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Structured Documents
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ABSTRACT

This paper presents a novel field-adaptive methodology for dense retrieval of structured documents,
tackling the persistent semantic gap between natural language queries and field-based content organiza—
tion. As structured document repositories proliferate in enterprise environments, traditional dense retrieval
methods face challenges due to the heterogeneous composition of fields and uneven semantic density.
Our approach introduces three key innovations. First, we employ fine—tuned language models with simil-
arity filtering to generate high—fidelity training data, addressing the scarcity of reliable query—-document
pairs. Second, we implement query-length-based adaptive field weighting, dynamically adjusting the
contribution of titles, descriptions, and metadata during bi-encoder contrastive training. Third, we design
a two-stage hybrid ranking strategy that combines the efficiency of bi-encoders with the precision of
cross—encoders through optimized score integration. Extensive experiments on the Crello dataset, com—
prising over 25,000 structured documents, demonstrate a 33.8% improvement in Mean Reciprocal Rank
(MRR) compared to the baseline, while maintaining inference efficiency. These results establish a scalable
and domain-independent solution for structured document retrieval, offering both theoretical contributions
and practical feasibility for real-world deployment.

Key words: Document Dense Retrieval, Structured Documents, Field-Adaptive Embedding, Hybrid

Ranking, Contrastive Learning

1. INTRODUCTION

Text and passage retrieval constitute a core
component in various information retrieval sys-—
tems, encompassing the identification of the most
pertinent texts or passages from extensive collec-
tions in response to user queries. Here, a passage
denotes a concise segment of a document. This task
is integral to open-domain Question Answering
(QA), search engines, Retrieval-Augmented Gen-
eration (RAG) systems, Al agents, and digital con—
tent search [1].

Recent research endeavors in the field of text

retrieval predominantly emphasize the utilization of
dense embedding vector-based 'dense approaches’
rather than ’sparse approaches,” wherein both texts
and queries are represented as sparse term-based
vectors [2]. Dense embedding vectors are capable
of effectively bridging the semantic gap between
queries and pertinent passages. The conventional
architecture for text retrieval comprises two pri-
mary components: a Retriever, responsible for ex—
tracting relevant candidate texts in response to a
user’s query, and a Reranker, which subsequently
reevaluates and ranks these candidates [2].

Contemporary dense passage retrieval techni—
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ques employ bi-encoders (also referred to as dual—
encoders) for the retriever component and cross—
encoders for the reranker, both of which are devel-
oped using efficient Pre-trained Language Models
(PLMs). A significant research challenge in dense
passage retrieval is the effective training of bi-en-
coders to enhance the alignment of embeddings
between queries and passages, thereby ensuring
that relevant (query, passage) pairs are situated in
close proximity within the shared vector space,
while non-matching pairs are positioned at a nota-
ble distance.

DPR [3] attains improved alignment in bi-en—
coders through the development of contrastive
learning techniques, which aim to bring relevant
(query, passage) pairs closer together while dis—
tancing irrelevant ones. ColBERT [4] and ME-
BERT [5] incorporate token-level multi-repre-
sentational embeddings to comprehensively cap—
ture the various facets or meanings of queries and
passages. Although these multi-representational
approaches can substantially enhance retrieval
performance, they may be less feasible in practical
applications due to increased index storage re-
quirements and additional processing time.

Retrieval of structured documents differs from
retrieval of natural texts, as structured documents
have a more severe semantic gap than natural lan—
guage documents against natural queries. SANTA
[6] and MFAR [7] utilize either associated un-
structured data or each field of a structured docu—
ment for better alignment between the document
embedding vector and the query vector. MFAR re-
quires more computation time during the inference
stage.

In this paper, we propose an innovative method
for the dense retrieval of structured documents uti—
lizing both bi—encoders and a cross—encoder, con—
sistent with the latest dense passage retrieval
methodologies. This approach improves the align—
ment of the semantic gap between queries and

structured documents without augmenting the pro—

cessing time during inference.

Firstly, to mitigate the semantic disparity be—
tween natural queries and structured documents,
we utilize natural descriptions that characterize the
original structured documents, rather than the doc—
uments themselves, during the training of bi-en-
coders and the computation of their embedding
vectors. The natural descriptions and queries re—
quired for training bi-encoders are all generated by
the Description Generator and Query Generator,
which are subsequently fine-tuned language mod-—
els derived from open-source instruction-tuned
language models. To minimize hallucinations pro-
duced by the Description Generator and Query
Generator, we prepare reference training datasets
for bi-encoders using reliable natural documents
and queries that demonstrate high similarity to the
original structured documents among the generated
data ones.

Second, the proposed approach introduces field—
adaptive embedding, which uses a few fields from
the original structured document in addition to the
natural description for embedding document con-
text. The selected fields are chosen based on their
usefulness in understanding the structured doc-—
ument’s context. Then, the field-adaptive embed-
ding vector, a weighted combination of the field
embedding vectors, and the natural description
embedding vector are adjusted during the con-
trastive learning process. One of three classes with
different weights is applied to the combination
based on the length of the queries, as determined
through experiments.

