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Abstract001

Social media are shifting towards pluralism —002
community-governed platforms where groups003
define their own norms. What violates rules004
in one community may be perfectly acceptable005
in another. Can AI models help detect rule vi-006
olations of such pluralistic communities? We007
formalize the task as a multiple-choice prob-008
lem, mirroring how human moderators operate009
in the real world: given a comment and its sur-010
rounding context, identify which specific rule,011
if any, is violated. We introduce PLURULE, a012
multimodal, multilingual benchmark for detect-013
ing 17,313 rule violations across 2,419 Reddit014
communities spanning 3,692 pluralistic rules015
in 10 languages. Using this benchmark, we016
show that state-of-the-art vision-language mod-017
els struggle significantly: even GPT-5.2 with018
high reasoning performs only slightly better019
than a trivial baseline. We also find that bigger020
models and increased context provide marginal021
gains, and universal rules like civility and self-022
promotion are easier to detect. Our results show023
that pluralistic moderation of social media is a024
fundamental challenge for language models.025

1 Introduction026

Ensuring platform safety and encouraging construc-027

tive participation are among the most persistent028

challenges of social media governance (Gillespie,029

2020). On centralized platforms such as X (Trans-030

parency, 2025), YouTube (Google, 2025), and Meta031

(Meta, 2024), content moderation is increasingly032

carried out by a combination of human modera-033

tors and automated detection algorithms. These034

systems typically focus on narrowly defined cate-035

gories — such as unlawful content, incivility, hate036

speech, and harassment — that are assumed to be037

universal across all users and communities. By038

privileging mainstream norms, they overlook the039

values, languages, and forms of expression used040

by minority communities, leading to higher rates041

Input Prompt

Subreddit Info:

Subreddit: r/santamonica: Welcome to Santa Monica, California

Anything related to Santa Monica, where the rent is high but the
temperatures aren’t.

Rules:

Rule 1: Santa Monica-related only

Please keep posts to Santa Monica-specific issues. Venice and West
LA issues can be posted in /r/LosAngeles

. . . (other rules). . .

Rule 6: No calling people paid shills just because they disagree
with you.

Accusing people of being paid shills with no proof just because they
disagree with you can and will result in bans.

Rule 7: No hateful speech directed at other people, including about
the homeless.

If you want to say something disgusting about homeless people,
NextDoor is always there for you.

Submission:

Homeowners association sues City and Fairmont Miramar over hotel
redevelopment approval
USER1, Tue, Dec 15, 2020, 1:37PM

[URL]

Discussion:

Comment 1: User 1, Tue, Dec 15, 2020, 1:38PM

And people wonder why everything is so expensive here. . .

. . . (other comments). . .

Comment 4 [TARGET COMMENT]: User 4, Mon, Dec 21, 2020, 3:58PM

You must work for Dell. He’s been ripping off Santa Monica for years
by avoiding taxes on the Fairmont Miramar. Look it up. He’s a right
wing a-hole

Question: Does the [TARGET COMMENT] violate a rule?

(a) No hateful speech directed at other people, including about the
homeless; (b) Santa Monica-related only; (c) No rules broken; (d) No
calling people paid shills just because they disagree with you; (e) No
spam; (f) Appealing bans; (g) Respect other redditors; (h) No low-effort
posts

Model Response

The [TARGET COMMENT] violates:
(a) No hateful speech directed at other people, including about the
homeless. ✗

Figure 1: A PLURULE example. The model receives the
full context of the target comment, then selects which
rule is violated. Here, the correct answer is (d) but the
model selects (a).
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of content removal for marginalized groups (Lin-042

