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Introduction
Information retrieval systems have undergone significant advancements over the past 
few decades. Starting with basic keyword-based search methods, these systems have 
evolved into vector space-based models, probabilistic models, and, more recently, dense 
vector-based search techniques that incorporate deep learning and natural language 
processing. Despite these advancements, traditional sparse vector-based approaches 
continue to struggle with handling synonyms and semantically similar expressions, 
underscoring the need for more advanced retrieval algorithms.

Vector representation-based information retrieval systems can be classified into two 
categories: dense vector-based and sparse vector-based approaches. Traditional meth-
ods, such as TF-IDF and BM25 [1], construct vectors based on all unique words within 
a document collection, resulting in particularly high-dimensional vectors corresponding 
to large corpora. Because most documents utilize only a small subset of the vocabulary, 
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the majority of vector dimensions remain sparse. Figure  1 illustrates the difference in 
density over different vector dimensions. Sparse vector-based retrieval systems rely on 
exact word matches or mismatches to identify similar documents. These systems often 
fail to recognize documents containing synonyms or related terms, considering them to 
be irrelevant.For example, if a query includes the term “bad guy" and a document uses 
“villain" in the same context, the sparse vector-based system may fail to retrieve the rel-
evant document due to the lack of an exact term match, as depicted in Fig. 2 [2].

To overcome this limitation and ensure greater flexibility in information retrieval, 
dense vector representation has been introduced as an alternative approach. Dense 
passage retrieval (DPR) [2] employs large language models as encoders to transform 
both questions and documents into dense vector representations. These encoders are 
trained to maximize the similarity scores between question-answer pairs. Using dense 
vector representations, retrieval systems can address the limitation of exact word 
matching, thereby enabling the inclusion of synonyms and related terms. This signifi-
cantly improves the likelihood of retrieving accurate results. In datasets used for ques-
tion-answering tasks, most documents do not contain the correct answer to any given 

Fig. 1  Sparse vector-based retrieval and dense vector-based retrieval mechanisms

Fig. 2  Vocabulary mismatch problem in sparse vector-based retrieval. Sparse vector-based retrieval systems, 
which rely on exact term match, often fail the retrieval process. This example is adapted from [2]
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question, and this imbalance becomes more pronounced as the dataset size increases. 
‘Positive’ documents, i.e., those containing the correct answer, constitute only a small 
fraction compared to the large volume of unrelated ‘negative’ documents. This imbal-
ance frequently causes models to focus heavily on patterns from negative examples, 
with limited opportunities to learn from positive examples, thereby reducing the overall 
learning performance of the model [3].

Data augmentation techniques are often employed to address the challenges induced 
by class imbalance. Existing methods, such as random token deletion, are valued for 
their simplicity and efficiency. However, these techniques often fail to preserve impor-
tant information and reduce the quality of augmented data. To address this shortcom-
ing, a corpus-passage frequency-based token deletion method is introduced in this 
study. The proposed approach aims to enhance retrieval accuracy by removing tokens 
selectively based on their significance. This method retains meaningful content while 
discarding unnecessary data by distinguishing between essential and less critical infor-
mation. It addresses the data imbalance using data augmentation, thereby enhancing 
the ability of the model to learn from positive examples and improve retrieval accuracy. 
Unlike traditional random token deletion techniques, this approach enhances the overall 
performance of information retrieval models.

The main contributions of this paper are as follows:

•	 A novel token deletion technique is proposed that leverages both corpus and passage 
frequency to remove less important tokens selectively while preserving critical infor-
mation for DPR.

•	 The proposed method addresses the issue of class imbalance by applying targeted 
data augmentation, enhancing the ability of models to learn from positive examples, 
and improving their retrieval accuracy.

•	 Experimental results demonstrate that the frequency-based token deletion approach 
outperforms traditional random deletion methods in terms of retrieval efficiency and 
accuracy.

Related works
Dense passage retrieval

DPR was developed to address the limitations inherent in traditional sparse vector-
based information retrieval methods such as TF-IDF and BM25, which depend on exact 
keyword matches [4]. Sparse methods struggle to identify synonyms or semantically 
similar expressions [5, 6]. To overcome these issues, DPR encodes both questions and 
documents into dense vectors that capture semantic relationships effectively [7]. At the 
core of DPR lies a dual-encoder architecture consisting of two separate encoders that 
transform questions and documents into dense vector representations [8]. A pre-trained 
language model based on Bidirectional Encoder Representations from Transformers 
(BERT) [9] is commonly utilized for these encoders. BERT serves as the central encoder, 
converting input sequences into dense representations by leveraging bidirectional 
context. This enables it to attend to words on both sides of the target word simultane-
ously, thereby yielding comprehensive contextual embeddings [9]. During the encoding 
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process, BERT uses subword tokenization techniques, such as WordPiece [10], and pre-
pends a {CLS} token to the sequence, which serves as a special aggregation token sum-
marizing the entire input.

Figure  3 illustrates the DPR process, and Fig.  4 provides a detailed representation of 
an input sequence being processed through the multiple layers of BERT [9]. Each layer 

Fig. 3  Overview of the dense passage retrieval process

Fig. 4  Overview of BERT architecture. BERT is utilized as the encoder in the DPR structure of this paper. 
Input sentences are processed using a tokenizer to obtain token embeddings. Using the {CLS} token. Vector 
representations of entire sentences are derived using {CLS} tokens. Segmentation embedding is used to 
distinguish different sentences. This figure illustrates an example involving only one sentence. Positional 
embedding represents the order of tokens within a sentence. These three types of embeddings are 
combined for each token and then transmitted as input into the neural network layers. Each layer consists 
of Multi-head Self-Attention, Add & Normalization, and a Feed-Forward Neural Network (FFNN). The layers, 
referred to as BERT layers, are stacked into a total of 12 layers. After passing through these 12 layers, output 
embeddings for each token are obtained, and the embedding of the {CLS} token is considered to be the 
dense vector representation of the sentence
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employs self-attention mechanisms that allow words to interact bidirectionally, capturing 
relationships between various tokens throughout the passage. The lower layers of BERT pri-
marily capture syntactic relationships, whereas the upper ones capture higher-level seman-
tic information [11]. The self-attention mechanism [12] generates Query (Q), Key (K), and 
Value (V) vectors for each token, which are used to calculate attention scores. These scores 
determine the level of focus placed on other tokens while processing a specific token. Out-
puts from multiple attention heads are concatenated and transformed to produce the final 
attention output of each layer. This approach enables the model to aggregate information 
corresponding to different positions in the sequence, thereby facilitating a comprehensive 
understanding of bidirectional contextual relationships [11].

Figure 4 shows the architecture of a BERT layer, highlighting its primary components: 
the multi-head self-attention mechanism, the position-wise feedforward neural network 
(FFNN), residual connections, and layer normalization [9]. The multi-head self-attention 
mechanism allows the model to focus on various aspects of the input simultaneously by 
employing multiple attention heads, with each capturing different relationships between 
the words [12]. Subsequently, the FFNN introduces non-linearity via two linear transfor-
mations separated by an activation function, further refining the information [13]. Resid-
ual connections are added to preserve the original input across layers, thereby enhancing 
training stability. Layer normalization ensures a stable input distribution. As the input pro-
gresses through the BERT layers, the {CLS} token accumulates contextual information from 
the entire sequence. At the top-most layer (Layer #12 in the diagram), the final represen-
tation of the {CLS} token is generated, creating a dense vector that captures the semantic 
content of the input. This vector serves as a concise summary of the meaning of the entire 
passage or question. Together, these components enable the model to learn intricate pat-
terns and capture contextual relationships at multiple levels of its stacked-layers structure 
[14]. This architecture equips DPR with the ability to generate meaningful, dense vector 
representations, which are crucial for natural language processing tasks, and enables it to 
outperform traditional sparse retrieval methods [15]. In DPR, dense DPR-encoded vec-
tors are utilized to assess the similarity between questions and documents. DPR calculates 
similarity scores using certain techniques, e.g., taking the dot product after represent-
ing both the question and the passage as dense vectors [16]. Based on training on large-
scale datasets, BERT encoders refine their ability to yield effective vector representations, 
thereby improving retrieval performance by accurately capturing the semantic relationships 
between queries and relevant documents.

