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Abstract: Similar patent document retrieval is an essential task that reduces the scope of patent
claimants’ searches, and numerous studies have attempted to provide automated patent search services.
Recently, Retrieval-Augmented Generation (RAG) based on generative language models has emerged
as an excellent method for accessing and utilizing patent knowledge environments. RAG-based patent
search services offer high utility as AI search services by providing document knowledge similar to
queries. However, achieving satisfactory quality in similarity search services remains a challenging
task, as search methods based on document similarity do not carefully consider the characteristics
of patent documents. Unlike general document retrieval, the similarity of patent documents must
take into account prior art relationships. To address this issue, we propose PAI-NET, a deep neural
network for computing patent document similarities by incorporating expert knowledge of prior art
relationships. We demonstrate that our proposed method outperforms current state-of-the-art models
in patent document classification tasks through semantic distance evaluation on USPD and KPRIS
datasets. PAI-NET presents similar document candidates demonstrating a superior patent search
performance improvement of 15% over state-of-the-art methods.

Keywords: generative artificial intelligence; knowledge database retrieval system; document similar-
ity; semantic search

1. Introduction
Knowledge retrieval systems in database-driven environments prioritize the delivery of query-

relevant information. Within the patent domain, the integration of deep learning methods has acceler-
ated the evolution of similar patent search capabilities. Although GPT-style decoder-only transformers
demonstrate robust query responsiveness, they remain susceptible to hallucination. Retrieval Aug-
mented Generation (RAG) systems have emerged as a preferred solution in knowledge-based expert
systems, effectively mitigating hallucination while maintaining high-quality knowledge services.
These systems continue to advance, leveraging patent databases to identify query-relevant documents
and generate appropriate responses based on validated source material.

For patent document retrieval systems, selecting patent document candidates relevant to queries
is crucial for service quality. Traditional patent search systems focus on applying deep learning
models to patent classification systems based on registration criteria. Primarily, encoding model-type
deep learning methods are being applied to classification tasks for automating similar patent search
processes. Patent document classification methods based on Convolution Neural Networks (CNN),
Transformer-Encoder based patent document classification methods, and patent classification methods
utilizing hierarchical structures for large-scale patent documents have been proposed. Recent deep
learning methods demonstrate superior performance in patent classification due to patent documents’
typical textual document information characteristics. Despite the performance achieved through
deep learning in patent classification tasks, similar patent searches still require expert knowledge
for similarity evaluation tasks. RAG systems select similar document candidates through similarity
evaluation. While cosine similarity is typically used for general similarity assessment, showing
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high similarity for content with similar structure and content, patent document similarity evaluation
must consider technical relationships with prior art, unlike general document similarity evaluation.
Although image classification methods have been proposed to reduce similarity distances between
similar information for robust query handling, similarity distance learning methods are not effectively
utilized in document classification due to rare significant differences in document representation
similarity. Meanwhile, sematic search tasks are characterized by the difficulty of determining semantic
similarity between documents based solely on document class information. Experts traditionally
use ontological models like synonym dictionaries for similarity evaluation. However, ontological
models present challenges in continuously expanding environments like patent information due to the
ongoing expert resource update costs.

This paper proposes a novel model for selecting appropriate candidates for RAG-based patent
document knowledge retrieval services. We utilize prior art relationship information instead of
ontological information to reflect expert knowledge in similarity evaluations. Similar Patent Search
Network using Prior Art Information (PAI-NET) is a contrastive learning-based multi-tasking model
that applies similarity to prior arts in classification task models. Figure 1 illustrates the architecture of
our Semantic Patent Knowledge RAG (Retrieval-Augmented Generation) system, which emphasizes
semantic similarity analysis between priority art documents. The system comprises a retrieval agent,
PAI-NET, prompt engineering module, and Large Language Model (LLM), with a particular focus on
analyzing deep relationships between prior art documents.

