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Abstract001

Teachers, conference chairs, and public readers002
all judge writing from limited evidence, seeing003
only a finished document and not the process004
that produced it. Final text alone cannot reveal005
whether a document was produced through hu-006
man typing, AI generation, or mixed human-AI007
collaboration. Existing process-tracking tools008
help, but many are tied to host-document his-009
tories, provide coarse activity records, and of-010
fer limited control over the writing environ-011
ment. HUMANLY is a writing platform that012
makes the writing process itself the evidence.013
Users configure writing environments for per-014
sonal documents or assigned tasks and draft in015
a workspace that records writing activity and016
in-platform AI assistance. HUMANLY can pack-017
age a completed session into a sealed writing018
certificate with configuration-aware anomaly019
behavior review. It can support writing sce-020
narios such as course assignments, peer re-021
view, and personal certification. Our user study022
shows that HUMANLY is helpful across roles,023
and a red-teaming study shows that the HU-024
MANLY Typing Detector distinguishes human025
hand typing from automated typing. A live026
deployment (https://writehumanly.net/)027
and open-source code (https://github.com/028
Humanly-Lab/humanly) are available.029

1 Introduction030

Writing authenticity has become a practical prob-031

lem in settings where decisions are made from032

final documents alone. Instructors receive stu-033

dent assignments as documents and need to de-034

cide whether students followed course AI-use rules;035

conference chairs may need to inspect whether re-036

viewers used AI; and public readers may question037

whether a social media post was written by a per-038

son or AI. In each case, the final text is visible,039

but the process behind it is not. We define writ-040

ing authenticity as whether the production history041

* Equal contribution. † Corresponding author.

Writing Process Why post-hoc detection is insufficient

Human draft +
AI polish

Cannot reliably demonstrate how AI is
involved.

Human draft +
AI translation

Cannot recover the human-authored
source before translation.

Human-written
AI-style text

Style cues can create false suspicion.

AI draft + human
polish

Cannot show that substantive AI
generation preceded human editing.

Table 1: Writing process that post-hoc detection cannot
reliably identify.
of a document matches its authorship and AI-use 042

claims: who wrote what, with which tools, and un- 043

der what rules. This question has become harder 044

as human–AI writing has moved from an edge case 045

to a routine practice. Writers use AI for editing, 046

translation, source understanding, brainstorming, 047

and rewriting. These workflows are not equivalent 048

to asking an AI model to produce the final text. 049

Post-hoc detectors classify final text without ob- 050

serving how it was made, leaving them blind to 051

the writing process. They can misclassify non- 052

native English writing as AI-generated (Liang et al., 053

2023), make inconsistent errors under translation 054

and obfuscation (Weber-Wulff et al., 2023), and 055

lose reliability under paraphrasing or simple text 056

manipulation (Sadasivan et al., 2025; Perkins et al., 057

2024). Watermarking is also limited to watermark- 058

enabled generation, not arbitrary mixed human–AI 059

workflows (Kirchenbauer et al., 2023). These find- 060

ings show why a detector score is too little evi- 061

dence for policy decisions about mixed writing. A 062

post-hoc detector only estimates whether final text 063

appears AI-generated; it cannot distinguish policy- 064

compliant polishing or translation of a human draft 065

from substantive AI generation followed by human 066

editing. Table 1 summarizes four such histories 067

with different policy implications. 068

Process-tracking tools provide more relevant ev- 069

idence than final-text detectors because they record 070

parts of the writing process. Revision-history re- 071

play and authorship-report products (Table 2) can 072
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Client Layer

Owner
Instructor · Chair · Self

Writer
Student · Reviewer · Self

Verifier
Instructor · Public Reader · Self

1 Create Writing Task
Assigned Task · Personal Document

2 Writing-Environment Configuration
aiAccess:  "full"
aiPolicy:  "guard"
copyPaste: blocked
timer:     30 min
length:    min 30 / max 100 chars
access:    invite | guest

 

3
Publish Access

Invite Code · Public Link · Redirection

1 Personal Redirect / Public Link or Invite Code

2 Writing With Fine-Grained Action Tracing

3 Using AI Within Policy

4 Submit or Certify

Final text alone cannot show 
how a draft was produced. 
Process evidence can.

