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Abstract

In e-commerce, product detail pages (PDPs) of-
ten contain hundreds or thousands of customer
reviews, yet the interface can surface only a
small set of concise and reliable insights. A
useful review aggregation system must there-
fore abstract recurring themes while preserv-
ing which reviews support each insight. We
study this problem as structured review-insight
mining: review-level tuples are first extracted
and then aggregated into ranked product-level
insight clusters with explicit member traceabil-
ity. We propose GRAPHREDUCE, a coverage-
preserving framework for product-scale re-
view insight aggregation. It combines a con-
trastively trained projection layer over frozen
sentence embeddings, graph-based clustering
on local neighborhood structure, and an LLM
reducer/ranker for naming and ordering canoni-
cal clusters. By keeping membership account-
ing outside the generative step, GRAPHRE-
DUCE preserves complete tuple coverage and
avoids a common failure mode of direct LLM
summarization: producing plausible high-level
themes while silently dropping long-tail evi-
dence. Across three product-category bench-
marks, GRAPHREDUCE improves recovery
of gold insight clusters over strong lossless
embedding-based baselines while maintaining
comparable ranking quality. We further show
that flat LLM and topic-modeling baselines can
appear competitive under ranking metrics de-
spite omitting substantial input evidence, and
that an anti-copy reinforcement objective im-
proves the quality of upstream tuple extrac-
tion. These results highlight the importance
of coverage-aware aggregation for faithful re-
view insight mining in e-commerce settings.

1 Introduction

Product review summarization has increasingly
moved beyond short free-form summaries toward
more structured forms of opinion aggregation, in-
cluding aspect-guided summaries (Boytsov et al.,
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Figure 1: Demo of review insight

2025), aspect-controllable opinion summaries (Am-
playo et al.,, 2021), learned review selection,
synthetic-data pipelines for e-commerce opinions
(Siledar et al., 2023), and facet-based faithful sum-
maries (Wang et al., 2025). These methods address
a central question: what should a summary say?
In e-commerce product detail pages (PDPs), how-
ever, a deployed review insight system must also
answer a second question: which reviews support
each displayed insight? Without explicit mem-
ber traceability, a system may generate fluent and
useful-looking themes while silently ignoring long-
tail evidence needed for user trust, analytics, and
auditability.

We study this setting as structured review-insight
mining, a two-stage problem. In the first stage, each
review is converted into one or more structured tu-
ples, each consisting of an abstracted insight, an
aspect, a sentiment label, a language tag, and the
supporting review span. In the second stage, tu-



ples are grouped by product and aggregated into a
ranked list of canonical product-level insight clus-
ters. Each output cluster has a human-readable
description and a complete set of member tuple ids,
linking the displayed insight back to the evidence
that supports it. This explicit coverage require-
ment changes the nature of the task. A method that
only emits salient head themes can score well un-
der ranking-oriented metrics such as NDCG, while
discarding the long-tail evidence needed for down-
stream analysis, verification, and auditability.

We propose GRAPHREDUCE, a coverage-
preserving aggregation framework for product-
scale review insights. GRAPHREDUCE first maps
tuple representations into a product-cluster-aware
space using a lightweight contrastive projection
over frozen sentence embeddings. It then con-
structs local-neighborhood graphs, applies spec-
tral clustering, and uses an LLM reducer/ranker
to name and order the resulting canonical clusters.
Crucially, semantic generation is separated from
membership accounting: the LLM produces clus-
ter labels and rankings, while tuple membership is
propagated deterministically through the aggrega-
tion pipeline. As a result, every input tuple remains
assigned to exactly one output cluster.

This formulation differs from subset-based opin-
ion summarization (Jiang et al., 2023; BraZinskas
et al., 2021), which first selects a small set of repre-
sentative reviews and then summarizes them. Our
goal is not to summarize a chosen subset, but to ag-
gregate all extracted evidence into a compact set of
traceable product insights. This distinction is espe-
cially important for long-context LLM aggregation:
direct prompting can often produce plausible high-
level themes, but as the number of tuples grows, it
may omit substantial portions of the input without
an explicit failure signal.

Our contributions are threefold:

1. Task and benchmark. We formulate prod-
uct review insight mining as ranked clustering
with explicit member-id coverage, and eval-
uate systems using ranking quality, cluster
recovery, coverage, and duplicate assignment
metrics across three e-commerce product cat-
egories.