Figure 5 describes the entire dual encoder architecture used in DPR. In this framework, 
one encoder functions as the question encoder, denoted by EQ(q) , while the other serves 
as the passage encoder, denoted as EP(p) . The question and passage encoders transform 
the input question and document, respectively, into dense 768-dimensional vectors. The 
similarity between these vectors is calculated using the dot product, which facilitates the 
retrieval of the most relevant documents.

Using dot product to calculate similarity scores enables efficient retrieval, particularly 
on large-scale datasets, by leveraging maximum inner product search (MIPS) algorithms 
[17].

sim(q, p) = EQ(q)⊤EP(p)
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By design, the dual-encoder architecture exhibits efficient computation by separat-
ing the processing of questions and passages. Each encoder operates independently 
and generates dense vectors that map both queries and passages to a shared semantic 
space. This design enhances scalability because dense passage representations can be 
precomputed and stored, enabling rapid retrieval using approximate nearest neigh-
bor search [18] techniques, such as MIPS. Furthermore, independent encoders can be 
fine-tuned using distinct objectives, allowing for flexible optimization across various 
tasks.

In DPR, several strategies are available for selecting negative passages to address 
class imbalance [19]. One approach involves random negative selection, where irrel-
evant passages are chosen randomly from the entire corpus. However, these often 
lack sufficient similarity to the query, making them less challenging for the model 
and resulting in inefficient learning [20]. An alternative and more effective strategy 
involves the use of BM25-based negatives. In this method, the top-ranking passages 
retrieved by the BM25 algorithm, i.e., those matching most of the query tokens but 
excluding the correct answer, are selected. These negatives, known as “hard nega-
tives", exhibit greater contextual similarity to the correct answer, compelling the 
model to refine its ability to distinguish between relevant and irrelevant passages. 
However, the BM25-based negative selection method is computationally intensive 
and difficult to scale when applied to large datasets, such as Wikipedia or Common 
Crawl. To enhance training efficiency, in-batch negative sampling is utilized fre-
quently in DPR. In this method, negative examples corresponding to a given question 
are selected from other questions within the same mini-batch, leveraging the diversity 
of batches effectively to generate a broad set of negative examples without relying on 
additional negative sampling methods. Although this approach significantly reduces 
computational demands, it requires careful parameter tuning to prevent overwhelm-
ing the model with an abundance of negative examples [21].

Fig. 5  Overview of dual-encoder architecture, including two neural network encoders. In this paper, BERT 
is employed. When a query and a document are provided as input, one encoder generates an embedding 
for the query, while the other generates an embedding for the document. During training, the parameters 
of the two encoders are fine-tuned independently. The similarity between the two inputs is measured by 
calculating the similarity between the {CLS} token outputs obtained from each encoder
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In conclusion, although DPR exhibits significant advantages over traditional sparse 
retrieval methods, class imbalance remains a major obstacle. Effective data augmenta-
tion strategies are crucial for minimizing the risk of overfitting to negative examples. 
However, these solutions frequently involve trade-offs in terms of scalability, compu-
tational cost, and overall complexity.

Conventional data augmentation

Data augmentation is a technique commonly used to expand the size and variety of 
training datasets used in machine learning by generating modified versions of exist-
ing data. In fields such as image and audio processing, which involve continuous data, 
methods such as cropping, rotation, and noise addition are frequently employed [22]. 
These transformations enhance the generalizability of models by exposing them to 
different input data variations. However, augmenting text data poses unique chal-
lenges due to its discrete nature. Unlike images, in which small modifications typi-
cally preserve the overall structure, even minor text changes can significantly alter its 
meaning or context [23]. Consequently, conventional augmentation techniques used 
for image or audio processing are not directly applicable to text data [24].

To address these limitations, several augmentation methods have been developed 
specifically for text. One notable approach is Easy Data Augmentation (EDA) [25], 
which has led to the design of four straightforward yet effective techniques for text 
data. The first technique, Synonym Replacement (SR), replaces selected words in a 
sentence randomly with their synonyms. This approach enhances model generaliz-
ability by incorporating lexical diversity while preserving the core meanings of sen-
tences. The second technique, Random Insertion (RI), introduces synonyms into 
random positions within a sentence, which adds noise and motivates the model to 
handle more diverse sentence structures. The third technique, Random Swap (RS), 
randomly switches the positions of pairs of words in each sentence to create varia-
tions in word order. Finally, Random Deletion (RD) removes words from the sentence 
with a specified probability, encouraging the model to infer meaning based on incom-
plete information, thereby improving its generalizability [25]. Table 1 provides exam-
ples of these EDA techniques.

The EDA approach has been demonstrated to enhance performance effectively in 
various text- classification tasks, particularly on small datasets. A previous study [25] 
indicates that EDA-based methods increase accuracy by 3% on average on datasets 
containing as few as 500 training samples. Remarkably, even when using only 50% 

Table 1  Illustration of easy data augmentation (EDA)

Operation Sentence

None A sad, superior human comedy played out on the back roads of life.

Synonym replacement A lamentable, superior human comedy played out on the backward roads of life.

Random insertion A sad, superior human comedy played out on funniness the back roads of life.

Random swap A sad, superior human comedy played out roads back the of life.

Random deletion A sad, superior human on the back roads of life.
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of the data, EDA improves accuracy by an extent comparable to that of training on 
the complete dataset. This makes it especially valuable in low-resource environments, 
where obtaining large quantities of labeled data is difficult.

Among these techniques, RD has garnered significant attention because of its sim-
plicity and effectiveness. By randomly removing words from sentences, it compels 
the model to interpret incomplete data, thereby improving its robustness [26]. Abla-
tion tests within the EDA framework have demonstrated that RD often outperforms 
other augmentation methods, such as SR or RI, particularly on very small datasets 
[25]. This advantage can be attributed to the greater benefit enjoyed by RD in low-
data scenarios, stemming from its generalizability gained by recognizing patterns in 
incomplete text rather than relying on slightly altered versions of the original data. 
These findings suggest that RD serves a dual purpose: a data augmentation strategy 
and a form of regularization by introducing controlled noise during training to reduce 
overfitting. This approach is particularly advantageous in low-resource environments 
with limited labeled data, enabling models to be effectively generalized using fewer 
training samples. Recent studies [25, 27] have further highlighted that RD consist-
ently achieves better performance on small datasets compared to other techniques by 
promoting the learning of generalized patterns instead of reusing specific instances.

RD enhances model generalizability based on remaining data, thereby improving 
its robustness to input variations. When implemented at the token level instead of 
the word level, RD operates with greater precision, offering particular advantages for 
transformer-based models, such as BERT [9] and generative pre-trained transform-
ers [28], which utilize subword tokenization. These models are designed to capture 
contextual relationships across tokens. The deletion process enables the adjustment 
of the attention mechanism, further enhancing the ability of the model to differentiate 
between important and less relevant tokens. Figure 6 depicts an example of tokenized 
sentences demonstrating this approach.

However, despite its advantages, random token deletion faces several challenges. 
One of the most critical issues is the indiscriminate nature of the deletion process. 
Although removing tokens can enhance model generalizability, it also carries the risk 
of eliminating crucial tokens. This can distort the meaning of a sentence and lead 
to incorrectly labeled augmented data. For instance, in the sentence, “The medicine 
is not harmful", removing the word “not" entirely reverses its meaning, potentially 
causing misclassification. Such errors can lead the model to learn incorrect patterns, 
which may adversely affect its overall performance [29].

