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 a b s t r a c t

Fine-tuning pre-trained language models has become the state-of-the-art approach for Entity Resolution (ER), but 
this has created a divide between two dominant architectures: fast-but-less-accurate bi-encoders and accurate-
but-slow cross-encoders. However, a concrete gap in prior ER benchmarking remains unresolved: existing studies 
often evaluate architectures in isolation or on limited datasets. It remains unclear which base models and ar-
chitectures are best suited for the diverse range of real-world ER datasets, each with unique characteristics and 
performance bottlenecks. This paper bridges this gap through an extensive empirical evaluation. We systemat-
ically compare three popular pre-trained models (MiniLM, MPNet, and BGE) across three distinct architectural 
paradigms: a pre-trained bi-encoder, a fine-tuned bi-encoder, and a fine-tuned cross-encoder. We tested these 
combinations on eight diverse real-world and semi-synthetic datasets, analyzing their performance, training costs, 
and final resolution times. Our results reveal a clear accuracy-vs-efficiency trade-off, identifying the fine-tuned 
bi-encoder as the optimal balance between performance and practical resolution speed. More importantly, we 
demonstrate that fine-tuning is not a universal solution. Its effectiveness is highly contingent on the dataset: 
it provides substantial gains on specialized domains by fixing pre-existing performance gaps but is detrimental 
to performance on datasets where pre-trained models are already well-aligned. These findings provide a prac-
tical guide for practitioners on selecting the optimal model and architecture based on their specific data and 
application requirements.

1.  Introduction

Entity Resolution (ER) is a fundamental and long-standing challenge 
in data management, aiming to identify records across one or more 
datasets that refer to the same real-world entity. As a critical step in 
data integration and cleaning pipelines, ER enables the creation of uni-
fied, high-quality knowledge bases from disparate and often noisy data 
sources. The core difficulty of ER lies in accurately matching entities de-
spite variations in their textual descriptions, such as abbreviations, mis-
spellings, and different data formats. To address the inherent quadratic 
complexity of comparing all possible record pairs, the ER process is typ-
ically split into two main phases: a computationally efficient blocking
phase to generate a small set of candidate pairs, followed by a more so-
phisticated and expensive matching phase to make the final classification 
on these candidates.

The advent of deep learning, and particularly the rise of large 
pre-trained language models like BERT [1], has marked a significant 
paradigm shift in the field. The state-of-the-art is no longer defined by 
handcrafted features but by fine-tuning these powerful, general-purpose 
models to become specialists on the ER task. This process adapts a 
model’s vast linguistic knowledge to the specific vocabulary and seman-
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tic nuances of a given dataset, leading to substantial improvements in 
accuracy.

Within this fine-tuning paradigm, two dominant architectural 
philosophies have emerged, presenting a fundamental trade-off between 
computational efficiency and predictive accuracy. The first is the bi-
encoder architecture, utilized in systems like BERT-ER [2], LSBlock [3] 
and for blocking in SC-Block [4]. This approach operates by passing 
each record independently through a language pre-trained model to 
generate a fixed-size vector embedding. Because each embedding is pre-
computed in an offline step, the entire collection can be indexed using a 
high-speed Approximate Nearest Neighbor Search (ANNS) index. At res-
olution time, this allows for a highly scalable "search-then-filter" process 
where candidate pairs are generated in sub-linear time, making the bi-
encoder the preferred architecture for large-scale blocking and efficient 
end-to-end pipelines.

In contrast, the cross-encoder architecture, popularized by Ditto [5] 
and experimentally studied in [6], prioritizes maximum accuracy. In-
stead of processing records independently, it concatenates the plain text 
of a record pair into a single input sequence for the language model. This 
allows the model’s self-attention mechanism to perform a deep, token-
level interaction, enabling it to learn nuanced, contextual relationships 
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$S$


$2$


$k$


$60\%$


$20\%$


$20\%$


$2 \times 2$


$p$


$0.05$


$M=32$


$ef_{\text {construction}}=40$


$k=5$


$ef_{\text {search}}=64$


$55$


$23$


$88.2\%$


$0.34$


$0.64$


$0.38$


$0.43$


$0.65$


$0.76$


$35\%$


$0.73$


$>98\%$


$69.6\%$


$60.5\%$


$30\%$


$92.7\%$


$92.8\%$


$85.4\%$


$60.5\%$


$0.98$


$18\%$


$0.82$


$9.3\%$


$10\%$


$0.81$


$0.73$


$16\%$


$0.93$


$0.78$


$0.90$


$0.94$


$157\%$


$0.21$


$0.54$


$80\%$


$0.29$


$0.53$


$0.35$


$0.63$


$0.54$


$0.97$


$0.53$


$0.84$


$60.5\%$


$0.76$


$0.90$


$0.53$


$0.70$


$0.81$


$0.85$


$0.97$


$0.65$


$9$


$34\,720.46$


$7$


$200$


$134$


$183.39$


$79.64$


$4.5$


$35.54$


$8$


$137.83$


$7$


$2$


$7227$


$15$


$3\,-\,4$


$16\%$


$18\%$


$2\%$


$+16.6\%$


$p < .05$


$88.2\%$


$+28.5\%$


$+23.4\%$


$-6.6\%$


$-12.6\%$


$+6.1\%$


$+28.5\%$


$73.6$


$+28.5\%$


$73.8$


$73.6$


$74.3$


$2-4x$


$50$


$+28.5\%$

mailto:dkarapiperis@ihu.edu.gr
mailto:lakritids@ihu.gr
mailto:pbozanis@ihu.gr
https://doi.org/10.1016/j.knosys.2026.115427
https://doi.org/10.1016/j.knosys.2026.115427
http://creativecommons.org/licenses/by/4.0/


D. Karapiperis et al.

(e.g., that "apple" in one record refers to the company because "iphone" 
is in the other). While this deep comparison typically yields superior ac-
curacy, it comes at a prohibitively high computational cost. The cross-
encoder cannot pre-compute embeddings for indexing and must perform 
a full forward pass of a large model for every candidate pair, resulting 
in a quadratic complexity that makes it infeasible for large-scale appli-
cations without a preceding blocking step.

While the recent surge of generative Large Language Models (LLMs) 
has transformed the data management landscape, encoder-based mod-
els remain the indispensable standard for scalable, low-latency ER 
pipelines. However, a concrete gap in prior benchmarking remains un-
resolved. Existing evidence is often derived from studies that evaluate 
architectures in isolation or on a narrow set of datasets , leaving it un-
clear how fine-tuning interacts with specific data characteristics such as 
schema heterogeneity and noise levels. Consequently, practitioners of-
ten lack clear guidance on which approach–a pre-trained bi-encoder, a 
fine-tuned bi-encoder, or a fine-tuned cross-encoder–is optimal for their 
specific requirements.

To bridge this gap, we conduct an extensive experimental evalua-
tion across eight real-world and semi-synthetic datasets. We systemati-
cally compare three popular pre-trained models (MiniLM, MPNet, and 
BGE) across these three architectural paradigms. Going beyond the well-
established trade-off between the speed of bi-encoders and the accuracy 
of cross-encoders, our contributions are as follows:

• Scope of Fine-Tuning: We demonstrate that fine-tuning is not a uni-
versal solution. We identify specific scenarios where it acts as a 
necessary precision-fixer or recall-booster, and conversely, scenarios 
where it is detrimental to performance on already-aligned datasets.

• Model Efficiency: We challenge the assumption that larger mod-
els are always superior by showing that smaller, fine-tuned models 
(e.g., MiniLM) can outperform larger baselines, offering a resource-
efficient alternative.

• Practical Framework: We provide a detailed analysis of the balance 
between performance and computational cost, serving as a practi-
cal guide for researchers and practitioners to select the optimal ER 
methodology based on their specific data constraints.
The remainder of this paper is structured as follows. Section 2 re-

views related work in deep learning for ER, situating our contributions 
within the current research landscape. Section 3 formally presents the 
problem definition, followed by Section 4 which details the pre-trained 
embedding models employed. Section 5 describes the architectural im-
plementations and fine-tuning strategies for the bi-encoder and cross-
encoder pipelines. Section 6 outlines the experimental setup, specifying 
the datasets, performance metrics, and implementation hyperparame-
ters used for evaluation. Section 7 provides a comprehensive discussion 
and analysis of the results, examining the performance, efficiency, and 
qualitative behaviors of each approach. Finally, Section 8 concludes the 
paper by summarizing our key findings and discussing their implications 
for future research.