gel and Golub, 2015; Jiang et al., 2020; Griffin,043

2024; Celeste et al., 2023). Centralized platform044

rules therefore fail to account for the diverse expe-045

riences and contextual meanings that vary across046

communities (Díaz and Hecht-Felella, 2021).047

Bucking this trend, some platforms have adopted048

community-governed structures that allow groups049

to define their own norms. Reddit, for instance,050

hosts hundreds of thousands of topic-based com-051

munities (subreddits), each with its own rule set052

in addition to platform-wide guidelines (Reddit,053

2025). While these pluralistic structures empower054

communities, they also place a substantial burden055

on volunteer moderators. On Reddit alone, the esti-056

mated value of this uncompensated labor exceeded057

$3.4 million in 2020 (Li et al., 2022b). Unsurpris-058

ingly, moderators are often eager to adopt auto-059

mated tools that can reduce their burden (Robinson,060

2025; Dosono and Semaan, 2019; Hill, 2019; Lloyd061

et al., 2025).062

However, the contextual nature of community-063

specific rules poses a fundamental challenge for064

automation. What violates a rule in one commu-065

nity may be perfectly acceptable in another (Chan-066

drasekharan et al., 2019; Li et al., 2022a). A satiri-067

cal insult about someone’s appearance, for instance,068

is encouraged in r/RoastMe but would violate ci-069

vility rules in most other communities. Similarly,070

self-promotion that constitutes spam in most sub-071

reddits is required in creative showcase communi-072

ties. Effective moderation requires understanding073

not just the rule text, but the implicit norms, values,074

and purposes that each community has developed075

over time.076

Given these contextual complexities, the ques-077

tion arises whether modern AI systems can effec-078

tively assist with pluralistic moderation. The cen-079

tral challenge is whether language models can rec-080

ognize that identical content may be acceptable in081

one community but violate rules in another. Even082

similar rules may be interpreted differently depend-083

ing on local community norms (Selbst et al., 2019;084

Birhane et al., 2021).085

To investigate this question empirically, we for-086

malize the detection of rule violations as a multiple-087

choice task that mirrors how human moderators088

operate in practice (Figure 1). We introduce PLU-089

RULE, the first multimodal, multilingual bench-090

mark for detecting violations of pluralistic commu-091

nity rules. The benchmark comprises 17,313 mod-092

eration instances with 92,305 comments and 4,843093

images, spanning 2,419 subreddits with 3,692 dis- 094

tinct rules across 10 languages. PLURULE incor- 095

porates substantial diversity along two dimensions: 096

27 semantically-derived subreddit categories (e.g., 097

politics, gaming, music) and 31 rule categories 098

(e.g., civility, self-promotion, spoilers). 099

Using PLURULE, we evaluate state-of-the-art 100

vision-language models (VLMs) on the detection 101

of pluralistic rule violations under different context 102

conditions. Our results reveal substantial limita- 103

tions: even GPT-5.2 with high reasoning effort 104

achieves only 58% accuracy, barely exceeding a 105

trivial baseline that always predicts no violation 106

(50%). Providing additional context — the dis- 107

cussion thread, original submission, participant 108

labels, and images — improves GPT-5.2’s perfor- 109

mance by only 2–3 percentage points. Open-weight 110

models like Qwen3-VL-Instruct and Qwen3-VL- 111

Thinking perform even worse, failing to surpass 112

baseline performance. Performance breakdown by 113

rule category reveals that models successfully de- 114

tect universal violations such as civility (69%) and 115

self-promotion (67%), but fail on rules that require 116

contextual understanding; sourcing requirements 117

(30%), content neutrality (40%), and topic rele- 118

vance (43%) all fall well below baseline. These 119

results reveal a critical gap: current VLMs can 120

enforce universal norms but cannot adapt to the 121

diverse, context-dependent standards that define 122

pluralistic moderation. 123

2 Related Work 124

Existing datasets for content moderation focus on 125

narrow categories such as toxic speech (Hoang 126

et al., 2024), hate speech (Nghiem and Daumé Iii, 127

2024), or misogyny (Sheppard et al., 2024). Auto- 128

mated systems trained on these datasets are limited 129

to detecting broadly unacceptable content under 130

singular global standards of appropriateness. This 131

assumption breaks down in decentralized platforms, 132

where different demographic groups significantly 133

diverge about what is considered respectful, emo- 134

tionally appropriate, or toxic (Sachdeva et al., 2022; 135

Ali et al., 2025). Moderation on such platforms 136

is inherently community-dependent and must ac- 137

count for pluralistic, community-specific rules. On 138

Reddit, for example, rules extend beyond toxicity 139

(Binns et al., 2017; Matias, 2019) to include locally 140

defined norms around formatting, tone, and ideo- 141

logical or topical relevance (Chandrasekharan and 142

Gilbert, 2019). 143
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Even the enforcement of similar norms can vary144