Fig. 6  Example of tokenized sentences. The tokenizer generates tokens for the input sentence, and 
stemming is performed on each token to separate prefixes and suffixes further. Prefixes or suffixes are marked 
by adding "##" at their respective positions
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Another significant challenge is the potential loss of context, particularly in complex 
or domain-specific texts [30–33]. On specialized datasets where precise terminology 
and correct word order are critical, random token deletion can inadvertently remove key 
information essential for understanding a sentence. This issue is particularly problem-
atic in certain tasks, such as medical text analysis or legal document classification, where 
even the deletion of a single token can drastically alter the outcome. Furthermore, RD 
can introduce noise into the training data when a significant number of important tokens 
are removed, potentially confusing the model rather than enhancing its generalizability.

Further, random token deletion may be counterproductive for shorter sequences, as 
deleting multiple tokens from such sequences can result in overly sparse sentences that 
do not convey meaningful information. Whereas longer sentences can withstand the 
removal of a few tokens without losing coherence, shorter sentences are far more sensi-
tive because even the deletion of one or two tokens can significantly alter their meaning. 
This issue is compounded in imbalanced datasets, where RD of tokens from minority 
class examples may inadvertently remove key features, further hindering the ability of 
the model to learn accurate representations of these classes.

To address these challenges, a more advanced method, i.e., selective token deletion, 
is introduced in this paper. In this approach, the significance of each token is evaluated 
before deciding whether to delete it, often by calculating its contribution to the overall 
meaning of the sentence. Although this technique can preserve the essential meaning of 
sentences, it introduces additional computational costs and complexity, thereby reduc-
ing the simplicity and efficiency that make of basic RD.

An Easier Data Augmentation (AEDA) [34] is a text data augmentation technique 
developed to enhance text classification performance by inserting punctuation marks 
into sentences. The set of punctuation marks used is {“.", “;", “?", “:", “!", “,"}. Unlike con-
ventional data augmentation methods such as EDA, which rely on word-level opera-
tions, such as substitution, deletion, or insertion, AEDA employs a simpler and less 
intrusive approach.

The central idea of AEDA is to preserve the original content and word order while 
introducing small changes by adding punctuation marks. This method aims to maintain 
the meaning and structure of the sentence, thereby minimizing the risk of altering the 
text labels or introducing misleading information. By applying minimal modifications, 
AEDA improves model generalizability, particularly in situations where labeled data is 
scarce. Table 2 provides examples illustrating the application of AEDA.

Although AEDA offers a straightforward and less intrusive approach to data augmen-
tation, it has some limitations. Its main drawback is that the insertion of punctuation 
marks restricts its ability to generate highly diverse training examples. In tasks where 

Table 2  An example of an easier data augmentation (AEDA)

Case Sentence

Original text A sad, superior human comedy played out on the back roads of life.

Augmentation sample 1 A sad, superior. human ! comedy played ; out on the back , roads of life.

Augmentation sample 2 A sad, . superior ; human comedy ? played out on the : back roads of life.

Augmentation sample 3 : A sad, superior , human comedy . played out . on the back ? roads , of life.
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improving model performance requires substantial variation in data, the relatively 
subtle modifications introduced by AEDA may struggle to provide sufficient diversity, 
potentially limiting its effectiveness in preventing overfitting. Further, as the number of 
augmentations is increases, the tendency of the augmented examples to exhibit similar 
patterns also increases, imposing constraints on the number of meaningful augmenta-
tions that can be generated.

Additionally, although AEDA may perform well in sentence-level data augmentation, 
its limitations become more noticeable as the number of sentences increases. Because 
AEDA functions by inserting punctuation marks randomly, the augmented data can 
occasionally appear to be unnatural or noisy in a way that fails to provide meaningful 
information during model learning. This issue can be particularly problematic in scenar-
ios where punctuation is critical for conveying the meaning of a sentence, as the inserted 
punctuation marks could alter the intended interpretation and confuse the model.

Table 3 provides examples in which AEDA can affect the text negatively. Because the 
original text naturally includes some punctuation marks, excessive or repetitive inser-
tion of punctuation can disrupt the contextual meaning between sentences in this case. 
For instance, in the example “When punctuation marks are placed after every word", all 
six types of punctuation marks are inserted after each word, resulting in unnatural and 
fragmented text. Similarly, in the example “When a period is placed after every word", 
each word becomes isolated as a separate sentence, transforming the original content 
into a simple list of words. This outcome highlights the failure to retain the meaning of 
the original text and illustrates a potential pitfall of AEDA.

Recent advancements in data augmentation for dense passage retrieval have intro-
duced sophisticated techniques that utilize external resources such as pre-trained 
language models (LLMs), synonym dictionaries, and structured knowledge bases. Rock-
etQA [35] improves retrieval accuracy through a dual-encoder framework supported by 

Table 3  Bad cases of an easier data augmentation(AEDA)

The repetitive insertion of punctuation marks in AEDA disrupts the original sentence structure. Furthermore, in passages 
consisting of multiple sentences, it breaks the logical connections between sentences, thereby harming the overall context

Case Sentences

Original text Waiting for a Girl Like You “Waiting for a Girl Like You" is a 1981 power ballad by the British-
American rock band Foreigner. The distinctive synthesizer theme was performed by the then-
little-known Thomas Dolby, and this song also marked a major departure from their earlier 
singles because their previous singles were mid to upper tempo rock songs while this song 
was a softer love song with the energy of a power ballad. It was the second single released 
from the album “4" (1981) and was co-written by Lou Gramm and Mick Jones.

When punc‑
tuation marks 
placed after 
every word

Waiting, for; a: Girl! Like. You? Waiting; for: a. Girl, Like; You! is, a: 1981; power. ballad! by, the: 
British-American; rock. band! Foreigner. The, distinctive; synthesizer: theme? was! performed, 
by. the; then-little-known: Thomas, Dolby! and, this: song? also; marked. a! major, departure: 
from; their. earlier! singles? because; their, previous: singles! were. mid, to: upper; tempo? rock, 
songs: while! this, song; was! a: softer; love? song, with: the! energy, of; a. power? ballad! It, was; 
the: second, single; released? from: the! album, 4; 1981! and? was, co-written: by. Lou; Gramm! 
and, Mick: Jones;

When a period 
is placed after 
every word

Waiting. for. a. Girl. Like. You. “Waiting. for. a. Girl. Like. You.". is. a. 1981. power. ballad. by. the. 
British-American. rock. band. Foreigner.. The. distinctive. synthesizer. theme. was. performed. 
by. the. then-little-known. Thomas. Dolby., and. this. song. also. marked. a. major. departure. 
from. their. earlier. singles. because. their. previous. singles. were. mid. to. upper. tempo. rock. 
songs. while. this. song. was. a. softer. love. song. with. the. energy. of. a. power. ballad.. It. was. 
the. second. single. released. from. the. album. “4". (1981). and. was. co-written. by. Lou. Gramm. 
and. Mick. Jones..
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cross-encoder-based distillation. MoMA [36] introduces memory-oriented augmenta-
tion by leveraging external memory modules to enhance retrieval under low-resource 
settings. More recently, ConvAug [37] proposes a conversational augmentation strategy 
that utilizes LLMs to synthesize user-like queries and improve robustness in dialogue-
based retrieval. SyNeg [38] leverages LLMs to synthesize contextually rich hard nega-
tives for dense retrieval. These recent works represent a growing trend toward external 
resource-intensive augmentation pipelines that offer strong retrieval performance but 
require significant computational overhead and complex infrastructure. They are par-
ticularly effective in large-scale or high-resource environments but may not generalize 
well in constrained domains where access to LLMs, external data, or robust training 
infrastructure is limited.

