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Abstract001

In e-commerce, product detail pages (PDPs) of-002
ten contain hundreds or thousands of customer003
reviews, yet the interface can surface only a004
small set of concise and reliable insights. A005
useful review aggregation system must there-006
fore abstract recurring themes while preserv-007
ing which reviews support each insight. We008
study this problem as structured review-insight009
mining: review-level tuples are first extracted010
and then aggregated into ranked product-level011
insight clusters with explicit member traceabil-012
ity. We propose GRAPHREDUCE, a coverage-013
preserving framework for product-scale re-014
view insight aggregation. It combines a con-015
trastively trained projection layer over frozen016
sentence embeddings, graph-based clustering017
on local neighborhood structure, and an LLM018
reducer/ranker for naming and ordering canoni-019
cal clusters. By keeping membership account-020
ing outside the generative step, GRAPHRE-021
DUCE preserves complete tuple coverage and022
avoids a common failure mode of direct LLM023
summarization: producing plausible high-level024
themes while silently dropping long-tail evi-025
dence. Across three product-category bench-026
marks, GRAPHREDUCE improves recovery027
of gold insight clusters over strong lossless028
embedding-based baselines while maintaining029
comparable ranking quality. We further show030
that flat LLM and topic-modeling baselines can031
appear competitive under ranking metrics de-032
spite omitting substantial input evidence, and033
that an anti-copy reinforcement objective im-034
proves the quality of upstream tuple extrac-035
tion. These results highlight the importance036
of coverage-aware aggregation for faithful re-037
view insight mining in e-commerce settings.038

1 Introduction039

Product review summarization has increasingly040

moved beyond short free-form summaries toward041

more structured forms of opinion aggregation, in-042

cluding aspect-guided summaries (Boytsov et al.,043

Figure 1: Demo of review insight

2025), aspect-controllable opinion summaries (Am- 044

playo et al., 2021), learned review selection, 045

synthetic-data pipelines for e-commerce opinions 046

(Siledar et al., 2023), and facet-based faithful sum- 047

maries (Wang et al., 2025). These methods address 048

a central question: what should a summary say? 049

In e-commerce product detail pages (PDPs), how- 050

ever, a deployed review insight system must also 051

answer a second question: which reviews support 052

each displayed insight? Without explicit mem- 053

ber traceability, a system may generate fluent and 054

useful-looking themes while silently ignoring long- 055

tail evidence needed for user trust, analytics, and 056

auditability. 057

We study this setting as structured review-insight 058

mining, a two-stage problem. In the first stage, each 059

review is converted into one or more structured tu- 060

ples, each consisting of an abstracted insight, an 061

aspect, a sentiment label, a language tag, and the 062

supporting review span. In the second stage, tu- 063
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ples are grouped by product and aggregated into a064