widely across communities (Chandrasekharan et al.,145

2018). On Reddit in particular, moderators rou-146

tinely interpret rules and assess the appropriateness147

of content relative to local community values rather148

than mechanically executing fixed policies (Li et al.,149

2022a; Fiesler et al., 2018; Matias, 2019). Conse-150

quently, within a community, multiple moderators151

can diverge when guidelines are broad or context-152

dependent (Binns et al., 2017; Chandrasekharan153

et al., 2019). Across communities, the same con-154

tent may be acceptable in one context while violat-155

ing norms in another — a distinction that models156

trained on aggregated data from multiple commu-157

nities often fail to capture (Sap et al., 2022; Raji158

et al., 2020).159

Previous work attempts to model the community-160

dependent nuance of moderation, but does not ad-161

dress its context-dependent nature. Chandrasekha-162

ran and Gilbert (2019) identify a small set of re-163

curring “macro” norms shared across communities.164

Park et al. (2021) introduce a text-only dataset that165

collapses thousands of community-specific rules166

into coarse-grained types. This approach abstracts167

thousands of individual subreddit rules into a lim-168

ited number of universal categories, obscuring dif-169

ferences that define each community. (He et al.,170

2024) provide models with individual rules for bi-171

nary yes/no judgments.172

PLURULE advances beyond prior work along173

three key dimensions. First, it explicitly models174

pluralism: instead of applying a fixed set of uni-175

versal categories, models must reason over distinct,176

community-defined rules. Second, it frames moder-177

ation as a rule identification task (multiple-choice)178

rather than binary classification. This mirrors real-179

world moderator workflows and enables more fine-180

grained evaluation. Finally, PLURULE is multilin-181

gual and multimodal, capturing the visual (Gomez182

et al., 2020) and linguistic (Blodgett et al., 2016)183

diversity of online communities often overlooked184

by text-only benchmarks.185

3 PLURULE Benchmark186

PLURULE formalizes the task of detecting rule187

violations of pluralistic communities on Reddit as188

a multiple-choice question (Figure 1). Given a189

comment from a specific community (subreddit),190

models must identify which specific rule, if any,191

has been violated.192

For each comment, models receive the commu-193

nity’s rules along with the surrounding context that 194

moderators consider when making decisions. The 195

context includes: (1) the discussion thread that 196

precedes the comment; (2) the submission post to 197

which the comment responds, including any im- 198

ages; and (3) anonymized identifiers of the partici- 199

pants in the discussion. 200

Each instance in PLURULE consists of a pair: 201

a violating comment and a compliant comment 202

with overlapping context from the same submission. 203

Models are evaluated on both comments separately. 204

For each comment, models are presented with an- 205

swer options consisting of all subreddit rules plus a 206

“No rules broken” option, labeled (a), (b), (c), etc. 207

Each comment’s answer options are deterministi- 208

cally shuffled using a seed based on the comment 209

ID to prevent models from exploiting positional 210

bias. The correct answer for violating comments 211

is the violated rule; for compliant comments, it is 212

“No rules broken.” Since half the comments vio- 213

late a rule and half do not, always predicting “No 214

rules broken” yields a majority baseline of 50% 215

accuracy. 216

4 PLURULE Construction 217

We select Reddit as a platform because modera- 218

tion actions are public: a moderation action occurs 219

when a human moderator leaves a comment ex- 220

plaining a rule violation (e.g., “Your comment vio- 221

lates Rule 2”). We construct PLURULE by starting 222

from such moderator comments in the Pushshift 223

Reddit archives (Baumgartner et al., 2020) and 224

transforming them into structured benchmark in- 225

stances with verified rule labels, contrastive pairs, 226

and semantic clustering. Below we describe the 227

five-phase pipeline for this construction process. 228

4.1 Phase 1: Data Collection 229

We start from a publicly hosted version of the 230

Pushshift Reddit archives (Cohen and Lo, 2014), 231

spanning from December 2005 to February 2023 232

and containing approximately 15 billion comments 233

across 40 thousand subreddits. From these archives, 234

we extract comments by moderators, flagged by a 235

“distinguished” field in the comment object. To 236

focus only on comment (not post) violations, we 237

exclude top-level replies to submission posts. We 238

filter out accounts with usernames that match bot- 239

related keywords, e.g., “bot,” “automod.” This 240

yields approximately 10 million moderator com- 241

ments across 40 thousand subreddits. 242
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/ Subreddits