In contrast, our method seeks to provide a lightweight, interpretable, and corpus-
internal augmentation strategy by identifying statistically redundant tokens based on 
Passage Frequency and Corpus Frequency. This focus enables us to enhance passage 
discriminability without relying on external models or linguistic resources. The design 
aligns with the principles of simplicity and self-containment, which have underpinned 
classical methods like EDA and AEDA, while addressing their limitations in scalability 
and contextual awareness. By focusing on internal statistics and avoiding reliance on 
LLMs or external data, the proposed approach complements existing trends in augmen-
tation research, offering a practical alternative for settings where computational effi-
ciency, interpretability and domain isolation are key concerns.

Proposed method
Problem definition

Data augmentation has emerged as a crucial tool in machine learning, particularly in 
text-based tasks, where it is used to expand training datasets to enhance model gen-
eralizability and address challenges such as overfitting and class imbalance [39]. Aug-
mentation plays a crucial role in enhancing model learning in fields such as information 
retrieval, where tasks often involve large-scale corpora. Figure 7 depicts an example of 

Fig. 7  Illustration of data augmentation used to address the shortage of positive passages. The left section 
illustrates a common problem situation often found in traditional QA datasets. Among passages, only 
one highly relevant positive passage is considered to provide the correct answer for a given query. In this 
scenario, the number of negative passages exceeds the number of positive passages, causing the model to 
encounter negative passages more frequently than positive passages during training. This issue is addressed 
by increasing the number of positive passages using data augmentation, as illustrated in the right section. 
Even though there may be passages that can be considered positive despite not having the exact answer, 
their proportion is still significantly smaller compared to negative passages
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data imbalance. However, traditional methods, such as RD, and simple augmentation 
approaches, such as EDA and AEDA, suffer from inherent limitations that can diminish 
their effectiveness.

One major limitation of RD is the indiscriminate approach to text modification. Such 
methods delete tokens with equal probability, irrespective of their contextual signifi-
cance or contribution to the overall meaning of a passage. This can result in the removal 
of critical tokens that are essential to conveying the meaning, thereby distorting sen-
tences and reducing the quality of the augmented data. For example, in an information 
retrieval task, deleting a key token from a passage, such as “Lincoln" in the context of 
“Who was the 16th President of the United States?" could render the passage irrelevant 
and impair retrieval accuracy [40]. This issue is particularly pronounced in domains that 
require precise language formulations, such as legal and medical texts [30, 31]. Figure 8 
illustrates the challenges associated with the traditional EDA token deletion method, in 
which all tokens are removed with equal probability.

RD introduces significant risks in imbalanced datasets, which represent a common 
challenge in information retrieval tasks where positive passages (containing the correct 
answer) are outnumbered by negative ones (not containing the correct answer). In such 
cases, the indiscriminate removal of tokens from already limited positive examples can 
exacerbate class imbalance. This can result in reduced learning from positive examples, 
further impairing the ability of the model to retrieve correct passages during inference 
[40]. RD also risks inadvertently removing tokens that are critical for establishing rel-
evance, which becomes especially problematic in sparse or low-resource datasets.

To address these limitations, we introduce a corpus-passage frequency-based token 
deletion method in this study. This approach removes tokens selectively, considering 
their frequencies within individual passages and across the entire corpus. By calculat-
ing token importance using both passage and corpus-level frequencies, it prioritizes 
retaining meaningful tokens and keywords while reducing the emphasis on less informa-
tive tokens, such as common stop words. By prioritizing the preservation of important 
tokens, the proposed method aims to enhance retrieval performance by generating 

Fig. 8  Example of EDA base random deletion. The deletion method in traditional EDA removes tokens with 
the same probability for all tokens. As a result, tokens that play a crucial role in preserving the meaning of 
the sentence may be removed. For instance, in the sentence “He did his job completely" as depicted in the 
example, if the token “job" is deleted, the meaning is completely obscured, weakening the intended meaning 
of the sentence



Page 13 of 28Moon et al. Journal of Big Data          (2025) 12:199 	

higher-quality augmented data, thereby effectively mitigating the limitations of indis-
criminate token deletion.

Weight‑based token deletion method

By refining the data augmentation process as discussed in the preceding section, the pro-
posed method overcomes the limitations of earlier approaches and offers a robust solu-
tion to address data scarcity. This approach enhances the ability of the model to learn 
from augmented data while ensuring that the essential elements of the text, which are 
crucial for accurate question answering, are preserved. As a result, the proposed method 
enhances the overall performance and reliability of large language models used in infor-
mation retrieval and other natural language processing tasks.

Figure  9 presents an illustrative example of the proposed method, which performs 
token deletion based on the product of Passage Frequency (PF) and Corpus Frequency 
(CF). In this example, the token “##ly” appears in all three example passages, making it 
the token with the highest PF × CF score in the illustrated case. As a result, it is assigned 
the highest deletion probability. Each passage is tokenized, and tokens with the high-
est score are deleted to produce semantically preserved variations. For example, in 
the second passage, the token “quickly” is split into “quick” and “##ly”, and only “##ly” 
is removed. This reflects the model’s ability to reduce redundancy while retaining core 
semantics.

PF is mathematically represented by Equation (1), where D represents an individual 
document within the document set, and f denotes a frequency function that enumerates 
the occurrence of a term in a specific passage.

This is statistical measure indicates how frequently a token appears within a single 
passage.

(1)PF(t, pi) =
ft,pi

∑

p∈D ft,pi

Fig. 9  Example of proposed weighted deletion. The proposed Weighted Deletion method determines the 
deletion probability of each token by calculating its importance based on phrase frequency and corpus 
frequency. In this figure, the corpus frequency and phrase frequency are computed in a scenario involving 
three sentences. The figure demonstrates that the “##ly" token exhibits the highest weight, resulting in the 
highest deletion probability, and demonstrates the token being removed
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CF, defined by Equation (2), quantifies the frequency of occurrence of a token within 
the entire corpus of passages.

Although the definitions of PF and CF resemble the traditional term frequency (TF) and 
the inverse document frequency (IDF), their interpretations in this study differ due to 
the distinct objective of token-level data augmentation for DPR. In traditional IR, a high 
TF indicates that a term is central to the theme of a document, and a high IDF suggests 
a strong discriminative power between documents. However, in the context of DPR, 
where the goal is to distinguish passages that answer specific queries, such interpreta-
tions are not directly applicable.

It is important to clarify the rationale for using the geometric mean (GM) of PF and 
CF to determine token deletion probabilities. In our task-specific context, the objective 
is not merely to retain domain-relevant tokens but to enhance the discriminative capac-
ity of passages during retrieval. For instance, consider the token “synth-pop” in a music 
corpus. If it exhibits both high PF and high CF, it frequently appears within many pas-
sages and is also repeated within individual passages. Despite being domain-specific, 
such a token fails to provide distinctive value for identifying relevant passages, as it rep-
resents the general background of the corpus rather than a unique signal. Deleting such 
tokens promotes a more focused retrieval process.

The GM formulation supports this strategy by assigning high weights (i.e., high dele-
tion probabilities) only when both PF and CF are high—indicating that the token is 
redundant both locally and globally. Conversely, suppose either PF or CF is low. In that 
case, the GM value is suppressed, preserving tokens that are locally salient or globally 
rare, which are likely to be helpful in distinguishing passages. This design ensures that 
the augmentation process removes broadly redundant tokens while preserving contex-
tually meaningful ones. It is thus consistent with the aim of optimizing dense passage 
retrieval rather than merely maintaining domain vocabulary.

