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Abstract

Entity search, i.e., finding the most similar entities to a query entity,
faces unique challenges in e-commerce, where product similarity
varies across categories and contexts. Traditional embedding-based
approaches often struggle to capture nuanced context-specific at-
tribute relevance. In this paper, we present a two-stage approach
combining Large Language Model (LLM)-driven attribute graph
construction with graph-aware LLM ranking. In the offline stage,
we extract structured product attributes from unstructured text, and
construct a reusable attribute graph with category-aware schemas.
In the online stage, we rank retrieved candidates by reasoning over
this structured representation rather than raw text, reducing per-
product token usage by 57% while improving ranking precision.
Experiments show that our approach outperforms multiple base-
lines under zero-shot scenarios, achieving a over 5% improvement
in average precision without requiring training data, generalizes
robustly across diverse product categories, and shows immense
potential for real-world deployment.
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1 Introduction and Background

Entity Search, the task of retrieving entities most similar to a given
query entity, is fundamental in information retrieval [4], particu-
larly in e-commerce where users seek substitutes or comparable
products [19, 21]. Given a query product, a system must accurately
retrieve and rank other entities that closely match the query’s char-
acteristics. Although product information typically exists as un-
structured text (e.g., titles, descriptions), effective entity similarity
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Figure 1: The framework of our Graph Ranker System.

search relies on structured attribute representations for system-
atic comparison [18, 28]. A key challenge is extracting structured
attributes and values from unstructured data, where the attribute
set is dynamic and must adapt as new products and categories
emerge [10, 14]. Extracting structured product attributes from un-
structured text (e.g., titles, descriptions) has been widely explored
via sequence labeling, span-based extraction, and few-shot methods
through graph-based inference and external knowledge augmenta-
tion [8, 11, 16, 17, 29]. Traditional approaches in industry typically
follow two stages, retrieval and ranking, which face further limi-
tations. Collaborative filtering struggles with cold-start problems
[27], text-based similarity may miss nuanced attribute differences
[25], and creating robust attribute-driven similarity measures re-
mains challenging when item data is unstructured or inconsistent
[5]. Dense semantic embedding models and graph neural networks
(GNN ) have advanced product-focused entity retrieval systems by
capturing semantic relationships in large catalogs and addressing
cold-start problems [4, 6, 9, 12, 19, 31].

Recent advances in Large Language Models (LLMs) offer a promis-
ing avenue. LLMs can serve as powerful zero-shot list-wise rankers
of search results [1, 20, 24, 32], and recent work integrates them
with structured or semi-structured data (e.g., knowledge graphs
and tables) for enhanced reasoning [15, 23, 32]. However, these
approaches feed unstructured product descriptions directly to the
LLM. At an industrial scale, this poses challenges with respect to
cost, latency, efficiency, and the ability to enforce hard constraints
like matching on critical attributes and nuanced values when ap-
plied naively over raw text.

In this paper, we present an Attribute-based Graph Ranker, a
hybrid system for enhanced similarity search that addresses the
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above identified limitations through a two-stage design as shown
in Figure 1: (i) an offline stage that uses LLM-based reasoning to
extract structured attributes from unstructured product text and
constructs a standardized attribute graph, and (ii) an online stage
that integrates high-recall retrieval with graph-aware LLM ranking,
where the LLM reasons over curated attribute sets rather than
free-text descriptions, maintaining efficiency and interpretability.
We differ from prior work by decoupling knowledge construction
from ranking. By reasoning over structured attributes, our system
yields two benefits: (1) a 57% reduction in per-product token usage,
lowering inference cost and latency, and (2) explicit attribute-value
comparisons enabling more precise similarity assessments than
free-text reasoning alone. Our contributions are:

(i) LLM-based Attribute Graph Construction: An LLM-driven
pipeline that defines category-aware attribute schemas, extracts
structured attribute-value pairs from unstructured text, constructs
a bipartite graph with product entities and attribute nodes linked by
value relations, and enables precise attribute-based entity retrieval.

(ii) Graph-aware LLM Ranking: An LLM reasons over the
structured attributes at inference time, improving ranking precision
and interpretability.