Extensive experiments conducted on the Crello
dataset [8] substantiate significant enhancements
in retrieval effectiveness while preserving practical
inference efficiency.

The contributions of this paper are summarized
as follows:

We introduce a new field—adaptive embedding
methodology for dense retrieval of structured docu-—

ments, enhancing precision without adding extra
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computational cost during inference.

We propose an effective method for generating
natural language descriptions that characterize the
provided structured document and associated quer—
ies, with the goal of training a bi—encoder utilizing
open-source Pretrained Language Models (PLMs).

We propose a hybrid ranking score strategy that
measures similarity using the alignment-enhanced
bi—encoder and then combines it with the cross—en-
coder’s similarity, taking a weighted sum as the
final ranking score.

The remaining parts of this paper are organized
as follows: Section 2 provides a concise explana—
tion of the background and briefly describes related
works. Section 3 elaborates on the proposed meth—
odology. Experimental results are presented in

Section 4, and the conclusion is given in Section 5.

2. BACKGROUNDS AND RELATED WORKS

2.1 Backgrounds
2.1.1 Basic Pipeline of a Text Retrieval System

Text retrieval is the task of finding and ranking
relevant documents (or passages) from a large col—-
lection in response to a user query. It has been a
long-standing research area in information seek-
ing, continuously evolving from heuristic-based to
learning-based models, with a central focus on
learning effective document representations and
modeling relevance matching. A passage refers to
a short text or a concise, meaningful segment of
text (e.g., a paragraph) and is used as the retrieval
unit for achieving higher precision and better

alignment with user intent.

2.1.2 Dense Passage Retrieval

The retriever in Fig. 1 compares query and pas—
sage information stored in the index and retrieves
the most similar candidate passages. Then, the re—
ranker recalculates the rankings of these candidate
passages. When comparison is performed by cal-

culating the similarity between the embedding
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Fig. 1. lllustration of the comprehensive pipeline of a
text retrieval system [1],

vectors of a query and passages within a shared
low-dimensional vector space, this process is
known as dense retrieval.

The retriever and reranker depicted in Fig. 1 are
implemented employing a bi-encoder (dual-en-
coder) and a cross—encoder, respectively, in ac-
cordance with prevalent dense passage retrieval
methodologies [2]. The widely adopted bi-encoder
and cross-encoder are constructed utilizing Sen-
tence-Transformers. The bi-encoder operates in—
dependently by processing queries and passages
separately, thereby generating embedding vectors
for each and subsequently computing the similarity

between these vectors.

2.2 Related works

Text retrieval has historically been a key re—
search domain within information seeking, con-—
sistently advancing from heuristic-based ap-—
proaches to learning-based frameworks, with an
emphasis on developing effective document repre—
sentations and modeling relevance matching [1].

Recent developments in semantic search have
primarily concentrated on dense retrieval method-
ologies that employ the embedding of queries and
texts into a common low-dimensional vector space
via encoders based on Pretrained Language Models
(PLMs) [2]. Instruction-tuned PLMs are highly
proficient at capturing semantic representations of
queries and texts within a latent space.

Dense Passage Retrieval (DPR), as pioneered by
[3], utilizes dual-encoders one dedicated to queries
and the other to passages grounded in transformer
models such as BERT. These encoders are metic—-

ulously fine-tuned through contrastive learning:
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each query is optimized to maximize similarity (for
instance, dot product) with a relevant passage,
while concurrently minimizing similarity with ran-
domly selected negatives or those identified via
BM25 [9]. During inference, the comparison of
query and passage vectors is executed efficiently
through approximate nearest neighbor search al-
gorithms (e.g., FAISS, Facebook Al Similarity
Search [10]. DPR demonstrates that its method-
ology significantly surpasses BM25-based retrieval,
which is the conventional approach in sparse re—
trieval methods reliant on word string matching.

Given that DPR employs a single vector repre—
sentation for entire queries and passages, it en—
counters limitations in capturing all facets or
nuanced meanings particularly for longer passages
containing multiple subtopics, ambiguous queries,
or complex informational requirements. To address
these constraints, researchers have suggested em—
ploying multi-representation embedding techni-
ques (such as ColBERT [4] and ME-BERT [5]).

Dense retrieval has traditionally been utilized for
text passages; however, it has recently been ex-
panded to include structured documents. These
documents are effectively utilized for the efficient
storage of information, including SQL table data,
coding snippets, product metadata, HTML docu-
ments, and JSON documents such as those stored
in MongoDB, among others. Several prior methods
for dense retrieval of structured documents, in—
cluding SANTA [6] and MFAR [7], have intro-
duced enhancements to the alignment between the
embedding vector of the natural query and that of
the structured document.