2.  Related work

The application of deep learning to ER has evolved significantly, 
moving from sequential models to the now-dominant paradigm of fine-
tuning large, pre-trained language models. Early pioneering works, such 
as DeepMatcher [7], established the viability of deep learning for this 
task by exploring a design space that included RNNs and attention mech-
anisms to learn representations of entity pairs. Building on this founda-
tion, subsequent research developed more sophisticated attention-based 
architectures. For instance, the Multi-Context Attention model [8] pro-
posed an integrated framework that captures self-attention within each 
entity, pair-attention between entities, and global-attention across the 
dataset to enhance matching accuracy. Other works like HierMatcher 
[9] introduced hierarchical matching networks to specifically address 
the challenges of heterogeneous and noisy data by jointly matching 

entities at the token, attribute, and entity levels. Concurrently, graph-
based approaches have also gained traction. Systems like GNEM [10] 
and FlexER [11] leverage Graph Neural Networks to collectively model 
the relationships between multiple candidate pairs, allowing matching 
decisions to be influenced by the broader context of the dataset.

Large pre-trained language models, most notably BERT [1], based on 
the Transformer architecture [12], fundamentally altered the research 
landscape of the field. The state-of-the-art in ER is now largely defined 
by approaches that fine-tune these powerful models for the specific task 
of entity matching. A seminal work in this area is Ditto [5], which 
demonstrated that casting ER as a sequence-pair classification task and 
fine-tuning a pre-trained model could significantly outperform previous 
methods. Ditto uses a cross-encoder architecture, which concatenates the 
text of both records into a single long sequence (separated by a [SEP] to-
ken) and feeds this combined input into the language model. The model 
can perform deep, token-level attention between the two records. The 
final decision is made by a very simple linear layer on top of the model’s 
output. Ditto further introduced key optimizations, such as injecting do-
main knowledge through special markers and using data augmentation 
to generate difficult training examples, thereby forcing the model to 
learn a more robust decision boundary.

Similarly, the experimental work of Brunner and Stockinger [6] es-
tablished the dominance of the new paradigm. By systematically com-
paring transformer architectures to older deep learning methods, they 
proved that using fine-tuned cross-encoders for sequence-pair classifica-
tion yields superior results.

The significant computational expense of these deep models 
prompted further research into improving their efficiency. For example, 
BERT-ER [2] introduced a siamese network structure that independently 
encodes entity records, enabling the use of a dedicated blocking module 
to drastically reduce the number of pairs that require expensive, deep 
interaction. More recently, the principle of fine-tuning has been suc-
cessfully applied not only to the matching phase but also to the block-
ing phase of the ER pipeline. For instance, the authors in [4] present 
a method that fine-tunes a pre-trained bi-encoder model using super-
vised contrastive learning to create a highly effective embedding space 
specifically for the purpose of candidate generation, demonstrating the 
versatility of the fine-tuning approach across the entire ER workflow.

A significant body of research in ER has been dedicated to improv-
ing the efficiency of the pipeline through sophisticated blocking tech-
niques. The advent of pre-trained language models has also heavily
influenced modern blocking research. For instance, AutoBlock [13] in-
troduced a hands-off framework that uses similarity-preserving repre-
sentation learning and nearest neighbor search to generate candidate 
pairs without requiring extensive feature engineering. Similarly, LS-
Block [3] proposed a hybrid system that combines lexical similarity 
with semantic similarity from dense embeddings to improve recall while 
maintaining high precision. The dense embeddings are generated using 
the bi-encoder architecture.

The authors in [14] provide a comprehensive design space ex-
ploration of how deep learning can be applied to blocking, analyz-
ing various architectures from simple autoencoders to more complex 
transformer-based models. A prominent example of applying fine-tuning 
to blocking is found in BLINK [15], which uses a fine-tuned bi-encoder 
to create dense embeddings for entity linking. This bi-encoder is used 
for fast and scalable candidate retrieval. Another notable work, EmbER 
[16], leverages task-specific embeddings learned via transformer-based 
techniques to automate keyless joins, which implicitly involves a high-
quality blocking or candidate generation step.

Moving beyond supervised techniques, Sudowoodo [17] proposes 
a multi-purpose data integration framework based on contrastive self-
supervised learning. It aims to learn powerful, similarity-aware data rep-
resentations from unlabeled data, which can then be applied to a wide 
variety of tasks including entity matching, error correction, and seman-
tic type detection, thereby reducing the dependency on large, labeled 
gold standards.
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The challenge of handling large datasets with limited computational 
budgets has also led to the development of progressive and active ER 
methodologies.  To reduce labeling costs, research efforts like [18–21] 
proposed active learning frameworks that iteratively select the most in-
formative examples for human annotation, optimizing the trade-off be-
tween labeling effort and model accuracy. The work on pBlocking [22] 
introduces a dynamic feedback loop, in which the blocking stage is it-
eratively adjusted using early feedback from the matcher to find the 
best balance between speed and accuracy. Broadening this concept, the 
framework for progressive entity matching [23] provides a comprehen-
sive design space, organizing the task into four distinct steps: filtering, 
weighting, scheduling, and matching, which allows for a more struc-
tured approach to pay-as-you-go entity resolution.

More recently, the focus has shifted to adapting these efficiency prin-
ciples to modern architectures. For instance, [24] combines active learn-
ing with in-context learning, demonstrating how Large Language Mod-
els (LLMs) can effectively tackle cross-domain ER tasks with minimal 
supervision. Similarly, AvengER [25] explores the potential of genera-
tive LLMs by combining fine-tuning with ensemble methods for prompt-
based resolution, specifically targeting the select prompting strategy to 
mitigate position bias.

Finally, the experimental works by Zeakis et al. [26] and Karapiperis 
et al. [27] provide a thorough experimental analysis comparing vari-
ous pre-trained embeddings, using the bi-encoder architecture, offering 
valuable insights into which models are most effective for both blocking 
and matching tasks.

3.  Problem definition

Let 𝐴 = {𝑎1, 𝑎2,… , 𝑎𝑛} and 𝐵 = {𝑏1, 𝑏2,… , 𝑏𝑚} be two sets of entity 
records, where each record consists of a sequence of tokens. The goal of 
Entity Resolution is to identify the set of matching pairs 𝑀 = {(𝑎𝑖, 𝑏𝑗 ) ∈
𝐴 × 𝐵} such that 𝑎𝑖 and 𝑏𝑗 refer to the same real-world entity.

This is typically formulated as a binary classification problem where 
a parameterized function 𝑓 (𝑎, 𝑏) → [0, 1] predicts the probability that 
two records match. To clarify the structural differences examined in this 
study, we formally define the scoring function 𝑓 for the two competing 
architectures:

• Bi-Encoder Formulation: The bi-encoder decouples the encoding of 
the two records. It maps each record independently to a dense vector 
space ℝ𝑑 using an encoder function 𝜙 (e.g., an embedding model). 
The similarity is then computed using a function 𝑔 (a neural net-
work classifier) over the separate embeddings: 𝑓 (𝑎, 𝑏) = 𝑔(𝜙(𝑎), 𝜙(𝑏)). 
Critically, the encoding 𝜙(𝑎) is conditional only on the tokens of 𝑎, 
independent of 𝑏.

• Cross-Encoder Formulation: The cross-encoder processes the pair 
jointly. It employs an encoder function 𝜓 that accepts the concate-
nated sequence of both records. The similarity is derived from the 
contextualized representation of the entire pair: 𝑓 (𝑎, 𝑏) = 𝑔(𝜓(𝑎 ⊕
𝑏)). Here, the encoding is conditional on the interaction between to-
kens of 𝑎 and tokens of 𝑏 simultaneously.

4.  Embedding models

The central goal of this work is to investigate the impact of task-
specific fine-tuning on pre-trained language models for the ER matching 
task. To provide a comprehensive analysis, we selected three represen-
tative transformer-based models that span the spectrum of efficiency, 
historical performance, and the current state-of-the-art: MiniLM [28], 
MPNet [29], and BGE [30]. This selection allows for a nuanced evalua-
tion of how fine-tuning affects models with different architectural fea-
tures and baseline capabilities.