PLURULE

Figure 2: PLURULE construction pipeline

We then query the Reddit API to collect each243

subreddit’s full object. This helps to retrieve its cur-244

rent rules, infer its official language, and determine245

if it is NSFW (not-safe-for-work). Each subreddit246

must have at least one moderator comment and at247

least two explicit rules. We also exclude commu-248

nities with adult content (NSFW). After filtering249

for these criteria, we obtain 17,468 subreddits with250

131,400 rules and approximately 9 million modera-251

tor comments.252

4.2 Phase 2: Rule Matching253

Moderators often reference rules in their comments254

(e.g., “Rule 3 – No personal attacks”). Despite this,255

linking historical moderator comments to specific256

rule violations is a key challenge because rules257

evolve over time: new ones are added, old ones are258

deleted, and numbering and wording of existing259

rules can change. Since the Reddit API provides260

only present-day rules (as of November 2025), we261

match the full text of moderator comments to the262

full text of current rules.263

We use Qwen3-Embedding-8B, a multilingual264

text embedding model, to encode all 9 million mod-265

erator comments and 131,400 rules as dense vec-266

tors. For each comment, we compute cosine simi-267

larity against all rules of the subreddit to which it268

belongs (7.5 rules on average), producing 90 mil-269

lion comment-rule scores.270

We apply two thresholds to infer high-quality la-271

bels. First, a match threshold at the 99th percentile272

of similarity scores (0.78): only comment-rule273

pairs above this threshold count as matches. Sec-274

ond, an ambiguity threshold at the 98th percentile275

(0.75): if multiple rules for a single comment ex-276

ceed this threshold, we discard the comment en-277

tirely to avoid inferring ambiguous labels. From278

9 million moderator comments, 174,412 ambigu-279

ous cases are discarded, yielding 775,594 matched280

comments. In Phase 4, after additional filtering, we281

verify the quality of these matches.282

4.3 Phase 3: Instance Construction283

We wish to capture the complete conversational284

context of each violation, i.e., the full comment285

thread leading to the rule-violating comment — the 286

one to which the moderator replied. We collect all 287

comments from the same submission by matching 288

submission IDs in the Pushshift archives, yielding 289

84.9 million comments. We then build comment 290

trees representing the reply structure. From each 291

tree, we extract a violating thread: the path from 292

the rule-violating comment up through its parent 293

comments to the root submission. 294

Effective moderation requires a capability to dis- 295

criminate between similar rule-violating and com- 296

pliant comments within the same discussion. To 297

this end, we pair each violating thread with a com- 298

pliant thread — a discussion branch from the same 299

submission that received no moderator action. We 300

first select candidate compliant threads with depth 301

equal to the violating thread (n) or, if not possible, 302

n− 1. 303

We then apply five filtering criteria. For both vio- 304

lating and compliant threads, we exclude: (1) delet- 305

ed/removed content or deleted users to ensure com- 306

plete discussion context; (2) media in comments 307

to limit images to submissions only; and (3) any 308

moderator-authored comments in the thread to 309

avoid back and forth discussions between a moder- 310

ator and a user. For violating threads specifically, 311

we exclude (4) edited leaf comments that became 312

compliant after moderator intervention. For com- 313

pliant threads specifically, we exclude (5) leaf com- 314

ments with moderator replies to ensure no modera- 315

tor flagged these comments as violations. 316

After filtering, we rank candidate compliant 317

threads for each violating thread using three cri- 318

teria to maximize the shared context between the 319

two: (1) higher thread depth to prioritize n over 320

n−1; (2) higher number of common ancestors; and 321

(3) lower vote score, to select less popular content 322

that nevertheless complied with community rules. 323

We select the compliant thread that ranks highest. 324

To complete the benchmark instances, we finally 325

collect full submission objects from Pushshift for 326

all thread pairs. We remove thread pairs for submis- 327

sions with NSFW content, crossposts, and videos. 328

For the remaining submissions, we download im- 329

ages using a priority hierarchy: gallery images, 330
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Figure 3: Two dimensions of pluralism in the PLURULE benchmark. Left: 2D UMAP visualizations of (a) 2,419
subreddits and (b) 3,692 rules, with colors indicating cluster assignments by HDBSCAN. Grey points represent
unclustered items categorized as “other”. Right: Distributions of 17,313 instances across (c) 27 subreddit clusters
and (d) 31 rule clusters, with bar colors matching the cluster colors.

Split Instances Comments Images Subreddits / Clusters Rules / Clusters Languages

Train 11,979 66,280 2,882 1,104 / 27 1,801 / 31 10
Val 1,809 9,810 512 703 / 27 779 / 31 10
Test 3,525 16,215 1,449 2,419 / 27 2,491 / 31 10

Total 17,313 92,305 4,843 2,419 / 27 3,692 / 31 10

Table 1: PLURULE statistics. Each instance consists of one rule-violating and one compliant comment from the
same submission. All 2,419 subreddits appear in the test set. We count only the 10 languages with at least 10
instances each. There are 24 languages with at least one instance.
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direct URLs, video thumbnails, and Reddit-cached331

