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Abstract

Search result personalization and re-ranking in professional domains present significant challenges due to the complexity of
domain-specific terminology and varying user expertise levels. This paper proposes a novel framework integrating Large
Language Models (LLMs) with personalized search re-ranking for professional domains. The framework incorporates four key
components: LLM-based user profile construction, professional domain knowledge encoding, cross-encoder re-ranking, and
dynamic weight allocation. The user profile construction module utilizes historical interactions and professional behaviors to
generate comprehensive user representations, while the domain knowledge encoding module captures specialized terminology
and relationships. A cross-encoder architecture performs deep semantic matching between queries and documents, with results
optimized through a dynamic weight allocation strategy. Experimental evaluation on three professional datasets (MedSearch,
LegalDoc, and TechQuery) demonstrates significant improvements over existing methods, achieving 15.2% higher nDCG@10
and 12.8% better MRR compared to traditional ranking approaches. The framework maintains stable performance under varying
query loads while effectively handling domain-specific terminology and user expertise variations. Ablation studies reveal the
substantial impact of each component, with the LLM-based user profile construction and domain knowledge encoding
contributing 7.5% and 6.3% improvements respectively. The proposed approach establishes new benchmarks for professional
search systems while providing insights into effective integration of LLMs in domain-specific information retrieval.
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1. Introduction

1.1 Background and Domain Search Challenges

Search engines play a vital role in professional domains
such as healthcare, law, and engineering, where accurate in-
formation retrieval directly impacts decision-making. While
traditional search engines excel at general-purpose queries,
they face significant challenges in professional contexts®mor* R
eference source not found. ‘The technical vocabulary and domain-spe-
cific jargon create semantic complexity that conventional al-
gorithms struggle to handle effectively®rror! Reference source not
found. © Additionally, the context-dependent nature of profes-
sional searches means that queries may have different inter-
pretations based on users' expertise levels and work contexts.

The emergence of Large Language Models (LLMs) has rev-
olutionized natural language processing, offering new oppor-
tunities to enhance search result ranking®rror! Reference source not
found. 'T.L.Ms demonstrate remarkable abilities in understand-
ing context and semantic relationships, making them particu-
larly valuable for professional domain applications. Recent
developments have also highlighted the importance of person-
alization, as user behavior patterns and professional back-

grounds provide crucial signals for tailoring search results®rr
Reference source not found.

1.2 Research Objectives and Innovations

This research proposes a novel framework integrating
LLMs with personalized search re-ranking for professional
domains. The approach leverages LLMs' semantic under-
standing capabilities while incorporating user-specific profes-
sional context to improve search result ranking®rror! Reference
source not found.Error! Reference source not found._ The framework intro-
duces innovative methods for encoding professional domain
knowledge and user expertise profiles, alongside a dynamic
weight allocation strategy that balances LLM-based semantic
understanding with personalization signalsrror Reference source notf
oundx

Our key contributions include a new architecture specifi-
cally designed for professional domains, methodologies for
evaluating search performance in professional contexts, and
extensive experimental validation across multiple domains.
The framework's modular design allows adaptation to differ-
ent professional fields while maintaining consistent perfor-
mance improvementsFrrort Reference source not found. "Thig work ad-
vances professional search systems by bridging the gap be-
tween general-purpose algorithms and domain-specific re-
quirements, demonstrating how LLMs can effectively process
specialized content while maintaining computational effi-
ciency.

2. Related Work

2.1 Traditional Search and Personalization
Methods

Traditional search re-ranking methods have primarily relied
on statistical and machine learning approaches, with BM25
serving as a fundamental baseline utilizing term frequency and
inverse document frequency. Learning to rank frameworks
have advanced these methods by combining multiple rele-
vance signals through supervised learning techniques®rror* Ref-
erence source not found. ‘Neyyra] network-based ranking models have
further enhanced the capability to capture complex patterns in
search behavior and document relevance.

Personalized search has emerged as a critical advancement,
focusing on tailoring results to individual user preferences.
These approaches capture both short-term and long-term user
interests through various profiling techniques, including his-
torical search behavior analysis and click-through pattern ex-
amination®rror! Reference source not found. ' The Hierarchical Recur-
rent Neural Network (HRNN) approach has shown significant
improvements in modeling user behavior dependencies, while
context-aware personalization techniques have enhanced

query representation based on user profilesfrror* Reference source not f
ound.

2.2 Advanced Models and Cross-Encoder Ap-
proaches

Large Language Models have revolutionized information
retrieval systems with their superior natural language under-
standing capabilities. LLMs have been particularly effective
in bridging the semantic gap between queries and documents
through dense retrieval methods and sophisticated query inter-
pretation®rror Reference source not found. “Thejr integration has ena-
bled better handling of domain-specific terminology and pro-
fessional jargon in specialized applications.