2. Method. We introduce GRAPHREDUCE,
a projection-plus-graph-clustering-plus-LLM
aggregation pipeline that preserves member
coverage by construction while producing
canonical ranked insight clusters.

3. Findings. Across three category benchmarks,
GRAPHREDUCE recovers gold insight clus-
ters more effectively than strong lossless
embedding-based baselines while maintain-
ing comparable ranking quality. We also show
that flat LLM and topic-modeling baselines
can appear competitive under ranking met-
rics despite dropping input evidence, and that
anti-copy reinforcement learning improves the
upstream tuple extractor.

2 Related Work

Opinion and product review summarization.
Opinion summarization has moved from free-form
summaries toward structured and controllable rep-
resentations of user opinions, including aspect-
controllable summarization (Amplayo et al., 2021),
review and subset selection (Jiang et al., 2023),
synthetic e-commerce data (Siledar et al., 2023),
LLM-based facet induction (Wang et al., 2025), ex-
tractive aspect-based summarization (Gunel et al.,
2023), latent-facet discovery (Lakkaraju et al.,
2011), and industrial aspect-guided review summa-
rization (Boytsov et al., 2025; Soltan et al., 2022).
These methods mainly address what a summary
should contain and how it should be expressed.
Our setting adds evidence accounting: each dis-
played insight must remain linked to its supporting
review-level evidence. We therefore aggregate ex-
tracted evidence into ranked canonical clusters with
explicit member assignments, rather than produc-
ing only a free-form summary or a selected review
subset.

Aspect-based sentiment analysis and tuple ex-
traction. Aspect-based sentiment analysis iden-
tifies opinion targets and sentiment in reviews
(Pavlopoulos and Androutsopoulos, 2014; Tang
et al., 2016; Chen et al., 2017; Xue and Li, 2018).
Our upstream extractor extends this setup with tu-
ples containing an abstracted insight phrase, aspect,
sentiment label, language tag, and verbatim evi-
dence span. The span grounds the tuple, while the
insight should abstract the sentiment-bearing con-
tent. This creates a copying failure mode, where a
model satisfies grounding by reusing the evidence
span as the insight. We use DPO (Rafailov et al.,
2023) and GRPO (Shao et al., 2024) to improve
abstraction, but the main focus of this paper is ag-
gregation over fixed extracted tuples.



Long-context LLMs and evidence coverage.
Long-context LLMs allow many review tuples to
be placed in one prompt, but context length does
not ensure faithful or complete source use (La-
ban et al., 2024; Liu et al., 2024; Bai et al., 2024;
Kim et al., 2024). In review insight aggregation,
a model may generate plausible high-level themes
and strong rankings while omitting less frequent ev-
idence. We therefore separate ranking quality from
evidence accounting, reporting NDCG and cluster
recovery alongside tuple coverage and duplicate
assignments.

Contrastive embeddings and graph-based clus-
tering. Sentence encoders such as SimCSE (Gao
et al., 2021) and BGE (Xiao et al., 2024) provide
strong semantic spaces, while contrastive learn-
ing adapts embeddings to task-specific similarity
(Wang et al., 2022). Because generic similarity
may not match product-level insight boundaries,
we learn a lightweight projection over a frozen
encoder and apply spectral clustering over local-
neighborhood graphs. Unlike recent LLM-guided
hierarchical or graph-based clustering work (Pat-
tnaik et al., 2024; Ashkenazi et al., 2025), our set-
ting requires canonical descriptions and rankings
while assigning every tuple id exactly once.

3 Method: GRAPHREDUCE

Figure 2 summarizes the GRAPHREDUCE aggrega-
tion pipeline. The key design principle is to sepa-
rate semantic abstraction from exact membership
accounting: language models describe and rank
clusters, while tuple assignments are maintained
by graph clustering and deterministic set union.

3.1 The GRAPHREDUCE inference pipeline

Given the N extracted tuples for a product and a
target of K output insights, GRAPHREDUCE pro-
ceeds hierarchically. Each tuple is encoded with
a frozen sentence encoder and mapped through a
lightweight projection head into a product-cluster-
aware representation space. At each aggrega-
tion level, GRAPHREDUCE constructs a k-nearest-
neighbor graph over the current pool and applies
spectral clustering to obtain a hard partition. The
number of clusters is chosen so that each reducer
call receives a bounded-size group, while the pool
is gradually reduced toward the target output size.

