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Abstract

Two-stage retrieval has become a standard paradigm in Neural Information Retrieval, where an initial retrieval
stage efficiently selects candidate documents, followed by a more sophisticated re-ranking model. While dense
retrieval methods leveraging pre-trained models have achieved strong performance, sparse retrieval has recently
attracted attention due to its advantages in exact lexical matching, indexing efficiency, and interpretability.
However, existing sparse retrieval models often generate extremely high-dimensional representations, as their
embedding dimensionality typically corresponds to the tokenizer’s vocabulary size. This results in substantial
computational and memory overhead during both training and inference. Moreover, such high-dimensional
representations are difficult to integrate with partial matching techniques, such as the T-overlap query. In
this work, we propose LoSparse: Low-dimensional Sparse Retrieval Model, which improves efficiency through
low-dimensional sparse representations while enabling flexible retrieval control using the T-overlap query.
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1. Introduction

Fine-tuning large pre-trained language models such as BERT [1] and large language models (LLMs) [2]
has achieved remarkable performance across a wide range of natural language processing (NLP) tasks.
In Information Retrieval, neural ranking models based on pre-trained encoders [7, 8] have become
widely adopted. Text retrieval for natural language queries typically follows a two-stage retrieval
paradigm, where a large document collection is first searched efficiently, and the retrieved candidates
are subsequently re-ranked by a more sophisticated model.

In the first-stage retrieval, bag-of-words (BoW) approaches such as TF-IDF and BM25 remain widely
used. Although BoW models are fast and interpretable, they rely on exact lexical matching, which
often leads to query—document mismatch and recall loss when there is no lexical overlap between the
query and the document. To address this limitation, vector-based semantic retrieval methods leveraging
Word2Vec [3], Transformer architectures [4], and contextual embeddings have been proposed to capture
semantic similarity beyond surface-level word overlap.

Vector-based retrieval methods can be broadly categorized into dense retrieval and sparse retrieval.
Both involve two main steps: (1) generating embeddings for documents and queries, and (2) retrieving
candidates based on similarity between these embeddings. Dense retrieval represents queries and
documents as low-dimensional dense vectors derived from pre-trained models [6]. Similarity is typically
computed in the embedding space, and for efficiency, Approximate Nearest Neighbor (ANN) search
techniques such as IVF, HNSW, and PQ [9, 10, 11] are commonly used. However, compared to exhaustive
brute-force retrieval, ANN methods can incur noticeable degradation in accuracy.

In contrast, sparse retrieval encodes queries and documents as high-dimensional sparse vectors.
Models such as SPLADE [24, 25, 26] generate sparse representations whose dimensionality corresponds
to the tokenizer’s vocabulary size, preserving the interpretability and lexical alignment of BoW models
while introducing semantic expansion through deep learning. These methods enable efficient AND/OR-
style retrieval using inverted indexes, maintaining both high speed and interpretability.

Despite these advantages, existing sparse retrieval models face the challenge of extremely high-
dimensional embeddings, often on the order of tens or hundreds of thousands of dimensions. Such
representations impose substantial computational and memory overhead during both training and
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inference, and make it difficult to integrate with partial matching schemes such as T-overlap query
[12, 13, 14]. The T-overlap query retrieves documents that satisfy at least k out of n conditions, enabling
flexible partial matching even when not all query terms appear in a document. Many commercial
full-text search engines implement this mechanism as Minimum Should Match (MSM) search.

In this paper, we propose LoSparse: Low-dimensional Sparse Retrieval Model, which achieves efficient
and accurate retrieval using low-dimensional sparse embeddings in conjunction with the T-overlap
query. We introduce a Binary Loss [28, 29, 30] alongside the standard ranking loss used in contrastive
learning. This encourages the vector components to become discretized, improving compatibility with
the partial-matching mechanism of T-overlap query. Furthermore, LoSparse can be trained from scratch,
without relying on large pre-trained language models. Unlike traditional sparse retrieval approaches,
LoSparse’s embedding dimensions do not correspond to specific vocabulary tokens, resulting in lower
lexical interpretability. Nevertheless, by leveraging low-dimensional sparse representations, LoSparse
significantly improves computational efficiency and memory utilization, making it a practical and
scalable alternative for real-world retrieval systems.

2. Related Work

Classical bag-of-words (BoW) approaches, such as TF-IDF and BM25, remain widely used in retrieval
systems due to their computational efficiency. However, these methods rely solely on exact lexical
matching, which limits their ability to capture semantic similarity between queries and documents.
To address this limitation, several approaches have been proposed to combine the interpretability and
efficiency of BoW models with the semantic representation power of neural models.