ranked list of canonical product-level insight clus-065

ters. Each output cluster has a human-readable066

description and a complete set of member tuple ids,067

linking the displayed insight back to the evidence068

that supports it. This explicit coverage require-069

ment changes the nature of the task. A method that070

only emits salient head themes can score well un-071

der ranking-oriented metrics such as NDCG, while072

discarding the long-tail evidence needed for down-073

stream analysis, verification, and auditability.074

We propose GRAPHREDUCE, a coverage-075

preserving aggregation framework for product-076

scale review insights. GRAPHREDUCE first maps077

tuple representations into a product-cluster-aware078

space using a lightweight contrastive projection079

over frozen sentence embeddings. It then con-080

structs local-neighborhood graphs, applies spec-081

tral clustering, and uses an LLM reducer/ranker082

to name and order the resulting canonical clusters.083

Crucially, semantic generation is separated from084

membership accounting: the LLM produces clus-085

ter labels and rankings, while tuple membership is086

propagated deterministically through the aggrega-087

tion pipeline. As a result, every input tuple remains088

assigned to exactly one output cluster.089

This formulation differs from subset-based opin-090

ion summarization (Jiang et al., 2023; Bražinskas091

et al., 2021), which first selects a small set of repre-092

sentative reviews and then summarizes them. Our093

goal is not to summarize a chosen subset, but to ag-094

gregate all extracted evidence into a compact set of095

traceable product insights. This distinction is espe-096

cially important for long-context LLM aggregation:097

direct prompting can often produce plausible high-098

level themes, but as the number of tuples grows, it099

may omit substantial portions of the input without100

an explicit failure signal.101

Our contributions are threefold:102

1. Task and benchmark. We formulate prod-103

uct review insight mining as ranked clustering104

with explicit member-id coverage, and eval-105

uate systems using ranking quality, cluster106

recovery, coverage, and duplicate assignment107

metrics across three e-commerce product cat-108

egories.109

2. Method. We introduce GRAPHREDUCE,110

a projection-plus-graph-clustering-plus-LLM111

aggregation pipeline that preserves member112

coverage by construction while producing113

canonical ranked insight clusters.114

3. Findings. Across three category benchmarks, 115

GRAPHREDUCE recovers gold insight clus- 116

ters more effectively than strong lossless 117

embedding-based baselines while maintain- 118

ing comparable ranking quality. We also show 119

that flat LLM and topic-modeling baselines 120

can appear competitive under ranking met- 121

rics despite dropping input evidence, and that 122

anti-copy reinforcement learning improves the 123

upstream tuple extractor. 124

2 Related Work 125

Opinion and product review summarization. 126

Opinion summarization has moved from free-form 127

summaries toward structured and controllable rep- 128

resentations of user opinions, including aspect- 129

controllable summarization (Amplayo et al., 2021), 130

review and subset selection (Jiang et al., 2023), 131

synthetic e-commerce data (Siledar et al., 2023), 132

LLM-based facet induction (Wang et al., 2025), ex- 133

tractive aspect-based summarization (Gunel et al., 134

2023), latent-facet discovery (Lakkaraju et al., 135

2011), and industrial aspect-guided review summa- 136

rization (Boytsov et al., 2025; Soltan et al., 2022). 137

These methods mainly address what a summary 138

should contain and how it should be expressed. 139

Our setting adds evidence accounting: each dis- 140

played insight must remain linked to its supporting 141

review-level evidence. We therefore aggregate ex- 142

tracted evidence into ranked canonical clusters with 143

explicit member assignments, rather than produc- 144

ing only a free-form summary or a selected review 145

subset. 146

Aspect-based sentiment analysis and tuple ex- 147

traction. Aspect-based sentiment analysis iden- 148

tifies opinion targets and sentiment in reviews 149

(Pavlopoulos and Androutsopoulos, 2014; Tang 150

et al., 2016; Chen et al., 2017; Xue and Li, 2018). 151

Our upstream extractor extends this setup with tu- 152

ples containing an abstracted insight phrase, aspect, 153

sentiment label, language tag, and verbatim evi- 154

dence span. The span grounds the tuple, while the 155

insight should abstract the sentiment-bearing con- 156

tent. This creates a copying failure mode, where a 157

model satisfies grounding by reusing the evidence 158

span as the insight. We use DPO (Rafailov et al., 159

2023) and GRPO (Shao et al., 2024) to improve 160

abstraction, but the main focus of this paper is ag- 161

gregation over fixed extracted tuples. 162
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Long-context LLMs and evidence coverage.163

Long-context LLMs allow many review tuples to164

be placed in one prompt, but context length does165

not ensure faithful or complete source use (La-166

ban et al., 2024; Liu et al., 2024; Bai et al., 2024;167

Kim et al., 2024). In review insight aggregation,168

a model may generate plausible high-level themes169

and strong rankings while omitting less frequent ev-170

idence. We therefore separate ranking quality from171

evidence accounting, reporting NDCG and cluster172

recovery alongside tuple coverage and duplicate173

assignments.174

Contrastive embeddings and graph-based clus-175

tering. Sentence encoders such as SimCSE (Gao176

et al., 2021) and BGE (Xiao et al., 2024) provide177

strong semantic spaces, while contrastive learn-178

ing adapts embeddings to task-specific similarity179

(Wang et al., 2022). Because generic similarity180

may not match product-level insight boundaries,181

we learn a lightweight projection over a frozen182

encoder and apply spectral clustering over local-183

neighborhood graphs. Unlike recent LLM-guided184

hierarchical or graph-based clustering work (Pat-185

tnaik et al., 2024; Ashkenazi et al., 2025), our set-186

ting requires canonical descriptions and rankings187

while assigning every tuple id exactly once.188

3 Method: GRAPHREDUCE189

Figure 2 summarizes the GRAPHREDUCE aggrega-190

tion pipeline. The key design principle is to sepa-191

rate semantic abstraction from exact membership192

accounting: language models describe and rank193

clusters, while tuple assignments are maintained194

by graph clustering and deterministic set union.195

3.1 The GRAPHREDUCE inference pipeline196

Given the N extracted tuples for a product and a197

target of K output insights, GRAPHREDUCE pro-198

ceeds hierarchically. Each tuple is encoded with199

a frozen sentence encoder and mapped through a200

lightweight projection head into a product-cluster-201

aware representation space. At each aggrega-202

tion level, GRAPHREDUCE constructs a k-nearest-203

neighbor graph over the current pool and applies204

spectral clustering to obtain a hard partition. The205

number of clusters is chosen so that each reducer206

call receives a bounded-size group, while the pool207

is gradually reduced toward the target output size.208

For each cluster, an LLM reducer generates a209

canonical phrase describing the shared insight. The210

reducer output replaces the original items in the211

Algorithm 1 GRAPHREDUCE inference. Member-
id sets are propagated by deterministic union out-
side the LLM.

Input tuples T = {ti}Ni=1; target size K; group size B;
projection ϕ; reducer/ranker πθ; embedder Emb

Output ranked clusters with complete member-id assign-
ments

1 xi ← Emb(ti); zi ← ϕ(xi) for all ti
2 pool ← {(ti, zi, {row_idi})}Ni=1

3 while |pool | > K do
4 K′ ← max(K, ⌈|pool |/B⌉)
5 {Cj}K

′
j=1 ← SPECTRALKNN({z},K′)