For each cluster, an LLM reducer generates a
canonical phrase describing the shared insight. The
reducer output replaces the original items in the

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

Input tuples T = {t;}},; target size K; group size B;

projection ¢; reducer/ranker 7g; embedder Emb

Output ranked clusters with complete member-id assign-
ments
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next-level pool, together with the cluster centroid
and the union of all member ids contained in the
cluster. This process repeats until the pool contains
at most K items. The same LLM is then prompted
to rank the final candidates and assign importance
scores.

Because each intermediate clustering step re-
turns a partition, and because parent member sets
are computed by deterministic union, every input
tuple remains assigned to exactly one final clus-
ter. The coverage guarantee therefore applies to
membership accounting over the extracted tuple
inventory; it does not depend on the LLM repro-
ducing row ids or maintaining global state in text.

A direct LLM aggregation prompt must jointly
decide which insights are salient, generate their
descriptions, and return the exact set of member
ids for each cluster. GRAPHREDUCE decomposes
these roles. The LLM is used where linguistic
abstraction is needed, while exact membership is
computed outside the model as a graph operation.
This makes cluster assignments auditable before
language generation and isolates the effect of the
learned projection on the geometry used by the
graph partitioner.

The number of LLM calls grows with the number
of bounded reducer groups, rather than relying on
a single long-context prompt:

L—-1 N
1+ZmaX(K, ’VBZ-H-‘>’
=0

where the final 1 corresponds to the ranking prompt,
B is the maximum reducer group size, and L is the
number of aggregation levels.
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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 head

Generic sentence embeddings provide a useful
starting point for tuple similarity, but their neighbor-
hood structure is not always aligned with product-
level insight clusters. Tuples that mention the same
product component may be close in the embed-
ding space even when they describe different is-
sues, while lexically different phrases may express
the same underlying concern. We therefore learn a
lightweight projection head over a frozen sentence
encoder to adapt tuple representations to the cluster
boundaries observed within products.

The projection head PROJHEAD is trained with
an InfoNCE objective (Oord et al., 2018). For each
training product, anchors and positives are sampled
from the same gold insight cluster. Hard nega-
tives are sampled from other clusters of the same
product, and easy negatives from other products.
Product-local hard negatives force the projection to
distinguish semantically adjacent but operationally
different issues in the same product context. The
base encoder remains frozen, so the learned com-
ponent only reshapes the embedding space used
by the downstream graph partitioner. In our im-
plementation, we use BGE-small-en-v1.5 and a
384—256—128 MLP projection head.

The product-level gold clusters used for pro-
jection training are constructed from embedding-
based candidate clusters, teacher-LLLM validation
and renaming, and LLM-based importance ranking
(Appendix C). Test products are excluded from
both projection-head training and reducer fine-
tuning.

3.3 K-way reducer supervision

The reducer converts a group of tuples or interme-
diate clusters into canonical insight descriptions.

A reducer trained only on single-cluster cleanup
examples can name coherent groups, but it does
not learn what to do when a reducer call receives a
mixed group. This mismatch is problematic in hier-
archical aggregation, where early groups may con-
tain several related themes and require controlled
splitting rather than a single over-general label.

We therefore construct K-way reducer supervi-
sion from training products. For each example,
we sample several gold clusters from the same
product, draw a bounded number of tuples from
their union, shuffle the inputs, and train the reducer
to recover the corresponding partition and canon-
ical cluster names. This matches the reducer’s
inference-time role: a call may receive either a
coherent cluster that should be summarized as one
insight, or a mixed group that should be separated
into multiple canonical insights. In our experi-
ments, each synthetic reducer example samples
kin € {2,3,5,7,10} gold clusters and at most 200
tuples.

The same LLLM checkpoint is used for local nam-
ing and final ranking. At the final stage, each
candidate already carries a deterministic member
set, so the ranker assigns an ordering and impor-
tance scores without modifying membership as-
signments.

4 Experiments

We evaluate GRAPHREDUCE on three held-out
product-category benchmarks built from Amazon
product reviews (Hou et al., 2024): Software, Fash-
ion, and Baby. Each benchmark contains 100 prod-
ucts with product-level gold insight clusters and im-
portance rankings. All test products are excluded
from both projection-head training and reducer fine-
tuning.