4.0.0.1.  MiniLM (all-MiniLM-L6-v2). This model was chosen to rep-
resent a class of highly efficient, compact language models designed 

for scenarios where computational resources are constrained or high 
throughput is a priority. MiniLM is a product of knowledge distillation, 
a process where a smaller "student" model is trained to mimic the behav-
ior of a larger "teacher" model. Specifically, it utilizes deep self-attention 
distillation to transfer knowledge from the final layers of a larger trans-
former. As a result, MiniLM is a lightweight 6-layer Transformer with 
only 22.7 million parameters, which maps text to a 384-dimensional 
vector space. Its small size and high speed–approximately five times 
faster than larger models like MPNet–make it an ideal baseline for effi-
cient semantic encoding. Its inclusion allows us to investigate the perfor-
mance ceiling achievable through fine-tuning a model that is explicitly 
built for speed.

4.0.0.2.  MPNet (all-mpnet-base-v2). This model was selected to rep-
resent a previous generation’s state-of-the-art in sentence embedding 
quality. MPNet introduced a novel pre-training method that unifies 
masked language modeling, as used in BERT, and permuted language 
modeling, as used in XLNet [31]. By combining these approaches, MP-
Net addresses the limitations of both: it leverages the dependency among 
predicted tokens, while also incorporating auxiliary position informa-
tion to see the full sentence context, reducing the position discrepancy 
issue found in permuted language modeling. MPNet, which maps sen-
tences to a 768-dimensional vector space, demonstrated superior per-
formance on semantic textual similarity benchmarks compared to its 
predecessors like BERT [1] and RoBERTa [32]. It serves as our high-
performance baseline, enabling an analysis of fine-tuning on a more 
powerful, though more computationally expensive, base model.

4.0.0.3.  BGE (bge-base-en-v1.5). This model was chosen to represent 
the current state-of-the-art in general-purpose text embeddings, consis-
tently ranking at the top of comprehensive benchmarks like the Massive 
Text Embedding Benchmark (MTEB). The BGE (BAAI General Embed-
ding) model is built on a BERT-style dual-encoder but incorporates more 
advanced fine-tuning techniques that have proven highly effective for 
retrieval tasks. A key innovation is its use of contrastive training with 
hard negatives, a process that sharpens the model’s ability to discern 
subtle differences by training it to distinguish a correct document from 
other semantically similar but incorrect documents. Furthermore, BGE 
employs instruction-based tuning, allowing it to adjust its embedding 
strategy for queries versus documents by prepending a specific instruc-
tion to the input text. The v1.5 release also specifically addresses the is-
sue of similarity score distribution, providing better-calibrated outputs. 
Including BGE provides a contemporary, high-performance benchmark 
against which the impact of fine-tuning on the other models can be mea-
sured, offering a more forward-looking perspective on optimal ER strate-
gies.

5.  Encoding architectures

This section details the two fundamental architectural paradigms 
governing deep learning-based ER. We first define the bi-encoder, de-
signed for scalable retrieval via independent processing, and subse-
quently describe the cross-encoder, which leverages joint attention for 
high-precision matching at the cost of increased computational com-
plexity.

5.1.  The bi-encoder architecture

In this paradigm, a sentence transformer model is used to encode 
each record from datasets 𝐴 and 𝐵 into a fixed-size, high-dimensional 
embedding, independently of any other record. This independence is 
the primary advantage of this approach because it favors scalability; be-
cause each record has its own pre-computed embedding, the computa-
tionally expensive task of comparing all possible pairs can be replaced by 
an efficient, sub-linear similarity search using an ANNS index.  This ar-
chitecture is well-established in the domain, serving as the foundational 
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Fig. 1. The pre-trained bi-encoder pipeline.

mechanism for efficient ER systems such as BERT-ER [2], BLINK [15], 
SC-Block [4], Autoblock [13], Sudowoodo [17], and LSBlock [3].

Our experimental pipeline consists of several sequential stages, but 
it is important to note that the bi-encoder pipeline can be used in two 
modes: one leveraging the general knowledge of pre-trained models, and 
another using fine-tuned, specialized models:

1. Embedding Process: All entity records from both datasets are first 
converted into dense vector embeddings using an off-the-shelf pre-
trained language model.

2. Model Fine-Tuning: To create a specialized model, the initial em-
beddings and the dataset’s gold standard are used to fine-tune the 
pre-trained model, typically with a contrastive loss objective like 
triplet loss.

3. Re-embedding Process: After fine-tuning, this new specialized 
model is used to re-embed all records, resulting in a set of high-
quality, domain-specific embeddings for the fine-tuned approach.

4. Classifier Training: for both the pre-trained and fine-tuned ap-
proaches, the respective embeddings are used as input features to 
train a downstream neural network classifier using labeled data.

5. Resolution: In the final resolution step, an ANNS index is built us-
ing the embeddings from dataset 𝐴. The embeddings from dataset 𝐵
are then used as queries to retrieve candidate pairs, which are subse-
quently passed to the trained classifier for the final match decision.

Steps 2, which is further detailed in Section 5.1.1, and 3 are exe-
cuted only during the fine-tuned approach. The pre-trained bi-encoder 
is presented in Fig. 1.

5.1.1.  Model fine-tuning
To adapt the general-purpose, pre-trained embedding models to the 

specific semantic domains of each dataset, we employed a fine-tuning 
process based on a triplet loss objective function using the gold standard. 
This approach is designed to restructure the embedding space such that 
the distances between matching entity pairs (positives) are minimized 
while the distances between non-matching pairs (negatives) are maxi-
mized. The training examples for this process are generated as triplets, 
each consisting of an anchor record from dataset 𝐴, a positive match 
from 𝐵, and a negative non-match, which is also selected from 𝐵. This 
structure trains the model to pull the anchor and positive closer together 
while pushing the negative instance away.

A crucial component of our methodology was a sophisticated nega-
tive mining strategy. We identified hard negatives by building an ANNS 
index on the pre-trained embeddings to retrieve the top-k nearest non-
matching neighbors for each anchor; these represent the most confusing 
examples for the model. These were complemented by easy negatives, ob-
tained via random sampling, to ensure the model could still distinguish 
broadly dissimilar entities.

Specifically, in our setup, we generated a total of 10 training triplets 
for each positive pair. These were comprised of 𝑘 = 5 hard negatives, 
retrieved via the ANNS index to target the most confusing non-matches, 
and 5 easy negatives, sampled randomly to ensure robust generaliza-
tion. This strict 1:1 ratio (50% hard negatives) was determined through 
sensitivity analysis by varying the proportion of hard negatives from 
0% (purely random sampling) to 100% (purely hard mining) on the 
Abt-Buy dataset, which is representative of trends observed across our 
benchmarks. As illustrated in Fig. 3, we observed a distinct performance 
trade-off: models trained exclusively on easy negatives failed to learn 
fine-grained decision boundaries, resulting in low precision, while those 
trained solely on hard negatives became overly sensitive to minor vari-
ations, degrading recall. The 1:1 ratio consistently yielded the highest 
F1-score, effectively balancing the discrimination of subtle differences 
with the generalization needed for broad non-matches.

Consequently, the total volume of training data for each dataset cor-
responds to ten times the size of the positive training set (calculated 
as 60% of the total matches reported in Table 1), ensuring that the 
model is exposed to a diverse and statistically significant number of dif-
ficult counter-examples during optimization. For example, on the Abt-
Buy dataset, which contains 1097 matching pairs, the 60% training split 
yields approximately 658 positive pairs. By generating 10 negatives for 
each, the model is fine-tuned on a total of 6580 triplets, ensuring robust 
exposure to both hard and easy non-matches.

We trained each model for 2 epochs, employing the held-out valida-
tion set (20%) for periodic performance monitoring via a triplet evalua-
tor. The resulting fine-tuned model, specialized for the specific dataset, 
was then saved for use in the downstream resolution task. The fine-tuned 
bi-encoder architecture is illustrated in Fig. 2.

5.1.2.  Hybrid neural network classifier
To effectively leverage the different signals available for matching, 

we designed a hybrid, multi-branch neural network binary classifier us-
ing a binary cross-entropy loss function. This architecture allows for the 
specialized processing of different feature types before they are inte-
grated for a final decision. The neural network consists of three parallel 
input branches, a feature fusion layer, and a classification head.