Figure 1. A concept of RAG(Retrieval Augmented Generative) System for Patent knowledge Querying

The core innovation lies in the interactions between steps 2-5, where the retrieval agent and
PAI-NET collaborate to establish semantic relationships between prior art documents. When PAI-NET
searches for prior art documents in the Domain Knowledge DB, it goes beyond simple keyword match-
ing to understand the semantic connections between documents. Specifically, it calculates similarities
by considering relationships between patent claims and specifications, citation networks, and technical
field hierarchies. This approach ensures that retrieved prior art documents form an interconnected
knowledge network rather than a collection of isolated documents. The Domain Knowledge DB
functions as a knowledge graph that encodes complex relationships between prior art documents,
rather than serving as a simple document repository. PAI-NET leverages this structured information
to identify the most relevant set of prior art documents for a given query. This process considers
not only technical features of patents but also filing dates, citation relationships, and technological
evolution patterns within the field. Before being passed to the LLM(large language model) through
the prompt engineering module (steps 6-7), the retrieved documents are structured according to their
semantic relevance. This enables the LLM to comprehend the complex relationships between prior
art documents and generate more accurate and contextually appropriate responses (step 8). This
architecture overcomes the limitations of traditional RAG systems in patent search applications. By
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performing sophisticated analysis of semantic similarities between prior art documents, it provides
more comprehensive and accurate patent search results. Furthermore, this deep document analysis
significantly contributes to the thorough identification of relevant prior art documents during patent
examination processes. In this process, our model applies a method of generating similar document
groups based on prior art information between patents to extract query-relevant candidates. When
these similar document candidates are presented, the service is provided by inputting prompts com-
bining queries and candidate documents into generative language models to compose appropriate
responses from candidate documents. Our main contributions are summarized as follows:

• PAI-NET is a novel model for similar patent search that improves document similarity evaluation
performance by incorporating expert knowledge into similarity metrics.

• We demonstrate that prior art information can enhance similarity search performance without
utilizing expert ontological information.

• PAI-NET performs both classification and similarity learning tasks while maintaining computa-
tional costs comparable to traditional classification-only models.

• We analyze and evaluate PAI-NET through extensive experiments on real patent datasets, demon-
strating significant performance improvements in similar patent search tasks.

2. Related Work
2.1. Applying Retrieval Augmented Generation to Expert Domains

Domain adaptation of Retrieval Augmented Generation (RAG) for expert knowledge areas has
emerged as a critical research direction, as conventional LLMs often struggle with specialized knowl-
edge. Early approaches focused on joint training of retriever and generator components to adapt
to domain-specific knowledge bases, showing notable improvements in specialized areas such as
healthcare and news domains [1]. Building on this foundation, researchers have developed more
sophisticated frameworks like PEER, which systematizes domain-specific tasks through precise ques-
tion decomposition and advanced information retrieval while maintaining data privacy and cost
efficiency [2]. The challenge of professional knowledge services has led to innovative approaches
such as Knowledge Augmented Generation (KAG), which addresses the limitations of traditional
RAG systems by incorporating knowledge graphs and enhancing logical reasoning capabilities. This
approach has demonstrated substantial improvements in professional domains across multiple bench-
mark datasets [3]. For specialized domains with unique characteristics, such as Korean Medicine,
researchers have developed Prompt-RAG, a vector embedding-free approach that has shown supe-
rior performance in terms of relevance and informativeness compared to conventional RAG models
[4]. Recent research has also focused on specific challenges in handling tabular data within expert
domains. The Tabular Embedding Model (TEM) has been developed to address the limitations of
standard embedding models when dealing with complex numerical and tabular data, providing a
more efficient solution for domain-specific applications [5]. Additionally, studies have shown that
combining domain-specific fine-tuning with iterative reasoning mechanisms can significantly enhance
question-answering accuracy in professional contexts [6]. While there have been studies [7,8] showing
that RAG systems outperform general-purpose AI systems like GPT-4 in patent search applications,
there remains a persistent demand for systems that better reflect the unique similarity characteristics
of patent knowledge information.