previews as fallbacks. Each download is validated332

for image content type and capped at 50 MB. We333

also exclude submissions with deleted/removed334

content, deleted users and those posted by mod-335

erators.336

From 775,594 matched comments, we build337

448,379 comment trees and successfully create338

21,238 instances, totaling 42,476 threads. Most339

failures for threads and submissions stem from340

deleted/removed content or deleted users.341

4.4 Phase 4: Verification342

We use a large language model, Qwen3-30B-A3B-343

Instruct, to verify the rule matches inferred in344

Phase 2 for the benchmark instances. For each345

instance, we present the model with the moderator346

comment and matched rule to classify the comment347

as: (a) stating a violation of the rule, (b) discussing348

the rule, or (c) unrelated to the rule. We retain349

as ground-truth labels only matched rules classi-350

fied as (a), achieving an 81.5% verification rate351

(17,313 out of 21,238 instances). This step filters352

out incorrect matches and cases where moderators353

mentioned a rule without enforcing it.354

To evaluate the accuracy of these ground-truth355

labels, three authors independently annotated 100356

moderator comments sampled randomly from En-357

glish subreddits. For each moderator comment,358

annotators selected which subreddit rule was vio-359

lated from the available options — the same task360

performed by the matching pipeline. For 78 of361

the comments in the sample, all three annotators362

agreed on the label. In 16 cases, the label was363

assigned based on a majority (two of the three an-364

notators agreed). In the six remaining cases, there365

was no majority agreement and the label was ad-366

judicated after further inspection by one annotator.367

Comparing the pipeline’s labels against this human-368

established ground truth, we found 95% overall369

accuracy: 100% on full-agreement cases (78/78),370

81.25% on majority-agreement cases (13/16), and371

66.67% on adjudicated cases (4/6).372

4.5 Phase 5: Data Splitting and Clustering373

We split the instances into training, validation, and374

test sets using a strategy based on the number of375

instances per subreddit. For subreddits with a sin-376

gle instance, we allocate the instance to the test set.377

For subreddits with two instances, we allocate one378

instance to the training set and one to the test set.379

For subreddits with 3–9 instances, we allocate one380

each to test and validation sets, and the remaining 381

to the training set. For subreddits with 10 or more 382

instances, we use a 80/10/10 split for the training, 383

validation, and test sets. This ensures all commu- 384

nities appear in the test set while preventing any 385

single community from dominating the evaluation. 386

To analyze model accuracy across pluralistic 387

communities, we cluster subreddits and rules based 388

on their semantic embeddings. For subreddits, 389

we embed the subreddit name, title, and descrip- 390

tion. For rules, we embed the concatenation of 391

short name, description, and violation reason. We 392

apply UMAP for dimensionality reduction using 393

cosine distance on the 4,096-dimensional Qwen3- 394

Embedding-8B, then HDBSCAN for density-based 395

clustering (see Appendix A). Figure 3 shows that 396

rules cluster more cleanly than subreddits, reflect- 397

ing their greater semantic coherence compared to 398

the diversity of community topics. 399

We label each cluster using Qwen3-30B-A3B- 400

Thinking (see Appendix A) followed by manual 401

refinement. We assign these cluster labels to all 402

instances, enabling both fine-grained and category- 403

level evaluation. Table 1 provides full statistics of 404

the PLURULE dataset. 405

5 Evaluation 406

5.1 Experimental Setup 407

For each instance, models receive the subreddit 408

description, complete rule set, and surrounding 409

context, then select the correct answer from the 410

multiple-choice options. We report accuracy on the 411

test set, with the 50% baseline corresponding to 412

always predicting “No rules broken.” We compute 413

95% confidence intervals via bootstrap resampling 414

with 100 thousand iterations. 415

We evaluate three open-weight Vision-Language 416

Models from the Qwen3-VL family for their di- 417

versity in sizes (4B, 8B, and 30B) and OpenAI’s 418

flagship model GPT-5.2. For each Qwen model, 419

we test both Instruct and Thinking variants. For 420

GPT-5.2, we test with low and high reasoning ef- 421

fort. Qwen models use temperature 0 and seed 0 422

for reproducibility. 423

We use a two-stage evaluation pipeline. In 424

Stage 1, the model generates a free-form response 425

to the input (see Fig. 1). In Stage 2, we append 426

“Final Choice:” to prompt the model for its final 427

answer, then extract the selected option (a–h) using 428

a regular expression. For GPT-5.2, Stage 2 uses 429

Qwen3-VL-30B-Instruct for answer extraction. 430
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Models Qwen3-VL-4B Qwen3-VL-8B Qwen3-VL-30B GPT-5.2

Variants Instruct Thinking Instruct Thinking Instruct Thinking Low High

Comment Only 49.3 37.7 50.9 41.4 50.1 45.4 54.5 55.0
+Discussion 48.9 (-0.4) 40.2 (+2.5) 50.9 (+0.0) 44.6 (+3.2) 50.7 (+0.6) 46.8 (+1.4) 55.1 (+0.6) 55.8 (+0.8)

+Submission 47.6 (-1.3) 44.6 (+4.4) 49.8 (-1.1) 46.9 (+2.3) 51.6 (+0.9) 48.7 (+1.9) 57.1 (+2.0) 57.5 (+1.7)

+User 48.0 (+0.4) 44.5 (-0.1) 50.4 (+0.6) 47.2 (+0.3) 52.2 (+0.6) 49.2 (+0.5) 57.8 (+0.7) 57.6 (+0.1)

+Images 47.2 (-0.8) 44.7 (+0.2) 50.8 (+0.4) 45.7 (-1.5) 52.7 (+0.5) 48.8 (-0.4) 57.3 (-0.5) 58.2 (+0.6)

Baseline 50.0

Table 2: Accuracy (%) across models and context levels. Numbers in parentheses show differences from the previous
row. Best-performing contexts for each model variant are highlighted in bold. 95% CI for all values do not exceed
±1.1%. The baseline corresponds to always predicting “no rules broken.”
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Figure 4: Accuracy for GPT-5.2 (high reasoning) with full context by (a) subreddit clusters and (b) rule clusters.
Error bars show 95% CI. Dashed lines indicate the baseline.

To understand which contextual signals aid rule431

violation detection, we test five cumulative context432

levels, where each level adds information to the433

previous: (1) Comment Only — the target com-434

ment; (2) + Discussion — the full comment thread435

leading to the target comment; (3) + Submission —436

title and body text of the original post that initiated437

the discussion; (4) + User — anonymized author438

labels (USER1, USER2, etc.) to track participants;439

and (5) + Images — media from the submission,440

when available. All levels include the subreddit441

description and complete rule set as baseline. We442

further analyze performance by subreddit cluster443

and rule cluster to identify which community types444

and rule categories pose the greatest challenges.445

5.2 Results 446

Table 2 reports accuracy across model sizes, con- 447

text configurations, and reasoning variants (see Ap- 448

pendix B for violating/compliant comment break- 449

downs.) GPT-5.2 substantially outperforms all 450

Qwen variants, with high reasoning effort achiev- 451

ing 58.2% accuracy — 8 points above the 50% 452

baseline — while Qwen models barely exceed the 453

baseline regardless of scale. 454

Focusing on GPT-5.2 with high reasoning, ad- 455

ditional context provides limited signal for rule 456

violation detection: using the full context im- 457

proves performance by only 3.2 percentage points 458

above comment-only, with submissions yielding 459

the largest gain (+1.7 points). 460
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Extended reasoning does not necessarily help461