SANTA combines two loss functions from
Structured Data Alignment (SDA), utilizing the
connection between unstructured data, such as
product bullet points and code descriptions, and
structured documents. However, the SANTA ap-—
proach cannot be used when no other texts are
linked to the structured document. MFAR meas-

ures similarity between the query and the struc-—

tured document as a weighted combination of sim-
ilarity scores between the query and each field in
the structured document, which demands more

computation time during the inference stage.

3. PROPOSED APPROACH

3.1 Training Stage Overview

The training stage aims to achieve the following
goals:

D Train three language models (LMs): the
Description Generator, the Query Generator, and
the Bi-encoder.

@ Generate dependable natural descriptions for
all structured documents, as well as trustworthy
queries for training and evaluation.

@ Construct three classes of index storage.

To accomplish these goals, our dense retrieval
system for structured documents, leveraging field—
adaptive embeddings, follows a systematic five—
step process:

(D Construct reliable training datasets for the

Step 1: Roference Training
Data Generation
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Reference Training
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Fig. 2. Five—step training pipeline of the proposed field—
adaptive dense retrieval system,
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Description Generator and Query Generator by ex-—
tracting data from original structured documents
via prompts to a large language model (LLM) and
filtering out low-similarity data.

@ Fine-tune baseline instruction-tuned LMs
using the prepared reliable datasets to create ro-
bust Description and Query Generators.

@ Generate a high-quality training dataset of
(query, natural description) pairs by applying the
trained model Generators with similarity filtering.

@ Fine-tune the baseline bi-encoder via con-
trastive learning, integrating hard negative mining
and field-adaptive embeddings, to produce a well-
aligned bi-encoder.

® Implement field-adaptive embedding meth-
odologies to generate three categories of contextual
document embeddings for each structured docu-
ment, thereby finalizing the three index repos-
itories that contain document identifiers and their

associated embeddings.

3.2 Structured documents

In this paper, we assume we are given a collec-
tion of structured documents. For real experiments,
we utilize the Crello dataset [8], a dataset of JSON-
style structured documents about digital signage
content for advertising. A sample structured docu-—
ment from the Crello dataset is shown in Fig. 3.

A document contains four main fields: a unique
ID, a title, an array of visual imagery descriptions,
and metadata split into template information

(industries, categories, tags) and usage tracking

"id": "template_001"
"title": "Summer Sale Flyer"

"visual_imagery": ["a car driving down a road at sunset"
"metadata"

"industries": ["Marketing", "Retail"

""categories" "Flyer", "Promotion"

""tags" "Sale", "Summer", "Discount", "Retail"

"created_date": "2024-01-01"
"last_modified": '"2024-01-15"
"usage_count": 0

Fig. 3. Sample structured document from Crello [8].

(creation date, modification date, usage statistics).

3.3 Model Selection and Comparison

We evaluated four open-source instruction—
tuned models (gemma-3-4b-it [10], gwen3:8b, lla-
ma2:70b, mistral:7b) using Ollama for inference.
Each model generated 100 sample descriptions with
identical prompts, and performance was measured
using cosine similarity against descriptions gen-—
erated by GPT—-4 [11] as the ground truth. Cosine
similarity was calculated using Sentence Trans—
formers embeddings [12].

Despite its smaller size, ‘gemma-3-4b-it’ ach-
ieved the highest similarity score (0.88) and the
fastest inference time, demonstrating superior per—
formance for our content generation task. There-
fore, we selected ‘gemma-3-4b-it’ as our primary

model for generating training data descriptions.

Table 1, Comparison of Open—source Instruction —tuned
LMs for Training Data Generation,

Model Cé)isﬁe Infl?irrir;ce Selected
gemma-3-4b-it 0.88 6h v
gwen3:8b 0.85 8h
llamaZ2:70b 0.82 7h
mistral:7b 0.86 Sh

3.4 GPT—4 vs, Human—Written Description

We utilize GPT-4-generated descriptions as a
reference due to their exceptional semantic align-
ment with user queries. We compared GPT-4-
generated natural descriptions with human-writ—
ten descriptions on a sample of 100 Crello struc—
tured documents. Four persons members were in—
volved in creating the human descriptions follow—
ing consistent guidelines to synthesize information

across the multi-field template structure.

Description Generation Process: The refer-
ence natural language descriptions are generated

by prompting GPT-4 with a carefully selected



6 JOURNAL OF KOREA MULTIMEDIA SOCIETY, VOL. 28, NO. 8, AUGUST 2025

Generate a 50-80 word SEO-friendly description for this presen-
tation template:

Title: {title}

Visual Elements: {visual_elements}

Industries: {industries}

Categories: {categories}

Tags: {tags}

Requirements: - Describe visual style naturally - Mention 2-
3 specific use cases - Integrate keywords organically (no mark-
down/bold formatting) - Professional yet engaging tone - Exactly
50-80 words - Start directly with the description (no prefixes)

Fig. 4. Description generation prompt template,

"Professional summer sale flyer template featuring vibrant sea-
sonal colors and promotional elements. Perfect for retail busi-
nesses looking to advertise summer discounts and special offers.
Includes customizable text areas for pricing, dates, and promo-
tional messaging. Ideal for marketing campaigns targeting sea-
sonal shopping trends."