2.2. Automated Patent Classification Methods

Among the various deep learning studies, models that show superior performance in text classifi-
cation tasks are based on the Transformer method [9–14]. Deep Learning Approach is also making
valuable achievements in classifying patent documents. DeepPatent [15] uses word2vector embedding
methodes [16] and CNN methods at sentence level [17]. This method has the advantage of applying
visual representation methods to the feature of words. The RNN-based method [18] utilizes a bidi-
rectional recurrent model [19], which performs document classification tasks considering the flow of
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words. Meanwhile, the PatentBERT [20] is designed to take into account essential parts of the input
document using the self-attention technique [9,10], which can be weighted to important keywords
to reflect the interests of the document. Hierarchical Feature Extraction Model (HFEM) [21] and a
Multi-Stage Extraction Network for Patent Document Classification(MEXN) [22] adopts a method of
dealing with the entire document as a way of extracting and summarizing features of the document
portion hierarchically. Using hierarchical models is a helpful method for considering whole data.
However, it is unlikely that the evaluation will be reversed in the next step for the undervalued part
in the previous step. The value of the input part may not be adequately evaluated depending on the
size of the input range considered in the first step. Meanwhile, there are studies that classify various
forms of drawing images [23,24] and studies that find drawing images in patent documents [25] at
the individual classification level. So far, deep learning studies for patent documents have focused on
classification tasks, which still pose challenges in improving the quality of services for use in similar
search services.

2.3. Document Similarity

Latent semantic indexing (LSI) is one of the classic methods for document retrieval [26]. Search
using LSI is a method of mapping the contents of a document to a latent space and searching for similar
documents using euclidean operations between mapped features. Unlike methods with keywords as
queries, these methods return results with close euclidean distances even if there are no accurately
matched values. In contrast, features with close distances in potential space have the advantage of
returning documents with similar meanings even if there are no identical keywords in real documents.
Using these points, we can also perform nearest neighbor queries on similar documents using similarity
metrics, such as cosine similarity. To provide results for nearby candidates, even in Latent spaces,
where we project the features of documents using deep learning models. In this case, similar distance
measurements between similar documents can be used as a measure of service quality [27], as high
similarity documents must be kept at a close distance. This approach can be particularly effective in
measuring patent document similarity, where technical concepts and innovations may be described
using different terminology while maintaining similar underlying meanings. The ability to capture
semantic relationships in the latent space makes it especially valuable for patent analysis and retrieval
tasks.

2.4. Contrastive Learning Approaches

Studies of Contrastive Learning methods on image information [28] have been very meaningful
in creating robust predictive models in the field until recently. Contrastive learning methods are metric
learning methods that learn by comparing similar data, which can be mainly utilized in self-supervised
learning. They have been applied in a variety of approaches.

In this regard, studies applying these methods in NLP have also been tried [29–32], which is
difficult to distinguish compared to image information because of its different meaning. Relevant
studies use fine-tuning methods using pre-trained models to compensate for these problems, which
also seek to improve performance by following this trend. In particular, contrast learning methods
utilizing similar pairs of documents are an important topic in this work. They can reflect users’
perspectives on similarity in screening similar documents in more detail within the prediction category
of classification tasks. In this regard, the most recent excellent work [31] proposes a method to reduce
similarity distances based on classification predictions. However, in our work, we propose a model
more suitable for real-world similar search environments by leveraging information from the prior art
that reflects direct patent expert knowledge.

While there are patent document classification studies using various deep learning methods,
methods to yield candidates for similar documents in patent domains are still challenging. The
problem is that patent documents have an imbalanced data distribution between labels in a multi-
label environment. In addition, the meaning of patent similarity can be applied differently from the
similarity of general-purpose documents. We consider the characteristics for similarity evaluation. Our
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work aims to design a robust deep learning model that can improve classification task performance
and recommend highly similar document candidates even in the imbalanced dataset domain [33].

3. PAI-NET: RAG Patent Network Using Prior Art Information
RAG Patent network using Prior Art Information(PAI-NET) is designed for similar patent search

services. The PAI-NET framework has a multi-tasking structure that learns the similarity distance
between documents and classification tasks together. To this end, PAI-NET has a conjured triple
encoder structure for multi-tasking tasks and utilizes objective functions for similarity distance learning
tasks and classification tasks.

Figure 2 shows how proposed method utilizes prior art information. Figure 2a shows the
relationship between the prior art document and the claimed patent(target document) as domain
knowledge, the most technically similar relationship with 1 to 1 matching. Meanwhile, Figure 2b shows
how to generate traditional ontological structures. In Figure 2b, in addition to prior art relationships,
patent experts leverage domain knowledge to further apply the linkages between each document to
generate a searchable graph structure. On the other hand, in Figure 2c, the proposed method combines
non-similar patent document information with the prior art pair. It uses it to consider the similarity
distance between the prior art and target patent document relatively in the learning task.