(iii) Large scale evaluations show significant precision gains over
strong baselines, and strong potential for real-world deployment.

2 Methodology

2.1 Stage 1: Attribute Graph Construction

The goal of this offline LLM-based Attribute Graph Construction
stage is to enrich and index the massive entity dataset so that the
online second stage (Section 2.2) can be fast and effective.! This
stage includes: (i) Attribute Definition, and (ii) Attribute Extraction.
All LLM-based steps utilize Claude 3.5 Sonnet v2 [3], selected based
on a preliminary evaluation of 500 examples in which it achieved
high precision, while meeting our latency requirements.

Attribute Definition. Different product categories have different
characteristic attributes (e.g., “screen size” for TVs vs. “material”
for clothing). To guide the extraction of attributes, we define an
attribute schema for each product super-category and sub-category,
and prompt an LLM to find key attributes relevant to products in
that category. We do this at two levels: broad attributes that apply to
the super-category (e.g., Brand, Model, Dimensions for “Electronics”)
and specific attributes for the sub-category (e.g., Screen Size, Stor-
age Capacity, Camera Resolution for “Smartphones”). Hierarchical
organization ensures super-category attributes (e.g., Safety Stan-
dards) remain consistent across sub-categories while sub-category
attributes reflect domain-specific granularity. After standardiza-
tion, we have 61 super-categories and 4,940 sub-categories, with
approximately 8-10 attributes per super-category and 6-8 addi-
tional per sub-category. We curate these LLM-generated attribute
lists through lightweight manual standardization via clustering
and deduplication (e.g., merging “Screen Size” and “Display Size”),
rather than defining attribute schemas from scratch. For unseen cat-
egories, the LLM generates a new schema on-the-fly using the same
prompting approach — new sub-categories inherit super-category
1Since category labels are missing from the original dataset, we use an LLM-based

approach to predict and standardize these labels to ensure products are compared
within the same category.
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attributes while the LLM suggests category-specific ones. These
predefined attribute sets ensure naming consistency and guide the
extraction stage.

Attribute Value Extraction. We then extract attribute values for
each entity in the catalog. For each entity, we input the product’s
textual data (title, description, bullet points) to the LLM with an
instruction to output a JSON of attribute-value pairs, using that
product category’s attribute definition list as a guideline. The LLM
extracts values for predefined attributes, and we also allow it to
identify additional product-specific attributes from the text.

2.2 Stage 2: Graph-Aware LLM Ranking

During inference, our system receives a query entity ENT; as input
and outputs a ranked list of similar entities L = [ent], ent;, ..., entl’(] .
The inference process leverages structured attributes previously
extracted during the offline stage 1. If attributes for the query en-
tity were not computed offline, the system dynamically invokes
real-time attribute extraction to generate attribute-value pairs for
ENT,.2 The online stage includes: (i) candidate generation and (ii)
graph-aware LLM ranking.

Candidate Generation. Given the query entity ENTy, we first
retrieve an initial set of candidate entities from the complete cat-
alog D. We employ dense retrieval using the embedding model
bge-m3 [7] to encode both query and candidate entities into dense
embeddings based on concatenated product titles, descriptions, and
bullet points. We use FAISS [13] for efficient approximate nearest-
neighbor search, retrieving the top-K; candidate entities with the
highest cosine similarity scores, forming the initial candidate set C.

Graph-aware LLM Ranking. The final stage ranks candidate enti-
ties according to their similarity to the query entity, by reasoning
over a bipartite graph G = (Vp, V4, E), where Vp represents product
(entity) nodes, V4 represents attribute nodes, and each edge e € E
connects a product node p to an attribute node a with edge label
val(p, a) denoting the attribute value for that product.® Given a
query entity ENTy, ranking the candidates in the candidate set C
involves implicitly traversing and reasoning over the local sub-
graph G, = (qu, Vags Ey) € G, where Vp, = {ENT;} U C, and
Va, contains all attributes associated with the entities in Vp,. We
formulate the ranking task as a zero-shot, list-wise reasoning prob-
lem, prompting Claude 3.5 v2 to compare each candidate’s attribute
values against the query entity’s attribute values. The similarity
score S(ENT, ENT,) between query entity ENT, and candidate
entity ENT, € C is computed implicitly by the LLM via assessing
the edges connecting both entities to common attribute nodes:

S(ENT4,ENT;) = Fm({(a val(ENTg, a), val(ENT,a)) | a € VAq }

where Fi1m represents the LLM’s reasoning function, which
implicitly assigns importance to attributes and evaluates how well
attribute values match or differ between the query and candidate
entities. Candidates with stronger attribute alignment to the query
entity receive higher similarity scores. We use a fine-grained 0-100

2Newly extracted attributes are cached for efficiency in future queries.

3We use attributes as nodes and values as edge labels for efficiency. With millions of
products, representing each unique attribute value as a separate node would create an
intractably large graph.
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similarity scale? following established IR evaluation practices [26]
and recent LLM evaluation frameworks [30], allowing for more
nuanced differentiation of relevance levels than coarser scales. The
final ranked list L = sorted{[ent], ..., ent,’C] } is produced by sorting
candidates according to their similarity scores S(ENT,, ENT;). By
using structured reasoning over this local attribute graph, our sys-
tem achieves high-precision, interpretable ranking results suitable
for industry applications demanding accuracy and transparency.

AllLLM interactions in our pipeline use structured JSON schemas
with predefined attribute fields and deterministic settings (temper-
ature=0) for reproducibility. The input to the LLM at each stage
consists exclusively of curated product catalog data — sanitized
attribute-value pairs during ranking, and product text with a con-
strained attribute list during extraction. No user-generated free
text reaches the LLM, and output is validated against the expected
schema. This controlled pipeline significantly mitigates prompt-
based adversarial risks. Our prompts were iteratively refined and
optimized for the Claude LLM during development, and the struc-
tured input format constrains the output space and reduces sen-
sitivity to prompt phrasing compared to free-text prompting. We
also note that our evaluation covers general consumer product cate-
gories. For highly specialized domains (e.g., medical supplies), some
domain-specific fine-tuning or expert-curated attribute schemas
may be necessary to achieve comparable extraction quality.

3 Experiments and Results

Method | P@1 P@3 P@5 MRR mAP

Sparse Retrieval (SR) | 40.48 3730 3190 50.87 50.43
Dense Retrieval (DR) | 51.36  44.55 35.17 56.42  54.95
DR + raw-ranker 54.76  46.83  39.52  60.00 57.99
DR + graph-ranker 57.14 50.00 47.14 63.97 60.42

Table 1: Human evaluation on 200 query-candidate pairs. SR
and DR indicate sparse and dense retrieval respectively.

Dataset and Experimental Setup: We evaluate our proposed
approach on a large real-world dataset, Amazon Shopping Queries
[21], prioritizing practical considerations like realistic data scale and
manual evaluation where automated ground truth is lacking. This
dataset contains challenging search queries paired with products
and relevance labels (Exact, Substitute, Complement, Irrelevant).
While the dataset is originally for query-to-product relevance, we
repurpose it for our entity-to-entity search task by treating products
as query entities, and considering all other products as candidates.
There are 469,898 unique products under the US locale. For eval-
uation, we curate a diverse subset of 8.7K query entities sampled
across various product super-categories. Each query entity is asso-
ciated with its corresponding title, description, and other relevant
information, from which we extracted pertinent attributes during
a preprocessing stage. Certain product categories were excluded
from consideration such as adult products (due to ethical concerns);
books, media and video games (insufficient products and limited
useful context to extract meaningful attributes); and categories with
fewer than 500 products (to ensure sufficient data representation).

40 indicates complete dissimilarity and 100 represents perfect feature matching.
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We compare our approach against the following baselines:

(i) Retriever-only. We implement two standard retrieval base-
lines: sparse retrieval (sr) using BM25, and dense retrieval (DR)
using BGE-M3 embeddings [7]. Both rank candidates by cosine
similarity without LLM capabilities or attribute extraction.