4.1 Baselines and metrics

We compare GRAPHREDUCE against four base-
lines that represent different trade-offs between
semantic abstraction and evidence accounting.

* flat_llm: a single LLM call over all tuples for
a product, prompted to produce ranked insight
clusters and member ids directly.

* BERTopic (Grootendorst, 2022): a topic-
modeling pipeline using UMAP, HDBSCAN,
and c-TF-IDF naming over the same frozen
BGE embeddings. HDBSCAN outliers are
treated as unassigned.

* hier_agglom (BGE raw): alossless hierarchi-
cal aggregation pipeline with the same LLM
naming and ranking steps as GRAPHREDUCE,
but using raw frozen BGE embeddings with-
out the learned projection head.

* embed_cluster: deterministic embedding
clustering with a modal raw phrase used as the
cluster name, without LLM-based naming.

We report four complementary metrics. Re-
call@10 measures the fraction of gold top-10 in-
sight clusters recovered by the predicted top-10
list. Precision@10 measures the fraction of pre-
dicted top-10 clusters that match a gold cluster.
NDCG @10 evaluates the ordering of matched pre-
dicted clusters using the gold importance ranking
as relevance. Predicted and gold cluster names
are matched one-to-one using a phrase-token Jac-
card rule; duplicate aliases do not receive repeated
credit.

Because ranking metrics do not measure whether
the input evidence has been fully accounted for, we
also report coverage and duplicate assignments.
Coverage is the fraction of input tuple ids that ap-
pear in at least one predicted top-10 cluster, and
duplicate assignments count tuple ids that appear
in more than one predicted cluster. These met-
rics separate two questions that are often conflated:
whether a system names the most important in-
sights, and whether it preserves the structured evi-
dence inventory supporting those insights.

4.2 Main results

Table 1 shows the main Stage-2 aggregation re-
sults. Among methods with complete member
coverage, GRAPHREDUCE obtains the highest re-
call@10 in all three categories. Relative to the
strongest lossless baseline, hier_agglom with raw

BGE embeddings, GRAPHREDUCE improves re-
call@10 from 0.575 to 0.609 on Software, from
0.502 to 0.536 on Fashion, and from 0.618 to 0.674
on Baby. The gains are statistically significant un-
der paired Wilcoxon tests over products. At the
same time, GRAPHREDUCE preserves 100% cov-
erage and produces no duplicate member assign-
ments.

The NDCG results show a different pattern:
GRAPHREDUCE is comparable to the raw-BGE
lossless baseline, with differences within bootstrap
uncertainty. We therefore interpret ranking qual-
ity as parity rather than a consistent NDCG im-
provement. The main gain is improved gold cluster
recovery under exact evidence coverage, not sub-
stantially better top-insight ordering.

The non-lossless baselines show why coverage
must be reported separately. Flat LLM prompting
and BERTopic can be competitive on NDCG, and
in some categories achieve the highest NDCG or
precision, but they do so with incomplete evidence
accounting. Flat prompting omits tuple ids and pro-
duces duplicate assignments, while BERTopic dis-
cards HDBSCAN outliers. Across the 100-product
benchmarks, omitted inventory ranges from 4.9%
to 39.9%. Thus, ranking metrics alone can over-
state methods that capture salient head themes
while leaving input evidence unassigned.

Overall, GRAPHREDUCE is the only method that
improves cluster recovery over the strongest loss-
less baseline while retaining complete coverage
and zero duplicates.

4.3 Large-N stress test

We further evaluate five Fashion products with
N € [800, 1700] tuples (Appendix G). This stress
test is not intended to support broad statistical
claims, but to examine how aggregation behaves
when the tuple inventory exceeds the size of the
main benchmark products. In this setting, flat
prompting keeps only 22.8% of tuple ids, despite
producing plausible insight names. By contrast,
GRAPHREDUCE maintains 100% coverage and
zero duplicate assignments. The result highlights
the central limitation of treating review insight ag-
gregation as a single long-context generation prob-
lem: the output may look coherent while failing to
preserve the input inventory.