Figure 2. A concept of patent document connections using domain knowledge information relationships : (a) is
prior art and target document relationships. (b) is traditional ontology structure with expert knowledge. (c) is
contrastive triple pair with prior art and non similar document.

Our framework uses the set S of three different documents in parallel at one input step. The
three document inputs are used as anchors Sa, positives Sp, and negatives Sn, respectively. And
each document is transformed into a set of embedding tokens through an embedding process [10].
The encoder F uses three conjured Transformer encoders that share weights, and the embedded
document set Si entered are converted into document feature set hi of ha, hp, hn through the encoder
corresponding to each location. Each transformed document feature ha, hp, hn is used for classification
tasks and similarity distance learning tasks. Document features that pass through the anchor encoder
are used as inputs to the classifier G for classification objective function computing. Anchor document
feature ha is also used for similarity distance learning, where they are used for objective function
computes and the positive document feature hp and the negative document feature hn. We design our
framework without increasing computational time cost compared to existing single classification tasks
using a parallel encoder batch process and share the weights of each encoder so that encoders can
focus on achieving the goal of the objective function.

Figure 3 and the following equations represent the overall process:

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 February 2025 doi:10.20944/preprints202502.1615.v1

https://doi.org/10.20944/preprints202502.1615.v1


6 of 16

hi = F (Si), Si ∈ {Sai, Spi, Sni}, (1)

v = G(hai), hi ∈ {hai, hpi, hni}, (2)

p = So f tmax(Wvv + bv). (3)

We describe how to combine pairs of documents in the preprocessing step and the embedding
process at Section 3.1.

T1

T2

Tn

Document Set
Text (D x L)

p

hA(D x 1)

Anchor Encoder

Classification
Function

v (D x 1)

…

Feature Encoder

hP(D x 1)

Positive Encoder

hN(D x 1)

Negative Encoder

Contrastive
Function

Classifier

Sa

Sp

Sn

Figure 3. A overall concept of PAI-NET

The document embeddings after the preprocessing process are used as input to the encoder, (1)
indicates feature encoding process for multi-tasking process which described in Section 3.2. (2) present
classification task in Section 3.3, and the description of the objective function for multi-tasking is
covered in Section 3.2. Lastly, the aggregated features pass through a final fully connected layer and
softmax for label prediction learning in (3), while being utilized in parallel as features for document
similarity evaluation.
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Algorithm 1 A pseudo code of PAI-NET

Input: Document Set S = [Sa , Sp, Sn]
Output: Document feature va

Initialization : initialize shared weight w of document encoders Fa,Fp,Fn and set α value
◦ Training phase

1: Sa = target Document set (anchor)
2: Sp = the prior art document pair set of Sa (positive)
3: Sn = non relevant document set of Sa (negative)

{▷process mini-batch size learning}
4: for each batch size s of S do
5: va = Fa(Sa)
6: vp = Fp(Sp)
7: vn = Fn(Sn) {▷each v encoded by parallel process of F }
8: ∇wClassi f ication = LClassi f ication (va) by 8
9: ∇wMargin = LMargin (va,vp,vn) by 9

10: ∇wTotal = ∇wClassi f ication + α·∇wMargin
11: w = w + ∇ wTotal

{▷update shared w of document encoders}
12: end for

◦ Similar search phase
{ ▷find similar candidate documents Sc with target Sa}

13: va = Fa(Sa)
14: for all Candidate Set Sc do
15: vc = Fa(Sc)
16: get Top-K vk of MAX(va · vc)
17: end for
18: return Candidate Sc by using index of vk

3.1. Pre-Processing

Patent documents have hierarchical classification labels. In general, patent documents with the
same classification label have higher similarity as the classification level gets deeper. However, having
the same label does not mean they similar because each patent document has different technical claims,
even if it has the same classification category. We take this into account and utilize the records of
prior art information that experts consider most similar to the target patent document in the patent
registration or prior art investigation process. We design a method to compute the relative similarity
distance of document features closely by using document information and classification information
from each patent document to learn the model and use leading literature similar to the target document
as inputs.Also, while patent document collections can be classified into multiple overlapping classes in
a multi-class format, as shown in Figure 4, they have a highly skewed distribution, making it difficult
to select similar documents based solely on similar classification attributes.