Cross-encoder based re-ranking represents another signifi-
cant advancement, offering improved accuracy through sim-
ultaneous processing of query-document pairs. Recent re-
search has focused on developing hybrid approaches that bal-
ance efficiency and accuracy, making cross-encoder re-rank-
ing practical for large-scale applicationsFrror! Reference source not
found. 'The integration of cross-encoders with LLM-based un-
derstanding and personalization signals has opened new pos-
sibilities for search optimization, while their modular nature
enables flexible integration with various ranking components.
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3. Proposed Framework

3.1 Overall Architecture Design

The proposed framework integrates LLM capabilities with
personalized search re-ranking through a multi-stage architec-
ture designed specifically for professional domains®rror! Refer-

ence source not found. "The gygtemn consists of four main components:

user profile construction, domain knowledge encoding, cross-
encoder re-ranking, and dynamic weight allocation.

The system employs a parallel processing architecture to
handle multiple queries simultaneously while maintaining
consistent response times. Table 1 presents the system's per-
formance specifications across different processing stages.

Table 1: System Performance Metrics

The domain knowledge encoding module implements a
specialized encoding mechanism to capture professional do-
main-specific information and relationships. This module uti-
lizes advanced semantic encoding techniques combined with
domain-specific knowledge graphs. The encoding process is
optimized for professional terminology and complex technical
relationships.

Table 3: Domain Encoding Performance Metrics

Domain Encoding Coverage Update
Medical 0.924 0.891 4.2
Legal 0.897 0.865 3.8
Engineer- 0.912 0.883 4.5
Academic 0.934 0.902 3.6

Processing Stage  Latency Throughput Memory Usage
Profile Genera- 45 22 24
Knowledge En- 65 18 3.2
Cross-Encoding 85 15 4.1
Weight Allocation 25 35 1.8

3.2 LLM-based User Profile Construction

The user profile construction module employs an advanced
LLM architecture to create comprehensive professional user
profiles. The module processes historical user interactions,
professional documents, and domain-specific behaviors to
generate multi-dimensional user representations. User profile
construction parameters and their corresponding weights are
detailed in Table 2, showing the relative importance of differ-
ent profile aspects.

Table 2: User Profile Construction Parameters

Parameter Weight Update Impact
Search His- 0.6-0.8 Real-time 0.85
Domain 0.7-0.9 Daily 0.92
Click Be- 0.4-0.6 Real-time 0.78
Time En- 0.3-0.5 Hourly 0.71

3.3 Professional Domain Knowledge Encoding

3.4 Cross-Encoder Re-ranking Module

The cross-encoder re-ranking module implements a sophis-
ticated attention mechanism to assess query-document rele-
vance pairs. This module processes query-document pairs
simultaneously, enabling deep semantic matching and contex-
tual understanding. The module architecture incorporates both
local and global attention patterns to capture relevance at mul-
tiple granularities.

The implementation utilizes a transformer-based architec-
ture with specialized modifications for professional domain
search. The attention mechanism is enhanced with domain-
specific knowledge integration, enabling more accurate rele-
vance assessment for professional content. The module main-
tains computational efficiency through optimized batch pro-
cessing and selective attention mechanisms.

3.5 Dynamic Weight Allocation Strategy

The dynamic weight allocation strategy module implements
an adaptive weighting mechanism that balances multiple rank-
ing signals based on query characteristics and user context.
The module employs a learning-based approach to optimize
weight distributions across different ranking factors, including
LLM-based semantic matching, user profile similarity, and
domain expertise alignmentError! Reference source not found..

The weight allocation process considers multiple factors in-
cluding query specificity, user expertise level, and domain
complexity. The system continuously updates weight distribu-
tions based on user feedback and search performance metrics,
enabling dynamic adaptation to changing search patterns and
user needs.

The weight allocation strategy incorporates both short-term
and long-term optimization objectives, ensuring stable
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performance while maintaining adaptability to changing
search patterns. The module implements safeguards against
rapid weight fluctuations while enabling sufficient flexibility
to respond to significant changes in search behavior or domain
requirements.

4. Experimental Setup and Evaluation

4.1 Dataset and Implementation Details

Our experiments utilize three professional domain datasets:
MedSearch, LegalDoc, and TechQuery, comprising real-
world professional search scenarios®rror! Reference source not found.
able 4 presents the detailed statistics of these datasets.

Table 4: Dataset Statistics

Dataget One- DNac- Tle- Inter- Ti
MedSe 244 R0O? 54 1214 12
Te- 1R7 746 45 OR7 65 10
Tech- 278 034 67 1 567 14

The implementation utilizes PyTorch framework with
CUDA acceleration on NVIDIA A100 GPUs. The LLM com-
ponent employs a modified BERT architecture with 768 hid-
den dimensions and 12 attention heads. Figure 1 illustrates the
data preprocessing pipeline and model architecture.