6 pj ← πθ(Cj → NAME) for each Cj

7 Rj ←
⋃

u∈Cj
Ru; z̄j ← |Cj |−1 ∑

u∈Cj
zu

8 pool ← {(pj , z̄j , Rj)}K
′

j=1

9 end while
10 (topK , scores)← πθ(pool → RANK,K)
11 return (topK , scores, {Rj})

next-level pool, together with the cluster centroid 212

and the union of all member ids contained in the 213

cluster. This process repeats until the pool contains 214

at most K items. The same LLM is then prompted 215

to rank the final candidates and assign importance 216

scores. 217

Because each intermediate clustering step re- 218

turns a partition, and because parent member sets 219

are computed by deterministic union, every input 220

tuple remains assigned to exactly one final clus- 221

ter. The coverage guarantee therefore applies to 222

membership accounting over the extracted tuple 223

inventory; it does not depend on the LLM repro- 224

ducing row ids or maintaining global state in text. 225

A direct LLM aggregation prompt must jointly 226

decide which insights are salient, generate their 227

descriptions, and return the exact set of member 228

ids for each cluster. GRAPHREDUCE decomposes 229

these roles. The LLM is used where linguistic 230

abstraction is needed, while exact membership is 231

computed outside the model as a graph operation. 232

This makes cluster assignments auditable before 233

language generation and isolates the effect of the 234

learned projection on the geometry used by the 235

graph partitioner. 236

The number of LLM calls grows with the number 237

of bounded reducer groups, rather than relying on 238

a single long-context prompt: 239

1 +
L−1∑
ℓ=0

max

(
K,

⌈
N

Bℓ+1

⌉)
, 240

where the final 1 corresponds to the ranking prompt, 241

B is the maximum reducer group size, and L is the 242

number of aggregation levels. 243
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Multimodal Candidate List D

I’ve had this modern sectional 
sofa in my living room for ……

This sofa ended up being one of 
the best furniture purcha…

This cheeseburger looked much 
better in the pictures …

I’ve had this modern sectional 
sofa in my living room for ……

d1

d2

d3

dN

Projection
HeadFrozen Encoder KNN

Graph
Spectral
Cluster

LLM Reducer Set Union

LLM Reranker

GraphReduce Review Insights

Figure 2: Review tuples are projected into a cluster-aware embedding space and partitioned by local graph clustering.
LLMs name and rank the final insight clusters, while member ids are propagated outside the model by deterministic
set union to preserve full evidence coverage.

3.2 Training the projection head244

Generic sentence embeddings provide a useful245

starting point for tuple similarity, but their neighbor-246

hood structure is not always aligned with product-247

level insight clusters. Tuples that mention the same248

product component may be close in the embed-249

ding space even when they describe different is-250

sues, while lexically different phrases may express251

the same underlying concern. We therefore learn a252

lightweight projection head over a frozen sentence253

encoder to adapt tuple representations to the cluster254

boundaries observed within products.255

The projection head PROJHEAD is trained with256

an InfoNCE objective (Oord et al., 2018). For each257

training product, anchors and positives are sampled258

from the same gold insight cluster. Hard nega-259

tives are sampled from other clusters of the same260

product, and easy negatives from other products.261

Product-local hard negatives force the projection to262

distinguish semantically adjacent but operationally263

different issues in the same product context. The264

base encoder remains frozen, so the learned com-265

ponent only reshapes the embedding space used266

by the downstream graph partitioner. In our im-267

plementation, we use BGE-small-en-v1.5 and a268

384→256→128 MLP projection head.269

The product-level gold clusters used for pro-270

jection training are constructed from embedding-271

based candidate clusters, teacher-LLM validation272

and renaming, and LLM-based importance ranking273

(Appendix C). Test products are excluded from274

both projection-head training and reducer fine-275

tuning.276

3.3 K-way reducer supervision277

The reducer converts a group of tuples or interme-278

diate clusters into canonical insight descriptions.279

A reducer trained only on single-cluster cleanup 280

examples can name coherent groups, but it does 281

not learn what to do when a reducer call receives a 282

mixed group. This mismatch is problematic in hier- 283

archical aggregation, where early groups may con- 284

tain several related themes and require controlled 285

splitting rather than a single over-general label. 286

We therefore construct K-way reducer supervi- 287

sion from training products. For each example, 288

we sample several gold clusters from the same 289

product, draw a bounded number of tuples from 290

their union, shuffle the inputs, and train the reducer 291

to recover the corresponding partition and canon- 292

ical cluster names. This matches the reducer’s 293

inference-time role: a call may receive either a 294

coherent cluster that should be summarized as one 295

insight, or a mixed group that should be separated 296

into multiple canonical insights. In our experi- 297

ments, each synthetic reducer example samples 298

kin ∈ {2, 3, 5, 7, 10} gold clusters and at most 200 299

tuples. 300

The same LLM checkpoint is used for local nam- 301

ing and final ranking. At the final stage, each 302

candidate already carries a deterministic member 303

set, so the ranker assigns an ordering and impor- 304

tance scores without modifying membership as- 305

signments. 306

4 Experiments 307

We evaluate GRAPHREDUCE on three held-out 308

product-category benchmarks built from Amazon 309

product reviews (Hou et al., 2024): Software, Fash- 310

ion, and Baby. Each benchmark contains 100 prod- 311

ucts with product-level gold insight clusters and im- 312

portance rankings. All test products are excluded 313

from both projection-head training and reducer fine- 314

tuning. 315
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4.1 Baselines and metrics316