4.4 Ablations

We ablate the main aggregation components on a
30-product Software development benchmark (Ta-



Category Strategy recall@10 prec@10 NDCG@10 coverage dup calls
flat_llm 0532 0573 0619 0942(-58%) 107 1.0

BERTopic 0.471 0.723 0599 0883(-117%) 0 0.0

Software (N < 297)  pic - solom (BGE raw) 0575  0.520 0.648 L0000 100
GRAPHREDUCE 0.609* 0.551 0.667 1.000 0 11.0

flat_lim 0516 0517 0602 0872(-128%) 8 1.0

. BERTopic 0562  0.562 0.631 0.601(-399%) 0 0.0
Fashion (N < 486) 1. 2 o0lom (BGE raw) 0.502 0.502 0.561 L0000 100
GRAPHREDUCE 0.536** 0.536 0.581 1.000 0 11.0

flat_llm 0.618 0.539 0.676  0951(-49%) 51 1.0

BERTopic 0430  0.792 0575 0879(-121%) 0 0.0

Baby (V< 500) hier_agglom (BGE raw) 0618  0.465 0.652 1000 0 100
GRAPHREDUCE 0.674*" 0.508 0.669 1.000 0 106

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).

First, adapting the embedding geometry helps.
Replacing raw BGE embeddings with the con-
trastively trained projection head improves cluster
recovery and ranking quality under the same down-
stream pipeline, indicating that generic semantic
similarity is insufficient for product-level insight
boundaries.

Second, the hierarchical chunk-plus-rank
pipeline matters. Using the projection with a
simpler clustering backend degrades performance,
showing that the gain is not from the projection
alone. Bounded reducer calls and the final ranking
step are both needed to convert local cluster
structure into a stable top- K output.

Third, more expressive learned clustering is not
automatically better. A GraphPool-style model
with GraphSAGE (Hamilton et al., 2017) and
Gumbel-Softmax assignments underperforms the
explicit spectral partition, even as its training re-
ward improves. This points to a reward-alignment
issue: local differentiable clustering objectives do
not necessarily optimize top- K ranking and recov-
ery metrics. We therefore limit the learned compo-
nent to representation projection and retain explicit
graph partitioning for cluster assignment.

4.5 Qualitative analysis

Appendix J presents a worked example and a man-
ual analysis of common errors. We observe four
recurring patterns. First, the reducer sometimes
produces phrase aliases that are semantically close
to the gold label but fail the automatic phrase match,
lowering NDCG even when the member partition is
reasonable. Second, long-tail clusters can compete

with broader head themes for limited top-K slots.
Third, spectral clustering can over-merge related
issues when the product has few tuples. Finally,
some clusters have mostly correct member sets but
receive overly generic or partially incorrect names.
These errors suggest that future work should im-
prove semantic matching in evaluation, calibrate
the head—tail trade-off, and make cluster naming
more robust.

5 Conclusion

We introduced GRAPHREDUCE, a coverage-
preserving framework for aggregating e-commerce
review tuples into ranked, traceable product-level
insight clusters. GRAPHREDUCE uses LLMs for
naming and ranking, while graph clustering and
deterministic set propagation preserve member as-
signments. Across three product-category bench-
marks, it improves cluster recovery over strong
lossless baselines while maintaining comparable
ranking quality and complete coverage. Our results
show that ranking metrics alone can obscure evi-
dence loss: flat LLM and topic-modeling baselines
may look competitive while leaving input tuples
unassigned. Faithful review insight mining should
therefore evaluate not only the displayed insights,
but also the coverage and consistency of their sup-
porting evidence.

Limitations

First, the product-level gold is LLM-assisted: Gem-
ini participates in importance scoring and evalu-
ation. We use held-out product splits to avoid
train/test leakage, but human audits with inter-



annotator agreement are needed before treating the
benchmark as a human gold standard. Second,
some evaluation axes remain limited. The large- N
Fashion stress test covers only five products, Stage-
1 extraction is fully evaluated only on Software,
and the phrase-token matching metric may miss
semantic equivalence or over-credit generic aliases.
Broader human validation and semantic matching
would make the evaluation more robust.
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A Data Provenance, Models, and Privacy

Source data. All experiments use publicly re-
leased Amazon product reviews (Hou et al., 2024),
restricted to three categories: Software, Fashion,
and Baby Products. We use the dataset as dis-
tributed and do not collect any additional user data.
The annotation pool contains 4,828 Software, 1,112
Fashion, and 8,090 Baby products; the main bench-
marks use fixed 100-product held-out slices per
category (Appendix C), and Stage-1 extraction is
evaluated on 5,000 held-out Software reviews (Ap-
pendix B).