with this task: Qwen Thinking variants underper-462

form their Instruct counterparts, while the differ-463

ences between GPT-5.2 with low and high reason-464

ing are not significant.465

Figure 4 breaks down accuracy by subreddit and466

rule clusters for GPT-5.2 (high reasoning) using467

full context. See Appendix B for breakdowns by vi-468

olating/compliant comments and languages. Perfor-469

mance varies substantially across community clus-470

ters: tech (69%), anime (66%), and trading (66%)471

subreddits achieve the highest accuracy, while re-472

ligion (44%), pandemic (48%), and memes (49%)473

fall below baseline. Rule clusters show even greater474

variability: civility (70%), recruitment (69%), and475

self-promotion (66%) rules are detected reliably,476

but source requirements (30%), neutrality policies477

(40%), and on-topic rules (44%) perform worse478

than baseline. Similar results are obtained with479

other models (Appendix B).480

Civility and self-promotion appear in far more481

subreddits and contain far more member rules than482

any other category (Appendix B). These univer-483

sal categories consistently rank among the highest-484

accuracy rule clusters. In contrast, pluralistic rules485

requiring local context remain challenging.486

6 Discussion487

PLURULE provides a testbed for measuring488

progress toward models that can adapt to diverse489

community standards. Unlike prior datasets that490

use coarse-grained categories or single-rule binary491

classification, PLURULE requires models to dis-492

tinguish among all of a community’s rules simul-493

taneously — mirroring the decision space faced494

by human moderators. We evaluate whether a sin-495

gle model can serve as an expert moderator across496

thousands of communities.497

Our results reveal a fundamental gap: mod-498

els succeed on universal violations like civility499

and self-promotion, but struggle with pluralistic500

rules that vary across communities. The two-501

dimensional variability — 44%–69% accuracy502

across community types and 30%–70% across rule503

categories — suggests that VLMs may be internal-504

izing universal standards from training.505

Beyond content moderation, PLURULE evalu-506

ates whether AI systems can respect diverse hu-507

man communities rather than imposing uniform508

standards. Fine-tuning on community-specific509

examples may help models learn local norms,510

though scalability across thousands of communi- 511

ties remains a challenge. Retrieval-augmented ap- 512

proaches that condition on historical moderation 513

decisions offer another promising direction. The 514

semantic clustering we provide enables analysis 515

of transfer learning: can models trained on one 516

community or rule type generalize to similar ones? 517

7 Limitations 518

PLURULE was constructed from publicly available 519

data where moderators left comments citing rule 520

violations. Private moderator communications, re- 521

moved content, and shadow-banned posts are not 522

accessible, meaning communities that moderate 523

silently are underrepresented. This likely biases 524

the dataset toward less severe violations, as seri- 525

ous offenses are often removed without comment. 526

English-language subreddits dominate due to Red- 527

dit’s user demographics, and findings may not gen- 528

eralize to platforms with different community struc- 529

tures or moderation practices. 530

Our pipeline matches historical moderator com- 531

ments (2005–2023) to rule sets retrieved in Novem- 532

ber 2025. While semantic matching handles rule 533

rewording and renumbering, it cannot account for 534

rules that were added, removed, or fundamentally 535

changed over time. Some matches may therefore 536

be anachronistic. 537

Finally, certain violations require information 538

unavailable in our dataset. Detecting ban evasion 539

or repeat offenders requires historical user data that 540

we do not collect for privacy reasons. 541

8 Ethical Considerations 542

PLURULE contains only publicly posted content 543

from the Pushshift archives. We anonymize all 544

usernames by replacing them with generic labels 545

(USER1, USER2, etc.). We do not collect or 546

release any private user metadata such as IP ad- 547

dresses, email addresses, or account history. 548

Models trained on PLURULE could potentially 549

be misused to evade moderation by learning what 550

content triggers enforcement. This risk is inherent 551

to any dataset that captures moderation decisions. 552

We believe the research benefits outweigh this risk, 553

as understanding moderation patterns is essential 554

for developing robust systems. 555
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A Supplementary Methods 752

For clustering subreddits and rules, we per- 753

form grid searches over UMAP and HDB- 754

SCAN parameters: n_neighbors, n_components, 755

min_cluster_size, and min_samples. We maximize 756

DBCV (Density-Based Cluster Validity), which 757

measures cluster separation and coherence. 758

For subreddits, optimal parameters yield DBCV 759

= 0.400 with 26 clusters (62 items per cluster on 760

average). We treat the remaining subreddits as the 761

‘other’ cluster (33.5% noise). For rules, optimal 762

parameters yield DBCV = 0.524 with 30 clusters 763

(100 items per cluster on average). We treat the 764

remaining rules as the ‘other’ cluster (18.6% noise). 765

We assign semantic labels to each cluster us- 766

ing Qwen3-30B-A3B-Thinking. For each cluster, 767

we prompt the model to generate 10 candidate la- 768

bels and select the most common one via majority 769

voting. We then manually verify and refine the 770

labels for consistency. This produces 31 rule clus- 771

ters (e.g., civility, self-promotion, spoiler policy, 772

flair enforcement) and 27 subreddit clusters (e.g., 773

politics, meme culture, video games, trading). 774

B Extended Results 775

Recall Breakdowns. Table 3 reports recall for vi- 776

olating and compliant comments across all models 777

and context levels. 778
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GPT-5.2 Analysis. Figure 5 shows recall by sub-779