In our setting, we construct a triple-input document dataset by adding non-similar documents to
consider the similarity between the prior art document and the target document in classification task
learning. Given the challenges of quantitatively evaluating the technical similarity between patent
documents, a method that considers relative similarity distances in learning is a detour yet reasonable
method for searching similar documents.

Let T = [T1, T2, ..., TN ] and L = [L1, L2, ..., LN ] are the set of documents S and their labels. We use
a triple pair dataset of inputs:

S =
[
Sa, Sp, Sn

]
, (4)

In Equation (4), we group the target document as Sa(anchor), the prior art document as
Sp(positive), and documents that are not similar to the target document as Sn(negative) into one
input pair. Before feeding the data, we split each document into word tokenizing with a fixed-size
word length l, and all words are embedded to D dimensional features as Sa,p,n ∈ RD×l . We add a
classification token [CLS] to the front of the token array of each embedded document. Using a classifi-
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cation token [CLS] for classification tasks is an easy way to summarize the features of a document as a
single length dimension.

We design a triplet conjured encoder as an encoding task method that extracts document features
for document classification and similarity learning tasks. Each encoder uses a stacked encoder such as
a Transformer mechanism [9], which extracts the document feature as:

F (Si) =
L

∑
l=L−s

Al
S, (5)

[CLS]li = Al
S(Q

l−1
i , Kl−1

i , V l−1
i ), (6)

where Q, K, and V indicate query, key, and value for the Transformer encoder, respectively. These
feature vectors are also embedded by concatenating [CLS] token and Si as Qi = Ki = Vi = {[CLS], Si}.
Here, {·, ·} denotes concatenation. L is the total number of stacked encoders, and l is the index of the
stacked encoder. L and t determines how many encoder layers are used to summarizing paragraph
Si. Considering the efficiency of learning, we use contextualized word embedding method [34] and
pre-trained language model as used by Encoding Transformer [10].

Each encoder receives input from the anchor Sa, positive Sp, and negative Sn embeded document
and outputs summarized document features as ha,hp and hn. The summarized document features
are computed from the objective function and used for learning similarity distancing. Meanwhile,
the anchor document feature ha is used for classification tasks. Each encoder performs operations
independently and in parallel. However, the three encoders share the same weight, which is inspired
by relevant study [35]. In the encoding process of PAI-NET, the anchor encoder can consider the
learning experience of each encoder in regulating the similarity distance between documents.

Figure 4. Dataset Label Distribution: x-axis is the label name and the y-axis is the number of labeled document

3.2. Objective Function
3.2.1. Total Loss

We use a sum of functions for classification tasks and functions for similarity distance computing
to perform multi-tasking tasks. Recent works [36,37] have used the sum of classification and margin
losses for the robustness of classification queries. Inspired by these parts, we use them for the
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robustness of similar document search queries. Total loss is expressed in a way that adds a percentage
of margin losses to classification losses as:

LTotal = LClassi f ication + α · LMargin, 0 ≤ α ≤ 1, (7)

where α refers to the coefficient of the ratio of the margin loss considered in the total loss. Margin
loss values are adjusted below a certain percentage compared to classification loss values because
margin loss information is used as supportive information for classification tasks. If the classification
results are not the same label and yet in a similar relationship, the margin loss value can act as counter
noise to the classification task results, which requires loss balancing.

3.2.2. Classification Loss

The classification task of patent documents is a multi-class multi-label problem, so we use the
BCEWithLogitsLoss function for this as follows:

l(x, y) = LClassi f ication = {l1, ..., lN},

ln = −[yn · log σ(xn) + (1 − yn) · log(1 − σ(xn))],
(8)

where target x and predicted label y for coordinate training loss.

3.2.3. Margin Loss

We use triplet loss to bring the similarity distance between the target document and the prior art
document close. Triple loss controls the distance between the prior art and non-similar documents as:

LMargin(a, p, n) = max{d(ai, pi)− d(ai, ni) + margin, 0}, (9)

d(xi, yi) = ∥xi − yi∥p (10)

where ai, pi and ni indicate target document(anchor), prior art document(positive) and non-similar
document(negative), respectively. The margin is a constant factor to control the distance between
positive and negative features. If the margin value gets an increase, robust of the similar search query
is enhanced. However, the size of latent feature space is limited, and we need to determine the range
of a margin factor to get a query performance. In (10), the distance function uses Euclidean distance.