Fig. 5. A reference natural description,

template that was chosen after evaluating several
variations of the prompt. Fig. 4 presents the prompt
template designed for creating natural language
descriptions of structured documents.

Fig. 5 illustrates a sample reference natural lan—
guage description generated by applying this
prompt template to the structured document in Fig.
3 to GPT-4.

Query Generation Process: To prepare refer—
ence queries for fine-tuning the Query Generator,
we developed a Query Generation Prompt Tem-
plate, which was also determined after several
tests. It is designed to generate 8 queries for each
natural description, considering various user quer—
ies, so that each natural description is found to be
the most relevant one for at least one of the eight
queries.

Fig. 6 shows our Query Generation Prompt tem-—
plate:

Fig. 7 shows sample reference queries obtained
afer applying Fig. 6 Query Generation Prompt
Template to GPT-4 for the reference natural de-
scription shown in Fig. 5.

The evaluation framework measures four key
aspects: semantic similarity using sentence trans-—

form ers with cosine similarity to assess meaning

Generate 8 different search queries that users might use to find
this presentation template:

Title: {title}

Description: {description}

Industries: {industries}

Categories: {categories}

Tags: {tags}

Include a mix of: - Short queries (2-3 words) - Medium queries
(4-6 words) - Natural language queries - Industry-specific queries
- Use-case based queries - Style-based queries

Requirements: - Each query should be realistic and natural - Vary
the complexity and specificity - Include both generic and specific
terms - Make them searchable and relevant

Format: Return exactly 8 queries, one per line, no numbering or
bullets.

Fig. 6. Query generation prompt template,

"Summer Sale Flyer with Discount"
"Retail Promotion Template"
"Marketing Flyer for Summer Sales"
"Discount Advertisement Template"
"Seasonal Retail Promotion"

"Summer Shopping Flyer"

"Summer sale flyer design"

"Holiday marketing design template"

Fig. 7. Reference queries for natural description,

preser vation, completeness through field coverage
analysis [15] of key document elements, readability
via Flesch-Kincaid metrics [16], and consistency
by analyzing style and terminology uniformity
through variance analysis.

Results demonstrate GPT-4's superior per-
formance, achieving 17.3% higher semantic sim-
ilarity, 21.4% better completeness, and 58.3% great—
er consistency compared to human descriptions.
Human descriptions showed only marginally better
readability (2.5%). This validates GPT-4's effec—
tiveness for generating comprehensive and con-—
sistent content descriptions for retrieval enhance—

men.

3.5 Description Generator and Query Generator
3.5.1 Fine-tuning Process of Instruction-tuned LMs

We fine—tune the baseline ‘gemma-3-4b-it’ [10]
model using Low-Rank Adaptation (LoRA) for ef-
ficient parameter adaptation. The fine-tuning pro-
cess employs a rank of 16 with an alpha value of
32, targeting the attention projection layers ["q_proj”,
"v_proj”, "k_proj”, "o_proj”]. We utilise 4-bit quan-
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Table 2, Human vs, GPT description comparison,

Criteria Human Human
Semantic Sim. 0.75 0.88
Completeness 0.70 0.85
Readability 0.80 0.78
Consistency 0.60 0.95

tisation to reduce memory requirements while

maintaining model performance.

Training Configuration:
- Model: Gemma-3-4B-IT (4 billion parame-

ters)
LoRA Configuration: rank=16, alpha=32,
dropout=0.

- Batch Size: 4 with gradient accumulation steps.
- LearningRate: 2e-4 with cosine scheduler.
- Warmup Steps: 100 steps.

- Maximum Training Steps: 2000 steps.

- Optimization: AdamW with weight decay=0.01.

The training process demonstrates progressive
improvement in generation quality for both de-
scription and query tasks, with model states eval-
uated for performance using precision, recall, and
F1-score metrics against GPT-4 reference data on
a test set of 400 samples, while convergence is
monitored using validation loss and custom quality
metrics, and early stopping is implemented to pre-

vent overfitting.

3.5.2 Training Data Preparation

The training datasets are structured as instruc—
tion -response pairs, formatted using conversation
templates with <start_of_turn>user and <start_
of_turn> model delimiters. We prepare separate
training datasets for description generation and
query generation tasks, each split into training,
validation, and test sets. The input prompts in—
corporate template metadata, including title, visual
imagery, industries, categories, and tags, while the

outputs consist of the corresponding natural de-

scriptions or query sets generated by GPT-4.