We compare GRAPHREDUCE against four base-317

lines that represent different trade-offs between318

semantic abstraction and evidence accounting.319

• flat_llm: a single LLM call over all tuples for320

a product, prompted to produce ranked insight321

clusters and member ids directly.322

• BERTopic (Grootendorst, 2022): a topic-323

modeling pipeline using UMAP, HDBSCAN,324

and c-TF-IDF naming over the same frozen325

BGE embeddings. HDBSCAN outliers are326

treated as unassigned.327

• hier_agglom (BGE raw): a lossless hierarchi-328

cal aggregation pipeline with the same LLM329

naming and ranking steps as GRAPHREDUCE,330

but using raw frozen BGE embeddings with-331

out the learned projection head.332

• embed_cluster: deterministic embedding333

clustering with a modal raw phrase used as the334

cluster name, without LLM-based naming.335

We report four complementary metrics. Re-336

call@10 measures the fraction of gold top-10 in-337

sight clusters recovered by the predicted top-10338

list. Precision@10 measures the fraction of pre-339

dicted top-10 clusters that match a gold cluster.340

NDCG@10 evaluates the ordering of matched pre-341

dicted clusters using the gold importance ranking342

as relevance. Predicted and gold cluster names343

are matched one-to-one using a phrase-token Jac-344

card rule; duplicate aliases do not receive repeated345

credit.346

Because ranking metrics do not measure whether347

the input evidence has been fully accounted for, we348

also report coverage and duplicate assignments.349

Coverage is the fraction of input tuple ids that ap-350

pear in at least one predicted top-10 cluster, and351

duplicate assignments count tuple ids that appear352

in more than one predicted cluster. These met-353

rics separate two questions that are often conflated:354

whether a system names the most important in-355

sights, and whether it preserves the structured evi-356

dence inventory supporting those insights.357

4.2 Main results358

Table 1 shows the main Stage-2 aggregation re-359

sults. Among methods with complete member360

coverage, GRAPHREDUCE obtains the highest re-361

call@10 in all three categories. Relative to the362

strongest lossless baseline, hier_agglom with raw363

BGE embeddings, GRAPHREDUCE improves re- 364

call@10 from 0.575 to 0.609 on Software, from 365

0.502 to 0.536 on Fashion, and from 0.618 to 0.674 366

on Baby. The gains are statistically significant un- 367

der paired Wilcoxon tests over products. At the 368

same time, GRAPHREDUCE preserves 100% cov- 369

erage and produces no duplicate member assign- 370

ments. 371

The NDCG results show a different pattern: 372

GRAPHREDUCE is comparable to the raw-BGE 373

lossless baseline, with differences within bootstrap 374

uncertainty. We therefore interpret ranking qual- 375

ity as parity rather than a consistent NDCG im- 376

provement. The main gain is improved gold cluster 377

recovery under exact evidence coverage, not sub- 378

stantially better top-insight ordering. 379

The non-lossless baselines show why coverage 380

must be reported separately. Flat LLM prompting 381

and BERTopic can be competitive on NDCG, and 382

in some categories achieve the highest NDCG or 383

precision, but they do so with incomplete evidence 384

accounting. Flat prompting omits tuple ids and pro- 385

duces duplicate assignments, while BERTopic dis- 386

cards HDBSCAN outliers. Across the 100-product 387

benchmarks, omitted inventory ranges from 4.9% 388

to 39.9%. Thus, ranking metrics alone can over- 389

state methods that capture salient head themes 390

while leaving input evidence unassigned. 391

Overall, GRAPHREDUCE is the only method that 392

improves cluster recovery over the strongest loss- 393

less baseline while retaining complete coverage 394

and zero duplicates. 395

4.3 Large-N stress test 396

We further evaluate five Fashion products with 397

N ∈ [800, 1700] tuples (Appendix G). This stress 398

test is not intended to support broad statistical 399

claims, but to examine how aggregation behaves 400

when the tuple inventory exceeds the size of the 401

main benchmark products. In this setting, flat 402

prompting keeps only 22.8% of tuple ids, despite 403

producing plausible insight names. By contrast, 404

GRAPHREDUCE maintains 100% coverage and 405

zero duplicate assignments. The result highlights 406

the central limitation of treating review insight ag- 407

gregation as a single long-context generation prob- 408

lem: the output may look coherent while failing to 409

preserve the input inventory. 410

4.4 Ablations 411

We ablate the main aggregation components on a 412

30-product Software development benchmark (Ta- 413
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Category Strategy recall@10 prec@10 NDCG@10 coverage dup calls

Software (N ≤ 297)

flat_llm 0.532 0.573 0.619 0.942 (–5.8%) 107 1.0
BERTopic 0.471 0.723 0.599 0.883 (–11.7%) 0 0.0
hier_agglom (BGE raw) 0.575 0.520 0.648 1.000 0 10.0
GRAPHREDUCE 0.609∗ 0.551 0.667 1.000 0 11.0

Fashion (N ≤ 486)

flat_llm 0.516 0.517 0.602 0.872 (–12.8%) 88 1.0
BERTopic 0.562 0.562 0.631 0.601 (–39.9%) 0 0.0
hier_agglom (BGE raw) 0.502 0.502 0.561 1.000 0 10.0
GRAPHREDUCE 0.536∗∗ 0.536 0.581 1.000 0 11.0

Baby (N ≤ 500)

flat_llm 0.618 0.539 0.676 0.951 (–4.9%) 51 1.0
BERTopic 0.430 0.792 0.575 0.879 (–12.1%) 0 0.0
hier_agglom (BGE raw) 0.618 0.465 0.652 1.000 0 10.0
GRAPHREDUCE 0.674∗∗ 0.508 0.669 1.000 0 10.6

Table 1: Stage-2 results on fixed 100-product held-out benchmarks. Coverage is the fraction of input tuple ids
assigned to predicted top-10 clusters; dup counts tuple ids assigned to multiple clusters. ∗/∗∗ denote GRAPHRE-
DUCE recall gains over hier_agglom significant at p < 0.05 / p < 0.01 by paired Wilcoxon tests (n = 100). NDCG
differences are within bootstrap uncertainty (Appendix H).