1. Input Streams: The model is designed to process three distinct types 
of input vectors for each candidate pair:

• Semantic Embeddings: The primary input is the vector repre-
sentation of the entity pair derived from the bi-encoder language 
model.  Let 𝑢, 𝑣 ∈ ℝ𝑑 denote the dense embedding vectors for the 
corresponding records from 𝐴 and 𝐵, respectively. These vectors 
capture the deep, contextual semantic relationship between the 
two entities.

• Embedding Interactions: A secondary input vector is explicitly 
engineered to capture the geometric relationship between the 
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Fig. 2. The fine-tuned bi-encoder pipeline.

Fig. 3. Sensitivity analysis of the negative sampling strategy using the Abt-Buy 
dataset. The F1-score peaks at a 1:1 ratio (50% hard negatives), effectively bal-
ancing the trade-off between precision and recall.

two embeddings. We compute the element-wise absolute differ-
ence |𝑢 − 𝑣|. This provides the network with a direct, learnable 
signal of vector-space distance, effectively highlighting specific 
dimensions where the entities differ.

• Engineered Features: The third input is a low-dimensional vec-
tor 𝑓eng of handcrafted features. We specifically compute two 
similarity metrics for the discriminative attributes (e.g., product 
titles, author names) of each pair: (A) Bigram Jaccard Similar-
ity: We calculate the Jaccard index over the sets of character 
bigrams extracted from each string. This measures the overlap of 
shared 2-character sequences, providing robustness against mi-
nor token variations. (B) Bigram Cosine Similarity: We compute 
the cosine similarity between the vectorized representations of 
these character bigrams. This captures the morphological proxim-
ity of the entities, effectively handling typos or slight misspellings 
(e.g., "iPhone" vs. "iPhon"). This stream provides the model with 
valuable, explicit textual signals that complement the latent se-
mantic understanding derived from the language model embed-
dings.

2. Processing Branches: Each input stream is fed into a dedicated pro-
cessing branch composed of a sequence of fully connected (Dense) 
layers with Rectified Linear Unit (ReLU) activation functions.

• The Semantic Embedding and Interaction branches are designed 
to process the high-dimensional inputs. Each consists of a dense 
layer reducing the dimensionality to 256, followed by a dropout 
layer with a rate of 0.2 for regularization, and a final dense layer 
projecting to a 128-dimensional space.

• The Engineered Features branch is shallower, reflecting its lower 
input dimensionality. It consists of a dense layer projecting to 
64 dimensions, followed by a second dense layer projecting to a 
32-dimensional space.

3. Feature Fusion and Classification: The processed feature vectors 
from the three branches are concatenated into a single, unified repre-
sentation [𝑢; 𝑣; |𝑢 − 𝑣|; 𝑓eng]. This fused vector is then passed through 
a final classification head, which comprises a dense layer of 128 neu-
rons (ReLU activation), a dropout layer (rate of 0.2), and a final 
output neuron with a sigmoid activation function. The output is a 
scalar probability score between 0 and 1, indicating the likelihood of 
a match.

A fixed probability threshold of 0.5 is often suboptimal for imbal-
anced classification tasks. Therefore, the optimal decision threshold is 
empirically determined on the validation set. We plot the precision-
recall curve and select the threshold that maximizes the F1-score. This 
optimized threshold is both used to classify the predictions on the held-
out test set for the final performance evaluation as well as to classify the 
formulated pairs during the resolution task.

5.2.  The cross-encoder architecture

The cross-encoder architecture represents a higher-accuracy, though 
more computationally intensive, approach for ER.  This architecture 
follows the methodology established by the state-of-the-art Ditto sys-
tem [5]. Unlike the bi-encoder which processes records independently, 
the cross-encoder is designed to perform a deep, contextual comparison 
between a pair of records. The plain text from both records is concate-
nated into a single sequence, separated by a special [SEP] token, and fed 
into a pre-trained language model. This allows the model’s self-attention 
mechanism to directly compare and relate the specific tokens from both 
records, capturing nuanced semantic relationships that are often missed 
by a simple vector comparison.

1. Embedding & Blocking Process: Our experimental pipeline for the 
cross-encoder begins with the embedding of records of 𝐴 and 𝐵 using 
a baseline pre-trained model. The embeddings of 𝐴 are then indexed 
using an ANNS structure to facilitate efficient blocking.

2. Model Fine-Tuning: The core of this pipeline is the fine-tuning of the 
pre-trained model as a binary classifier. We construct the input se-
quence: 𝑆 = [CLS]RecordA[SEP]RecordB[SEP]. The model is trained 
on labeled pairs (matches and hard negatives) using a binary cross-
entropy loss function. The objective is to optimize the weights such 
that the embedding of the special [CLS] token captures the semantic 
similarity of the pair.
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Fig. 4. The fine-tuned cross-encoder pipeline.

3. Resolution: In the final resolution phase, the fine-tuned cross-
encoder operates strictly as a re-ranker on the candidates generated 
in Step 1. For each candidate pair, the model processes the joint 
sequence 𝑆. The input to the final classification head is the contex-
tualized embedding of the [CLS] token. This single vector, which ag-
gregates the deep token-level interactions learned by the network, 
is fed into a linear layer to output a final match probability. This 
probability is compared against an optimal threshold to make the 
match/no-match decision.

Fig. 4 illustrates the workflow of the cross-encoder architecture.

5.2.1.  Model fine-tuning
The cross-encoder architecture was fine-tuned to serve as a high-

accuracy matcher. This architecture processes a concatenated pair of 
records, allowing the self-attention mechanism of the underlying lan-
guage model to perform a deep, token-level comparison between the 
two inputs. The fine-tuning process begins by constructing a compre-
hensive set of labeled training pairs from the gold standard. For each 
true positive pair, a corresponding set of negative pairs is generated us-
ing a hybrid mining strategy. Hard negatives are sourced by building an 
ANNS index on pre-computed bi-encoder embeddings and retrieving the 
nearest non-matching neighbors, which represent the most semantically 
confusing examples for the model. These are supplemented with easy 
negatives that are randomly sampled from the dataset to ensure robust 
generalization.

Similar to the bi-encoder approach, we maintained a 1:1 ratio of hard 
to easy negatives to ensure a fair comparison. Specifically, for each pos-
itive pair, we generated 10 negative pairs, comprising 5 hard negatives 
retrieved via ANNS and 5 randomly sampled easy negatives. This con-
sistent sampling strategy ensures that both architectures are optimized 
against an identical set of difficult counter-examples.

The model is fine-tuned exclusively on the training set for 2 epochs. 
Upon completion, the model’s performance on the validation set is used 
to determine the optimal classification threshold.

6.  Experimental setup

Drawing upon the architectural paradigms reviewed in Section 2, 
this section details the datasets, the performance metrics, and the im-
plementation details and hyperparameters that were used throughout 
the evaluation process.

6.1.  Datasets

To provide a comprehensive and robust evaluation, we designed a 
series of experiments across eight diverse datasets, encompassing real-
world benchmarks and large-scale semi-synthetic challenges. Our analy-

Table 1 
Number of entities and matches of each paired 
dataset.

 Dataset |𝐴| |𝐵|  #Matches
 Abt-Buy 1093 1082 1097
 Amazon-Walmart 22 075 2555 1154
 Amazon-Google 3227 1364 1300
 IMDB-DBPEDIA 27 616 23 183 22 863
 Scholar-DBLP 64 264 2617 5346
 ACM-DBLP 2617 2295 2224
 DBLP 1M 1M  500K
 Voters 26 317 3000 3000

sis covers a wide spectrum of ER tasks, including product matching (Abt-
Buy,1 Amazon-Walmart,2 and Amazon-Google1), bibliographic record 
linkage (ACM-DBLP1 and Scholar-DBLP1), specific domain matching 
(IMDB-DBPEDIA3 and Voters4), and large-scale scenarios (DBLP5). 
DBLP and Voters are semi-synthetic created by perturbing the records 
of a real dataset to generate its counterpart. The DBLP dataset simulates 
a high-volume, real-world bibliographic matching scenario. Its primary 
challenge is the sheer scale of the data, which serves as a stress test for 
the computational efficiency and memory footprint of any resolution 
method.  However, we acknowledge that the perturbation strategy used 
for these semi-synthetic datasets may create "regular" noise patterns that 
are easier for models to learn compared to organic errors, potentially af-
fecting the impact of hard negative mining in these specific cases.

The selected datasets, which are quoted in Table 1, are all well-
established benchmarks for ER in the literature [3,5–7,13,17,23,26,33–
39].