Higher weights represent tokens that are less important to the specific context of each 
passage, thereby enabling more informed and targeted deletion during data augmen-
tation. This strategy ensures that the essential tokens, which provide crucial informa-
tion on correct answers, are less likely to be deleted, thereby preserving the integrity of 
the passage while effectively augmenting the data. By adjusting the deletion probabil-
ity based on these weights, the proposed method enhances the training process of the 
model, resulting in improved and more reliable information retrieval performance.

In the information retrieval domain, tokens appearing frequently within individ-
ual passages and throughout the entire corpus are generally considered less informa-
tive. This is primarily because such tokens often consist of common words or phrases 
that lack significant semantic value in the context of distinguishing one passage from 
another. These tokens, commonly referred to as ‘stopwords’ include words such as “the", 
“is", “and" or “of" which appear in the majority of documents irrespective of the topic or 
content. Although these words are vital for maintaining the grammatical structure of a 

(2)CF(t,C) = log
|pi ∈ C : t ∈ pi|

|C|

(3)Weight(t, p,C) = GM(PF(t, p),CF(t,C))
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sentence, they contribute little to identifying the unique characteristics or meaning of 
specific passages. For example, in a search query related to “climate change", common 
words such as “the" or “and" are unlikely to help in identifying passages that are more 
relevant to the topic. On the other hand, terms that are more specific to the subject, 
such as “greenhouse gases" or “global warming" play a more important role in retriev-
ing relevant documents. Consequently, frequently occurring tokens tend to introduce 
noise rather than provide meaningful information when queries are matched to relevant 
passages.

However, traditional stopword removal is not directly applicable to dense retrieval 
models such as DPR. Unlike sparse retrieval methods, DPR relies on contextual embed-
dings produced by transformer-based encoders, where even seemingly non-informative 
tokens contribute to the overall semantic representation. Removing functional words 
such as prepositions or articles may disrupt the grammatical and semantic integrity of 
the passage, potentially harming retrieval performance. For example, eliminating the 
word “of” from the phrase “President of the United States” significantly alters its read-
ability and meaning. Therefore, blanket removal of predefined stopwords may degrade 
the effectiveness of dense representations.

The proposed approach extends beyond simply identifying and removing traditional 
stopwords. It considers the overall characteristics of an entire corpus to evaluate the 
significance of individual tokens. Analyzing token frequency at both passage and cor-
pus levels offers a more refined approach to assessing token importance, making it suit-
able for a wide range of domain-specific datasets. For example, let us consider a corpus 
that focuses on pop music. In this domain, tokens such as “pop", “singer" or “song" are 
likely to appear frequently in multiple passages because they are integral to the over-
arching topic. Although these terms are central to the general subject matter, they do 
not contribute much to distinguishing passages within the same corpus. Their frequent 
appearance diminishes their relevance as indicators of unique content, making them less 
effective in identifying the most pertinent documents in response to specific queries. 
In contrast, terms that are more specific, such as the names of individual artists, album 
titles, or particular genres or subgenres—for example, “synth-pop", “Britney Spears", or 
“Grammy Award" are less likely to appear frequently throughout the entire corpus, but 
are crucial for differentiating relevant passages. These terms provide context directly 
related to the specific content of certain passages, thereby enhancing the ability of the 
retrieval system to match queries with the most relevant documents.

The primary advantage of this frequency-based token deletion approach lies in its abil-
ity to evaluate the relative importance of tokens based on their frequency of occurrence 
within the context of the entire corpus rather than relying solely on a predefined list of 
stopwords. This method adapts to the characteristics of an individual dataset dynami-
cally, thereby enabling flexible applications in various domains. For instance, in a legal 
corpus, common terms such as “law", “case" or “court" may appear frequently and con-
tribute little to distinguishing specific passages, whereas terms related to particular legal 
cases, statutes, or specialized terminology would be far more informative. By removing 
frequently occurring tokens, the proposed method aims to minimize the influence of 
non-informative terms, thereby enabling the retrieval model to prioritize more mean-
ingful ones. This selective deletion process improves the quality of the augmented data 
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by preserving tokens that are likely to the accurate identification of relevant passages. 
Consequently, the overall performance of information retrieval systems is enhanced by 
emphasizing distinctive and contextually important information.

Training dense passage retrieval

Figure 10 illustrates the entire DPR workflow, depicting each step of the retrieval pro-
cess. This visualization illustrates how the model is trained to retrieve relevant passages 
effectively. Table  4 presents the symbols used to describe the DPR training process, 
along with their corresponding explanations.
D denotes Document, which represents a collection of documents. In information 

retrieval, a dataset typically consists of multiple documents, where each document serves as 
a distinct unit of text that can be searched or analyzed for specific information. M denotes 
the number of passages extracted from the documents. In several information retrieval 
tasks, documents are divided into smaller segments or passages, each of which can be con-
sidered independently during the search process. C represents the corpus, which is the 
entire collection of passages considered in the retrieval system. This includes all passages 
extracted from various documents, forming the complete text dataset, with p_i denot-
ing the i-th passage, where i indicates the passage index within the corpus. Each passage 

Fig. 10  The overall process of DPR. A document collection D is transformed into a passage corpus and, along 
with a query, is provided as input to the retrieval system. The system outputs the passage most relevant to 
the query. During this process, DPR trains encoders for both the passage corpus and the query

Table 4  Symbols and their explanations

Symbol Name of symbol Explain

D Documents A collection of documents

M Number of passages Number of passages originated from documents

C Corpus A set of passages

pi ith passage A passage consists of a sequence of tokens

t token A token from the passage

q query A query consists of a sequence of tokens

R Retrieval function Retrieval function takes an input query and 
Corpus, and outputs a subset of the Corpus

CF Filtered Corpus A subset of the Corpus
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consists of a sequence of tokens, which represent smaller units of text, such as words or 
subwords, denoted by t. In natural language processing, text is often tokenized into smaller 
components for analysis and processing. The query symbol q denotes a sequence of tokens 
input by the user, which can comprise words, phrases, or sentences. In information retrieval 
systems, a query is used to search for relevant passages or documents that match the input 
criteria. R denotes a retrieval function that takes a query and corpus as inputs and returns a 
subset of the corpus that is deemed relevant to the query. This function evaluates the simi-
larity between the query and passages to identify the relevant results. Cf  denotes the filtered 
corpus, i.e., a subset of the original corpus, selected based on certain criteria. For instance, it 
can consist of passages identified as relevant by a retrieval function. These symbols encap-
sulate essential concepts in information retrieval, providing a framework for understanding 
how a retrieval system processes documents and queries to deliver relevant results.

The corpus is segmented into passages of equal length to form a corpus comprising M 
passages. This is denoted byt he corpus C = {p1, p2, . . . , pM} . Each passage comprises 
tokens t.

The information retrieval task is formulated as follows:

Given an input question q , the retrieval task returns a filtered set Cf  from the corpus C . 
Specifically, the cardinality of the filtered set is denoted by k , which is smaller than the 
size of the corpus.

Here, k is interpreted to represent the number of top-ranked items retrieved. The accu-
racy of the top-k documents returned by the model is used as a performance metric for 
the retrieval model.

