LTL.655

Figure 4 reports the accuracy by problem. When testing for differences in accuracy656

between groups, Fisher’s exact tests showed a clear effect on Problem RedOnce: novices657

using our tool outperformed participants in both prior studies on Problem RedOnce (PICK658

vs. FM24 and PICK vs. P23: Fisher’s p < 0.001, OR ≈ 6.3). For the remaining problems,659
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neither comparison involving PICK was statistically significant (RedOnOff: p = 0.83, 0.25;660

RedBlue: p = 0.39, 0.07).661

For more insight into whether novices reach performance levels close to trained participants,662

we applied a non-inferiority framework. Using the Miettinen-Nurminen score test [49] with663

a 10 percentage point margin, we tested whether novices were at most 10 points worse664

than trained participants (a pragmatic threshold, below which differences are unlikely to be665

practically meaningful given task variability). Results show that novices were non-inferior666

to P23 on Problems RedOnce and RedOnOff and to FM24 on Problem RedOnce, with667

inconclusive results elsewhere. Pooling across all three problems strengthens the conclusion:668

novices achieved 56.0% (84/150), compared to 43.3% (104/240) in P23 and 44.0% (59/134)669

in FM24 . Pooled non-inferiority tests confirm that novices using our tool are non-inferior to670

both prior studies (Fisher’s p < 0.001 in both cases).671

Overall, novices using our tool achieved accuracy within 10 percentage points of parti-672

cipants trained in LTL. This comparability holds problem by problem in two of the three673

cases and is strongly confirmed in the pooled analysis.674

4.5 Summing Up675

We believe that our user studies show clear value in pick. In many cases we see statistically676

significant improvements. Even in cases where we do not, we almost always see higher677

performance percentages: that is, the lack of significance is not hiding poorer performance.678

This trend holds even when compared with experts on a domain (infinite-word temporal679

logics) known to be challenging. These results make a strong case for considering pick as680

part of one’s toolbox, even before considering the effect of large or complex candidates, which681

our study intentionally excluded.682

There seems to be little to distinguish the With List and Without List conditions. There683

are many possible reasons for this, including the limitations of our participants. In a684

production tool, users would likely be frustrated to not be shown the candidates even on685

demand. At any rate, based on our evidence we cannot conclusively say whether showing686

the candidates helps or hurts performance.687

5 Threats to Validity688

We now discuss threats to two kinds of validity: both of the findings of this paper and, more689

importantly, the ability for pick to be used in production.690

Our study was conducted via crowdsourcing, which raises standard concerns about691

participant motivation, expertise, and engagement. We mitigated these risks by running test692

rounds to calibrate compensation (Section 4.1), using both Prolific and additional screening693

mechanisms, and collecting post-study familiarity surveys. These surveys indicate that many694

participants had relevant domain knowledge; several responses used technical terminology695

(e.g., references to Apache access files in the ABAC study). In both test and final rounds, we696

used completion times and written answers as signals of meaningful engagement.697

For instance, we cannot rule out that participants may have used LLMs to assist their698

performance on the tasks. However, we ameliorated these concerns in two ways. The engage-699

ment signals just described (completion times and written responses) help flag participants700

who may have been outsourcing the task; during testing of the ABAC Control condition,701

for example, unusually short completion times suggested copying, and we addressed this702

by embedding policies as images. For the same reason, we presented LTL traces as images.703
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Even if participants had leaned on LLMs, however, the error rates reported in Tables 2 and 4704

would reinforce rather than undermine the motivation for pick.705

Next, there is the threat from the size and variety of problems we gave. In the LTL case706

(Section 4.4), we were able to rely on a validated multi-year body of work. For regexes and707

ABAC, we chose what we hoped would be a usefully representative set of examples. In the708

ABAC case, however, these are only “textbook” examples; real policies are often significantly709

larger [57, 66]. However, we think this only benefits pick: if a policy is hundreds of lines710

long, nobody is going to meaningfully look through several alternatives—even armed with a711

syntactic differencer—and make meaningful judgments. They are likely to want to resort to712

semantic differencing tools anyway (Section 6). However, even a generic semantic differencing713

tool might not zero in on instances designed for multi-way classification, so the user would714

have to manually perform what pick does automatically.715

That said, one significant threat in our Control and With List conditions is that the716

candidate expressions are presented as generic text. A user may well have sophisticated tools717

for navigating these. These tools may even help negotiate the large sizes of ABAC policies.718