✦ Polish

AI Chat

Ask source...

✓ grep

✓ read
Found support in PDF...

Type... ↗

50/100 chars · 27:14

 

Activity Log
08:32:11 Typed "Final..."
08:33:04 Select
08:35:40 AI Polish
08:35:41 Typed "show..."
08:36:04 AI Chat
08:37:25 Focus
...

Writing Certificate
SEALED

Statistics

Typed 86% Pasted 3% AI 11%

Replay & Logging

Step-Through Timeline

Anomaly Behavior Review

Layer 1  Statistic-based anomaly detection
rapid typing workspace exits chat refusal

Layer 2  Model-based typing detection

96%  Likely
​Agent

<20ms gap

pauses >1s

1 Open Certificate

2 Verify Seal

3 Check Statistics

4 Inspect Replay

5 Review Anomalies

Create Writing Task Tracked Action Stream
REST + Socket.IO Signed Certificate

Task & Environment Service
Creates tasks, resources, links.
Stores policy with each task.

Event Ingest API
Receives editor, socket, and tracker events.

Normalizes them before storage.

AI Service
Checks policy before each call.

Uses adapters and user keys.

Typing Detector

Scores automated typing risk.
LightGBM + SHAP

Certificate Service

Computes evidence metrics.
Signs stable fields.

AI Events

Storage Layer
PostgreSQL + TimescaleDB

Stores records and time-series events.
Redis

Caches sessions and analytics.
Object Storage

Stores PDFs, images, and artifacts.

Records + Event Tables Cache + Rate Limits Files Attachments

Backend Layer

 Generate Certificate

Deploy
​

Figure 1: HUMANLY overview. Owners configure a creation mode and writing policy; writers draft under permitted
controls while HUMANLY records the session; the backend serves AI responses, coordinates enabled detectors for
anomaly behavior review, and issues sealed certificates with logs, replay, and detector results for verifier inspection.

show that text appeared over time, or that some text073

was typed, pasted, or AI-assisted. However, impor-074

tant practical gaps remain. Many replay-oriented075

tools are tied to host-document or form environ-076

ments such as Google Docs, so the process record077

is often coarse: typed and pasted text may be visi-078

ble, but workspace activity, detailed AI assistance,079

and anomaly patterns are often missing or only par-080

tially represented. These host environments also081

limit configurability: the task owner cannot always082

define the writing environment itself across AI, re-083

source, timing, and length controls. Other systems084

expose process tracking as a separate product be-085

side AI detection or writing assistance rather than086

connected in one writing workflow.087

We introduce HUMANLY, a writing platform088

that combines configurable writing environments,089

fine-grained activity logs, and certificates to make090

the writing process reviewable end to end (Fig-091

ure 1). HUMANLY supports three system roles.092

Owners create personal documents or publish tasks093

for others; writers draft in the workspace while094

HUMANLY records writing activity; and verifiers095

inspect sealed writing certificates as supporting ev-096

idence. HUMANLY is designed around four goals.097

The first is Flexibility. HUMANLY should not im-098

pose one default writing policy; owners config-099

ure writing environments through 14 setting fam-100

ilies covering AI policy, resources, budgets, con-101

straints, anomaly behavior review, and access. The102

second is Accountability. HUMANLY makes the103

writing process inspectable without replacing hu-104

man judgment. The activity log and authorship 105

statistics show how the final text was composed 106

from typed, pasted, and AI-assisted process com- 107

ponents, while anomaly behavior review can com- 108

bine enabled Anomaly Pattern signals with the HU- 109

MANLY Typing Detector for automated-typing risk. 110

A computer-use agent (CUA), for example, can op- 111

erate software on a user’s behalf through graphical 112

or command-line actions.1 The third is Verifia- 113

bility. Evidence should be issued by the platform 114

rather than asserted by the writer. HUMANLY stores 115

session evidence and environment settings in the 116

certificate. An Ed25519 signature protects selected 117

certificate fields so viewers can detect external mod- 118

ification. The fourth is Compatibility. HUMANLY 119

is built for more than one deployment pattern: the 120

same provenance model supports assigned tasks 121

and personal documents, invite-code and public- 122

link distribution, signed-in and guest writing, and 123

MIT-licensed self-deployment. 124

2 System Architecture and Deployment 125

HUMANLY is a TypeScript monorepo whose shared 126

schemas connect writing-environment configura- 127

tion, event ingestion, AI services, certificate gener- 128

ation, detector orchestration, and storage (Figure 1). 129

We call machine-readable backend records events 130

and their human-readable log entries activities. 131

Runtime and Storage. First-party clients and 132

the embeddable tracker connect to an Express + 133

Socket.IO backend. Authenticated APIs serve 134

1 Examples include OpenAI Codex computer use and Claude
Code computer use.
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the first-party product workflow, while an open-135