DPR employs a dual BERT encoder-based structure [2]. The encoders encode input ques-
tions and passages independently. The similarity between the two encoded vectors is calcu-
lated, and the model is trained to maximize the similarity for correct question-passage pairs 
and minimize it otherwise. The function E(·) represents the encoding process that converts 
the inputs into vectors. Cosine similarity is used to calculate the similarity between the two 
input vectors. The learning objective function is defined as follows [2]:

With this objective, (q, p+i ) represents a question and its corresponding i-th positive pas-
sage, whereas p−i  represents an irrelevant passages. The goal is to ensure that the rel-
evant passage p+i  exhibits a higher similarity score with the question q , compared to an 
irrelevant passage p−i .

pi = �t
(i)
1 , . . . , t

(i)
|pi|

�

R : (q,C) → Cf

|Cf | = k ≪ |C|

L = − log
esim(E(q),E(p+i ))

esim(E(q),E(p+i )) +
∑n

j=1 e
sim(E(q),E(p−i ))



Page 18 of 28Moon et al. Journal of Big Data          (2025) 12:199 

Data augmentation algorithm

Algorithm 1  Data augmentation considering importance of tokens

 The proposed data augmentation algorithm is designed to delete tokens from a passage selectively by 
evaluating their importance. Its primary objective is to enhance data augmentation by retaining tokens that 
convey significant meaning while removing those that are less relevant, allowing the model to concentrate 
on the essential content of each passage. The proposed data augmentation algorithm (Algorithm 1) enhances 
passage discriminability by deleting statistically redundant tokens based on their local and global importance. 
The method consists of the following steps:

Step 1: Input and Tokenization. The algorithm receives a passage dataset 
C = {p1, p2, . . . , pm} , a question dataset Q = {q1, q2, . . . , q|Q|} , a tokenizer TBERT , and a fre-
quency counter. Each passage pi is tokenized into a list of subword units Ti using TBERT . 
This step prepares the data for subsequent frequency-based analysis.

Step 2: Corpus Frequency (CF) Accumulation. For each token in the passage set, 
the algorithm updates a global dictionary cf _count that tracks corpus-level token fre-
quencies. If a token has appeared before, its frequency is incremented; otherwise, it is 
initialized to one. This allows the model to measure how common each token is across 
the entire dataset.

Step 3: Passage Frequency (PF) and Weight Calculation. For each passage, the algo-
rithm also calculates the passage frequency, which reflects how often a token appears 
within that specific passage. The importance of a token is then determined by computing 
the geometric mean of its CF and PF values:

Tokens that are frequent both locally (within a passage) and globally (across passages) 
receive higher weights, indicating lower specificity.

Step 4: Weight Normalization and Deletion Probability. The token weights are nor-
malized using min-max scaling:

Weight(t) =
√

CF(t) · PF(t)

w̃t =
wt −min(W )

max(W )−min(W )+ ǫ
,
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where W is the set of weights within a passage and ǫ is a small constant to prevent divi-
sion by zero. The normalized weights are multiplied by a scaling factor to compute the 
deletion probabilities.

Step 5: Token Deletion and Output Generation. Each token is deleted probabil-
istically based on its assigned deletion probability. This probabilistic filtering removes 
less informative tokens while retaining those that convey passage-specific meaning. 
The result is a new set of augmented passages C ′ that emphasizes discriminative con-
tent without relying on external augmentation sources. This selective deletion process 
ensures that the output retains the most critical information while introducing con-
trolled variations for effective data augmentation. Furthermore, by maintaining align-
ment with question-answer pairs, the resulting passages enhance the generalizability of 
the model and improve its performance on unseen queries.

Experimental results
Experimental environment

The query and passage are transformed into vector representations for similarity calcu-
lation. An encoder is used to generate vector representations for both the query and the 
passage. Various types of neural networks can be used as encoders. Two independent 
BERT networks (bert-base-uncased) were employed in this experiment. The encoder 
outputs a representation of the {CLS} token. The dimensionality of the token is 768.

Building on the methodology of previous studies [41], the English Wikipedia dump is 
used as the source of documents for answering the questions. The preprocessing code 
[42] is applied to extract clean text sections from Wikipedia articles. This process effec-
tively removes semi-structured data, including tables, info-boxes, lists, and disambigua-
tion pages. Subsequently, each article is segmented into multiple disjoint text blocks of 
100 words each, serving as basic retrieval units, following the technique described in a 
previous study [43]. This segmentation yields a total of 21,015,324 passages. In addition-
ally, each passage is prefixed with the title of the corresponding Wikipedia article and an 
{SEP} token. In this experiment, the WikiQA [44] and Natural Questions (NQ) [45] data-
sets are utilized. WikiQA is a dataset of question-answer pairs specifically designed for 
open-domain question-answering research. To better representthe real-world informa-
tion requirements of general users, questions in WikiQA are sourced from Bing query 
logs. Each question is linked to a Wikipedia page likely to contain a relevant answer. A 
larger NQ dataset is also available for the end-to-end question-answering tasks. The 
questions in the NQ are derived from real Google search queries, with answers iden-
tified as specific spans within Wikipedia articles by the annotators. For Natural Ques-
tions, since the original passages are split and processed differently from the candidate 
passage pool, each gold passage containing the answer passage is aligned and replaced 
with the corresponding passage in the candidate pool. If no match is identified due to 
discrepancies in Wikipedia versions or preprocessing methods, the questions are dis-
carded. WikiQA uses only pairs in which the questions and answers are matched accu-
rately. Table 5 presents the dataset sizes and the number of questions in each split used 
for training and evaluation.

During the training process, a distributed learning approach is utilized based on mul-
tiple GPUs. The batch size is set to 16, and the question and passage encoders are trained 
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on the smaller WikiQA and larger NQ datasets, respectively. The learning rate is set to 
2e-5, using the Adam optimizer. In addition, linear scheduling with a warm-up phase is 
applied to manage the learning process. To evaluate the effects of data augmentation, 
training is conducted on three different datasets-the original dataset without augmenta-
tion, the dataset augmented with the traditional RD method, and the dataset augmented 
using the proposed method. Data augmentation is performed to double the size of the 
dataset. For the experiment without data augmentation, the original dataset is dupli-
cated to ensure consistency in terms of dataset size. Data augmentation is applied exclu-
sively to positive contexts, which serves as justification for the correct answer to each 
query. For random token deletion, each token is removed with a uniform probability of 
0.1. For weighted token deletion, the weight of each token is calculated as the product of 
its PF and CF values, followed by min-max normalization of these weights. The normal-
ized weights are then scaled to values within the range [0, 0.2], with a median value of 
0.1. The deletion probability for each token is determined based on these scaled weights, 
enabling selective deletion that reflects token importance.

Top-k Accuracy is commonly used to evaluate retrieval models because determining 
the exact answer within a corpus can often be a difficult task [46]. For instance, in DPR, 
the model returns multiple passages for a given query, and the evaluation determines 
whether the correct passage is included among the top-k retrieved results. This is par-
ticularly important in retrieval systems, where the ability of the model to include the 
correct answer within the top-ranked results is crucial. This metric offers a more com-
prehensive assessment of model performance than an evaluation based only on the sin-
gle highest-ranked result [47]. The corresponding equation is as follows:

, where N represents the total number of test samples, k denotes the top-k candidate 
classes or passages predicted by the model, yi denotes the true label of the i − th data 
point, ŷ(K )

i  denotes the set of the top k classes or passages predicted by the model for 
the i − th data point, and 1{· } is an indicator function that returns one if the condition is 
true and zero if it is false.

Comparison results

Data augmentation is performed using two methods: uniform random deletion with a 
probability of 0.1 and weighted deletion based on token importance. Table 6 provides 
an example from the dataset. For the query “who sang waiting for a girl like you", which 
is related to a positive document, the token “Foreigner" is deleted under uniform ran-
dom deletion. In contrast, the token “of" is deleted based on the PF and CF weights in 

(4)Top− k Accuracy =
1

N

N
∑

i=1

1{yi ∈ ŷ
(K )
i }

Table 5  Brief statistics of datasets employed in our empirical experiments

Dataset Size Train Dev Test

WikiQA (general QA) 6.8M 856 122 122

Natural Question (general QA) 42G 58,880 8,757 3,610
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weighted token deletion. “Foreigner" is the name of the band who sang the queried song 
and a critical token for answering the query about who performed the song. In contrast, 
the token “of" carries minimal significance. This example illustrates the effectiveness of 
the proposed method in augmenting data by selectively removing non-essential tokens.