6.2.  Data serialization

Given the heterogeneity of schemas across datasets (e.g., product 
specifications vs. bibliographic citations), a consistent input format is 
crucial. We utilized a schema-agnostic serialization template to ensure 
fair comparison across diverse domains. For each record, all attribute 
values are concatenated into a single string, separated by a special [SEP] 
token (or spaces where appropriate for the specific tokenizer). This ap-
proach allows the model to treat the record as a continuous semantic

1 https://old.dbs.uni-leipzig.de/research/projects/object_matching/
benchmark_datasets_for_entity_resolution.
2 https://hpi.de/naumann/projects/repeatability/datasets/

amazon-walmart-dataset.html.
3 https://zenodo.org/record/8433873/files/data_ea.tar.gz.
4 https://www.ncsbe.gov/results-data/voter-registration-data.
5 https://dblp.org/xml.

Knowledge-Based Systems 338 (2026) 115427 

6 

https://old.dbs.uni-leipzig.de/research/projects/object_matching/benchmark_datasets_for_entity_resolution
https://old.dbs.uni-leipzig.de/research/projects/object_matching/benchmark_datasets_for_entity_resolution
https://hpi.de/naumann/projects/repeatability/datasets/amazon-walmart-dataset.html
https://hpi.de/naumann/projects/repeatability/datasets/amazon-walmart-dataset.html
https://zenodo.org/record/8433873/files/data_ea.tar.gz
https://www.ncsbe.gov/results-data/voter-registration-data
https://dblp.org/xml


D. Karapiperis et al.

sequence, while excluding attribute names prevents the model from 
overfitting to schema-specific headers that may vary between datasets.

6.3.  Performance metrics

Performance is measured using a holistic set of metrics covering 
both effectiveness (F1-Score, Precision, Recall,  and Blocking Recall) 
and computational cost (fine-tuning time, classifier training time, em-
bedding time, and resolution time). Recall quantifies the proportion of 
true matches found by the final classifier; Precision measures the pro-
portion of retrieved pairs that are matches; and the F1-Score combines 
both into a single, balanced metric.  Additionally, we report Blocking 
Recall (Recall@k), which measures the proportion of true matches suc-
cessfully retrieved in the top-𝑘 candidate set generated by the ANNS 
index. This metric serves as a crucial upper bound, verifying that the 
downstream matching models are not artificially bottlenecked by can-
didates missed during the initial blocking phase.

To ensure a rigorous and statistically valid comparison, we imple-
mented a unified evaluation protocol across all investigated architec-
tures. For each dataset, the labeled record pairs were partitioned into 
three disjoint subsets using stratified sampling: a training set (60%), used 
for all parameter optimization steps (including embedding fine-tuning 
and classifier training); a validation set (20%), used for hyperparam-
eter tuning and classification threshold selection; and a test set (20%), 
strictly held out for the final performance reporting. Crucially, the exact 
same test set was utilized to evaluate every model. This ensures that all 
reported metrics reflect a direct, head-to-head comparison on identical, 
unseen data, guaranteeing that performance differences are attributable 
solely to the architecture rather than data variance.

To validate that the reported performance improvements were not 
due to random chance, we performed statistical significance testing. 
Since our experiments involve comparing the performance of two clas-
sifiers (e.g., pre-trained vs. fine-tuned) on the same test set, we utilized 
McNemar’s Test, which is the standard non-parametric test for paired 
nominal data. We constructed a 2 × 2 contingency table for each com-
parison to track the number of samples misclassified by one model but 
correctly classified by the other. Differences in performance are reported 
as significant only if the calculated 𝑝-value is less than 0.05.

6.4.  Implementation details and hyperparameters

We utilized a unified hyperparameter configuration for the blocking 
and retrieval stages. We employed the FAISS library [40] to construct a 
Hierarchical Navigable Small World (HNSW) index [41] for the embed-
ding sets. We utilized the default graph construction parameters, set-
ting the maximum number of bi-directional links per node to 𝑀 = 32
and the size of the dynamic candidate list during index construction to 
𝑒𝑓construction = 40. For the candidate generation (blocking) phase, we re-
trieved the top-k (where 𝑘 = 5) nearest neighbors for each query record. 
This strict cutoff was chosen to evaluate the models’ ability to place 
true matches in the immediate vicinity of the query, thereby testing the 
quality of the embedding space without relying on excessively large can-
didate sets. To ensure high retrieval accuracy, we performed searches 
using an expanded candidate list size of 𝑒𝑓search = 64 and utilized inner 
product similarity on normalized vectors (equivalent to cosine similar-
ity). This configuration was kept constant across all eight datasets to 
prevent dataset-specific overfitting.

Our experimental environment was a system configured with 55 GB 
of RAM and an NVIDIA GPU (23 GB VRAM). The Sentence-Transformers 
6 and Keras7 Python libraries were used to perform GPU-accelerated 
fine-tuning and classifier training tasks, respectively.

6 https://pypi.org/project/sentence-transformers/.
7 https://keras.io/.

Table 2 
Blocking recall (Recall@k in %) using pre-trained 
bi-encoders (MiniLM, MPNet, BGE).
 Dataset  MiniLM  MPNet  BGE
 Abt-Buy  85.4  92.7  92.8
 Amazon-Walmart  90.1  93.4  89.5
 Amazon-Google  92.7  94.5  93.2
 IMDB-DBPEDIA  60.5  61.4  69.6
 Scholar-DBLP  86.9  85.6  87.7
 ACM-DBLP  72.2  60.5  78.6
 DBLP  98.5  99.1  99.3
 Voters  93.8  93.5  90.5

7.  Experimental results

In this section, we present a detailed analysis of the performance 
and efficiency of the evaluated architectures across the eight bench-
mark datasets. We structure our findings to highlight key patterns in 
effectiveness (F1-score), the specific dynamics of precision and recall 
improvement, and the trade-offs between computational cost and reso-
lution speed.

7.1.  Impact on effectiveness (F1-Score)

Our evaluation across eight diverse datasets reveals that no single 
architecture is universally superior; rather, the optimal choice depends 
heavily on the domain characteristics and the pre-existing alignment of 
the base model.

The Dominance of Fine-Tuned Bi-Encoders on Product and 
Cross-Domain Data. On e-commerce and specific cross-domain 
datasets, the fine-tuned bi-encoder consistently delivered the best bal-
ance of performance, often outperforming the computationally heavier 
cross-encoder. On the Abt-Buy dataset (Fig. 5), fine-tuning the MPNet 
bi-encoder surged the F1-score by 88.2% (from 0.34 to 0.64), whereas 
the cross-encoder failed to improve performance, yielding a significantly 
lower score of 0.38 for BGE. Similarly, on Amazon-Google (Fig. 6), fine-
tuning led to significant gains across all models, with MPNet improv-
ing from 0.43 to 0.65, while the cross-encoder architecture was largely 
ineffective. On Amazon-Walmart (Fig. 7), the fine-tuned MiniLM bi-
encoder achieved the highest F1-score of 0.76, and on the cross-domain
IMDB-DBPEDIA dataset (Fig. 8), the same model saw a 35% improve-
ment to reach a top score of 0.73.

Since the cross-encoder re-ranks candidates produced by the pre-
trained bi-encoder, its end-to-end performance is strictly upper-bounded 
by the blocking stage’s Recall@k. The initial retrieval step effectively 
establishes a hard ceiling on the maximum possible effectiveness of the 
cross-encoder pipeline. To assess this limitation, we calculated the Re-
call@k of the blocking phase using all three pre-trained bi-encoders. 
As shown in Table 2, the blocking performance varies significantly 
across benchmarks and architectures. For well-aligned or semi-synthetic 
datasets like DBLP and Voters, the blocking recall is consistently high 
across all models (e.g., > 98% on DBLP), ensuring the cross-encoder 
processes nearly all relevant pairs. However, for structurally hetero-
geneous datasets like IMDB-DBPEDIA, the retrieval bottleneck persists 
regardless of model capacity. While the larger BGE model improves re-
call to 69.6% (compared to MiniLM’s 60.5%), approximately 30% of true 
matches remain irretrievable by the pre-trained embeddings. We also 
observe that model size does not guarantee performance stability; for 
instance, while MPNet and BGE significantly boost recall on Abt-Buy 
(92.7% and 92.8% vs. 85.4% for MiniLM), MPNet struggles on ACM-DBLP, 
dropping to 60.5%. This highlights that while a superior base model gen-
erally provides a more robust foundation–critical for effective hard neg-
ative mining–the retrieval bottleneck on heterogeneous data remains a 
structural challenge for pre-trained bi-encoders.