CORS route ingests external tracker events. Post-136

greSQL stores product records, TimescaleDB hy-137

pertables store high-frequency native editor and138

tracker events, Redis supports caching and rate lim-139

its, and resources use local or cloud storage.140

Task and Environment Service. The task service141

stores the active writing environment with each142

personal document or assigned task, covering AI,143

resources, writing constraints, detectors, and ac-144

cess. AI and certificate services resolve this saved145

record so assistance and later review use the same146

policy. Route guards enforce ownership, participa-147

tion, and link or guest eligibility before writes.148

Event Ingest and AI Service. Native editor events149

enter document_events, while external tracker150

events use a batched ingestion route. Before151

provider dispatch, the AI service resolves the saved152

environment, checks chat or polish availability, se-153

lects the provider/model, and applies the token bud-154

get. Responses stream through Socket.IO, while155

AI sessions, quick-action decisions, and policy re-156

fusals are persisted for later review.157

Certificate Service and Anomaly Detector. At158

issuance, the certificate service freezes the session159

boundary, computes authorship statistics and de-160

tector results, and stores the environment snapshot161

and verification token; logs and replay are served162

against the same boundary. The service reads163

the saved detector configuration so disabled detec-164

tors remain explicit. Anomaly Pattern derives five165

statistic-based signals from recorded events and166

policy conditions. The HUMANLY Typing Detector167

sends session events to a LightGBM inference ser-168

vice (Ke et al., 2017), which estimates automated-169

typing probability from keystroke rhythm and edit-170

ing behavior and returns SHAP-based contribut-171

ing features (Lundberg and Lee, 2017). Insuffi-172

cient timing data produces an inconclusive result.173

Ed25519 signs the protected certificate fields, in-174

cluding detector results when present, and a back-175

end endpoint exposes the public verification key.176

Deployment. For local self-hosting, HU-177

MANLY provides a one-line bootstrap com-178

mand: curl -fsSL https://writehumanly.179

net/install.sh | sh The installer prepares180

Docker/Compose, source checkout, local secrets,181

storage, and an admin account, then starts the182

database, cache, backend, and portals. Produc-183

tion deployments replace local URLs, email, and184

storage settings.185

3 Workflow and Use Cases 186

3.1 Workflow Design 187
Figure 1 organizes the workflow around three roles: 188

Owner, Writer, and Verifier. These are not fixed 189

account types: assigned tasks may distribute them 190

across users, while personal documents may com- 191

bine the Owner and Writer roles. Figure 2 follows 192

the corresponding interfaces from setup through 193

writing and certificate review. 194

Owner. The Owner role begins when a user creates 195

a writing environment. Personal-document owners 196

configure a private document in the Writer Portal; 197

assigned-task owners configure a shared task in 198

the Publisher Portal and distribute it through invite 199

codes or public links. Across both paths, owners 200

configure 14 setting families, including resources, 201

constraints, access, four AI modes (off, polish-only, 202

chat-only, and full), and two detectors for anomaly 203

behavior review: Anomaly Pattern and HUMANLY 204

Typing Detector. Table 5 in Appendix C summa- 205

rizes the setup options. HUMANLY saves this con- 206

figuration with the session, so the certificate can be 207

interpreted against the rules active during writing. 208

Writer. The Writer role begins when a user enters a 209

configured workspace, either through their own per- 210

sonal document or through an assigned task shared 211

by another owner. Before drafting, the writer is 212

shown the task instructions and writing rules de- 213

fined by the owner-set policy. With full mode and 214

source resources enabled, the workspace presents 215

three panels: source PDFs or resources, the edi- 216

tor, and the AI assistant. Writers can use chat to 217

ask questions about the provided resources and ap- 218

ply four AI quick actions to selected text during 219

drafting. The activity log exposes 27 reviewable 220

activity labels across text editing, clipboard activ- 221

ity, workspace status, AI assistance, and anomaly 222