(ii) pr+raw-ranker. This baseline represents an LLM ranking
approach without structured attributes. We retrieve the top 50
candidates using the same retrieval mechanism as above and then
prompt Claude 3.5 Sonnet v2 to rank candidates based on their full
product information (unstructured text).

Our proposed method is denoted as brR+graph-ranker. It en-
hances the ranking process by retrieving the top 50 candidates using
the same retrieval mechanism, then replacing raw product text with
structured attribute data from our product graph. Using an LLM to
perform attribute-based comparison and ranking demonstrates the
value of our structured attribute representation approach. Given
our zero-shot setting, we do not compare against cross-encoders
or GNN based methods requiring task-specific training data. Our
baseline design targets a controlled comparison: all systems share
the same retrieval stage, and the two LLM rankers (raw-ranker
vs. graph-ranker) use the same LLM, differing only on structured
attribute graph input. Given the absence of comprehensive ground
truth labels, we focus on precision-based metrics rather than recall,
following established practices for top-k result evaluation [22].
Human Evaluation: We sample 40 diverse query product entities,
yielding 200 unique query-candidate pairs per system (40 X 5 candi-
dates). Three expert annotators assessed all four systems, producing
800 total annotated pairs. Annotators reviewed product information
including titles, descriptions, and extracted attributes, providing
binary judgments <SIMILAR / NOT_SIMILAR> on whether a can-
didate can serve as a substitute for the query product. We obtained
a high pairwise inter-annotator (Cohen’s k) agreement of 0.71.

Table 1 shows that our pr+graph-ranker method outperforms
all baselines. Notably, precision@5 substantially improves from
39.52% to 47.14%, indicating that our method is particularly effective
at retrieving relevant items deeper into the ranked list, thereby
providing more comprehensive coverage of correct matches. We
also observe consistent improvements in Mean Reciprocal Rank
(MRR) from 60.00% to 63.97% and Mean Average Precision (mAP)
from 57.99% to 60.42%, suggesting that our structured, graph-based
ranking framework yields not only higher-precision top results
but also a more robust overall ranking. A qualitative error analysis
reveals that our approach correctly matches products on specific
attributes. E.g., for a query product entity titled “kangaroo Home
Security System | 5-Piece Kit | Compatible with Alexa and Google
Home | App-Based | Pet-Friendly | Reduces Insurance Premium”, our
method correctly retrieves competing smart home security kits with
matching component count, while the raw-ranker tends to surface
less relevant smart home devices with differing key attributes.
LLM-based Evaluation: For automatic evaluation, we employ the
Nova Pro LLM [2], a different LLM than the ranking model (Claude
3.5 Sonnet v2) to avoid self-evaluation bias. In a preliminary com-
parison on 500 examples, Claude 3.5 Sonnet v2 achieved 6% higher
precision@10 as a ranker but Nova Pro provided more conserva-
tive and discriminative relevance judgments. The evaluation LLM
assesses query-candidate pairs based on attribute alignment and
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Method nDCG Metrics (%)

Precision-based Metrics (%)

nDCG@1 nDCG@3 nDCG@5 nDCG@10 P@1 P@3 P@5 P@10 MRR mAP

Eval Threshold > 80

Sparse Retrieval (sr) 58.58 55.80 54.75
Dense Retrieval (DR) 75.27 75.60 77.30
DR + raw-ranker 77.66 77.87 79.39
DR + graph-ranker 79.96 80.02 81.47

56.35 4386 3342 2729 1871 50.18 42.01
86.59 49.08 3871 33.02 2540 5557 50.40
88.00 51.95 41.18 34.89 2636 57.70 52.78
89.86 56.85 43.49 36.71 27.28 63.13 58.02

Eval Threshold > 50

Sparse Retrieval (SR)
Dense Retrieval (DR)
DR + raw-ranker

DR + graph-ranker

58.71 4941 43.05 3219 66.10 50.63
72.73 6554 6131 5440 7859 72.11
74.78 68.04 63.55 5590 80.12 74.15
78.12 69.39 64.66 56.90 83.53 77.35

Table 2: Entity similarity search evaluated using Nova Pro LLM. The evaluation threshold represents the minimum similarity
score required for a query-candidate pair to be considered relevant. srR and DR denote sparse and dense retrieval respectively.

semantic similarity under a strict standard. Table 2 shows our sys-
tem’s performance (DRr+graph-ranker) at two evaluation thresholds.