In contrast, the fine-tuned bi-encoder overcomes this retrieval limita-
tion by restructuring the vector space. By optimizing the embeddings via 

Knowledge-Based Systems 338 (2026) 115427 

7 

https://pypi.org/project/sentence-transformers/
https://keras.io/


D. Karapiperis et al.

Fig. 5. Results on the Abt-Buy dataset.

Fig. 6. Results on the Amazon-Google dataset.

triplet loss, it pulls matching entities closer together, effectively repair-
ing the blocking recall. This allows the fine-tuned bi-encoder to retrieve 
and identify true matches that were geometrically inaccessible to the 
pre-trained model.

The Superiority of Cross-Encoders on Heterogeneous and Noisy 
Data. Conversely, on datasets with significant structural heterogeneity 
or noise, the Cross-Encoder achieved the highest accuracy. On ACM-
DBLP (Fig. 9), the fine-tuned BGE cross-encoder reached the top F1-
score of 0.98, an 18% increase over the baseline. On the Voters dataset 

(Fig. 12), which contains high levels of noise, the MPNet cross-encoder 
achieved the top performance of 0.82, a 9.3% improvement over the pre-
trained model.

Cases of Diminishing Returns and Overfitting. On well-aligned 
academic datasets, fine-tuning the bi-encoder was often detrimental. On
Scholar-DBLP (Fig. 10), the MPNet bi-encoder’s F1-score dropped by 
nearly 10% (from 0.81 to 0.73) after fine-tuning. A similar trend was 
observed on the large-scale DBLP dataset (Fig. 11), where the MiniLM 
bi-encoder’s score plummeted by over 16% from 0.93 to 0.78. However, 
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Fig. 7. Results on the Amazon-Walmart dataset.

Fig. 8. Results on the IMDB-DBPEDIA dataset.

the cross-encoder was still able to extract marginal gains in these high-
precision domains, with the MPNet cross-encoder reaching near-perfect 
F1-scores of 0.90 on Scholar-DBLP and 0.94 on DBLP.

7.2.  Precision vs. recall dynamics

By analyzing precision and recall, we identified distinct patterns in 
how fine-tuning improves performance across the different benchmarks.

Fine-Tuning as a Precision Fixer. On precision-limited datasets, 
particularly in the e-commerce domain, the pre-trained models suffered 

from high false-positive rates. Fine-tuning effectively tightened the de-
cision boundaries. For example, on Abt-Buy (Fig. 5), the MPNet model’s 
precision increased by a remarkable 157% (from 0.21 to 0.54) after fine-
tuning. Similarly, on Amazon-Google (Fig. 6), MPNet’s precision im-
proved by over 80% (from 0.29 to 0.53), and on Amazon-Walmart, fine-
tuning corrected MPNet’s precision deficit, raising it from 0.35 to 0.63.

Fine-Tuning as a Recall Booster. On recall-limited datasets, the 
pre-trained models were overly cautious. Here, fine-tuning significantly 
improved the identification of true matches. On ACM-DBLP (Fig. 9), 
the recall for the MPNet bi-encoder surged from 0.54 to 0.97. On
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Fig. 9. Results on the ACM-DBLP dataset.

Fig. 10. Results on the Scholar-DBLP dataset.

IMDB-DBPEDIA (Fig. 8), fine-tuning the MiniLM bi-encoder increased 
recall from 0.53 to 0.84. Crucially, this overcomes the 60.5% retrieval 
bottleneck of the pre-trained model (Table 2), demonstrating that fine-
tuning successfully restructured the embedding space to retrieve pre-
viously inaccessible matches. In specific cases like Amazon-Walmart
(Fig. 7), the mechanism varied by model, with BGE’s improvement 
driven specifically by a boost in recall from 0.76 to 0.90.

Simultaneous Improvements. On complex datasets like Voters
(Fig. 12), fine-tuning improved both metrics simultaneously. The BGE 
cross-encoder saw precision increase from 0.53 to 0.70 and recall from 

0.81 to 0.85, indicating the creation of a fundamentally more discrim-
inative embedding space. Conversely, on Scholar-DBLP (Fig. 10) and
DBLP (Fig. 11), the degradation in the bi-encoder performance was pri-
marily due to a collapse in recall (e.g., MiniLM on DBLP dropping from 
0.97 to 0.65), suggesting the model overfitted to the training negatives.

7.3.  Efficiency analysis

A consistent trade-off between training cost and resolution speed was 
observed across all datasets.
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Fig. 11. Results on the DBLP dataset.

Fig. 12. Results on the Voters dataset.

Training Costs. Fine-tuning the bi-encoder is generally the most 
computationally intensive workflow due to the multi-stage process of 
triplet mining and re-embedding. On the large-scale DBLP dataset, the 
BGE bi-encoder required over 9 hours (34 720.46 seconds) to fine-tune, 
compared to approximately 7 hours for the cross-encoder. Similarly, on
Abt-Buy, the MPNet bi-encoder training took approximately 200 sec-
onds, while the cross-encoder required only 134 seconds. On Voters, the 
bi-encoder workflow (183.39 seconds for MPNet) was more than double 
the time of the cross-encoder (79.64s).

Resolution (Inference) Speeds. The most dramatic difference lies 
in resolution time. Bi-encoder architectures maintained sub-linear, 
highly efficient resolution times across all experiments, typically resolv-
ing datasets in seconds. For instance, on ACM-DBLP, resolution took 
roughly 4.5 seconds for all models. In stark contrast, cross-encoders were 
orders of magnitude slower. The MPNet cross-encoder took 35.54 sec-
onds on ACM-DBLP (nearly 8 times slower), 137.83 seconds on IMDB-
DBPEDIA (7 times slower), and over 2 hours (7227 seconds) on the large
DBLP dataset (15 times slower). Even on smaller datasets like Abt-Buy, 

Knowledge-Based Systems 338 (2026) 115427 

11 



D. Karapiperis et al.

Table 3 
Ablation Study: F1-scores comparison (%) between the 
cosine similarity baseline and the hybrid neural network 
classifier using pre-trained bi-encoders and fine-tuned 
bi-encoders (MiniLM). 

Dataset
 Bi-Enc.  Bi-Enc. FT
 Cos.  Class.  Cos.  Class.

 Abt-Buy  34.2  45.5  49.5  66.1
 Amazon-Google  26.1  37.3  43.4  54.2
 Amazon-Walmart  43.5  65.8  58.1  76.9
 ACM-DBLP  73.2  77.5  81.1  90.4
 Scholar-DBLP  75.1  80.2  69.0  77.5
 DBLP  84.5  93.1  71.2  78.5
 IMDB-DBPEDIA  42.5  54.1  63.2  73.8
 Voters  64.4  71.2  68.1  77.5

the cross-encoder required thousands of seconds compared to just 3 − 4
seconds for the bi-encoder. This confirms that while cross-encoders of-
fer peak accuracy on specific noisy datasets, they are computationally 
prohibitive for large-scale blocking tasks.

Notably, the resolution times for the pre-trained and fine-tuned bi-
encoders are effectively identical. This is because fine-tuning updates 
the model’s internal weights without altering its architecture or the 
dimensionality of the output embeddings. Consequently, the computa-
tional cost of the forward pass (inference) and the complexity of the 
subsequent vector similarity search remain constant, regardless of the 
model’s training state.

7.4.  Impact of the classification head: Ablation study

To quantify the specific contribution of the hybrid neural network 
classifier to the overall performance of the bi-encoder architecture, we 
conducted an ablation study comparing it against a standard cosine sim-
ilarity baseline using MiniLM. In this baseline configuration, the em-
bedding pairs (from both the pre-trained and fine-tuned models) were 
directly evaluated using cosine similarity, with the optimal threshold 
determined via grid search on the validation set.