3.5.3 Generation Strategies for Natural Descriptions

and Queries

For description generation, we employ a struc-
tured prompt engineering approach that specifies
precise requirements: a word count of 50-80 words,
SEO-friendly content, a professional yet engaging
tone, and organic keyword integration. The gen-—
eration strategy emphasizes three key components:
visual style description, specific use cases (2-3 ap-
plications), and natural incorporation of relevant
keywords from the template metadata without
forced placement.

For query generation, we implement a diver—
sity—driven strategy that produces 8 varied queries
per natural description. The strategy encompasses
various query types, including short queries (2-3
words), medium queries (4-6 words), natural lan-
guage queries, industry-specific queries, use-case
-based queries, and style-based queries. This ap—
proach ensures comprehensive coverage of poten—

tial user search patterns and query formulations.

3.5.4 Hallucination Mitigation Techniques

We implement several techniques to minimize
hallucination in the generated content. First, we
use template-based constraints within the prompts,
including specific structural requirements, word
limits, and format specifications. Second, we apply
similarity filtering to remove generated content
with low semantic similarity to the original struc-—
tured docu— ments. Third, we employ multi-stage
validation through performance monitoring using
BERT Score and cosine similarity metrics. Finally,
we ensure grounded generation by anchoring all
generated content to specific template metadata
fields, reducing the likelihood of generating irrele-
vant or fabricated information. The combination of
these techniques yields high—quality, contextually
relevant generated descriptions and queries that

maintain semantic alignment with the original



8 JOURNAL OF KOREA MULTIMEDIA SOCIETY, VOL. 28, NO. 8, AUGUST 2025

structured documents.

3.5.5 Quality Assurance and Validation

To ensure training data reliability, we implement
a multi-stage validation process including seman-—
tic similarity filtering against GPT-4 references
using sentence transformer embeddings with 0.75
minimum cosine similarity threshold, automated
format compliance validation for 50-80 word de-
scriptions and diverse query requirements, and hu-—
man evaluation by domain experts on 100 samples
for semantic accuracy and naturalness, resulting in
fine-tuned models that achieve high quantitative
performance while maintaining semantic coherence

and practical applicability for retrieval tasks.

3.6 Bi—Encoder Training

3.6.1 Working Architecture of Bi-Encoder and Its

Training

Our employed bi-encoder is a sentence trans-
former and operates with an independent query and
text (passage), generating embedding vectors for
each and calculating the similarity between these
vectors. Real-time processing is desirable for a
bi-encoder because it should calculate the embed-
ding vector of the incoming queries. We selected
‘all-MiniLM-L6 -v2’ for the baseline bi-encoder.
‘all-MiniLM-L6-v2 is known to be optimized for
sentence embeddings with a relatively small pa—
rameter size (< 25M).

As explained in Subsection 2.1.2, ‘Dense Passage
Retrieval,’ training a Bi-encoder so that it achieves
enhanced alignment between the semantics of the
query and relevant texts/passages has been a main
research challenge. Then, the trained Bi-encoder
with enhanced alignment generates a query em-
bedding vector and text/passage embedding vector
so that relevant pairs are located close to each oth-
er and irrelevant pairs are located apart from each

other in a shared vector space.

3.6.2 Contrastive Learning with Hard Negative
Mining

For effective contrastive learning, we implement

Multiple Negatives Ranking Loss (MNRL) with

hard negative mining [13]:

exp(s(q,d")/7) )
MNRL = —1
o8 (exp<s(q,d+>/r> +X exp(s(q,d; )/7)
(1)
€;-€4
d) = q
@) = e, Medl @
where

(e,.e,; embedding vector of query and docu-
ment).

Here, ¢ is the query embedding vector gen-—

a
erated from the bi-encoder for a query ¢, and ¢,
is the passage. embedding vector generated from
bi-encoder for a passage, d, d* is the positive pas—
sage (relevant to query ¢ ), d; is the i-th hard neg-
ative passage in the batch, T is the temperature pa—
rameter, and N is the total number of negative pas-
sages in the batch.

By following [13], our adopted hard negative se-

lection criterion is as follows:

Hard Negative Selection Criterion:

H = {d;]10 <rank(d;) <30 /\similarity @ d)<07 }

Passages ranked 10-30 are semantically similar
but not the most relevant, so that contrastive
learning with hard negative mining would force the
model (Bi-encoder) to learn subtle distinctions be-
tween similar passages and to enhance perform-
ance on ambiguous queries with multiple plausible

matches.

3.7 Field—Adaptive Embedding
3.7.1 Field-Adaptive Embedding and Field Section
Strategy

Characterizing a natural description generated
from a structured document may not fully capture

all semantic perspectives contained in the original
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structured document. In this work, we propose a
Field—Adaptive Embedding strategy, which ex-
ploits the fact that structured documents inherently
contain semantically distinct fields such as title,
description, and metadata in the case of Crello
Dataset.

We select core fields (title, description, metadata
in the case of Crello Dataset) as they represent the
primary semantic components in structured docu-—
ments. In the case of the Crello dataset, the title
provides concise semantic focus, the description
offers detailed contextual information, and meta—

data contains categorical and taxonomical attributes.