Table 7 presents the top-k accuracy results for different data augmentation methods 
on datasets of various sizes. The proposed method, which employs CF and PF-based 
weighted deletion, exhibits particularly high-quality performance on the small-scale 
WikiQA dataset. The initial hypothesis is that the proposed method offers more signifi-
cant benefits on smaller datasets, particularly those with a limited number of question-
answer pairs. Table 7 indicates that the proposed corpus-passage frequency-based data 
augmentation method achieves significant performance improvements on the WikiQA 
dataset, supporting our initial hypothesis. The numerical results reveal clear and sig-
nificant improvements, confirming that the proposed method effectively preserves key 

Table 6  The real example of augmented data

The original passage was subjected to both the conventional Uniform Probability Random Deletion method and the 
proposed Weighted Deletion method. The conventional method randomly removes tokens, as seen with the deletion of 
“you" and “rock," as well as “Foreigner," a token that serves as a critical clue for answering the query. In contrast, the proposed 
method calculates the importance of tokens and deletes tokens with relatively lower importance, such as “a" or “song"

Query Who sang waiting for a girl like you

Original passage Waiting for a Girl Like You “Waiting for a Girl Like You" is a 1981 power ballad by the British-
American rock band Foreigner. The distinctive synthesizer theme was performed by the 
then-little-known Thomas Dolby, and this song also marked a major departure from their 
earlier singles because their previous singles were mid to upper tempo rock songs while 
this song was a softer love song with the energy of a power ballad. It was the second single 
released from the album “4" (1981) and was co-written by Lou Gramm and Mick Jones. It has 
become one of the band’s most.

Uniform prob‑
ability random 
deletion

Waiting for a Girl Like You “Waiting for a Girl Like __ " is a 1981 power ballad by the British-
American rock band __. The distinctive synthesizer theme was performed by the then-little-
known Thomas Dolby, and this song also marked a major departure from their earlier singles 
because their previous singles were mid to upper tempo __ songs while this song was a 
softer love song with the energy of a power ballad. It was the second single released from 
the album “4" (1981) and was co-written by Lou Gramm and Mick Jones. It has become one 
of the band’s most.

Proposed method Waiting for a Girl Like You “Waiting for a Girl Like You" is __ 1981 power ballad by the 
British-American rock band Foreigner. The distinctive synthesizer theme was performed by 
the then-little-known Thomas Dolby, and this __ also marked a major departure from their 
earlier singles because their previous singles were mid to upper tempo rock songs while 
this song was a softer love song with the energy of a power ballad. It was the second single 
released from the album “4" (1981) and was co-written by Lou Gramm and Mick Jones. It has 
become one __ band’s.

Table 7  Comparison of methods on Top-k accuracy for WikiQA and natural question

The proposed method consistently yielded better results for both the small-scale WikiQA dataset and the large-scale Natural 
Question (NQ) dataset across Top-k@(10, 20, 30, 40) evaluations, with the improvements highlighted in bold. Notably, 
the performance increase was particularly pronounced for the small-scale dataset, and this significant improvement is 
underlined for emphasis

Method Top-10 Top-20 Top-30 Top-40

WikiQA NQ WikiQA NQ WikiQA NQ WikiQA NQ

Proposed method 0.844 0.720 0.903 0.768 0.924 0.796 0.932 0.810
DPR (base) 0.594 0.712 0.691 0.762 0.737 0.789 0.766 0.803

Uniform probability 
random deletion

0.821 0.708 0.866 0.761 0.908 0.786 0.921 0.802
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information while enhancing the model performance in cases where the dataset size is 
limited. In terms of the Top-10 results, the baseline DPR model without augmentation 
exhibits an accuracy of 0.594. When trained with uniform random deletion, the accu-
racy increases to 0.821. The model trained with the augmented data using the proposed 
weighted deletion method achieves the highest accuracy of 0.844. Similar trends are 
observed for all values of k. For smaller datasets, the model trained on the augmented 
data is consistently observed to outperform the model trained without augmentation. 
This emphasizes the effectiveness of data augmentation using a deletion-based strategy. 
In addition, the model trained with the augmented data generated using the proposed 
deletion-based method is observed to perform the best. These findings confirmed that 
the proposed method is superior to traditional data augmentation techniques.

Besides the significant improvements on the small-scale WikiQA dataset, the pro-
posed method also exhibits competitive performance on the larger NQ dataset. In 
terms of Top-40 results, the accuracy of the baseline DPR model without augmentation 
is 0.803 on this dataset. The model trained with uniform random deletion achieves an 
accuracy of 0.802, indicating little improvement over the baseline. These results indicate 
that the use of the traditional uniform random deletion method for data augmentation, 
in this case, has minimal impact on performance. However, the model trained with the 
proposed weighted data augmentation method consistently achieves higher top-k accu-
racies corresponding to various k values. Considering the inherent challenge of achiev-
ing percentage-point improvements in information retrieval tasks, the stability and 
improved accuracy demonstrate the effectiveness of the proposed approach. These find-
ings highlight that the proposed method is not only effective on small datasets but also 
competitive on larger ones. The consistent improvements across various top-k values in 
both cases demonstrate the effectiveness of the proposed approach, establishing it as a 
superior data augmentation strategy for information retrieval tasks.

Our experiments also include a comparative analysis of a data augmentation approach 
in which {MASK} tokens are inserted into the positions of the tokens deleted using the 
proposed method. Table 8 shows that augmenting the data by inserting {MASK} tokens 
into the positions of deleted tokens yields superior performance compared to only using 
the deletion-based method. This improvement is attributed to the underlying architec-
ture of BERT, which serves as the backbone of the DPR architecture. During pre-train-
ing, BERT employs a self-attention mechanism to capture the relationships between 
tokens across the entire input sequence. During this process, the {MASK} token pro-
vides an explicit signal to the model, guiding it to predict the information correspond-
ing to the masked position. Thus, by inserting {MASK} tokens, the model is implicitly 

Table 8  The difference in performance of the proposed method on WikiQA is based on the 
presence or absence of {Mask} token insertion

The experimental results showed that inserting a {MASK} token in the deleted positions demonstrated better outcomes, 
with these values highlighted in bold

Method Top-10 Top-20 Top-30 Top-40

Weighted-based deletion 0.844 0.903 0.924 0.932

Insertion of mask tokens in place of 
weighted-based deletion

0.860 0.908 0.926 0.941
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notified of the removed tokens, encouraging it to reconstruct the missing information 
based on the surrounding context during the passage retrieval training process.

In contrast, the weight-based token deletion strategy focuses only on removing tokens 
of low importance. Although effective, this method lacks additional signals required to 
enhance the capacity of the model to predict and reconstruct missing information. How-
ever, inserting {MASK} tokens after a weight-based deletion improves the predictive 
capacity of the model by introducing a restoration task. This not only helps maintain the 
contextual integrity of the input but also enables the model to learn more nuanced rela-
tionships within the data. These findings indicate that combining weight-based deletion 
with {MASK} token insertion provides a dual advantage and maintains the benefits of 
removing less informative tokens while challenging the model to reconstruct meaningful 
representations. This process likely enhances the robustness and generalizability of the 
model, particularly in tasks such as passage retrieval, where understanding the context 
and reconstructing missing elements are crucial. Consequently, this approach exhibits 
significant potential for further improving the performance of question-answering and 
information-retrieval systems.