At a higher similarity threshold (> 80), our method consistently
outperforms all baselines. We observe substantial gains over the ba-
sic retrieval baseline: i.e., an nDCG@1 increase from 75.27% (DR) to
79.96% and a precision@1 gain from 49.08% to 56.85%. Moreover, the
MRR score significantly improves from 55.57% to 63.13%, indicating
that our proposed system both retrieves relevant entities and places
them higher in the ranked results. While adding the RAW-RANKER
component provides incremental improvements over the baseline
retrieval, the substantial gap between BASELINE-DR+RAW-RANKER
and our attribute-based ranking underscores the significant advan-
tage of explicitly incorporating structured attribute information
into ranking. At a more lenient threshold (> 50), our proposed
method’s precision@1 again rises from 74.78% (BASELINE-DR+RAW-
RANKER) to 78.12%, and MRR increases from 80.12% to 83.53%. These
robust performance improvements across thresholds demonstrate
the stable and meaningful benefits of structured attribute reasoning
in entity similarity ranking tasks, effectively capturing nuanced
similarities even under relaxed evaluation criteria.

We also separately evaluate the attribute extraction accuracy
using Claude 3.5 Sonnet v2 as a judge on 20,000 samples, achieving
83.47% F1. Hallucination is minimized through the predefined at-
tribute schemas and explicit extraction instructions that constrain
the LLM to find attributes in the provided text.

3.1 Live Production Deployment

A first version of our proposed system is deployed in production
at a leading global e-commerce service. The structured and stan-
dardized attribute schemas extracted from unstructured product
information serve dual purposes: (i) as input to the graph-aware
LLM ranking pipeline described above, and (ii) as training data for
a high-quality in-house product embedding model. This embedding
model captures nuanced product relationships, enabling retrieval
of high-quality candidate products similar to the query product,
which are then to be re-ranked via a product graph-aware LLM
ranker, as described above. Additional business factors such as price
and customer ratings can be incorporated as extracted attribute

values into the attribute graph, and time-sensitive attributes (e.g.,
fashion trends) are captured through features like release year or
technical specifications that naturally indicate recency. Existing
structured data from the product catalog (e.g., brand fields) is di-
rectly incorporated into the attribute graph, with LLM extraction
used only for attributes not already available in structured form.

Our system serves as input for multiple downstream e-commerce
applications, enabling additional business rules (e.g., pricing, avail-
ability) to be applied as a subsequent layer. Our embedding-based
retrieval stage limits the online graph-aware LLM ranking com-
ponent to a manageable candidate set (50-80 items). Structured
attribute representations significantly reduce the context length fed
to the LLM ranker — approximately 300 tokens per product versus
700 for raw unstructured text descriptions, achieving a 57% token
reduction. For ranking 50 candidates, this reduces the total input
by approximately 20,400 tokens, directly lowering attention com-
plexity and KV cache memory requirements. In practice, this yields
approximately 250 ms faster inference per request with Claude 3.5
Sonnet v2 compared to raw-text based ranking. While the online
ranking component incurs inference costs relative to retrieval-only
approaches, the latency remains feasible for high-value search sce-
narios such as entity similarity search in specialized product cate-
gories where precise attribute matching is critical for better quality
outputs, user satisfaction and higher conversion rates. In-depth
evaluation revealed metrics and trends matching or surpassing
those reported above, with a preliminary human evaluation on 50
samples yielding a precision@3 of 0.76.

4 Conclusion

We present a two-stage system for entity similarity search that
decouples LLM-driven attribute graph construction from graph-
aware LLM ranking. By reasoning over structured attributes rather
than raw text, our approach achieves a 6% improvement in aver-
age precision over strong baselines in zero-shot settings, under
practical considerations of scalability. Both human and LLM-based
evaluations confirm consistent gains across metrics and product
categories, with encouraging potential in a live deployment setting.
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