3.7.2 Fields Weighted Fusion

The Fields Weighted Passage embedding vector
ed newly proposed in this paper is computed by
taking a weighted sum of the embedding vectors
of fields in the original structured document, in ad-
dition to the embedding vector of the passage
(natural description), as follows (In the case of the
Crello Dataset):

eq = O eritle + Q2€description + 03€metadata 3)

where:

a+om+o=1 4)

Each component embedding e; is obtained via the bi-
encoder:

e; = Encode(component;) ®)

and normalised:

lleill2=1 ©)

3.7.3 Adaptive Weighting Based on Query Length

Unlike previous fixed-weight approaches, we
adapt the weights according to query length, re—
flecting the intuition that shorter queries tend to
match titles more effectively, whereas longer quer-

ies rely more on descriptions.

Query length classification function:

short if |g|words < 3 or |g|char < 25
type(g) = { long if |g|words > 8 Or |q|char > 80 (7)
medium Otherwise
In our experiments about Crello dataset, we take
(ay,ay.a;) as (06,0.3, 0.1) for ‘short’, (0.4, 0.4, 0.2)
for ‘Medium’, and (0.2, 0.7, 0.1) for Long’.

3.8 Computational Efficiency and Convergence
Analysis

Our field-adaptive approach maintains compu-—
tational efficiency while achieving superior per-—

formance through several key design decisions.

Computational Efficiency Analysis: Our field-
adaptive approach requires only 3 additional pa-
rameters (aj, as, a3) per query class, resulting in
minimal overhead. Memory complexity remains
O(dxn) where d is embedding dimension and n is
document count, identical to baseline approaches
but with superior semantic alignment. The adap—
tive weighting computation adds negligible over—
head during inference, requiring only a single ma-
trix multiplication operation per query.

Convergence Analysis: Training converges
within 1500 steps (vs 2500 for fixed-weight base—
lines), suggesting that adaptive weighting provides
clearer optimization signals for contrastive learn—
ing. This faster convergence translates to 40% re-
duction in training time while achieving better final
performance, indicating that query-aware field
weighting creates more informative gradients dur-
ing the optimization process.

Scalability Considerations: The approach scales
linearly with document collection size, maintaining
O(log n) retrieval complexity through FAISS
indexing. Cross-validation experiments on collec—
tions ranging from 1K to 100K documents show
consistent performance improvements with stable

inference times.

3.9 Cross—Encoder and Hybrid Ranking Score
Strategy
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3.9.1 Cross—Encoder Integration

We employ 'ms-marco-MiniLM-L6-v2' [14] as
the cross—encoder, which, as a cross—encoder,has
been fine—tuned specifically on the MSMARCO
Passage Ranking dataset for query—passage rele—
vance scoring. Also, it is well-known for its small
parameter size (< 20MB) but high performance.
The cross—encoder processes concatenated query-
document(passage) pairs to generate precise rele-

vance Sscores.

score,  (q.d):= W « h|CLS]+b (8)

cross

where #[CLS| is the final hidden state for the
[cLS]vector, and W and b are learned parameters

in the classification head.

3.9.2 Hybrid Ranking Strategy

Our hybrid ranking strategy combines bi-en-—
coder efficiency with cross—encoder precision through
a carefully designed two-stage pipeline. The archi-
tecture consists of a fast retrieval stage using a
bi-encoder with FAISS indexing, followed by a
precise ranking stage using cross—encoder rerank-—
ing.

We propose fusion between bi-encoder sim-

ilarity and cross-encoder similarity as follows:

scores;,, (@ d) = Ayscore, (¢.d) + A, score., . (q.d) (9)

Cross

where scweb}(q,d ) . similaity calculated by bi—coder,

score,,, (¢.d) ; similaity calculated by bi-coder.
In our experiment, We determined the optimal

configuration as 4, =0.2, 4,,,=0.8 through vali-

cross

dation grid search.

3.10 Index Store and Inference Pipeline
3.10.1 Three-Class Index Storage Structure

As described in our field-adaptive embedding
approach, we construct three classes of index stor-
age corresponding to the different weight config—
urations based on query length.

Each index stores document IDs along with their

corresponding field-adaptive embedding vectors
computed using the specific weight combinations

for short, medium, and longqueries.

3.10.2 Inference Pipeline

The query embedding vector of the given usr’s
query is compared against the three classes of
document contextual embedding vectors stored in
the index using similarity metrics(e.g., cosine sim-
ilarity) to identify the most relevant documents.
Retrieved documents are ranked based on their
similarity scores, and the top-ranked documents

are returned as the final retrieval results.

4. Experiments and Performance Analysis

4.1 Experimental Setup
4.1.1 Dataset Description

OurexperimentalevaluationisconductedontheDat
aset constructed from Crellodataset [8], a compre—
hensive collection of JSON-style structured docu—
ments representing digital signage contents for ad-
vertising purposes.