patterns. Table 6 in Appendix C counts these labels 223

by category. When writing is complete, the writer 224

submits the task or generates a certificate from the 225

recorded session. 226

Verifier. Certificate review begins after issuance. 227

For assigned tasks, issuance follows submission; 228

for personal documents, the writer generates the 229

certificate after finishing the document. A verifier 230

may be the original writer, the task owner, or any 231

public reader with a shared verification link. The 232

certificate evidence includes authorship statistics, 233

environment settings, an activity log, replay, the 234

anomaly behavior review configured for that writ- 235

ing environment, and an Ed25519 integrity seal. 236

Authorship statistics summarize final-text compo- 237
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(a) Writing environment configuration (b) Tracked workspace

(c) Activity log (d) Certificate

Figure 2: HUMANLY interfaces: (a) writing environment configuration; (b) tracked workspace in full mode with
PDF resources, editor, and AI assistant; (c) activity log; and (d) certificate with authorship statistics and signature.

sition and process input volume; environment set-238

tings preserve the policy active during writing; the239

activity log presents recorded activities; and replay240

shows how the document changed over time. When241

both detectors are enabled, anomaly behavior re-242

view includes Anomaly Pattern signals and the HU-243

MANLY Typing Detector score; disabled detectors244

are shown as not enabled. The integrity seal signs245

selected certificate fields with Ed25519, allowing246

verifiers to use HUMANLY’s public key to check247

whether those fields were modified after issuance.248

3.2 Use Cases249

Course assignments. Course assignments follow250

a familiar learning-management workflow: an in-251

structor publishes a task, students complete it, and252

the instructor reviews the submission. Standard253

assignment systems collect the final file, but they254

rarely show whether students followed AI-use rules255

while writing. HUMANLY preserves the same as-256

signment flow while adding a configurable writing257

environment and process evidence that can surface258

anomaly patterns and automated typing behavior259

when possible rule violations need inspection.260

Peer review. Peer review has a similar publish-261

write-review flow: an area chair assigns a paper, re-262

viewers write reviews, and chairs inspect the results.263

AI-assisted reviewing is becoming part of this264

workflow at several academic conferences (Bau-265

mann et al., 2026).2 Even under such policies, com- 266

pliance often depends on reviewers following the 267

rules without direct process evidence (Saha et al., 268

2026). HUMANLY is useful here because chairs 269

can provide an in-platform AI assistant, record how 270

it was used, and inspect process evidence when 271

review quality is questioned. 272

Social media posting. Social media posts are often 273

judged from final text alone, and recent reporting 274

describes human writers accused of AI use when 275

their prose appears polished or machine-like.3 In 276

this setting, HUMANLY is useful because a poster 277

can draft as a personal document and share a signed 278

certificate link with readers. Instead of inferring 279

authorship from style alone, readers can inspect the 280

observed writing process behind the post. 281

4 Comparison with Existing Systems 282

Table 2 compares HUMANLY with seven related 283

writing-authenticity systems that provide process 284

evidence, authorship reports, or replay for written 285

documents. The rows follow three product areas: 286

a configurable writing environment, a native ac- 287

tivity log, and a certificate layer. Ratings indicate 288

whether each feature is supported in public product 289

documentation. Overall, the closest comparator 290

is Turnitin Clarity: it supports instructor-managed 291

2 NeurIPS 2026 AI-assisted reviewing experiment; ICML
2026 LLM reviewing policy. 3 WHYY, “How Not to Be
Mistaken for a Chatbot”; New York Magazine, “The People
Falsely Accused of Using AI”.
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Area Feature HUMANLY Turnitin Grammarly GPTZero Draftback Brisk Integrito PaperTrail

Writing
Environment

Configurable rules ✓ ✓
Task assignment ✓ ✓
AI policy ✓ ✓
Open source ✓

Activity Log

Text editing ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Clipboard ✓ ✓ ✓ ✓ ✓ ✓ ✓
Workspace state ✓
AI assistance ✓ ✓ ✓
Anomaly pattern ✓ ✓ ✓ ✓ ✓