ble 7).414

First, adapting the embedding geometry helps.415

Replacing raw BGE embeddings with the con-416

trastively trained projection head improves cluster417

recovery and ranking quality under the same down-418

stream pipeline, indicating that generic semantic419

similarity is insufficient for product-level insight420

boundaries.421

Second, the hierarchical chunk-plus-rank422

pipeline matters. Using the projection with a423

simpler clustering backend degrades performance,424

showing that the gain is not from the projection425

alone. Bounded reducer calls and the final ranking426

step are both needed to convert local cluster427

structure into a stable top-K output.428

Third, more expressive learned clustering is not429

automatically better. A GraphPool-style model430

with GraphSAGE (Hamilton et al., 2017) and431

Gumbel-Softmax assignments underperforms the432

explicit spectral partition, even as its training re-433

ward improves. This points to a reward-alignment434

issue: local differentiable clustering objectives do435

not necessarily optimize top-K ranking and recov-436

ery metrics. We therefore limit the learned compo-437

nent to representation projection and retain explicit438

graph partitioning for cluster assignment.439

4.5 Qualitative analysis440

Appendix J presents a worked example and a man-441

ual analysis of common errors. We observe four442

recurring patterns. First, the reducer sometimes443

produces phrase aliases that are semantically close444

to the gold label but fail the automatic phrase match,445

lowering NDCG even when the member partition is446

reasonable. Second, long-tail clusters can compete447

with broader head themes for limited top-K slots. 448

Third, spectral clustering can over-merge related 449

issues when the product has few tuples. Finally, 450

some clusters have mostly correct member sets but 451

receive overly generic or partially incorrect names. 452

These errors suggest that future work should im- 453

prove semantic matching in evaluation, calibrate 454

the head–tail trade-off, and make cluster naming 455

more robust. 456

5 Conclusion 457

We introduced GRAPHREDUCE, a coverage- 458

preserving framework for aggregating e-commerce 459

review tuples into ranked, traceable product-level 460

insight clusters. GRAPHREDUCE uses LLMs for 461

naming and ranking, while graph clustering and 462

deterministic set propagation preserve member as- 463

signments. Across three product-category bench- 464

marks, it improves cluster recovery over strong 465

lossless baselines while maintaining comparable 466

ranking quality and complete coverage. Our results 467

show that ranking metrics alone can obscure evi- 468

dence loss: flat LLM and topic-modeling baselines 469

may look competitive while leaving input tuples 470

unassigned. Faithful review insight mining should 471

therefore evaluate not only the displayed insights, 472

but also the coverage and consistency of their sup- 473

porting evidence. 474

Limitations 475

First, the product-level gold is LLM-assisted: Gem- 476

ini participates in importance scoring and evalu- 477

ation. We use held-out product splits to avoid 478

train/test leakage, but human audits with inter- 479
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annotator agreement are needed before treating the480

benchmark as a human gold standard. Second,481

some evaluation axes remain limited. The large-N482

Fashion stress test covers only five products, Stage-483

1 extraction is fully evaluated only on Software,484

and the phrase-token matching metric may miss485

semantic equivalence or over-credit generic aliases.486

Broader human validation and semantic matching487

would make the evaluation more robust.488
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A Data Provenance, Models, and Privacy 643

Source data. All experiments use publicly re- 644

leased Amazon product reviews (Hou et al., 2024), 645

restricted to three categories: Software, Fashion, 646

and Baby Products. We use the dataset as dis- 647

tributed and do not collect any additional user data. 648

The annotation pool contains 4,828 Software, 1,112 649

Fashion, and 8,090 Baby products; the main bench- 650

marks use fixed 100-product held-out slices per 651

category (Appendix C), and Stage-1 extraction is 652

evaluated on 5,000 held-out Software reviews (Ap- 653

pendix B). 654

Privacy and anonymization. The source cor- 655

pus is a public benchmark that is already de- 656

identified at release: reviews are keyed by opaque, 657

anonymized identifiers and contain no names, 658

contact details, or account information beyond 659

the public review text. We therefore introduce 660

no additional personal data and perform no re- 661

identification. We neither attempt to recover au- 662

thor identities nor link reviews to external profiles, 663

and we release only aggregate, product-level in- 664

sight clusters rather than user-level records. No 665

new human data was collected for this work. 666

Models used and their roles. Our pipeline uses 667

several models, each confined to a specific role 668

(Table 2). Generic semantic representations come 669

from a frozen BGE-small-en-v1.5 encoder (Xiao 670

et al., 2024). Stage-1 tuple labels are produced by 671

a frontier teacher LLM, and extractor students are 672

Qwen3.5-9B variants (Yang et al., 2025) trained 673

with SFT, DPO (Rafailov et al., 2023), and GRPO 674

(Shao et al., 2024). Gemini 2.5 Pro serves as the 675

Stage-1 quality judge and, in gold construction, as 676

the Layer-3 importance ranker and member auditor 677

(Appendix C). The same fine-tuned Qwen reducer 678

is used for both cluster naming and final ranking at 679

inference time. Crucially, membership accounting 680

is deterministic and uses no LLM. As noted in 681

the Limitations, Gemini participates in both gold 682

construction and evaluation, which we treat as a 683

limitation rather than an anti-circularity guarantee. 684

B Stage-1 Extraction Details 685

Setup. We sample product-keyed reviews from 686

Amazon Software, Fashion, and Baby Products 687

(Hou et al., 2024) and label per-review tuples with 688

a frontier teacher LLM. We train Qwen3.5-9B 689

(Yang et al., 2025) variants with full-parameter 690
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Component Model Role

Sentence encoder BGE-small-en-v1.5 frozen embeddings
Stage-1 teacher frontier LLM tuple annotation
Stage-1 student Qwen3.5-9B tuple extraction
Stage-1 judge Gemini 2.5 Pro quality scoring
Gold Layer-2 teacher LLM validate / rename
Gold Layer-3 Gemini 2.5 Pro rank / audit
Reducer / ranker Qwen3.5-9B (SFT) name / rank clusters

Table 2: Models used in the pipeline and their roles.
Membership accounting is deterministic and uses no
LLM.