One line of research focuses on learning context-dependent term importance. DeepCT (Deep Contex-
tualized Term Weighting) [16] learns contextualized term weights using BERT, assigning importance
scores to words based on their surrounding context. This allows frequent but less informative words to
receive lower weights, while contextually salient terms are assigned higher scores, resulting in more
accurate relevance estimation compared to BM25. However, DeepCT can only assign weights to terms
that already appear in a document and cannot introduce new vocabulary terms. Consequently, it fails
to match documents containing semantically related but lexically different expressions.

To overcome this limitation, vocabulary expansion approaches have been proposed, where the model
predicts additional semantically related terms not originally present in the text and incorporates them
into sparse vector representations. A representative example is Doc2Query [20], which generates likely
query terms for each document using a pre-trained language model and appends them to the document
text. Deeperlmpact [17] extends this idea by assigning BERT-based importance scores to the generated
terms and indexing them together with the original terms, thereby improving recall over traditional
BoW models. EPIC [22] propagates learned term importance to semantically similar words, whereas
TILDE (Term Independent Likelihood moDEI) [21] independently estimates the probability of each term
being relevant to a given query using BERT-based scoring.

Another major research direction involves learning high-dimensional sparse embeddings in the
vocabulary space. Models such as SparTerm [18] and SPLADE (Sparse Lexical and Expansion Model
for First-Stage Ranking) [24, 25, 26] encode queries and documents into sparse lexical vectors using
Transformer-based architectures. These models assign activation weights to each token, enabling the
generation of weighted BoW representations that include semantically expanded terms not explicitly
present in the original text. Such methods retain the interpretability of BoW approaches while achieving
strong performance in semantic matching.

Our proposed method, LoSparse, also learns sparse vector representations for queries and documents.
In contrast to existing models that depend on extremely high-dimensional vocabulary-based embeddings,
LoSparse employs compact low-dimensional sparse representations, improving computational efficiency
and scalability while maintaining retrieval effectiveness. By emphasizing model compactness and
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supporting flexible matching through T-overlap query, LoSparse offers a lightweight yet effective
alternative to existing sparse retrieval frameworks.

3. Model

In this section, we briefly review SPLADE, which is closely related to our approach. We then introduce
the proposed method, LoSparse: Low-dimensional Sparse Retrieval Model, and explain how sparse
vector retrieval is performed using the T-overlap query.

3.1. SPLADE Model

We begin by describing the SPLADE (Sparse Lexical and Expansion Model for First-Stage Ranking)
[24, 25, 26], a representative model in sparse retrieval.

Model Architecture. In SPLADE, sparse vector representations are computed as term importance
scores using the Masked Language Modeling (MLM) head of BERT. Let the vocabulary size be denoted
as |V], and the tokenized input sequence as t = (t;,1,, ..., t7). The token-level embeddings obtained
from BERT are represented by h = (hy,hy, ..., hr). For the i-th input token, the importance score
corresponding to the j-th vocabulary term is defined as:

w; = transform(h;)TE; + bj, j€{1,...,|V]}, (1)

where E; denotes the BERT input embedding of the j-th vocabulary term, b; is the bias term, and
transform(-) is a linear layer with layer normalization and the GeLU activation function. The computa-
tion of wj; corresponds to that of the MLM head in BERT and can be expressed as:

transform(x) = LN(GeLU(xTM/linear + Dlinear))- (2)
Finally, the overall importance score w; for the j-th vocabulary term is obtained by applying max pooling
over all input tokens as follows:

w; = 1rr<11;1Sleog (1 + ReLU(wl-j)) . (3)

Loss. Let s(q,d) denote the similarity score computed as the dot product between the sparse vector
representations of a query g and a document d. For a query g;, let d;" denote a positive document, d;” a
negative document, and d;; in-batch negatives. The ranking loss £, based on contrastive learning,
is defined as:

5(@d;")

eS(@d") 4 os(gndi) + Zj &S(4-d;)

Lrank = _log (4)

To encourage sparsity, SPLADE employs the FLOPS regularization loss. Given a batch of N documents

d; and their predicted activation values wj, let a; = %Zfil wj(d") denote the mean activation for the j-th
vocabulary term. The FLOPS loss is then defined as:
N 2
_ 1 Z
Friops = Y@= (XI Wjd')) (5)
JjEV JjEV i=1

It is well known that linguistic data follow a Zipfian distribution. When L; regularization is used to in-
duce sparsity, this frequency imbalance often biases the learned representations toward frequent tokens.
In contrast, FLOPS regularization encourages a more balanced and distributed sparse representation by
mitigating over-reliance on high-frequency terms. Finally, the overall training objective is defined as a
weighted sum of the ranking loss and the FLOPS regularization for queries and documents. Let 4, and
A4 denote the regularization coeflicients for queries and documents, respectively, and let gI?LOPS and
ggLOPS represent their corresponding FLOPS losses. The total loss is formulated as:

Z = Zrank + 2L 0ps + ML ops: (6)



3.2. LoSparse: Low-dimensional Sparse Retrieval Model

This section describes the proposed LoSparse: Low-dimensional Sparse Retrieval Model.