Certificate
Replay ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Authorship statistics ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Typing detector ✓
Integrity seal ✓

Table 2: Feature comparison of writing-authenticity systems by writing environment, activity log, and certificate.
Competitor columns refer to the linked product documentation; ✓ means supported, and blank cells mean not
found in public documentation. Configurable rules = owner-set environment constraints; AI policy = visible AI-use
modes and guard rules; workspace state = focus, selection, or workspace leave/return events; anomaly pattern =
statistic-based anomaly behavior pattern derived from logged events and active policy; typing detector = estimate
of whether typed input resembles human hand typing or automated typing; integrity seal = Ed25519 certificate
signature that can be checked with HUMANLY’s public key.

assignments in which students write under AI-use292

guidance and instructors receive writing-process293

reports. Grammarly Authorship adds authorship294

tracking, source attribution, shareable reports, and295

replay across supported writing surfaces. The other296

five products rely primarily on Google Docs or297

browser-extension workflows for writing reports298

and replay. We therefore score whether each sys-299

tem allows a task owner to configure writing policy300

before writing, records human and AI activity at301

sufficient granularity, and packages the result as302

certificate-style evidence.303

Writing Environment. HUMANLY’s first differ-304

ence is that it offers a configurable writing envi-305

ronment rather than depending on a host editor’s306

inherited policies. Owners set resource, timing,307

length, access, and AI rules before writing. Tur-308

nitin Clarity is strongest in this category because309

it supports instructor-controlled assignment set-310

tings and AI-use guidance for student writing. HU-311

MANLY is released for inspection, adaptation, and312

self-deployment.313

Activity Log. HUMANLY’s second difference is314

the scope of the fine-grained activity log. The315

workspace logs text editing, clipboard, workspace316

state, AI assistance, and anomaly patterns. Most317

systems in the table provide text-editing and clip-318

board records, but workspace state is unique319

to HUMANLY: it records how the writer uses320

the workspace, including focus, blur, workspace321

leave, and return events. Four competitors expose322

narrower anomaly cues, such as playback flags,323

writing-pattern evaluation, suspicious-event sum-324

maries, or struggle moments.325

Certificate. In the certificate layer, HUMANLY 326

links authorship statistics, writing replay, anomaly 327

behavior review, task policy, and the integrity seal. 328

HUMANLY differs in that these fields are bundled 329

into one certificate package rather than split across 330

separate reports or tools. GPTZero illustrates this 331

fragmentation: its Chrome extension offers Google 332

Docs writing logs, an AI assistant, and AI scan, but 333

its AI-composition verification still relies on a pre- 334

diction scan over final text rather than attribution 335

from the recorded process and in-extension assis- 336

tant actions.4 Model-based human typing detection 337

and the integrity seal are unique to HUMANLY in 338

this comparison. The other products do not address 339

whether typed input was produced by human hand 340

typing or automated workspace operation. They 341

also do not protect certificate evidence against later 342

tampering with a public-key signature. 343

5 Evaluation 344

We evaluate HUMANLY through a role-based user 345

study and a red-teaming study. The user study 346

tests whether the system is usable across the 347

Owner, Writer, and Verifier roles; the red-teaming 348

study tests whether the HUMANLY Typing Detec- 349

tor separates human hand typing from automated 350

workspace operation in a controlled writing task. 351

5.1 Role-Based User Study 352

The role-based user study examines the three roles 353

in Figure 1: Owner, Writer, and Verifier. We recruit 354

three independent groups of Prolific AI Taskers in 355

4 In an illustrative manual check of the GPTZero Google Docs
workflow (June 2026), text generated through GPTZero’s in-
-extension AI assistant was still rated as human by the separate
scan feature.
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1 2 3 4 5
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Usability

Perception

4.2

3.9

Owner
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Usability

Perception

3.9

3.7

Writer

1 2 3 4 5
Mean Likert score

Usability

Perception

4.3

4.4

Verifier

Figure 3: Role-based user study results. Bars report respondent-level mean Likert scores for Usability and Perception.
Scale: 1 = Strongly disagree, 2 = Disagree, 3 = Neither agree nor disagree, 4 = Agree, and 5 = Strongly agree.