SFT, DPO, and GRPO. The held-out Stage-1 evalu-691

ation set contains 5,000 Software reviews. Gemini692

2.5 Pro judges five dimensions from 1 to 5: cor-693

rectness, completeness, diversity, abstraction, and694

overall quality. We report the production quality695

rate overall ≥ 4.696

Reward design. The dominant SFT failure is697

slice copying: the model places the verbatim evi-698

dence span in both slice and insight. The insight is699

then validly grounded but not abstracted. The per-700

tuple insight score starts at +1 and is clipped below701

at −2 after four penalties: −1.5 if the generated702

insight exactly equals the generated slice, −0.5 if703

the insight is a non-slice verbatim substring of the704

source review, −0.5 if the insight is not 1–3 words,705

and −0.7 if it is a vague single-token phrase such as706

“good”. The second penalty targets non-slice verba-707

tim copying from the review; it is not a penalty on708

the evidence slice itself. Auxiliary terms score as-709

pect quality, slice validity, and sentiment/language710

membership. The final GRPO reward is a fixed711

weighted sum with the insight term carrying weight712

5.0.713

Extraction results. Table 3 reports the four-way714

comparison. The main movement is in abstraction,715

the dimension targeted by the anti-copy reward.716

Overall production quality rises from 59.3% for the717

base model to 93.1% after GRPO.718

C Gold Construction and Leakage719

Controls720

We construct product-level gold clusters in three721

layers. Layer 1 builds candidate clusters from BGE-722

small embeddings using the intersection of Hierar-723

chical Density-Based Spatial Clustering of Applica-724

tions with Noise (HDBSCAN) and agglomerative725

clustering, keeping a high-precision core. Layer 2726

uses a teacher LLM to validate members, rewrite727

canonical names, merge near-duplicates, and reas- 728

sign orphans. Layer 3 uses Gemini 2.5 Pro to rank 729

the resulting clusters with 1–5 importance scores 730

and to audit a sample of member assignments. 731

The gold is used in three different ways: train- 732

ing PROJHEAD, synthesizing K-way reducer SFT 733

examples, and evaluating held-out products. To 734

avoid product-level leakage, all reported test prod- 735

ucts are excluded from both PROJHEAD training 736

and reducer SFT. We do not describe this as a 737

purely human gold standard: Gemini participates 738

in both gold construction and evaluation, and we 739

treat that dependency as a limitation rather than an 740

anti-circularity guarantee. 741

The annotation pool contains 4,828 Software 742

products, 1,112 Fashion products, and 8,090 Baby 743

Products. The main reported benchmarks use fixed 744

100-product held-out slices per category, with a 745

separate small large-N Fashion stress test. 746

D Projection-Head Training Details 747

PROJHEAD is a 384→256→128 MLP trained per 748

category for 3 epochs with the information noise- 749

contrastive estimation (InfoNCE) loss (τ = 0.07). 750

For each training product, we sample anchors from 751

Layer-3 product clusters, choose positives from the 752

same cluster, hard negatives from other clusters 753

of the same product, and easy negatives from ran- 754

dom products. The projection is small (< 200K 755

trainable parameters) and leaves the frozen BGE 756

encoder unchanged. This lets the system adapt 757

to product-review cluster boundaries without over- 758

writing the broad-domain similarity prior. 759

The hard negatives are product-local by design. 760

Across products, many phrases are trivially differ- 761

ent because they refer to different items, brands, 762

or domains; those negatives teach little about the 763

boundary between two themes within the same 764

product page. Within one product, however, lex- 765

ically similar tuples such as installation failure, 766

device compatibility, and performance lag often 767

share the same app or product name. These are 768

exactly the cases where raw BGE over-merges and 769

where the projection head should reshape the space. 770

E K-way Reducer SFT Details 771

A first reducer checkpoint was trained on Layer-2 772

cleanup examples where each input was already 773

one coherent cluster and the target was a sin- 774

gle canonical phrase. Sampling 5,000 examples 775

showed that 100% of targets were K = 1. The 776
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Model overall≥4 overall correctness completeness diversity abstraction

base (Qwen3.5-9B) 59.3% 3.69 4.70 4.69 4.79 3.40
SFT (190K teacher labels) 88.7% 4.52 4.80 4.78 4.89 4.49
DPO (chosen=teacher/rej=SFT) 90.8% 4.62 4.85 4.80 4.94 4.64
GRPO (anti-copy) 93.1% 4.71 4.85 4.82 4.95 4.78

Table 3: Stage-1 extraction quality on 5,000 held-out Software reviews, judged by Gemini 2.5 Pro.