Given such tools, the performances may improve. However, this is not inherently a problem:719

a user who has access to these tools and still wants to use pick clearly finds benefit to our720

workflow, and if they can use it in conjunction with other tools to make better and faster721

decisions, we should rejoice!722

Because we rely on decision procedures to generate scenarios, the time it takes to generate723

one could be problematic. In our studies, both regex and LTL generated new scenarios almost724

instantaneously, but ABAC uses a rough prototype that takes a few seconds. We did not725

expect crowdsourced participants to have the patience to wait that long, so we precomputed726

the scenarios. This would not be possible in a deployed system (and this precomputation727

inflates the pleasantness of the experience of the With List and Without List conditions).728

However, in this specific case, we were not engineering for speed, but rather used a system we729

were comfortable with; there may be other much more efficient systems. In general, however,730

we believe that a user who finds value in pick would not mind waiting a few seconds for new731

scenarios. In particular since it takes several seconds to form a judgment, a production tool732

can just compute the next pairs while the user is judging, thereby eliminating the perception733

of this lag in most cases.734

6 Foundational and Related Work735

The value of concrete examples pick draws on multiple theoretical foundations, some736

cognitive and some computational. Research in cognitive science shows that most people737

grasp abstract objects better when they approach it from concrete examples [4, 7, 51].738

Formulae are inherently abstract: they represent a possibly infinite set of behaviors. People739

thus need access to concrete examples to help consider the abstract theories. This raises740

questions of where to get those examples, which examples would be most effective to show741

users, and how many examples to show at a time. These questions are at the heart of pick.742

The value of contrasting examples We build on the seminal theory of perceptual743

learning by Gibson and Gibson [21], which provided evidence that side-by-side contrast744

supports more precise discrimination among similar alternatives. In more recent years, the745

theories of contrasting cases [7, 64, 65, 67] and variation theory [42] speak to the selection and746

presentation of examples to help people understand abstract artifacts. They call for showing747

multiple examples side by side, with simultaneous examples carefully chosen to highlight748

differences in some feature of interest. They also establish the value of seeing both positive749
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and negative instances of an abstract concept. In both theories, working with carefully750

selected examples should help a learner develop a good mental model of the abstract object751

of study. Schwartz [68], a leading researcher in the field, summarizes as follows: “Contrasting752

cases are close examples that help people notice features they might otherwise overlook.753

They increase the precision and usability of knowledge”. (Contrasting cases are widely used754

in daily life too: e.g., at food or wine tastings, where the pairings help people notice subtle755

differences.)756

pick asks users to classify scenarios in pairs whenever possible. Showing a pair of new757

scenarios should make it easier for users to focus on the differences. Since our scenarios758

are chosen specifically to highlight differences between the remaining candidates, this is an759

especially good fit. Our pairs are not fully aligned with contrasting case theory in that there760

is no guarantee that our algorithm chooses two scenarios that differ in a common underlying761

feature. Rather, we generate them in a principled way based on language containment762

relationships.763

In addition, pick always shows a summary of past classifications ( 3 of Figure 2). The764

hope is that seeing these classifications side-by-side helps people detect mistakes in their765

classification (“one of these is not like the other”). Therefore, we hope to exploit the perceptual766

system in this situation as well. (In our user studies, the number of reclassifications is small767

but not zero. Real users might reclassify much more.)768

Specification-driven synthesis We see pick as naturally situated within the classical,769

specification-driven synthesis tradition, dating back to work by Green, Waldinger, and770

Lee [22, 75, 76], in which a user provides a specification that defines the desired artifact. In771

pick that specification is expressed in natural language and interpreted using a generative772

model, whose unreliability the system is explicitly designed to compensate for. Rather than773

treating natural language as a complete or correct specification, pick uses it to generate an774

initial space of candidates and then refines that space through structured interaction.775

Example-driven and interactive synthesis In many interactive synthesis systems, as776

systematized by Le, et al. [37], programs are synthesized from user-provided input-output777

examples. This approach has been taken for regexes (e.g., REGAE [81, 82], Graphite [56])778

and for LTL (LtlTalk [20]). This form of interaction places the primary burden on users779

to generate concrete examples, often repeatedly, to drive the synthesis process. In contrast,780

pick is designed around recognition-based interaction: users are primarily asked to judge781

concrete scenarios generated by the system, rather than to construct examples themselves.782