the Structured Writing category5. Each group re-356

ceives one survey, and quality review leaves 30357

valid responses per role. Survey items use a five-358

point agreement scale from Strongly disagree to359

Strongly agree. Across roles, Usability measures360

whether participants can use or interpret the rele-361

vant interface. Perception captures role-specific362

judgments: Owners rate policy transparency and363

confidence in rule compliance; Writers rate ac-364

countability, authorship proof, and recording anxi-365

ety; Verifiers rate fairness and trust in process evi-366

dence. Detailed setup appears in Appendix A.367

Analysis. Figure 3 shows positive Usability and368

Perception ratings across all three roles, with every369

mean above 3 on the five-point agreement scale.370

Verifiers give the strongest ratings (M = 4.34 for371

Usability and M = 4.36 for Perception). This sug-372

gests that readers who did not produce the writing373

can still understand the evidence package. Writer374

Perception is lower (M = 3.73) but still positive.375

This result reflects the tradeoff in the writer role:376

participants valued clearer rules and evidence they377

could later share, but some were also uneasy about378

detailed recording while they wrote.379

5.2 Red-Teaming Study380

Motivated by recent work on the security of381

computer-use agents (CUAs) (Chen et al., 2025;382

Liao et al., 2025), we perform a red-teaming study383

to evaluate the HUMANLY Typing Detector. We test384

one configurable detector in HUMANLY’s anomaly385

behavior review under a policy that requires writ-386

ers to operate the workspace directly; delegat-387

ing browser control to a CUA is therefore non-388

compliant. The detector estimates whether typed389

interaction resembles human hand typing or auto-390

mated typing.391

Data Collection. We collect human-operated sub-392

missions through Prolific. For agent-operated sub-393

missions, we use OpenAI Codex’s computer-use394

capability with GPT-5.5 as the base model to con-395

trol the workspace. Copy-paste remains allowed,396

and a 20-minute limit standardizes task completion.397

Detailed settings appear in Appendix B.398

5 Prolific AI Taskers, Structured Writing

Baselines and Metrics. We compare the HU- 399

MANLY Typing Detector against three zero-shot 400

LLM-as-judge baselines that score serialized ac- 401

tivity logs (Table 3). Human FPR is our primary 402

operating constraint: falsely flagging a compliant 403

writer can create unwarranted suspicion, so the 404

detector must keep this error low while identify- 405

ing automated typing. We therefore use a conser- 406

vative threshold and report human false-positive 407

rate (FPR; lower is better), agent true-positive rate 408

(TPR; higher is better), AUROC (higher is better), 409

and inference time (lower is better). More details 410

are in Appendix B. 411

Method Human Agent AUROC ↑ Inference
FPR ↓ TPR ↑ time (s) ↓

GPT-5.1 0.0% 15.0% 0.563 3.4
Claude Sonnet 4.6 0.0% 60.0% 0.838 12.7
Claude Opus 4.8 5.9% 90.0% 0.965 11.5
Ours (LightGBM) 0.0% 85.0% 0.994 0.0024

Table 3: HUMANLY Typing Detector compared with
LLM-as-judge baselines on red-team submissions.

Results. At this operating point, HUMANLY 412

achieves 0.0% human FPR, 85.0% agent TPR, 413

and the best AUROC. Claude Opus 4.8 reaches a 414

higher agent TPR (90.0%) but flags 5.9% of human- 415

operated submissions and has lower AUROC. HU- 416

MANLY averages 0.0024 seconds per submission, 417

approximately 4,800× faster than Opus 4.8 and 418

at least 1,400× faster than every LLM judge in 419

our setup. Local LightGBM inference also avoids 420

a paid model call for each full activity log. The 421

detector stores SHAP-based contributing features, 422

giving verifiers feature-level explanations of which 423

typing behaviors drove the score. 424

6 Conclusion 425

HUMANLY reframes writing authenticity as policy- 426

bound process evidence. It combines configurable 427

writing environments, activity logs, anomaly be- 428

havior review, replay, and public-key verification. 429

Across course assignments, peer review, and per- 430

sonal certification, the workflow ties owner-defined 431

rules to evidence. Our studies show cross-role us- 432

ability and reliable separation of human and auto- 433

mated typing with few false alarms. 434
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Ethics and Broader Impact Statement435