Privacy and anonymization. The source cor-
pus is a public benchmark that is already de-
identified at release: reviews are keyed by opaque,
anonymized identifiers and contain no names,
contact details, or account information beyond
the public review text. We therefore introduce
no additional personal data and perform no re-
identification. We neither attempt to recover au-
thor identities nor link reviews to external profiles,
and we release only aggregate, product-level in-
sight clusters rather than user-level records. No
new human data was collected for this work.

Models used and their roles. Our pipeline uses
several models, each confined to a specific role
(Table 2). Generic semantic representations come
from a frozen BGE-small-en-v1.5 encoder (Xiao
et al., 2024). Stage-1 tuple labels are produced by
a frontier teacher LLLM, and extractor students are
Qwen3.5-9B variants (Yang et al., 2025) trained
with SFT, DPO (Rafailov et al., 2023), and GRPO
(Shao et al., 2024). Gemini 2.5 Pro serves as the
Stage-1 quality judge and, in gold construction, as
the Layer-3 importance ranker and member auditor
(Appendix C). The same fine-tuned Qwen reducer
is used for both cluster naming and final ranking at
inference time. Crucially, membership accounting
is deterministic and uses no LLM. As noted in
the Limitations, Gemini participates in both gold
construction and evaluation, which we treat as a
limitation rather than an anti-circularity guarantee.

B Stage-1 Extraction Details

Setup. We sample product-keyed reviews from
Amazon Software, Fashion, and Baby Products
(Hou et al., 2024) and label per-review tuples with
a frontier teacher LLM. We train Qwen3.5-9B
(Yang et al., 2025) variants with full-parameter



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
Reducer / ranker

Gemini 2.5 Pro rank / audit

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-
ation set contains 5,000 Software reviews. Gemini
2.5 Pro judges five dimensions from 1 to 5: cor-
rectness, completeness, diversity, abstraction, and
overall quality. We report the production quality
rate overall > 4.

Reward design. The dominant SFT failure is
slice copying: the model places the verbatim evi-
dence span in both slice and insight. The insight is
then validly grounded but not abstracted. The per-
tuple insight score starts at +1 and is clipped below
at —2 after four penalties: —1.5 if the generated
insight exactly equals the generated slice, —0.5 if
the insight is a non-slice verbatim substring of the
source review, —0.5 if the insight is not 1-3 words,
and —0.7 if it is a vague single-token phrase such as
“good”. The second penalty targets non-slice verba-
tim copying from the review; it is not a penalty on
the evidence slice itself. Auxiliary terms score as-
pect quality, slice validity, and sentiment/language
membership. The final GRPO reward is a fixed
weighted sum with the insight term carrying weight
5.0.

Extraction results. Table 3 reports the four-way
comparison. The main movement is in abstraction,
the dimension targeted by the anti-copy reward.
Overall production quality rises from 59.3% for the
base model to 93.1% after GRPO.

C Gold Construction and Leakage
Controls

We construct product-level gold clusters in three
layers. Layer 1 builds candidate clusters from BGE-
small embeddings using the intersection of Hierar-
chical Density-Based Spatial Clustering of Applica-
tions with Noise (HDBSCAN) and agglomerative
clustering, keeping a high-precision core. Layer 2
uses a teacher LLM to validate members, rewrite

canonical names, merge near-duplicates, and reas-
sign orphans. Layer 3 uses Gemini 2.5 Pro to rank
the resulting clusters with 1-5 importance scores
and to audit a sample of member assignments.

The gold is used in three different ways: train-
ing PROJHEAD, synthesizing K -way reducer SFT
examples, and evaluating held-out products. To
avoid product-level leakage, all reported test prod-
ucts are excluded from both PROJTHEAD training
and reducer SFT. We do not describe this as a
purely human gold standard: Gemini participates
in both gold construction and evaluation, and we
treat that dependency as a limitation rather than an
anti-circularity guarantee.

The annotation pool contains 4,828 Software
products, 1,112 Fashion products, and 8,090 Baby
Products. The main reported benchmarks use fixed
100-product held-out slices per category, with a
separate small large- N Fashion stress test.

D Projection-Head Training Details

PROJHEAD is a 384—256—128 MLP trained per
category for 3 epochs with the information noise-
contrastive estimation (InfoNCE) loss (7 = 0.07).
For each training product, we sample anchors from
Layer-3 product clusters, choose positives from the
same cluster, hard negatives from other clusters
of the same product, and easy negatives from ran-
dom products. The projection is small (< 200K
trainable parameters) and leaves the frozen BGE
encoder unchanged. This lets the system adapt
to product-review cluster boundaries without over-
writing the broad-domain similarity prior.