3.3. Document Classification

The end of the network is the single fully connected (FC) network for document classification.
The output of the anchor encoder is fed into a 8-way so f tmaxs, which produces distribution over the
size of section category(CPC).

3.4. Evaluation Metrics

To quantitatively assess the model’s ability to rank similar documents highly, we employ the
Mean Reciprocal Rank (MRR) metric. MRR effectively measures how well the model positions
pre-defined relevant documents at higher ranks in a retrieval task. For a set of queries Q, MRR is
formally defined as:

MRR =
1
|Q|

|Q|

∑
i=1

1
ranki

(11)

where |Q| is the number of queries, and ranki is the position of the first relevant document for the
i-th query. The reciprocal rank 1

ranki
assigns higher scores when relevant documents appear at higher

positions (e.g., 1.0 for first position, 0.5 for second position, etc.).
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In our evaluation framework, each query document is paired with one known similar document
(positive) and multiple dissimilar documents (negatives). The MRR score reflects the model’s ability to
consistently rank the positive document above the negative documents. A higher MRR value indicates
better performance, with a perfect score of 1.0 indicating that the model always ranks the similar
document at the first position. This metric is particularly suitable for our task as it directly quantifies
the model’s effectiveness in identifying and prioritizing semantically similar patent documents in a
retrieval context.

3.5. Implementation Details

We train networks for 10 epochs with an initial learning rate is set to 0.001 and divided by 0.1 every
10 epoch. Datatset is consist of 100,000 training and 20,000 validation documents. In our experiments,
we use 768 dimensions of embedding vector size D for each word, and set the input size l to 100 words.
We use a fine-tuning method with pre-trained model of Bert [10] for efficient learning.

We evaluate PAI-NET for 10 times with difference random seeds, then report the average per-
formances. We use Adam optimizer [38] and apply early stopping method by EM score. We used a
7800X3D AMD CPU, 192 GB RAM, and RTX-4090 24GB GPU RAM and A100 cloud system for the
implementation.

3.6. Ablation Studies

In this work, we have taken steps to determine the degree of margin distance and the ratio of
margin loss values to combine classification and margin functions. To this end, we first use a method
to determine the margin distance with low losses for classification tasks and then determine the ratio
sequentially.

3.6.1. Margin Distance

When a document feature is projected into a latent region, the larger the distance between the
classification sets of each document feature, the more robust the model can be seen. Thus, theoretically,
the greater the margin distance, the greater the degree of robustness. However, since the margin
distance cannot be increased indefinitely within a limited area, the experimental margin distance
between the classification sets must be maintained appropriately, and the closer the margin distance
between similar documents. In this regard, Table 1 demonstrates the rationale for selecting appropriate
coefficients for the margin distance based on the classification performance of the document. Evaluation
of the classification performance of documents is not used when training margin distances. However,
it is reasonable to select margin distances that have the most negligible impact on classification results
performance to combine them with classification tasks in a multi-task environment. Therefore, in this
work, we compute the margin distance based on the label classification performance and choose three
as the coefficient.

Table 1. Margin constant evaluation

Margin distance MRR Dp Dn |Dp − Dn|
2 0.8914 0.881 0.629 0.252
3 0.8913 0.713 0.022 0.691
3.5 0.8939 0.725 0.019 0.706
4 0.8889 0.756 0.031 0.725
5 0.8847 0.775 -0.009 0.784

Meanwhile, visualizing the dispersion of document features over margin distances is Figure 5, as
previously described, the degree of overlap of the features is high, making it challenging to evaluate
similarity or classification criteria between documents. On the other hand, if the margin distance is
10, it can be seen that document features are spread evenly throughout the area. However, there is a
problem of poor cohesion according to the classification boundary.
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(a) (b)

(c) (d)