Recognition is generally easier than generation [74], and generating examples that effectively783

guide a synthesis algorithm can be especially challenging.784

That said, pick also supports example-driven input via an explicit interface for providing785

positive and negative examples (Figure 2). These examples are used to guide candidate786

generation and pruning, and are retained across prompt revisions.787

Information-gain-driven question selection A complementary line of work studies788

information-driven interaction, aiming to improve synthesis by posing maximally informative789

questions to the user [32, 73]. pick likewise derives information from distinguishing scenarios,790

but does not attempt to guarantee maximal information gain.791

A key reason for this decision is that human intent is often elastic and judgments are792

imperfect. As our studies show, users sometimes misclassify scenarios, express uncertainty,793

or vote Unsure. In this setting, it is unclear how much practical benefit mathematically794

optimal question selection provides over strategies that yield merely good distinguishing795

examples. This observation motivates several robustness-oriented design choices in pick,796

such as elimination thresholds (Section 3).797
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In addition, pick does not rely solely on mechanically generated scenarios. As described798

in Section 3, it also incorporates scenarios suggested by the GenAI itself. While such scenarios799

may not always optimally distinguish between candidates, they can be more semantically800

meaningful. For example, a mechanically generated scenario such as 10-10-2012 could be801

an ideal candidate distinguisher in terms of regular-expression semantics, yet convey little802

information about where days and months are intended to appear. GenAI, however, may803

suggest a scenario such as 22-04-2012 that is less distinguishing under regular-expression804

semantics, but makes the intended placement of day and month fields explicit.805

REGAE REGAE [81, 82] is the closest line of work to pick, both because it targets806

regexes and because it is motivated by cognitive-science principles (in particular, the use of807

contrasting cases). It is firmly situated in the tradition of example-based interactive synthesis,808

and therefore inherits many of the associated tradeoffs, including the burden placed on users809

to construct informative examples.810

Because REGAE does not integrate GenAI models into candidate generation, it must811

rely entirely on information conveyed through examples. Thus, the tool is ill-suited to tasks812

where the intended pattern depends on open-world semantic categories. For example, in the813

“countries of North America” task (Section 1), specifying the intended behavior by example814

requires complete enumeration, thereby eliminating the benefits of synthesis.815

The key difference between REGAE and pick is the level at which interaction takes place.816

REGAE repeatedly shuttles users between abstract candidate regexes and concrete examples:817

users must inspect regexes, supply examples to express preferences, and manually request818

distinguishing strings. While REGAE can generate examples (by either mutating previously819

seen strings or computing set differences between 2 selected regexes) these operations are820

invoked explicitly and not automatically integrated into an ongoing loop.821

By contrast, pick allows users to operate entirely at the level of concrete examples. The822

system automatically generates scenarios that distinguish candidates and incorporates user823

classifications directly into the interaction, without requiring users to inspect or compare824

abstract expressions. As a result, the workflow remains consistently grounded in concrete825

words, which our studies (Section 4) suggest is often more effective than requiring users to826

reason about abstract expressions.827

Finally, REGAE is specialized to regexes and relies on regex-specific techniques such828

as DFA coverage for example generation, making its generality unclear. In contrast, we829

demonstrate pick across three substantially different formal languages, suggesting that its830

core interaction paradigm applies beyond the regex domain.831

Other Text-to-Language Tools In the paper we have already cited several tools that832

convert natural language to various formal languages, such as LTL. As noted, almost none833

of these tools use human feedback, often using (other) GenAI systems to check the output,834

which means poor specifications and systematic errors—such as misconceptions—will go835

uncaught. We know of two exceptions that do involve humans [10, 44], but both ask humans836

to judge sub-formulae, rather than concrete examples.837

Change-Impact Systems A central feature of pick is that it compares the semantic838

(as opposed to syntactic) differences between candidates. This is inspired by a line of work839

specifically in the policy analysis community [17, 30, 35, 38, 52]. Those works have argued840

for the value of using semantic differencing as a way of exploring policies, sometimes with an841

end to finding a preferable policy out of multiple candidate ones.842

Those tools are not designed to cleanly handle a set of candidates: percolating decisions843

about scenarios to all relevant candidates, keeping scores on each candidate, running a844

decision-procedure loop, providing a way for users to revise decisions, and so on. A user845
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trying to employ those tools to our end would have to do all the steps in the pick workflow846

entirely by hand. Furthermore, none of those tools (to our knowledge) has been subject to a847

formal user study of effectiveness of any sort. Arguably, our studies justify that line of work,848

showing that there was value to looking at concrete instances of differences. Finally, those849

works relate to our ABAC study, but to our knowledge those tools have not been applied to850

other languages like regexes and LTL. Thus, we can view pick as a significant generalization851

of—but very much inspired by—that line of work.852

Related Workflows Our workflow architecture (Figure 1) should be reminiscent of,853

and was definitely inspired by, other similar loops: Counterexample-Guided Abstraction854