checkpoint therefore over-collapsed mixed-theme777

chunks.778

We replace this with K-way SFT data synthe-779

sized from training products: for each product,780

sample kin ∈ {2, 3, 5, 7, 10} gold clusters, draw781

at most 200 tuples, shuffle them, and target the782

corresponding gold partition. For Software this783

yields 18,304 train and 956 validation examples.784

The same trained reducer is used for cluster naming785

and final ranking.786

This data format matches the reducer’s inference-787

time role. A reducer call may receive a pure cluster788

or a mixed chunk produced by an imperfect spectral789

partition, so the target must teach both naming and790

controlled splitting. In contrast, the earlier K =791

1 cleanup data taught the model that every input792

should collapse to one phrase. The K-way data793

fixes that supervision mismatch without changing794

the inference algorithm.795

F Evaluation Protocol Details796

Why coverage is reported separately. The task797

has two different desiderata that can conflict.798

NDCG rewards a system for naming the most im-799

portant gold themes near the top of the list, but800

it does not check whether all input evidence was801

assigned to some output cluster. A flat LLM can802

therefore obtain a strong NDCG by selectively nam-803

ing head themes and omitting low-confidence mem-804

ber ids. This behavior is useful to measure rather805

than hide: for shopper-facing copy it may be ac-806

ceptable, but for product analytics, debugging, and807

trust-and-safety audits the system must account for808

the full evidence inventory. We therefore treat cov-809

erage and duplicate member assignments as first-810

class metrics rather than implementation details.811

Matching predicted and gold clusters. We812

match predicted canonical names to gold names813

only after the model has produced its full top-K814

list. Matching is one-to-one and greedy by phrase-815

token overlap, so duplicate aliases do not receive re-816

peated credit. This deliberately conservative proto-817

col penalizes two common mistakes: generic clus-818

Strategy recall prec NDCG cov dup

flat_llm 0.480 0.491 0.481 0.228 10
batch_direct 0.380 0.380 0.478 0.490 1
embed_cluster_llm 0.400 0.400 0.486 0.977 0
embed_cluster 0.340 0.340 0.394 1.000 0
GRAPHREDUCE 0.360 0.360 0.475 1.000 0

Table 4: Large-N Fashion stress test (5 products, N ≈
1,500, all metrics @10). The flat LLM keeps plausible
head themes but drops most member assignments (cov-
erage 0.228).

ter names that cover many different gold themes, 819

and repeated names assigned to distinct member 820

sets. The protocol is still imperfect, because two 821

semantically equivalent names can have low token 822

overlap; we discuss this in the Limitations section. 823

Split discipline. All Stage-2 test products are 824

held out before training either the projection head 825

or the reducer. This is stricter than tuple-level split- 826

ting: the model cannot see other tuples from the 827

same product during training and then be evaluated 828

on a held-out subset of that product. 829

G Large-N Stress Test 830

Table 4 reports the full large-N Fashion stress test 831

referenced in Section 4. 832

H Significance and Cost 833

Significance. Table 5 gives paired tests for the 834

key lossless comparison, GRAPHREDUCE vs. 835

hier_agglom, over the n=100 products each cate- 836

gory shares. We report the mean per-product metric 837

difference, a 95% confidence interval from a de- 838

terministic 10,000-sample paired bootstrap, and a 839

two-sided Wilcoxon signed-rank p-value. The re- 840

call@10 gain is significant in all three categories 841

with CIs that exclude zero; the NDCG@10 gain is 842

positive everywhere but its CI includes zero, so we 843

report NDCG parity rather than improvement. 844

Cost and latency. Table 6 reports per-product 845

LLM calls and wall-clock latency (median and 846

90th percentile). Although GRAPHREDUCE issues 847
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Category Metric ∆ (95% CI) Wilcoxon

Software recall@10 +0.034 [+0.006,+0.062] p=0.015 *
NDCG@10 +0.020 [−0.005,+0.045] p=0.16 ns

Fashion recall@10 +0.034 [+0.009,+0.059] p=0.010 **
NDCG@10 +0.020 [−0.005,+0.045] p=0.29 ns

Baby recall@10 +0.056 [+0.023,+0.090] p=0.005 **
NDCG@10 +0.017 [−0.016,+0.052] p=0.30 ns

Table 5: Paired significance of GRAPHREDUCE over
hier_agglom (n=100 products/category). Recall gains
are significant; NDCG gains are within bootstrap noise.

Category Strategy calls med. (s) p90 (s)

Software

flat_llm 1.0 13.4 21.0
BERTopic 0.0 0.2 0.3
hier_agglom 10.0 16.4 21.7
GRAPHREDUCE 11.0 14.8 19.5

Fashion

flat_llm 1.0 27.2 37.8
BERTopic 0.0 0.6 1.1
hier_agglom 10.0 27.9 39.5
GRAPHREDUCE 11.0 26.8 40.1

Baby

flat_llm 1.0 21.9 34.5
BERTopic 0.0 0.1 0.2
hier_agglom 10.0 29.2 37.8
GRAPHREDUCE 10.6 26.7 32.8

Table 6: Per-product cost and latency. GRAPHRE-
DUCE’s many small reducer calls match or beat the
single-call flat LLM in wall-clock time.