Model Architecture. In SPLADE, importance scores for each token are computed based on BERT’s
Masked Language Modeling (MLM) head, resulting in an embedding dimensionality equal to the
vocabulary size |[V|. In contrast, the proposed method generates embeddings of arbitrary dimensionality
D, allowing for a more compact representation. Given a tokenized input sequence t = (t,t, ..., t7),
let the token-level embeddings obtained from BERT be h = (hy, hy, ..., hr). Instead of computing the
importance score w;; for the j-th vocabulary term in BERT corresponding to the i-th token, we introduce
D pseudo-tokens. For the i-th input token, the importance score of the j-th pseudo-token (j € {1,..., D})
is computed as:

wj = h{ £+ (7)

where Ej denotes the embedding of the j-th pseudo-token, and i)j is its bias term. The overall importance
score for the j-th pseudo-token is then obtained via max pooling across all tokens:

w; = frgl%)%log (1+ ReLU(ﬁIij)) . (8)
To control the sparsity of the embedding representation, a Top-K filtering operation can be applied to
retain only the K largest activation values:

wk = TopK(w), 9)

where wX represents the sparse vector after filtering. This operation helps improve retrieval efficiency
and allows dynamic adjustment of the number of retrieved documents during search based on the
sparsity level of the representation. An overview of the proposed model architecture is shown in
Figure 1. LoSparse adopts a two-tower architecture, consisting of a query tower and a document tower
that are encoded independently but share the same embedding space.

Ranking Loss. As the ranking loss &k, we adopt CircleLoss [27], which has demonstrated strong
performance across a wide range of contrastive learning tasks. Negative samples are generated using
in-batch negative (IBN) sampling, a widely used strategy in contrastive learning frameworks that has
been empirically shown to yield high retrieval performance.

L K

e =log[1+ Y exp(yal(sh = 1)) Y exp(-yai(s, - A,)] (10)
j=1 i=1

oy =[0p = spls

aril = [5;1 - On]+

(11)

Let s;, = (x;,)Tx/ ||x;J||||x|| and sﬁ, = (xrl;)Tx / ||x,],|| |x|| denote the cosine similarities between an anchor x and

the i-th positive example xji, € & and the j-th negative example X €N respectively. The numbers of
positive and negative samples are denoted by K = |%| and L = |/, respectively. y is a scaling factor,
and Ay, A, denote the decision margins. The operator [-], truncates negative values to zero. O, and O,

. . . . oy . . . i
represent the optimal similarity values for positive and negative samples, respectively, ensuring that a;,
and ¢, remain non-negative.

Binary Loss. In our retrieval framework, we employ the T-overlap query. The T-overlap query
determines whether a query matches a document based on whether the number of overlapping nonzero
indices between their sparse vectors exceeds a predefined threshold T. Since this retrieval mechanism
only considers whether each index is nonzero or not, the matching process is inherently discrete.
However, when the model is trained solely with the ranking loss, the optimization objective emphasizes



the real-valued magnitudes of sparse embeddings. This leads to a mismatch between the continuous
optimization objective during training and the discrete retrieval behavior during inference with the
T-overlap query. To bridge this gap, we introduce a Binary Loss based on the Hamming distance
between binarized embeddings. Given a D-dimensional sparse vector w produced by the model, we
define a hash layer [28, 29, 30] that outputs a binarized vector z € {0, 1}D:

z = sign(w) (12)

where sign(-) is defined as sign(z;) = 1 (w; > 0), sign(z;) = 0 (w; < 0), i = 1,..., D. Because the sign
function yields zero gradients during back-propagation, direct optimization is infeasible. To address
this issue, we use the tanh function to progressively approximate binarization during training:

Z = tanh(fw), (13)

where fis a scaling coefficient computed as § = \/y - epoch + 1, with y being a hyperparameter. As
training progresses, f increases, making the tanh function closer to the sign function; in the limit
B — oo, the transformation becomes equivalent to the sign operation. We define Z,.,,4 as the Binary
Loss, computed based on the Hamming distance as follows:

n

Zeand = Z max (0, _(3(5 B fdlff) - S(fqi, ’Zdl;)) + a) (14)
j=1

Here, for a query g;, d;" denotes the positive document and d;; represents the j-th negative document
among n in-batch negatives. The parameter « specifies the margin. The distance between two binary
vectors z; and z; is computed as distpinary (2, 2;) = const. — s(z;, z;), where s(z;, z;) represents their
dot-product similarity.