The hard negatives are product-local by design.
Across products, many phrases are trivially differ-
ent because they refer to different items, brands,
or domains; those negatives teach little about the
boundary between two themes within the same
product page. Within one product, however, lex-
ically similar tuples such as installation failure,
device compatibility, and performance lag often
share the same app or product name. These are
exactly the cases where raw BGE over-merges and
where the projection head should reshape the space.

E K-way Reducer SFT Details

A first reducer checkpoint was trained on Layer-2
cleanup examples where each input was already
one coherent cluster and the target was a sin-
gle canonical phrase. Sampling 5,000 examples
showed that 100% of targets were K = 1. The



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 4.80 494 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-theme
chunks.

We replace this with K-way SFT data synthe-
sized from training products: for each product,
sample ki, € {2,3,5,7,10} gold clusters, draw
at most 200 tuples, shuffle them, and target the
corresponding gold partition. For Software this
yields 18,304 train and 956 validation examples.
The same trained reducer is used for cluster naming
and final ranking.

This data format matches the reducer’s inference-
time role. A reducer call may receive a pure cluster
or a mixed chunk produced by an imperfect spectral
partition, so the target must teach both naming and
controlled splitting. In contrast, the earlier K =
1 cleanup data taught the model that every input
should collapse to one phrase. The K-way data
fixes that supervision mismatch without changing
the inference algorithm.

F Evaluation Protocol Details

Why coverage is reported separately. The task
has two different desiderata that can conflict.
NDCG rewards a system for naming the most im-
portant gold themes near the top of the list, but
it does not check whether all input evidence was
assigned to some output cluster. A flat LLM can
therefore obtain a strong NDCG by selectively nam-
ing head themes and omitting low-confidence mem-
ber ids. This behavior is useful to measure rather
than hide: for shopper-facing copy it may be ac-
ceptable, but for product analytics, debugging, and
trust-and-safety audits the system must account for
the full evidence inventory. We therefore treat cov-
erage and duplicate member assignments as first-
class metrics rather than implementation details.

Matching predicted and gold clusters. We
match predicted canonical names to gold names
only after the model has produced its full top-K
list. Matching is one-to-one and greedy by phrase-
token overlap, so duplicate aliases do not receive re-
peated credit. This deliberately conservative proto-
col penalizes two common mistakes: generic clus-
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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_Illm 0.400 0.400 0.486 0.977 0
embed_cluster 0.340 0.340 0.394 1.000 O
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,
and repeated names assigned to distinct member
sets. The protocol is still imperfect, because two
semantically equivalent names can have low token
overlap; we discuss this in the Limitations section.

Split discipline. All Stage-2 test products are
held out before training either the projection head
or the reducer. This is stricter than tuple-level split-
ting: the model cannot see other tuples from the
same product during training and then be evaluated
on a held-out subset of that product.

G Large-N Stress Test

Table 4 reports the full large- N Fashion stress test
referenced in Section 4.

H Significance and Cost

Significance. Table 5 gives paired tests for the
key lossless comparison, GRAPHREDUCE vs.
hier_agglom, over the n=100 products each cate-
gory shares. We report the mean per-product metric
difference, a 95% confidence interval from a de-
terministic 10,000-sample paired bootstrap, and a
two-sided Wilcoxon signed-rank p-value. The re-
call@10 gain is significant in all three categories
with CIs that exclude zero; the NDCG@10 gain is
positive everywhere but its CI includes zero, so we
report NDCG parity rather than improvement.