10–11 reducer calls versus the flat LLM’s single848

call, its median latency is comparable to or below849

flat prompting and below hier_agglom, because850

each call operates on a bounded chunk (≤ B=200851

tuples) rather than one prompt over all N tuples.852

BERTopic is by far the cheapest (no LLM calls,853

sub-second after a one-time UMAP/HDBSCAN854

warm-up) but, as Table 1 shows, only by dropping855

11.7–39.9% of the tuple inventory. Losslessness856

therefore carries no latency penalty over the flat857

baseline.858

I Full Ablation Results859

Table 7 isolates the aggregation components on a860

30-product Software development benchmark. The861

trained projection head and the chunk-plus-rank862

pipeline are both necessary. We call the learned863

soft-clustering negative baseline GraphPool; it uses864

a GraphSAGE encoder (Hamilton et al., 2017)865

and Gumbel-Softmax straight-through assignments.866

Training GraphPool with GRPO under a local re-867

ward hurts NDCG.868

The negative result is important for the final sys-869

tem design. The local Stage-C reward combined870

coverage, balance, phrase distinctness, and phrase871

quality, but it was not aligned with NDCG@10.872

During GRPO, training reward rose while NDCG 873

drifted down. We therefore keep the contrastive 874

projection and remove the differentiable clustering 875

head. 876

J Qualitative Analysis 877

Table 8 shows one Software product. The exam- 878

ple is not presented as a win on every gold phrase: 879

GRAPHREDUCE recovers device compatibility and 880

a more specific gameplay phrase, but it still misses 881

the gold’s fine-grained blue crystal inaccessible 882

wording. This illustrates the measured pattern: the 883

method improves recall and coverage over raw em- 884

beddings, while phrase aliasing remains a source 885

of NDCG loss. 886

Our manual error analysis of low-NDCG 887

GRAPHREDUCE predictions finds four recurring is- 888

sues: reducer phrase aliasing, long-tail themes com- 889

peting with head themes, spectral over-merge at 890

very small N , and incorrect cluster names despite 891

correct member sets. The first issue is the most 892

common: two semantically distinct clusters can re- 893

ceive the same generic name, such as app crashes. 894

This hurts phrase-match NDCG even when the un- 895

derlying member partition is reasonable. 896

K Extended Discussion 897

Why the projection helps. Raw BGE embed- 898

dings are strong but generic. In our products they 899

often place device compatibility, installation, and 900

performance tuples near one another because the 901

same product names appear in all three. The projec- 902

tion head is trained on product-level cluster bound- 903

aries, so it can separate themes that are lexically 904

similar but operationally different for shoppers. 905

Three recurring examples drive the gain. First, 906

compatibility complaints often mention the same 907

device names as installation complaints, even 908

though shoppers treat them as different purchase 909

risks. Second, paid-app frustration and in-app- 910

purchase frustration share many tokens but map 911

to different gold clusters. Third, generic predicates 912

such as “works” or “can’t open” dominate raw sen- 913

tence similarity even when the theme-bearing noun 914

phrase differs. The projection head does not need 915

to learn review language from scratch; it only needs 916

to rotate the frozen embedding space toward these 917

product-level boundaries. 918

Why flat LLMs can win NDCG. Phrase-level 919

NDCG rewards matching high-importance gold 920

themes. A flat LLM can implicitly focus on those 921
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Configuration recall@10 prec@10 NDCG@10 cov

BGE raw + sklearn agglom + size rank 0.595 0.507 0.651 0.947
BGE raw + chunk + spectral + LLM rank 0.589 0.503 0.680 1.000

+PROJHEAD (Layer-2 pairs) + sklearn 0.533 0.522 0.606 1.000
+PROJHEAD (Layer-2 pairs) + chunk+rank 0.632 0.533 0.686 1.000
+PROJHEAD (Layer-3 train pairs) + sklearn 0.529 0.532 0.602 1.000
+PROJHEAD (Layer-3 train pairs) + chunk+rank 0.652 0.550 0.700 1.000

Projection dimension sweep, full pipeline
d = 64 0.622 0.527 0.678 1.000
d = 128 0.652 0.550 0.700 1.000
d = 256 0.628 0.533 0.680 1.000

Training length sweep
epochs = 3 0.652 0.550 0.700 1.000
epochs = 5 (union L2+L3 pairs) 0.618 0.523 0.676 1.000
epochs = 10 0.609 0.507 0.664 1.000

Negative: GraphPool (GraphSAGE) 0.460 0.390 0.518 1.000
Negative: GraphPool + GRPO 0.478 0.404 0.537 1.000

Table 7: Software development ablations. A small learned projection helps; a learned soft-clustering head trained
with a local reward does not.

Method Top-3 themes (asin B008BBB388)

flat_llm paid app, app crashes, gameplay
hier_agglom gameplay, inaccessible items, app

crashes
GRAPHREDUCE hidden object gameplay,

device compatibility, paid app

Gold top-3 progression blocker, device
compatibility, blue crystal inacces-
sible

Table 8: Example top-3 cluster names for one Software
product (N = 57 tuples, 12 gold clusters).

head themes and omit lower-confidence member922

assignments. GRAPHREDUCE must assign every923

tuple to one of the output clusters, including long-924

tail evidence. This makes coverage and recall nec-925

essary companion metrics to NDCG.926

Where the method breaks. The current fixed927

k = 20 graph can be too dense for products with928

N < 40, and large clusters in Fashion sometimes929

absorb finer themes such as high waist and tummy930

control into a broad good fit phrase. Adaptive graph931

degree and a diversity-aware ranking objective are932

natural next steps.933

The other recurring issue is phrase aliasing. Two934

clusters can have reasonable member sets but re-935

ceive the same generic name from the reducer, such936

as app crashes. This hurts NDCG because only one937

alias can match the corresponding gold theme, and938

it weakens the shopper-facing output because the939

top-K list becomes less diverse. A future reducer940

should condition on already selected names or use941

a lightweight diversity penalty at ranking time.942
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