reddit and rule clusters for GPT-5.2 (high reason-780

ing) with full context. Figure 6 shows instance781

distribution and accuracy across 10 languages.782

Qwen3-VL Analysis. For each Qwen3-VL783

model (4B, 8B, 30B), we provide three fig-784

ures: accuracy by subreddit and rule clusters785

(Figures 7, 10, 13), recall breakdowns (Fig-786

ures 8, 11, 14), and language analysis (Fig-787

ures 9, 12, 15).788

Universality Correlation. To examine whether789

models perform better on universal rule clusters, we790

measure universality in two ways: (a) the number791

of subreddits containing at least one rule in the792

cluster, and (b) the number of member rules in the793

cluster. Figures 16, 17, 18, and 19 plot accuracy794

against both measures. Spearman correlations are795

weak (ρ = 0.11–0.40), with only Qwen3-VL-8B796

reaching significance. However, civility and self-797

promotion — the most universal by both measures798

— consistently rank among the highest-accuracy799

clusters, with the exception of self-promotion for800

Qwen3-VL-4B.801
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Model Variant Metric Comment +Discussion +Submission +User +Images

Qwen3-VL-4B

Instruct
V. Recall 23.8 26.8 (+3.0) 29.6 (+2.8) 29.6 (+0.0) 31.3 (+1.7)

C. Recall 74.9 70.9 (-4.0) 65.5 (-5.4) 66.4 (+0.9) 63.1 (-3.3)

Accuracy 49.3 48.9 (-0.4) 47.6 (-1.3) 48.0 (+0.4) 47.2 (-0.8)

Thinking
V. Recall 25.8 27.1 (+1.3) 27.7 (+0.6) 29.6 (+1.9) 28.9 (-0.7)

C. Recall 49.7 53.4 (+3.7) 61.5 (+8.1) 59.4 (-2.1) 60.5 (+1.1)

Accuracy 37.7 40.2 (+2.5) 44.6 (+4.4) 44.5 (-0.1) 44.7 (+0.2)

Qwen3-VL-8B

Instruct
V. Recall 27.7 28.0 (+0.3) 28.0 (+0.0) 29.2 (+1.2) 30.9 (+1.7)

C. Recall 74.1 73.8 (-0.3) 71.6 (-2.2) 71.5 (-0.1) 70.8 (-0.7)

Accuracy 50.9 50.9 (+0.0) 49.8 (-1.1) 50.4 (+0.6) 50.8 (+0.4)

Thinking
V. Recall 33.0 33.9 (+0.9) 33.5 (-0.4) 35.1 (+1.6) 33.6 (-1.5)

C. Recall 49.8 55.3 (+5.5) 60.4 (+5.1) 59.3 (-1.1) 57.8 (-1.5)

Accuracy 41.4 44.6 (+3.2) 46.9 (+2.3) 47.2 (+0.3) 45.7 (-1.5)

Qwen3-VL-30B

Instruct
V. Recall 31.3 31.7 (+0.4) 31.5 (-0.2) 32.7 (+1.2) 33.7 (+1.0)

C. Recall 68.9 69.6 (+0.7) 71.6 (+2.0) 71.7 (+0.1) 71.8 (+0.1)

Accuracy 50.1 50.7 (+0.6) 51.6 (+0.9) 52.2 (+0.6) 52.7 (+0.5)

Thinking
V. Recall 38.4 41.4 (+3.0) 40.2 (-1.2) 41.5 (+1.3) 41.0 (-0.5)

C. Recall 52.4 52.1 (-0.3) 57.3 (+5.2) 56.9 (-0.4) 56.6 (-0.3)

Accuracy 45.4 46.8 (+1.4) 48.7 (+1.9) 49.2 (+0.5) 48.8 (-0.4)

GPT-5.2

Low
V. Recall 40.7 41.8 (+1.1) 42.1 (+0.3) 43.4 (+1.3) 42.0 (-1.4)

C. Recall 68.3 68.3 (+0.0) 72.2 (+3.9) 72.3 (+0.1) 72.6 (+0.3)

Accuracy 54.5 55.1 (+0.6) 57.1 (+2.0) 57.8 (+0.7) 57.3 (-0.5)

High
V. Recall 41.6 43.1 (+1.5) 43.1 (+0.0) 43.8 (+0.7) 43.7 (-0.1)

C. Recall 68.4 68.5 (+0.1) 72.0 (+3.5) 71.3 (-0.7) 72.7 (+1.4)

Accuracy 55.0 55.8 (+0.8) 57.5 (+1.7) 57.6 (+0.1) 58.2 (+0.6)