Refinement (CEGAR) [9], which exploits language containment [5]; Counterexample-Guided855

Inductive Synthesis (CEGIS) [71]; and Reinforcement Learning from Human Feedback856

(RLHF) [8]. While we are loosely inspired by the CEGAR and CEGIS loops, our work is857

significantly different: we are not refining a property or program (though we are “refining”858

the set of candidates), and those loops do not involve humans, which ours crucially does. We859

are closer in spirit to RLHF, but with important differences. At a low level, the algorithmic860

details are vastly different. At a high level, in pick the human in the loop is trying to861

generate a specific, single expression, not providing feedback that will be used to improve a862

separate general-purpose artifact.863

7 Discussion864

In this paper, we have tried to bring together three different ideas. We start with the utility865

but insufficiency of GenAI, and want to put humans back in the loop. To do so, we draw from866

the cognitive science literature on what they can most meaningfully do. To implement these867

ideas, we draw on formal language theory with a generic algorithmic framework that applies868

to a large family of in-use languages. Through a series of experiments across a broad range of869

domains—regexes, LTL, and ABAC—we show that there is real value in the pick framework.870

We believe that the net result is a framework for the responsible use of GenAI, leveraging its871

strengths while using humans in targeted ways to compensate for its weaknesses.872

7.1 Supporting SQL873

Given the widespread use of SQL and the many GenAI-based text-to-SQL tools that have874

sprung up [50, 12, 19, 61], it is natural to wonder why we did not use pick for SQL as well. In875

particular, for SQL, as for LTL, researchers have identified several misconceptions [46, 47, 48]876

that we could use to drive the generation of alternate formal statements from which users877

have to choose.878

There are two reasons we have not considered SQL here. First, SQL does not precisely fit879

our theoretical needs: general query containment, for instance, is undecidable [1]. However,880

we can relax our precise requirements to obtain “good enough” results, which are still likely881

to be preferable to the alternative of a user rushing to adopt the first GenAI-produced882

query. The APEL system [84], for example, targets the natural-language-to-SQL setting: it883

generates candidate SQL queries from a natural language description and disambiguates them884

relative to a fixed database by producing distinguishing input–output examples, selected885

using Bayesian information gain, and asking users to judge the resulting query outputs. In886

this sense, APEL demonstrates that example-driven, human-in-the-loop disambiguation can887

be successfully applied to SQL despite its theoretical limitations.888

The second, more fundamental challenge posed by SQL is that queries are meaningful only889

relative to a database. As a result, the effective object users must reason about is the pair of890
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a query and a dataset. SQL therefore does not readily satisfy the practical requirement noted891

in Section 2.3: it does not admit small, self-contained, contrasting “scenarios” of the kind892

used throughout this paper. Instead, query outputs are relational objects whose correctness893

often requires cross-referencing results against the underlying tables and reconstructing the894

intended semantics of the query, rather than making a localized judgment over a concrete895

example. This cognitive burden increases as queries or databases become more complex.896

In realistic deployment settings, query outputs may be very large (e.g., tables with many897

rows) or inherently opaque (e.g., numeric aggregates computed over large tables), making it898

unclear how users should distinguish between competing outputs from examples alone.899

The issue, however, is not solely one of scale. Even when databases are small and carefully900

controlled, SQL’s relational semantics can make outputs difficult to assess. The authors of901

APEL note that, despite using relatively small databases in their user studies, participants902

experienced difficulty assessing query outputs, especially those involving aggregations or903

other “onerous computations”. Addressing this challenge robustly would require additional904

mechanisms, such as principled input reduction, output summarization, or visualization.905

These are sufficiently large additions that we consider them outside the scope of this paper906

but view them as exciting prospects for future work.907

7.2 Concerns About Size908

As noted in Section 2.3, pick requires not only formal closure properties but also that909

scenarios be tractable for humans to judge. Two kinds of size concerns can arise: the number910

of scenarios, and the size of each one. The number of scenarios should be kept tractable quite911

naturally by the design of pick. Our algorithm (Algorithm 1) is intentionally parsimonious912

in generating candidates: it only generates ones that are going to help discriminate between913

viable candidates and, after a small number of scenarios, the fate of each candidate is914

decided. Furthermore, even if we have many candidate formulae, they are likely to have915

some overlap, and again pick counts votes against every eligible formula. We can confirm916

this experimentally: in the LTL studies, RedBlue had 3 candidate formulae, RedOnOff had917