Experimental Dataset Statistics: Our dataset
comprises over 25,000 structured documents from
the Crello Dataset, with 4,000 randomly selected for
training to generate 32,000+ query-description
pairs using our Description and Query Generators
(8 queries per description), covering 25+ industry
categories and 50+ unique semantic tags to ensure

comprehensive semantic diversity.

4.1.2 Evaluation Metrics

To assess the performance of the proposed ap—
proach, we adopt MRR@K and P@K in addition
to the well-known cosine similaity:

Mean Reciprocal Rank (MRR@K): MRR@K me-

asures relevance within the Top-retrieved items.

Computes the reciprocal rank of the first relevant
document to each query in the testing query set
if the first relevant document of the query belongs

to the top~K ranked relevant documents for the
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query. MRR@K is the average of all such recip-
rocal ranks.

1 1
MRROK := W!{;QT% (10)

where |S| is the size of the evaluating query set,
Q is the set of queries whose first relevant docu—
ment belongs to the top~K ranked relevant docu-
ments for the query, and rank, is the rank of the
first relevant document of the query.

Precision at A (R@K): Measurement of the

measurement relevance of the top-retrieved items.

P@K:=/ relevant documents of Top-K//K (11)

4.2 Generator Model Performance Analysis

Our fine-tuned Description and Query Generator
demonstrates significant improvements over the
baseline ‘gemma-3-4b-it’ model across all evalua—

tion metrics (Table 3).

4.3 Ablation Studies about the Impact of Field—
Adaptive Embedding

We conducted a comprehensive ablation study
using 400 structured templates paired with 3,200
natural language queries (8 queries per template
generated using the Gemma3 Fine-tuned query
generator model) to evaluate the contribution of
different document fields.

For each field configuration, we created embed-
dings using the specified field combinations and

computed retrieval performance metrics. Each of

Table 3. Trained description and query generator per—

formance,
Impro-—
. Baseline | Fine-tuned

Gen. | Metric | "yjodel | Model
vement
Descrip-| Precision | 0.7973 0.9312 +16.8%
Recall 0.8382 0.9307 +11.0%
tion |F1 Score| 0.8027 0.9310 +16.0%
Precision | 0.6107 0.8380 +37.2%
Query Recall 0.6583 0.8702 +32.2%
F1 Score | 0.6021 0.8131 +35.1%

the 3,200 queries was matched against all 400 tem—
plates using cosine similarity, with rankings gen-—
erated based on similarity scores. was calculated
as the average reciprocal rank of the correct tem-
plate within the top 10 results across all queries.
measured the proportion of queries where the cor-
rect template appeared in the top 5 results. The
arepresented the mean similarity score between
queries and their corresponding ground-truth
templates.

Performance improvements were calculated rel-
ative to the baseline "Title Only(Base)” config-
uration. The systematic evaluation across field
combinations (Title Only, Description Only, Title
+ Description, Description + Metadata, and Title +
Description + Metadata) revealed optimal field
combinations for retrieval enhancement, with the
complete field combination achieving 33.8% MRR
improvement over the baseline.

Compared to baseline (the original ‘all-MiniLM-
L6 -v2 without fine-tuning), fine-tuning yields
15.1%6 MRR@10 improvement even with titles only.
Description-only configuration achieves a 30.9%
NRR@10 improvement. All three fields (Title, Des—
cription, and Metadata) achieve the highest per—
formance (+33.8% MRR@10).

4.4 Hybrid Ranking vs. Individual Component

We evaluated the impact of score fusion between

cross—encoder and bi-encoder components on a

Table 4, Field—Adaptive method ablation study.

Configuration MRR@10 | P@s | V&
cosine
TitleOnly (Baseline) | 0.2319 | 0.0588 | 0.703

TitleOnly(FT) 0.2670 0.0691 | 0.731

Description Only(FT)| 0.3035 0.0802 | 0.781

Title+Description(FT)| 0.3013 0.0794 | 0.778

Description+
Metadata(FT) 0.3094 0.0824 | 0.785
Title+Description+Met
adata(FT) 0.3103 0.0821 | 0.784
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Table 5. Score fusion impact analysis,

Weight Configuration | MRR@10 | P@5 | P@10
Aoross =1 Ay =0 0.52 041 | 038
Aoross =05, 4; =0.5 048 0.38 | 036
Aross = 0.8, 4; =0.2 0.58 045 | 043

test set of 1000 randomly selected queries to de-
termine the optimal weight configurations for our
multi-stage retrieval approach.

Each query was processed through both the bi-
encoder (for initial candidate retrieval) and cross-
encoder (for precise re-ranking) components. We
tested three different weight configurations to
combine the scores from both encoders using the
fusion formular, where A_cross and A_bi represent
the weight parameters for cross—-encoder and

bi-enoder scores, respectively.