Baseline
V. Recall 0.0
C. Recall 100.0
Accuracy 50.0

Table 3: Violating recall, compliant recall, and accuracy (%) across different models and contexts on the test set.
Numbers in parentheses indicate differences compared to values in the previous column. Best-performing contexts
for each model variant are highlighted in bold. All values have 95% CI of at most ±1.7%.
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Figure 5: GPT-5.2 (high reasoning) recall and accuracy with full context by (a) subreddit cluster and (b) rule cluster
on the test set. Stacked bars show violating and compliant recall. Bars sorted by accuracy. Dashed lines indicate the
50% baseline for accuracy.
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Figure 6: (a) Distribution of PluRule instances across 10 languages and (b) accuracy of the corresponding language
in the test set by GPT-5.2 (high reasoning) with full context. Error bars show 95% CI. Dashed line indicates the
50% baseline.
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Figure 7: Accuracy for Qwen3-VL-4B (instruct) with full context by (a) subreddit clusters and (b) rule clusters.
Error bars show 95% CI. Dashed lines indicate the baseline.
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Figure 8: Qwen3-VL-4B (instruct) recall and accuracy with full context by (a) subreddit cluster and (b) rule cluster.
Stacked bars show violating and compliant recall. Dashed lines indicate the 50% baseline.
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Figure 9: (a) Distribution of PluRule instances across 10 languages and (b) accuracy by language for Qwen3-VL-4B
(instruct) with full context. Error bars show 95% CI. Dashed line indicates the 50% baseline.
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Figure 10: Accuracy for Qwen3-VL-8B (instruct) with full context by (a) subreddit clusters and (b) rule clusters.
Error bars show 95% CI. Dashed lines indicate the baseline.
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Figure 11: Qwen3-VL-8B (instruct) recall and accuracy with full context by (a) subreddit cluster and (b) rule cluster.
Stacked bars show violating and compliant recall. Dashed lines indicate the 50% baseline.
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Figure 12: (a) Distribution of PluRule instances across 10 languages and (b) accuracy by language for Qwen3-VL-8B
(instruct) with full context. Error bars show 95% CI. Dashed line indicates the 50% baseline.

16



0 20 40 60 80 100
Accuracy (%)

tech
animals
fandom

gaming platforms
trading
anime

video games
beauty

other
advice

politics
creators

identity support
religion

music
automotive

cooking
star wars

local
memes

tv shows
hardware

api protest
visual art

sports teams
pandemic

meme finance (a)

62
62

56
56
55
55
54
53
53
53
53
52
51
51
51
50
50
50
49
49
48
48
47
47
46
45

43

0 20 40 60 80 100
Accuracy (%)

civility
proselytizing

neutrality
self-promotion

nsfw-tagging
flair

recruitment
credit

evidence-based
modmail

anti-piracy
spoilers

language
cross-sub

reposts
hate speech

other
brigading
apolitical

search
identity

karma
discussion
low-effort

on-topic
anonymity

context
day-specific

titles
location-based

source
(b)

66
62

60
60

56
55
54
54
54
54

51
50
50
50
49
48
47
46
45
45
45
44
43
43
42
41
40

36
36
35

30

Figure 13: Accuracy for Qwen3-VL-30B (instruct) with full context by (a) subreddit clusters and (b) rule clusters.
Error bars show 95% CI. Dashed lines indicate the baseline.
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Figure 14: Qwen3-VL-30B (instruct) recall and accuracy with full context by (a) subreddit cluster and (b) rule
cluster. Stacked bars show violating and compliant recall. Dashed lines indicate the 50% baseline.
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Figure 15: (a) Distribution of PluRule instances across 10 languages and (b) accuracy by language for Qwen3-VL-
30B (instruct) with full context. Error bars show 95% CI. Dashed line indicates the 50% baseline.
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Figure 16: GPT-5.2 (high reasoning) accuracy with full context compared against (a) the number of subreddits
containing rules in each cluster and (b) the number of rules per cluster. Dashed lines indicate the 50% baseline.
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Figure 17: Qwen3-VL-4B (instruct) accuracy with full context compared against (a) the number of subreddits
containing rules in each cluster and (b) the number of rules per cluster. Dashed lines indicate the 50% baseline.

20 30 40 50 60
Accuracy (%)

0

100

200

300

400

500

N
um

be
r 

of
 S

ub
re

dd
its

flair

evidence-based

credit

discussion

self-promotion

anti-piracy

civility

modmail

spoilers

neutrality

search

low-effort

source

reposts

karma

titles

context

brigading

on-topic

anonymity

day-specific

apolitical

identity
language

proselytizing

hate speech

nsfw-tagging

cross-sub
recruitmentlocation-based

ρ = 0.395
p = 0.031

(a)

20 30 40 50 60
Accuracy (%)

0

100

200

300

400

500

600

N
um

be
r 

of
 R

ul
es

flair

evidence-based

credit

discussion

self-promotion

anti-piracy

civility

modmail

spoilers

neutrality
search

low-effort

source

reposts

karma

titles

context
brigading

on-topic

anonymity

day-specific

apolitical

identitylanguage

proselytizing

hate speech

nsfw-tagging

cross-sub recruitment
location-based

ρ = 0.365
p = 0.048

(b)

Figure 18: Qwen3-VL-8B (instruct) accuracy with full context compared against (a) the number of subreddits
containing rules in each cluster and (b) the number of rules per cluster. Dashed lines indicate the 50% baseline.
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Figure 19: Qwen3-VL-30B (instruct) accuracy with full context compared against (a) the number of subreddits
containing rules in each cluster and (b) the number of rules per cluster. Dashed lines indicate the 50% baseline.
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