Broader Impact. HUMANLY shifts writing-436

authenticity decisions away from final-text suspi-437

cion and toward process evidence. This can benefit438

writers whose polished, translated, or non-native439

English work is questioned, and it can help in-440

structors, editors, and public readers review mixed441

human–AI writing with more context. The same ca-442

pability creates risk: process evidence can become443

intrusive if recording becomes routine surveillance444

or certificates become disciplinary shortcuts. HU-445

MANLY should therefore be deployed as a policy-446

transparent review aid, not as general monitoring447

or an automatic misconduct judge.448

Limitation: What Certificates Can and Cannot449

Show. A HUMANLY certificate records observed450

in-platform activity; the certificate is not an au-451

thorship verdict. It reports the recorded process,452

policy context, statistic-based anomaly detection,453

and, when enabled, a model-based human typing454

score. The certificate cannot prove intention or rule455

out every outside channel. Page-visibility records456

show that the HUMANLY workspace was hidden or457

visible again; they do not identify which tab, web-458

site, application, or device the writer used while459

away. A writer can transcribe external AI output,460

dictate it by voice, or route text through another461

device. Certificates therefore support inspection462

of observed activity rather than proof that no out-463

side assistance occurred. The red-teaming study464

evaluates browser or GUI-agent operation of the465

HUMANLY editor, not every off-platform assistance466

channel. HUMANLY only records activity inside467

HUMANLY; tracker-based documents carry less468

detail than native-editor documents, and writing469

outside HUMANLY leaves no record.470

Recording Governance. Process recording cap-471

tures typing behavior, clipboard activity, workspace472

activity, formatting, and AI assistance. Writers473

should know which activity categories are logged,474

who can inspect them, how long they are retained,475

and whether public verification exposes a summary476

or a full replay. HUMANLY surfaces the rules at477

document setup and keeps only the permitted con-478

trols visible while writing. Deployments still need479

clear local policies for consent, access, retention,480

appeals, and reader training, especially in class-481

rooms and peer review. Our studies follow the482

same principle: recording is disclosed up front, and483

participants are asked to interpret evidence with-484

out treating the certificate as an automatic verdict.485

Personally identifiable information is limited to 486

participant payment and study administration. 487
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A User-Study Survey Administration554