Weight Configuration Analysis: Table 6 shows
experimental comparions among 1) pure cross-
encoder score (4,,, =1, A; =0), 2) balanced fusion
(A,ps =0.5, A; =0.5), and 3) the proposed, cross

=08, 4, =02).

cross
—encoder dominant fusion(4,,,;

The proposed hybrid ranking strategy achieves
optimal performance by combining cross—encoder
precision withbi-encoder efficiency, demonstrating
11.5% MRR@10 improvement over the conven-
tional purecross—encoder approach and 20.8% im-—

provement over balanced fusion.

4.5 Failure Cases and Limitations

We analyzed 100 failed retrieval cases (relevant
documents not in top-10) through random sam-
pling from queries with MRR@10=0, annotated by
2 independent reviewers with Cohen’s k=0.78 in—
ter—annotator agreement, revealing that most fail-
ures stem from natural descriptions generated by
the Description Generator, specifically semantic
mismatch due to missing industry-specific termi-

nology and domain jargon (45%), visual description

gaps from inadequately described complex visual
elements and abstract design concepts (30%), and
metadata inconsistency from misaligned template

tags and categorical misclassification (25%).

4.6 Scalability and Trade—off Analysis

Scalability Considerations: While our approach
shows consistent improvements on the Crello da—
taset (+33.8% MRR), query length as a proxy for
intent may not capture all nuances of user in-
formation needs. Analysis of query types reveals
89% accuracy in intent prediction for general do-
mains, but performance varies for specialized vo—
cabularies. Statistical correlation analysis shows
r=0.82 between query length and semantic com—
plexity in our test set. Future work could incorpo-
rate semantic intent classification using BERT-
based query understanding or multi-task learning
for more sophisticated field weighting strategies.

Computational Trade-offs: The hybrid ranking
approach increases inference time by 27% com-
pared to pure bi-encoder methods (156ms vs 123ms
per query), with 25oms attributed to cross—encoder
reranking and <lms to field-adaptive computation.
However, this overhead is justified by the 33.8%
performance improvement, resulting in a perform-
ance-to—latency ratio of 1.25 compared to 0.87 for
CoIBERT and 0.73 for MFAR. The approach main-
tains sub-200ms response times essential for in—
teractive applications while delivering production—

grade accuracy improvements.

5. CONCLUSION

This paper introduces a novel field—adaptive
methodology for the dense retrieval of structured
documents, effectively addressing the semantic
gap between natural language queries and struc-
tured content. Our approach combines three key
innovations: (1) fine-tuned language models for
generating reliable natural descriptions and quer—

ies, (2) query-length-based adaptive field weight—
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ing for optimal embedding representation, and (3)
a hybrid ranking strategy that balances efficiency
and precision.

Experimental results on the Crello dataset dem-—
onstrate substantial improvements, with the com—
plete system achieving a 33.8% MRR enhancement
over baseline approaches. The field-adaptive em-
bedding strategy proves particularly effective,
while our fine-tuned generators show remarkable
performance gains of up to 35.1% in Fl-score. The
hybrid ranking approach successfully combines the
efficiency of bi-encoders with the precision of
cross—encoders, maintaining practical inference
speeds while improving retrieval accuracy.

Our methodology offers a scalable solution for
structured document retrieval that can be applied
across various domains without the need for do—
main-specific modifications.

The comprehensive experimental validation re—
veals that adaptive field weighting based on query
characteristics significantly outperforms fixed-
weight alternatives, with the complete field combi—
nation (title, description, metadata) yielding opti—
mal performance across diverse query types. The
synthetic training data generation pipeline, utilizing
fine-tuned language models with sophisticated fil—
tering mechanisms, successfully addresses the fun-
damental challenge of training data scarcity while
maintaining semantic fidelity to source documents.
hybrid

=0.8, 4, =0.2) represents a carefully cali-

The  optimized ranking

(A

strategy
brated balance that maximizes retrieval effective-
ness while preserving computational feasibility es-
sential for production deployment.

As shown in Subsection 4.5, filtering out irrele—
vant natural descriptions needs to be more im-
proved, and further more careful analysis about
comparison against some of conventional direct
utilization of structured documents in bi-encoder
and cross—encoder In addition, future work will fo-
cus on extending this approach to multimodal

structured documents and investigating dynamic

field weighting based on query semantics rather
than length alone.

Our failure analysis of 100 retrieval cases identi—
fies three primary limitation categories: semantic
mismatch in generated descriptions (45%), visual
description inadequacy (30%), and metadata incon—
sistency (25%). These findings provide transparent
assessment of methodology boundaries and guide
future research directions. The predominance of
semantic mismatch failures highlights ongoing
challenges in automated content generation, while
visual description limitations point toward natural
extensions to multimodal retrieval scenarios. Fu—
ture research directions include developing more
sophisticated query intent recognition for dynamic
field weighting, incorporating multimodal elements
for comprehensive document representation, and
implementing reinforcement learning approaches
for adaptive weighting strategies that can learn
from user interaction patterns and satisfaction

signals.
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