7, and RedOnce had 9. Participants who converged to the correct answer needed (median)918

only 8, 16, and 14 classifications, respectively (if we include everyone, even those who got the919

wrong answer, the medians drop to 8, 10, and 13). This lends credence to our hypothesis.920

Crucially, the size of a scenario is not tied to the size of the candidate. ABAC is the921

clearest case: no matter how complex a policy grows, a scenario is still a request of fixed922

subject–action–resource shape. Regex and LTL have no such structural guarantee, but in923

practice the decoupling still tends to hold. The regexes and LTL formulae in Section 4 are924

derived from those used in practice, and yielded modestly sized scenarios for participants925

to judge. A regex for dates, however complicated, still distinguishes on short literals like926

2026-03-31, and large implicative LTL candidates (like those in Table 5) can be distinguished927

by traces of only 2–3 states. Therefore, in all these cases (and in other languages with similar928

characteristics), we do not envision the size of scenarios being a problem.929

7.3 More about Regexes930

The world of regexes is complicated: the same syntactic regex can have different semantics931

under different tools [41]! That is: one expression can have multiple semantics. This is the932

dual of what pick does: multiple expressions under one semantics.933

However, we believe our work can be extended for use in this case as well. There is934

no reason we cannot use multiple interpretation engines inside the system. For a given935
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expression, we can run it under the different engines. The challenge is that we can no longer936

directly exploit language closure properties, because we are—in effect—crossing languages.937

Instead, we can combine Mamouras, et al.’s formalization with sampling to obtain candidate938

scenarios that fall in the relevant sets.939

There is a subtler issue in making the output actionable. In pick, when we arrive at a940

single formula, for instance, we can simply present it to the user to deploy. In this alternate941

world, we could well converge on a formula—but our report would have to be along the lines942

of, “You have the right regular expression under the X engine, but not the Y engine”. This943

is still useful to the user, who might otherwise have blindly used the “correct” regex but get944

incorrect results due to differences in the evaluation engines. Alternatively, the user would945

indicate what regex setting they are in, and if the modified pick does not find a candidate946

in the desired engine, we would need additional GenAI runs to obtain a usable formula.947

In short, we believe that with some modification, pick can be used in domains where a948

fixed syntactic language has multiple (sometimes subtly different) semantics. In that setting,949

there is simply no difference to see in the syntax: it’s entirely in the semantic layer. We950

therefore think a modified pick can be especially useful in such settings.951

7.4 Explore Just One?952

pick terminates when we converge on one candidate. But especially in mission-critical settings,953

a user might want to maximize understanding, not minimize work. Our algorithms can954

continue to function: they generate a scenario each from the candidate and its complement.955

Prior research [15] has shown the value of presenting “negative” scenarios to improve956

understanding. Our work does this in reverse: we use them to improve classification. Thus,957

pick can continue to generate scenarios for the user to maximize their confidence.958

7.5 Is PICK Strictly About GenAI?959

The entire motivation of this paper has been to improve human interaction with GenAI960

output in a meaningful manner. But all forms of synthesis—whether classical, from formal961

specifications, or modern, using GenAI—have the same strength and weakness. Synthesis is a962

form of correct-by-construction, but that also implies incorrect-by-construction. Verification963

addresses this issue by introducing redundancy (a separate property statement), which964

synthesis by definition eliminates. So how can we be sure that the user stated their intent965

correctly? The pick process creates a form of redundancy, and hence consistency-checking,966

that all synthesis inherently lacks but ought to have. The same idea could, therefore, just as967

well be applied to traditional synthesis too!968

This perspective also clarifies why pick is not merely a response to current limitations969

of state-of-the-art generative models. As GenAI improves, it can be expected to produce970

higher-quality initial candidates. However, better candidates do not eliminate ambiguity in971

informal specifications: they simply shift user effort away from rejecting clearly incorrect972

outputs and toward examining alignment, edge cases, and subtle distinctions among plausible973

alternatives. For example, a prompt such as “Regex for dates” may yield increasingly accurate974

candidates as models improve, yet still leave unresolved questions about conventions such as975

date ordering, permitted formats, or calendar assumptions. In this sense, pick is not chasing976

a moving target; improvements in GenAI directly strengthen, rather than weaken, the utility977

of the workflow.978
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