Cost and latency. Table 6 reports per-product
LLM calls and wall-clock latency (median and
90th percentile). Although GRAPHREDUCE issues



Category Metric A (95% CI) Wilcoxon
Software recall@10  +0.034 [+0.006,4-0.062] p=0.015*
NDCG@10 +0.020 [-0.005,+0.045] p=0.16ns
Fashion recall@10  40.034 [+0.009, +0.059] p=0.010 **
NDCG@10 +0.020 [—0.005,+40.045] p=0.29ns
Baby recall@10  40.056 [4+-0.023,+0.090] p=0.005 **
NDCG@10 +0.017[-0.016,4-0.052] p=0.30ns

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)
flat_Ilm 1.0 13.4 21.0
Software B.ERTopic 0.0 0.2 0.3
hier_agglom 10.0 16.4 21.7
GRAPHREDUCE 11.0 14.8 19.5
flat_llm 1.0 27.2 37.8
Fashion BERTopic 0.0 0.6 1.1
hier_agglom 10.0 279 39.5
GRAPHREDUCE 11.0 26.8 40.1
flat_Ilm 1.0 21.9 34.5
Baby 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 single
call, its median latency is comparable to or below
flat prompting and below hier_agglom, because
each call operates on a bounded chunk (< B=200
tuples) rather than one prompt over all N tuples.
BERTopic is by far the cheapest (no LLM calls,
sub-second after a one-time UMAP/HDBSCAN
warm-up) but, as Table 1 shows, only by dropping
11.7-39.9% of the tuple inventory. Losslessness
therefore carries no latency penalty over the flat
baseline.

I Full Ablation Results

Table 7 isolates the aggregation components on a
30-product Software development benchmark. The
trained projection head and the chunk-plus-rank
pipeline are both necessary. We call the learned
soft-clustering negative baseline GraphPool; it uses
a GraphSAGE encoder (Hamilton et al., 2017)
and Gumbel-Softmax straight-through assignments.
Training GraphPool with GRPO under a local re-
ward hurts NDCG.

The negative result is important for the final sys-
tem design. The local Stage-C reward combined
coverage, balance, phrase distinctness, and phrase
quality, but it was not aligned with NDCG @ 10.

11

During GRPO, training reward rose while NDCG
drifted down. We therefore keep the contrastive

projection and remove the differentiable clustering
head.

J Qualitative Analysis

Table 8 shows one Software product. The exam-
ple is not presented as a win on every gold phrase:
GRAPHREDUCE recovers device compatibility and
a more specific gameplay phrase, but it still misses
the gold’s fine-grained blue crystal inaccessible
wording. This illustrates the measured pattern: the
method improves recall and coverage over raw em-
beddings, while phrase aliasing remains a source
of NDCG loss.

Our manual error analysis of low-NDCG
GRAPHREDUCE predictions finds four recurring is-
sues: reducer phrase aliasing, long-tail themes com-
peting with head themes, spectral over-merge at
very small NV, and incorrect cluster names despite
correct member sets. The first issue is the most
common: two semantically distinct clusters can re-
ceive the same generic name, such as app crashes.
This hurts phrase-match NDCG even when the un-
derlying member partition is reasonable.

K Extended Discussion

Why the projection helps. Raw BGE embed-
dings are strong but generic. In our products they
often place device compatibility, installation, and
performance tuples near one another because the
same product names appear in all three. The projec-
tion head is trained on product-level cluster bound-
aries, so it can separate themes that are lexically
similar but operationally different for shoppers.

Three recurring examples drive the gain. First,
compatibility complaints often mention the same
device names as installation complaints, even
though shoppers treat them as different purchase
risks. Second, paid-app frustration and in-app-
purchase frustration share many tokens but map
to different gold clusters. Third, generic predicates
such as “works” or “can’t open” dominate raw sen-
tence similarity even when the theme-bearing noun
phrase differs. The projection head does not need
to learn review language from scratch; it only needs
to rotate the frozen embedding space toward these
product-level boundaries.

Why flat LLMs can win NDCG. Phrase-level
NDCG rewards matching high-importance gold
themes. A flat LLM can implicitly focus on those



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 BOOSBBB388)

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 member
assignments. GRAPHREDUCE must assign every
tuple to one of the output clusters, including long-
tail evidence. This makes coverage and recall nec-
essary companion metrics to NDCG.

Where the method breaks. The current fixed
k = 20 graph can be too dense for products with
N < 40, and large clusters in Fashion sometimes
absorb finer themes such as high waist and tummy
control into a broad good fit phrase. Adaptive graph
degree and a diversity-aware ranking objective are
natural next steps.

The other recurring issue is phrase aliasing. Two
clusters can have reasonable member sets but re-
ceive the same generic name from the reducer, such
as app crashes. This hurts NDCG because only one
alias can match the corresponding gold theme, and
it weakens the shopper-facing output because the
top-K list becomes less diverse. A future reducer
should condition on already selected names or use
a lightweight diversity penalty at ranking time.
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