Raw Data Feature 1 Embedding Layer Metric 1

Preprocessed Data Feature 2 Attention Layer Metric 2

Feature 3 Output Layer Metric 3

Figure 1: Data Processing Pipeline and Model Architecture

This visualization presents a complex multi-stage data pro-
cessing workflow. The diagram consists of multiple parallel
paths showing different data transformation stages, with inter-
connected nodes representing various processing components.
Each processing stage is color-coded based on its functionality,
with edge widths indicating data volume flow. The architec-
ture section shows the neural network layers with detailed at-
tention mechanism representations.

4.2 Baseline Methods

We compare our proposed approach against several state-

of-the-art baseline methods in personalized search and re-
ranking domains. The baseline methods include traditional ap-
proaches and recent neural models:

BM25: Traditional ranking algorithm based on probabilistic
retrieval framework

BERT-Rank: BERT-based ranking model with cross-atten-
tion

P-Click: Personalized ranking based on historical click be-
havior

HTPS: Hierarchical transformer for personalized search

DESA: Dense embedding with self-attention

4.3 Evaluation Metrics

The evaluation employs multiple metrics to assess different
aspects of search performance. Figure 2 presents the relation-
ship between various evaluation metrics and their correlation
with user satisfaction.

Dendrogram Branch Distance = Metric Siilarity T }

0.04 012

nEGHL0 - 028 0.04

Figure 2: Evaluation Metrics Correlation Analysis

The visualization shows a complex correlation matrix with
hierarchical clustering of different evaluation metrics. The
heatmap uses color intensity to represent correlation strength
between metrics, with dendrograms on both axes showing
metric clustering. Additional overlays indicate statistical sig-
nificance levels of correlations. Table 5 details the evaluation
metrics used in the experiments.

Table 5: Evaluation Metrics Specifications

Metric Ranoe Ontimi- Caorrelation
nDCGM10 rn 11 Maximize 0 R5A
MRR o 11 Maximize 0 R23
MAP o 11 Maximize 0791
Pk o 11 Maximize 0 k45
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4.4 Performance Comparison

The performance comparison demonstrates the effective-
ness of our proposed approach across different professional
domains. Figure 3 illustrates the performance comparison
across different metrics and domains.

Figure 3: Cross-domain Performance Comparison

This multi-panel visualization consists of radar charts and
box plots showing performance distributions across domains.
The radar charts display multiple performance metrics simul-
taneously, while box plots show the statistical distribution of
key metrics. Different colors represent different methods, with
confidence intervals shown as transparent overlays. Table 6
presents detailed performance comparisons across all methods
and metrics.

Table 6: Comprehensive Performance Comparison

Meth nDCG M M P Time(
RM? 0 AR? 0 A 0 A 0ns 45
RER 0774 07 06 06 125
P- 0 756 07 06 06 95
HTP 0 7R9 07 07 07 155
NDES 0 R01 07 07 07 135
Onrs 0 R45 0K 0K 07 165

5. Conclusion

5.1 Performance and Component Analysis

Our experimental results demonstrate significant improve-
ments in search result quality through the integration of LLM-
based personalization and cross-encoder re-ranking in

professional domains. The framework achieves consistent per-
formance gains across multiple sectors, with average improve-
ments of 15.2% in nDCG@10 and 12.8% in MRR compared
to traditional ranking methods. The system maintains stable
performance under varying query loads, with response times
remaining within acceptable ranges for real-time applications.
Computational overhead is effectively mitigated through op-
timized architecture design®rror! Reference source not found.

Analysis of individual components reveals their specific
contributions. The LLM-based user profile construction
shows a 7.5% improvement in relevance metrics when oper-
ating independently, while domain knowledge encoding en-
hances performance by 6.3%. The cross-encoder re-ranking
module proves particularly valuable for ambiguous queries,
and the dynamic weight allocation strategy contributes a 4.2%
improvement in overall ranking quality®rort Reference source not f
ound:

5.2 Domain-Specific Applications and Future Directions

Investigation across different professional domains reveals
diverse patterns of system effectiveness. In the medical do-
main, the framework excels at handling complex terminology
and maintaining high precision in technical document re-
trieval. The legal domain demonstrates strong capabilities in
navigating complex document hierarchies, while technical do-
main applications show effectiveness in matching user exper-
tise with appropriate content®rror! Reference source not found. ‘The 5.
ademic domain highlights the system's ability to handle inter-
disciplinary queries successfully.

These domain-specific analyses provide insights into the
framework's adaptability while revealing opportunities for fu-
ture enhancement. Potential improvements include incorpo-
rating specialized knowledge bases and linguistic models for
highly technical fields. Advanced techniques for temporal rel-
evance modeling and expertise level matching represent
promising research directions. These findings suggest that
continued development in domain-specific optimization could
further enhance the system's effectiveness across professional
contexts.
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