We administer three role-specific surveys in De-555

liberation.io (Pei et al., 2025; Zhu et al., 2025).556

Prolific6 routes qualified Structured Writing AI557

Taskers to the corresponding survey, and partic-558

ipants receive a completion code upon submission.559

Owners create and publish a task, Writers complete560

an assigned task in HUMANLY, and Verifiers review561

fixed certificate screenshots and context. All agree-562

ment items use a five-point scale, and we retain 30563

valid responses per role. For Owners and Writers,564

we manually inspect submitted task or certificate565

links for on-task completion. Because Verifiers566

review fixed materials, we instead exclude submis-567

sions completed in under five minutes (expected:568

10–20 minutes). Dimension scores are respondent-569

level means. “I did not use it” responses to optional570

Writer AI-usefulness items are excluded item-wise,571

and the Writer anxiety item is reverse-coded before572

computing Perception. The full questionnaire is573

available online.7574

B Red-Teaming Study Details575

Task and Agent Setup. We collect 20 human-576

operated and 20 agent-operated submissions. After577

quality filtering, 17 human-operated and 20 agent-578

operated submissions remain usable for the com-579

mon evaluation. Red-team sessions use a standard-580

ized TOEFL “Writing for an Academic Discussion”581

prompt in the native HUMANLY editor, with the AI582

mode set to full, copy-paste allowed, a 20-minute583

window, and a 1000–2000 character requirement.584

The test prompt uses a topic disjoint from the top-585

ics used to train the HUMANLY Typing Detector.586

6 Prolific 7 HUMANLY user-study question list.

For automated-operation sessions, a computer-use 587

agent (CUA) controls the browser and completes 588

the HUMANLY writing task. We instantiate this con- 589

dition through the OpenAI Codex platform,8 using 590

GPT-5.5 as the base model, under two prompting 591

strategies: Direct and Human-like. The prompt text 592

is maintained online.9 593

Baselines and Metrics. The LLM-as-judge base- 594

lines score each serialized activity log zero-shot, 595

using GPT-5.1, Claude Sonnet 4.6, and Claude 596

Opus 4.8; Claude Opus 4.8 runs with high rea- 597

soning effort. Each judge receives a generic task 598

description with no hand-engineered detection cues 599

or labeled examples. The judge prompt is main- 600

tained online.10 The HUMANLY Typing Detector 601

threshold is chosen on held-out validation submis- 602

sions to keep the human false-positive rate low, 603

since a false flag directs review toward a compli- 604

ant writer. Treating agent-operated submissions 605

as positive, Table 4 defines the thresholded out- 606

comes. We report four metrics. Human FPR is 607

FP/(FP + TN), the fraction of human-operated 608

submissions wrongly flagged as agent-operated. 609

Agent TPR is TP/(TP + FN), the fraction of 610

agent-operated submissions correctly flagged. AU- 611

ROC summarizes threshold-free separation: the 612

probability that a randomly chosen agent-operated 613

submission receives a higher detector score than 614

a randomly chosen human-operated one, where 615

0.5 is chance and 1.0 is perfect separation. Infer- 616

ence time is the mean wall-clock time to score one 617

submission. For the LLM judges this is the per- 618

submission API round-trip through OpenRouter 619

(network plus model generation), whereas for the 620

HUMANLY Typing Detector it is local feature ex- 621

traction plus a single LightGBM prediction with 622

no network call. 623

Pred. agent Pred. human

Actual agent TP FN
Actual human FP TN

624

Table 4: Confusion matrix for thresholded human typing
detection.

C Configuration and Capture Details 625

Table 5 lists the main environment controls exposed 626

by HUMANLY, and Table 6 counts the 27 review- 627

able activity labels in the native writing editor. The 628

main paper summarizes these fields because the ex- 629

act configuration differs between personal writing 630

and assigned tasks. 631

8 OpenAI Codex computer use. 9 HUMANLY red-team
Codex prompts. 10 HUMANLY LLM-as-judge prompt.
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Setting Personal Task Values

Files/resources ✓ ✓ Source PDFs, task PDFs, and writer-provided resources.

Resource access ✓ ✓
Downloadable or view-only PDFs; view-only uses
short-lived tokens and canvas rendering.

Preset/import ✓ ✓ Default, custom, and JSON import/export configurations.

AI access ✓ ✓ Off, polish-only, chat-only, or full assistance.

AI guard policy ✓ ✓
Optional rejection rules for agent chat in chat-only or full
modes.

AI provider/model ✓ ✓
User API key; Together, OpenRouter, OpenAI, Anthropic;
curated model/capability allowlists.

AI budgets Tokens Tokens
+requests Shortcut/chat token budgets; per-user task request cap.

Copy/paste ✓ ✓ Copy, cut, and paste allowed or blocked.

Writing timer ✓ ✓
Optional countdown; timed task attempts can auto-submit
at expiry.

Anomaly behavior review ✓ ✓
Enable Anomaly Pattern, HUMANLY Typing Detector, or
both.

Length bounds Max Min/max Final character limits for personal writing or assigned
tasks.

Task attempts No ✓
Single durable attempt or restart-allowed mode with a
maximum attempt count.

Availability No ✓ Task start and end window.

Guest link No ✓ Public link can require sign-in or allow guest submissions.

Table 5: Configurable writing-environment settings. “Task” refers to admin-created assigned tasks and public share
links.

Category Count Native editor

Text editing 5 Typed text; deletions; replacements; line breaks; blank-line insertions.

Clipboard / formatting 4 Paste; copy; cut; formatting changes.

Workspace status 5 Workspace leave; workspace return; editor focus; editor unfocus; text
selections.

AI assistance 8 AI chat; AI quick actions (Fix grammar; Improve writing; Simplify; Make
formal); AI inserted; AI chat copy; AI response paste.

Anomaly patterns 5 Rapid text accumulation; untracked text source; frequent workspace exits;
blocked copy-paste attempts; chat refusals.

Table 6: Reviewable activity labels in the native writing editor and certificate evidence. The five anomaly patterns
are derived from logged events and certificate metrics rather than additional raw event types.
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