Table 3 presents the comparison, where our results indicate that 
the hybrid neural network classifier yields a consistent performance 
improvement over the simple cosine similarity threshold. This perfor-
mance disparity is most pronounced in the e-commerce domains–Abt-
Buy, Amazon-Google, and Walmart-Amazon–where the cosine thresh-
old approach fails to distinguish between hard negatives. In these 
datasets, items often share significant lexical overlap (e.g., matching 
brand names, categories, and technical specs) but differ by a single 
attribute (e.g., "Model X1" vs "Model X2"). A simple angular distance 
(cosine) is often insufficient to separate these vectors linearly. In con-
trast, the classifier, which consumes the embeddings interactions and 
engineered features, discussed in Section 5.1.2, effectively learns a non-
linear decision boundary. Importantly, the inclusion of the difference 
vector allows the model to weigh specific feature dimensions differently, 
"learning" that discrepancies in version numbers or model codes are fa-
tal to a match, even if the overall vector similarity is high. On Abt-Buy 
and Amazon-Walmart, for instance, replacing the classifier with a cosine 
threshold, on the fine-tuned bi-encoder, resulted in a performance drop 
of over 16% and 18%, respectively. This confirms that the classifier is not 
merely an appendage but a critical component for resolving ambiguity 
in high-overlap domains.

Regarding the computational cost raised by the complexity of the 
hybrid classifier, the time analysis (Figs. 5 – 12) reveals that the clas-
sifier training and feature generation phase accounts for less than 2%
of the total pipeline duration. Given the substantial F1-score improve-
ments observed in Table 3 (e.g., +16.6% on Abt-Buy), the inclusion of 
the interaction and engineered feature branches offers a highly favor-
able cost-benefit ratio. 

7.5.  Discussion and analysis

To investigate the underlying mechanisms driving the observed per-
formance, we proceed with a detailed quantitative, qualitative, and ef-
ficiency analysis of the competing architectures.

7.5.1.  Quantitative performance assessment
Our comprehensive experimental evaluation across eight diverse 

datasets reveals a nuanced relationship between fine-tuning, model ar-
chitecture, and dataset characteristics. The results consistently demon-
strate that while fine-tuning is a powerful technique for adapting pre-
trained models, its effectiveness depends heavily on the nature of the 
performance gap between the general-purpose model and the specific 
dataset.

A primary takeaway from our experiments is the distinct trade-off 
between the bi-encoder and cross-encoder architectures. While the fine-
tuned cross-encoder achieves state-of-the-art accuracy on structurally 
heterogeneous datasets (e.g., ACM-DBLP), it exhibits significant volatil-
ity on precision-sensitive tasks. As detailed later in our analysis, this 
architecture often regresses on e-commerce datasets compared to the 
bi-encoder baseline. Furthermore, its superior accuracy in specific do-
mains comes at the cost of a resolution time that is orders of magnitude 
higher than that of the bi-encoder pipelines. In contrast, the fine-tuned 
bi-encoder consistently offers the best balance, providing a substantial 
and robust performance uplift over the pre-trained baseline while main-
taining an exceptionally efficient resolution speed.

Our findings further suggest that the benefit of fine-tuning is di-
rectly related to the specific weakness a pre-trained model exhibits on 
a given dataset. We identify two primary scenarios where specializa-
tion is highly effective. On precision-limited datasets like Abt-Buy and 
Amazon-Google, the pre-trained models suffered from a high rate of false 
positives. Here, fine-tuning acted as a precision-fixer, teaching the mod-
els to be more discerning. Conversely, on recall-limited datasets like 
ACM-DBLP and IMDB-DBPEDIA, the pre-trained models were overly 
cautious. On these, fine-tuning acted as a recall-booster, teaching the 
models to identify a wider range of true matches.

Conversely, our experiments identify specific conditions where fine-
tuning is unwarranted. On datasets like Scholar-DBLP, and the semi-
synthetic Voters and DBLP datasets, the pre-trained models already ex-
hibited strong, balanced performance. In these scenarios, the fine-tuned 
bi-encoder offered no benefit and, in the case of Scholar-DBLP, was even 
detrimental to performance. This suggests a form of overfitting, where 
adapting the model to a specific subset of the data caused it to lose the 
robust, general knowledge that made it effective in the first place. This 
confirms that fine-tuning is not a universally required step but a targeted 
intervention that is most valuable when a clear performance gap exists.

We further validated the robustness of these findings using McNe-
mar’s test. The performance gains of the fine-tuned bi-encoder over the 
pre-trained baseline were found to be statistically significant (𝑝 < .05) 
across all datasets where an F1-score improvement was reported (e.g., 
Abt-Buy, Amazon-Walmart). Conversely, on datasets like Scholar-DBLP 
where fine-tuning degraded performance, the drop in accuracy was also 
statistically significant, confirming that the negative impact was system-
atic rather than random noise.

The choice of the base model also plays a role, with the larger 
BGE and MPNet models often providing a strong baseline, but with the 
smaller MiniLM model frequently emerging as a surprisingly powerful 
and resource-efficient option after fine-tuning. These insights provide a 
practical guide for practitioners, suggesting that the optimal ER strategy 
requires a careful consideration of the specific accuracy, efficiency, and 
data characteristics of the task at hand.

Table 4 provides a comprehensive summary of the impact of fine-
tuning by presenting the percentage difference in F1-score relative to 
the pre-trained baseline. The table clearly illustrates that while dataset 
characteristics matter, the bi-encoder architecture offers superior sta-
bility. The fine-tuned bi-encoder consistently provides a substantial
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Table 4 
Percentage differences (%) in F1-scores for the fine-tuned bi-encoder and cross-encoder architectures 
compared to the pre-trained bi-encoder baseline. The highest performance gain for each dataset is high-
lighted in bold. The Average rows summarize the performance across the eight datasets.
 Dataset  Base Model  Fine-Tuned Bi-Encoder (%)  Fine-Tuned Cross-Encoder (%)

Abt-Buy
 MiniLM  +46.7% -22.2%
 MPNet  +88.2%  +52.9%
 BGE  +30.2% -28.3%

ACM-DBLP
 MiniLM  +16.9%  +23.4%
 MPNet  +27.1% -52.9%
 BGE  +13.3%  +18.1%

Amazon-Google
 MiniLM  +45.9% -27.0%
 MPNet  +51.2%  +37.2%
 BGE  +27.5% -37.3%

Amazon-Walmart
 MiniLM  +16.9% -44.6%
 MPNet  +44.0% -36.0%
 BGE  +5.6% -40.8%

DBLP
 MiniLM -16.1% -17.2%
 MPNet -1.2%  +9.3%
 BGE -13.8% -3.2%

IMDB-DBPEDIA
 MiniLM  +35.2%  +14.8%
 MPNet  +25.5%  +17.6%
 BGE  +31.4% -35.3%

Scholar-DBLP
 MiniLM -5.0%  +10.0%
 MPNet -9.9%  +11.1%
 BGE -9.8%  +7.3%

Voters
 MiniLM  +8.5%  +9.9%
 MPNet  +2.7%  +9.3%
 BGE  +7.8%  +18.8%

 Aggregated Performance (Average across 8 datasets)

Average
 MiniLM (Base F1: 65.3)  +18.6% (Avg F1: 73.8) -6.6% (Avg F1: 62.3)
 MPNet (Base F1: 61.3)  +28.5% (Avg F1: 73.6)  +6.1% (Avg F1: 62.8)
 BGE (Base F1: 68.6)  +11.5% (Avg F1: 74.3) -12.6% (Avg F1: 62.3)

performance uplift on product-matching datasets, yielding an F1-score 
increase of up to 88.2% on Abt-Buy. While it showed some degrada-
tion on already-aligned academic datasets, its average performance gain 
across all eight benchmarks was consistently high (e.g., +28.5% for MP-
Net). In contrast, the cross-encoder exhibits a high-risk, high-reward be-
havior. While it achieves top-tier gains on specific heterogeneous tasks 
(e.g., +23.4% on ACM-DBLP for MiniLM), it suffers from severe volatility. 
As shown in the Aggregated Performance rows of Table 4, the fine-tuned 
cross-encoders for MiniLM and BGE actually yielded a negative average 
improvement (−6.6% and −12.6% respectively) due to significant regres-
sions on high-precision e-commerce datasets. Even the robust MPNet 
cross-encoder only achieved a modest +6.1% average gain, far below 
the +28.5% of its bi-encoder counterpart.In summary, our experimen-
tal quantitative analysis across eight diverse datasets reveals three key 
insights:

1. Identifying a Winner: Contrary to the assumption that cross-
encoders are always the accuracy leaders, our aggregated results 
identify the fine-tuned MPNet bi-encoder as the optimal default 
architecture. It delivers the highest average stability (Avg F1: 73.6) 
and the largest consistent performance boost (+28.5%) without the 
extreme volatility or computational overhead of the cross-encoder.