To further investigate the impact of augmentation multiples on retrieval perfor-
mance, we conducted additional experiments by varying the augmentation ratio from 
2x to 6x using the proposed method. Table 9 summarizes the Top-k accuracy results on 
the WikiQA dataset. Here, Nx denotes that each original passage is augmented into N 
versions, effectively increasing the dataset size by a factor of N. The results show that 
retrieval performance improves steadily from 2x to 4x augmentation, with the Top-40 
accuracy increasing from 0.932 to 0.972. However, beyond 4x, performance gains dimin-
ish and even begin to degrade. For instance, with 6x augmentation, Top-40 accuracy 
drops to 0.866. This trend suggests that while moderate augmentation is beneficial for 
enhancing model generalization, excessive augmentation may introduce redundancy 
or noise that hinders learning. These findings indicate that the proposed augmenta-
tion method is most effective within a practical range (2x to 4x), where it significantly 
enhances model performance on small-scale datasets without relying on external data.

Table 10 presents a combined analysis of different deletion strategies and augmenta-
tion targets. The results demonstrate that the proposed method, when applied solely to 
positive passages, yields the highest performance across all top-k accuracy metrics. This 
highlights the effectiveness of our frequency-based token deletion approach in enhanc-
ing the diversity and quality of positive examples. In addition, applying the same aug-
mentation to both positive and negative passages resulted in marginal improvements 

Table 9  Top-k accuracy on WikiQA based on data augmentation multiples of the proposed method

The results demonstrate that higher data augmentation ratios lead to overall improved performance

Method Top-10 Top-20 Top-30 Top-40

Base (No Augmentation) 0.594 0.691 0.737 0.766

2x 0.844 0.903 0.924 0.932

3x 0.929 0.951 0.967 0.969

4x 0.942 0.967 0.972 0.972

5x 0.891 0.915 0.922 0.931

6x 0.824 0.841 0.850 0.866
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over the uniform deletion baseline but slightly underperformed compared to positive-
only augmentation. These findings suggest that while augmenting negative examples 
introduces minor complementary effects, the primary gains are derived from enriched 
positive-side supervision. Stopword-only deletion consistently underperformed com-
pared to our method and even the uniform deletion baseline, reinforcing the importance 
of dynamically selecting tokens for deletion based on corpus- and passage-level statistics 
rather than relying on static stopword lists.

To assess the robustness of the proposed method with respect to key hyperparame-
ters, we conducted ablation studies focusing on the weighting ratio between CF and PF, 
as well as the scaling applied to the computed deletion weights. The results are summa-
rized in Table 11. When increasing the contribution of CF and PF in the geometric mean 
computation by scaling both α and β by a factor of 1.5, we observed a noticeable per-
formance drop across all Top-k metrics. Similarly, doubling the deletion weight values 
before normalization led to a slight degradation in retrieval performance. These results 
suggest that while the method is generally robust, overly aggressive weighting or scal-
ing may reduce its effectiveness by either misrepresenting token importance or skewing 
the probability distribution. Overall, the proposed configuration achieved the highest 
retrieval accuracy, confirming the effectiveness and empirical stability of the default 
hyperparameter settings used in our main experiments.

Discussion

This study demonstrates the potential of the proposed corpus-passage frequency-based 
token deletion technique for improving DPR performance. A notable observation is that 
the proposed method exhibits significantly stronger effects on small-scale datasets, par-
ticularly in addressing class imbalances through data augmentation. The experimental 
results reveal that using the proposed method improves Top-10 accuracy on the WikiQA 
dataset by approximately 2.3% compared to the traditional random deletion method. 

Table 10  Comparison of different deletion strategies and augmentation targets on the WikiQA 
dataset

The results highlight the effectiveness of the proposed method and the impact of augmenting positive vs. both positive and 
negative passages

Method/Setting Top-10 Top-20 Top-30 Top-40

Proposed Method (positive-only 
augmentation)

0.844 0.903 0.924 0.932

Proposed Method (positive + nega‑
tive augmentation)

0.831 0.889 0.909 0.922

Stopword-only Deletion 0.784 0.857 0.888 0.905

Table 11  Ablation study on CF/PF weighting and deletion weight scaling

The proposed setting refers to the default configuration used in our main experiments

Setting Top-10 Top-20 Top-30 Top-40

Proposed method 0.844 0.903 0.924 0.932

CF/PF weighting ( α,β × 1.5) 0.826 0.873 0.901 0.916

Deletion weight scaling ( w × 2) 0.831 0.886 0.910 0.922
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This highlights that the frequency-based token deletion approach enhances the quality 
of augmented data while minimizing information loss, making it especially effective in 
scenarios involving limited question-passage pairs.

This study investigates the impact of combining {MASK} token insertion with the fre-
quency-based deletion method. The experiments reveal that inserting {MASK} tokens 
preserves the passage context while guiding the model to recover the missing informa-
tion, thereby positively influencing the retrieval performance. On the WikiQA dataset, 
the Top-10 accuracy increases by 1.6% when {MASK} tokens are applied. This improve-
ment can be attributed to the BERT architecture, which is trained to leverage {MASK} 
tokens during pretraining to capture deeper contextual relationships. These results 
highlight the utility of complementary techniques, such as MASK token insertion, in 
improving the ability of the model to reconstruct and understand contexts during pas-
sage retrieval tasks.

Finally, an analysis of the data augmentation ratios reveals that increasing the aug-
mentation significantly enhances the generalization performance of the DPR. When the 
augmentation ratio is increased fourfold, the Top-10 accuracy on the WikiQA dataset 
increases by over 15%. This demonstrates the effectiveness of data augmentation in low-
resource environments, where expanded datasets introduce greater diversity into the 
training process, thereby enhancing model performance. These findings provide strong 
evidence that higher augmentation ratios can be beneficial on small datasets and open 
new possibilities for broader applications in various natural language processing tasks.

Conclusion
This study introduces a novel token deletion method based on corpus-passage frequency 
to address the limitations of existing data augmentation techniques in DPR tasks. Unlike 
traditional methods, such as random token deletion, which often results in the loss of 
critical contextual information, the proposed approach selectively removes less impor-
tant tokens based on their frequency of appearance within individual passages and 
throughout the corpus. This selective strategy ensures the preservation of key informa-
tion while enhancing the ability of the model to generalize and retrieve more accurate 
results. The effectiveness of this approach is particularly evident in notable improve-
ments on smaller datasets such as WikiQA, highlighting its suitability for environ-
ments with limited data resources. While our method maintains stable performance on 
larger datasets such as NQ, the relative improvement observed in large-scale settings 
is comparatively modest. These observations highlight that our frequency-based selec-
tive deletion method is particularly advantageous for low-resource scenarios where 
effective data augmentation can substantially enhance the model’s generalization capa-
bilities. By assigning greater importance to contextually significant tokens and system-
atically removing less relevant tokens, the proposed method enhances the ability of the 
retrieval model to differentiate between relevant and irrelevant passages. This leads to 
an improved generalizability and a more refined learning process, particularly in open-
domain question-answering and other retrieval-based tasks.

In addition to its effectiveness, the proposed method addresses key limitations of pre-
vious augmentation techniques, such as EDA, which often introduce noise or result in 
the loss of meaningful information. By selectively preserving domain-specific language 
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and specialized terminology, the frequency-based approach is demonstrated to be par-
ticularly suitable for tasks that require precise contextual understanding. Further, its 
heightened effectiveness is confirmed experimentally on smaller datasets, reinforcing its 
general applicability and potential for handling diverse types of data. Beyond DPR, this 
method holds significant promise for broader applications, including natural language 
processing tasks, such as chatbots, automatic translation, and specialized question-
answering systems. By enhancing the augmentation process, the proposed approach 
facilitates improved generalizability across tasks, thereby providing practical benefits in 
real-world scenarios. This lays a strong foundation for future developments in data aug-
mentation techniques and opens up new possibilities for advancing the field of natural 
language processing.
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