Figure 5. Visualization of margin (a) m = 0 , (b) m = 3 , (c) m = 5 , (d) m = 10

3.6.2. Margin Loss Ratio

Margin loss functions utilize datasets requiring expert similarity assessments, thus sufficient
training data for each classification label must be secured to achieve classification performance through
similarity learning alone. However, as patent datasets contain imbalanced label sets, margin loss and
classification functions are combined for learning efficiency. Hence, experiments were conducted by
varying the margin loss ratio from 0 to 0.5. Table 2 demonstrates classification performance (EM score,
exact matching % score) when margin loss is added to classification loss at these ratios. As α increases,
classification performance deteriorates since similarity data pairs are constructed independently of
classification criteria. Higher values introduce noise into classification loss. When margin loss function
ratios exceed certain thresholds, document classification performance can degrade. Therefore, ratios
must be determined at levels appropriately reflecting each metric. Through analysis of performance
metric variation rates, we determined α values within the 0.2 range.

Table 2. Margin Loss ratio

α EM score MRR Dp Dn |Dp − Dn|
0.0 60.935 0.5856 0.653 0.006 0.647
0.2 60.545 0.7417 0.733 -0.044 0.777
0.4 57.231 0.7965 0.754 -0.052 0.806
0.5 56.735 0.8124 0.768 -0.292 1.058

3.7. Using Cosine Distance for Loss Function

The way of setting the distance in the margin loss function can consider Euclidean distance and
cosine distance. Because the similarity of the document is based on the cosine distance, we can consider
using cosine distance for margin distance calculations. In Table 3, we evaluate experiments by selecting
a method that uses cosine distances in addition to margin distances to anchors and positive distances
when using Euclidean distances and cosine distances. Table 3 shows that classification performance is
best when using Euclidean distances, and similarity distances are best when using cosine distances.
Applying distance using Euclidean distance in classification methods is a more efficient way to reflect
the margin between classifications. On the other hand, the ability to distinguish similar documents
is best shown in methods that reflect cosine distances between reference and prior art, apparently
because margin distances only take into account the distances between preceding and non-similar
documents.
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Table 3. Cosine distance for loss function

MRR Dp Dn |Dp − Dn|
Euclidean 0.7417 0.713 -0.040 0.753
Cosine 0.6865 0.820 -0.071 0.89
Euc + Cos 0.7618 0.553 0.005 0.548
Euc + a-p Cos 0.7627 0.708 -0.037 0.745

3.8. Episodic Training

We perform performance evaluation as a way to regulate the learning dataset. In this regard,
Table 4 compares PAI-NET with PAI-NET using the underlying dataset, a set of documents with
only the same label compared to the baseline document, and PAI-NETn with the same label without
considering similarity. We reveal that pairs of similar document sets with only the same label have
lower classification performance or similarity than baseline datasets. They were insufficient to be
written as appropriate learning sets for pairs of similar document sets with different labels.

Table 4. Comparisons with episodic training

MRR Dp Dn |Dp − Dn|
PAI-NET 0.7417 0.713 -0.040 0.753
PAI-NETp 0.7499 0.744 0.016 0.728
PAI-NETn 0.5625 0.619 0.003 0.616

On the other hand, classification performance was best when using different datasets with the
same label without considering similarity, which can be seen as reflected in the classification feature
even if it is not classified as data written in the existing self-supervision method.

3.9. Comparisons with Pretrained Model

To evaluate the performance enhancement of our proposed model, we conducted comprehensive
experiments comparing PAI-NET with its pretrained baseline model through cosine similarity distances
and Mean Reciprocal Rank (MRR) analysis. Our experimental findings demonstrate substantial
improvements achieved by PAI-NET.

Specifically examining the cosine similarity distributions shown in Figure 6, the pretrained model
exhibits minimal discriminative capability, with nearly indistinguishable similarity scores between
positive (0.998 ± 0.001) and negative document pairs (0.997 ± 0.001). In contrast, PAI-NET demonstrates
significantly enhanced discriminative power by establishing a clear demarcation between positive
pairs (0.708 ± 0.199) and negative pairs (0.095 ± 0.216). This pronounced separation in similarity
metrics indicates PAI-NET’s superior ability to effectively differentiate between semantically similar
and dissimilar patent documents.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 February 2025 doi:10.20944/preprints202502.1615.v1