2. Targeted Intervention: We confirm that fine-tuning is most effec-
tive as a targeted intervention. On datasets where pre-trained models 
suffered from low precision (e.g., Abt-Buy) or low recall (e.g., ACM-
DBLP), fine-tuning yielded significant gains. However, on datasets 
where the pre-trained models were already strong (e.g., Scholar-
DBLP), it proved to be an unnecessary step, occasionally leading to 
overfitting.

3. Model Efficiency: Our results challenge the assumption that larger 
models are always superior. The smaller MiniLM bi-encoder, when 
properly fine-tuned, achieved an average F1-score of 73.8, virtually 

identical to the larger MPNet (73.6) and BGE (74.3) models. This 
presents a highly resource-efficient option for practitioners, offering 
state-of-the-art performance at a fraction of the inference cost.

7.5.2.  Qualitative error analysis
To better understand the performance characteristics driving the 

quantitative results, we conducted a manual inspection of false posi-
tives and false negatives across three representative datasets: Abt-Buy, 
DBLP-ACM, and Voters.

The primary failure mode for bi-encoders was the inability to dis-
tinguish between entities that share high lexical overlap but differ in a 
single, critical token. For instance, in the Abt-Buy dataset, the bi-encoder 
frequently failed to distinguish between product variations such as “HP 
ProBook 450 G3” and “HP ProBook 450 G4.” The pooling operation in 
bi-encoders tends to "smooth out" these small but critical token differ-
ences, pushing their vectors too close together.

Conversely, the cross-encoder performance was highly inconsistent. 
While it successfully resolved complex heterogeneous matches (e.g., in 
ACM-DBLP), it exhibited a tendency toward overfitting on product data. 
In datasets like Abt-Buy, the cross-encoder frequently penalized valid 
matches due to minor, irrelevant discrepancies in descriptions (e.g., 
shipping details included in one record but not the other), leading to the 
significant drops in recall observed in Table 4. Furthermore, in the Vot-
ers dataset, it occasionally predicted matches based on generic shared 
tokens (e.g., matching "Smith" and "Main St") when discriminative fields 
were empty, highlighting a susceptibility to noise that the bi-encoder’s 
structured representation avoided.

On structured datasets like DBLP-ACM, errors were rare and often 
due to ambiguous abbreviations (e.g., "Proc. of VLDB” vs "PVLDB”). 
The fine-tuned models showed a remarkable ability to learn these spe-
cific patterns compared to pre-trained baselines, confirming that gains 
in these domains stem from learning specific vocabulary mismatches.
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7.5.3.  Efficiency and scalability considerations
While the cross-encoder architecture theoretically offers a more ex-

pressive attention mechanism, our results demonstrate that its practical 
utility is severely limited by its computational cost and volatility. The 
latency of the Cross-Encoder is primarily driven by the full self-attention 
mechanism over the concatenated input sequence, which scales quadrat-
ically with sequence length. Unlike bi-encoders, which allow for the of-
fline pre-computation of embeddings, cross-encoders must process ev-
ery candidate pair online, making the cost proportional to the number 
of candidates generated by the blocking phase.

To mitigate these costs in production environments, several opti-
mization strategies can be employed. Batching is the most immediate op-
timization; by processing multiple candidate pairs in parallel, the over-
head of memory access is amortized, significantly increasing throughput 
on GPU hardware. Further acceleration can be achieved through quan-
tization (reducing model weights from FP32 to INT8), which typically 
yields 2 − 4𝑥 speedups with negligible accuracy loss, and pruning, which 
removes redundant attention heads. Additionally, Knowledge Distilla-
tion offers a promising avenue, where a high-performing cross-encoder 
effectively transfers complex matching logic into a faster architecture.

In terms of practical thresholds, our findings suggest that cross-
encoders are computationally prohibitive for the initial blocking stage 
of ER on datasets exceeding a few thousand records. They are most ef-
fectively deployed in a re-ranking capacity, applied only to a small set 
of high-confidence candidates (e.g., top-50) retrieved by a bi-encoder. 
However, given our finding that the fine-tuned bi-encoder achieves 
comparable or superior accuracy on most datasets (Table 4), the utility 
of the cross-encoder re-ranking step is questionable for general-purpose 
applications compared to a well-optimized bi-encoder pipeline.

7.5.4.  Impact of domain characteristics and data alignment
Our experimental results reveal a sharp dichotomy in how differ-

ent datasets respond to fine-tuning, a phenomenon largely explained by 
the distributional alignment between the target domain and the corpora 
used to pre-train the underlying language models.

Datasets such as DBLP and Scholar-DBLP consist primarily of aca-
demic citations, titles, and author names. These records are structurally 
consistent and lexically similar to the massive text corpora on which 
models like MPNet were pre-trained (e.g., Wikipedia, BooksCorpus, and 
academic subsets of Common Crawl). Consequently, the pre-trained 
models already possess a high-quality semantic representation of this 
domain "out-of-the-box." In these scenarios, the manifold of the target 
data is already well-covered by the base model, meaning that fine-tuning 
offers diminishing returns–or, as observed in Scholar-DBLP, may even 
degrade performance by overfitting to specific blocking artifacts rather 
than general matching logic.

In contrast, datasets like Abt-Buy (e-commerce) and Voters (public 
records) exhibit significant domain shift. E-commerce data is character-
ized by short, ungrammatical segments, brand-specific abbreviations, 
and dense clusters of alphanumeric product codes (e.g., "Sams. Gal. S4" 
vs "Samsung Galaxy S4"). Similarly, the Voters dataset contains high lev-
els of noise, including OCR errors, missing fields, and non-standard for-
matting. These patterns are under-represented in standard pre-training 
corpora. Therefore, the pre-trained embeddings are often scattered or 
misaligned for these specific entities. Fine-tuning becomes essential here 
not merely to learn a matching function, but to fundamentally restruc-
ture the embedding space, pulling these domain-specific variations into 
proximity. This explains why the largest performance gains from fine-
tuning the bi-encoder are consistently observed in these noisy or highly 
specialized domains, where the model must learn to bridge the gap be-
tween noisy surface forms and latent semantic meaning.

8.  Conclusions and future work

This paper presented a comprehensive experimental evaluation of 
deep learning architectures for Entity Resolution, specifically investigat-

ing the trade-offs between pre-trained baselines, fine-tuned bi-encoders, 
and fine-tuned cross-encoders across eight diverse datasets.

Our findings challenge the prevailing assumption that the computa-
tionally expensive cross-encoder architecture is the universal gold stan-
dard for accuracy. While effective on structurally heterogeneous data, 
we demonstrated that it exhibits significant volatility, yielding a negative 
average performance improvement on efficient models due to overfitting 
on precision-sensitive e-commerce tasks. Furthermore, its prohibitive 
computational cost–orders of magnitude higher than the bi-encoder–
renders it impractical for large-scale blocking.

In contrast, we identified the fine-tuned bi-encoder (specifically uti-
lizing MPNet) as the robust, optimal default for practitioners. It delivers 
the highest consistent performance gain (Average F1 increase of +28.5%) 
and superior stability, all while maintaining sub-linear retrieval speeds 
suitable for real-time applications. Additionally, we demonstrated that 
model size is not the sole determinant of success; the compact MiniLM 
bi-encoder, when properly fine-tuned with hard negatives, frequently 
rivals or outperforms larger state-of-the-art models, offering a highly 
resource-efficient alternative.

Crucially, we conclude that fine-tuning is not a panacea but a tar-
geted intervention. It acts as a necessary "precision-fixer" for noisy, un-
aligned domains (e.g., Abt-Buy), but can be detrimental to performance 
on already-aligned academic datasets (e.g., Scholar-DBLP), where it may 
induce overfitting.

Future research should investigate: (1) hybrid architectures that dy-
namically offload only low-confidence pairs from a bi-encoder to a cross-
encoder re-ranker to optimize the accuracy-efficiency frontier; (2) The 
potential of generative LLMs for zero-shot cleaning and data augmenta-
tion to bootstrap training sets; and (3) The development of noise-robust 
loss functions for noisy real-world data.
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