https://doi.org/10.20944/preprints202502.1615.v1


13 of 16

Positive
Pairs

Negative
Pairs

−0.2

0.0

0.2

0.4

0.6

0.8

1.0
C
os

in
e 
Si

m
ila

ri
ty

Mean: 0.998
Std: 0.001

Median: 0.998

Mean: 0.997
Std: 0.001

Median: 0.997

Pretrained

Positive
Pairs

Negative
Pairs

Mean: 0.708
Std: 0.199

Median: 0.750

Mean: 0.095
Std: 0.216

Median: 0.052

PAI-NET

Figure 6. Cosine Similarity Distribution Comparison with Pretrained model

The quantitative assessment through MRR metrics, as presented in Table 5, further validates
PAI-NET’s enhanced performance. Our model achieves an MRR score of 0.954, representing a 9.8%
improvement over the pretrained model’s score of 0.869. This improvement in MRR metrics substan-
tiates PAI-NET’s enhanced capability in accurately positioning relevant documents at higher ranks
during retrieval operations, thereby delivering more precise and reliable search results.

Table 5. Comparison of Pretrained and Finetuned Models

Model Positive Pairs Negative Pairs MRR

Pretrained 0.998 ± 0.001 0.997 ± 0.001 0.869
Finetuned 0.708 ± 0.199 0.095 ± 0.216 0.954

3.10. Comparisons with State-of-the-Arts

We measure classification performance and cosine similarity distances together with recent
good performance studies [20,30,31] (SOTA, state-of-the-arts). Evaluating the degree to which the
patent document classification and similarity distance performance are satisfied simultaneously, the
performance of this study, as observed in 6, shows superior results compared to existing studies.
Among the relevant studies, CL+SCL [31] adds sampling considering distribution at the dataset stage
because the model is constructed on the premise of self-supervised, which makes it challenging to
create a suitable candidate group for classification labels within batch sizes. In PAI-NET using triple
pair document datasets that did not consider label values, the similarity distance between similar
and non-similar documents was the highest, indicating that the distance from similar documents
became relatively close. We observe that our proposed method shows over a 15% improvement in
MRR performance over the related SOTA methods.

Table 6. Comparisons with State-of-the-Arts

Baseline PAI-NET

patentBert SentenceBert CL+SCL Euc Cos Euc + Cos Euc + apCos positive negative
[20] (cls) [30] [31]

MRR 0.5856 0.5617 0.5763 0.7417 0.6865 0.7618 0.7627 0.7499 0.5810
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4. Conclusions
We have presented PAI-NET, a novel framework for improving similarity search performance in

Retrieval Augmented Generation (RAG) systems for patent knowledge management. Our approach
effectively addresses the unique challenges of patent document similarity search and makes several
significant contributions to patent information systems and knowledge management.

The core strength of PAI-NET lies in its ability to incorporate expert domain knowledge through
prior art relationships, resulting in superior document recommendation performance. Our experi-
mental results demonstrate a 15% improvement in similarity-based retrieval performance compared
to state-of-the-art methods in the patent domain. This substantial enhancement in retrieval accuracy
provides particular value for prior art search processes where identifying relevant patent information
is crucial

A key innovation of our approach is the novel solution to knowledge representation in expert sys-
tems through the leveraging of prior art information rather than traditional ontological structures. This
approach not only provides superior performance but also significantly reduces the costs associated
with maintaining expert knowledge bases. The framework demonstrates sophisticated capabilities
in understanding and utilizing complex relationships between patent documents, enabling more
nuanced and accurate knowledge retrieval. The computational efficiency of PAI-NET’s architecture is
noteworthy, as it handles similarity learning tasks through fine-tuning without significant overhead.
This efficiency is particularly valuable in practical applications, enabling robust service deployment
even in environments with continuously accumulating patent document information. The implications
of this work extend beyond patent systems to the broader field of expert knowledge systems. The
methodology we’ve developed for incorporating domain expertise through document relationships
shows promise for adaptation to other specialized fields where similar expert-verified relationships
exist. This approach represents a significant step forward in reducing the human effort required for
constructing and maintaining domain-specific knowledge bases.

Looking ahead, our research opens several promising avenues for future investigation. These
include the potential adaptation of our framework to general knowledge management systems and
the development of more flexible neural network architectures capable of accommodating evolving
domain knowledge. Furthermore, we envision extending our approach to other types of expert systems
where document relationships play a crucial role in knowledge organization and retrieval.
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