Regularization Loss. To promote sparsity in the learned vector representations, we use L; regu-
larization, defined as Z,¢; = |x|;. In the proposed method, the dimensionality of the sparse vectors
D is relatively small. Moreover, these D dimensions correspond to pseudo-tokens rather than actual
vocabulary items, making the model less susceptible to the frequency bias commonly observed in
natural language data that follows a Zipfian distribution. While SPLADE employs a FLOPS loss to
address such frequency bias across vocabulary terms, our model inherently avoids this issue due to the
use of pseudo-tokens. Therefore, a simple L; regularization term is sufficient to produce effective and
stable sparse representations in LoSparse.

Overall Loss. The overall training objective is defined as a linear combination of three components:
the ranking loss &k, the binary loss Ziand, and the regularization loss Ze,. Let A; denote the
weighting coefficient for the binary loss, and A7 and A¢ represent the regularization coefficients for the
query and document vectors, respectively. S’feg and grdeg denote the regularization losses for the query
and document representations.

L = Lrank + M ELeand + MLikg + MLL, (15)

3.3. Candidate Generation

T-overlap Query. We describe the T-overlap query, which serves as the retrieval mechanism for
the obtained sparse vector representations. Given a binary representation of N bits, by, ..., by, the
T-threshold function (T, {b, ..., bn}) returns True if at least T bits are equal to 1, and False otherwise:

True, if at least T bits are 1

HT,4{bq,....bN}) = 16
(T tby ) False, otherwise (16)
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Figure 1: Model Architecture LoSparse

When T = 1, this function is equivalent to a logical OR operation (b; V by Vv ... V by), and when T = N,
it corresponds to a logical AND operation (b; A by A ... A by). Here, A and V denote logical AND and
logical OR, respectively. For cases where 2 < T < N — 1, this condition is commonly referred to as the
T-overlap, T-occurrence, or T-threshold query [12, 13, 14]. In this paper, we refer to it simply as the
T-overlap query.

Candidate Generation. Let the sparse vector representations of a query and a document be denoted
by g € RP and d € RP, respectively, where D is the dimensionality of the sparse vectors. The binary
indicators corresponding to the nonzero indices of these vectors are defined as 2@ = sign(q) and
2@ = sign(d), where 2@, 2@ € {0, 1}P. The logical AND operation between the two binary vectors
is expressed as 20" = z(@ A @ where 2099 is a D-bit binary vector whose i-th bit is 1 if the
corresponding dimension is nonzero in both the query and the document vectors, and 0 otherwise. The
retrieval condition is specified by the function (T, z(q/\d)), which considers a document relevant if the
number of overlapping nonzero indices between the query and the document is at least T. By adjusting
the parameter T, the number of retrieved candidates can be flexibly controlled. When either the query
or document vectors contain a large number of nonzero indices, the number of matched documents
tends to increase, which can impose additional computational load on the retrieval engine. To address
this issue, we optionally limit the number of nonzero indices by retaining only the Top-K elements with
the largest activation values. Specifically, for the query and document sparse vectors g and d, we retain
the top K @ and K@ elements, respectively, prior to performing retrieval.

4. Experiment

We conducted two experiments to verify the effectiveness of the proposed method: (1) a numerical
experiment using the publicly available Amazon ESCI dataset [31], and (2) an online A/B test on Yahoo!
JAPAN Shopping?.

*https://shopping.yahoo.co.jp/
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4.1. Open Dataset Experiment
4.1.1. Dataset

We performed numerical experiments using the publicly available Amazon ESCI dataset [31]. The
Amazon ESCI dataset is a large-scale shopping query dataset constructed from Amazon’s search queries
and search results. It contains approximately 130,000 unique queries and 2.6 million manually labeled
query—product pairs, covering English, Japanese, and Spanish. It thus serves as a multilingual benchmark
for evaluating search accuracy and relevance classification.

We utilized the subset of the Amazon ESCI dataset consisting of English-language query-document
pairs labeled as Exact (E), Substitute (S), or Complement (C). A total of 1,147,326 pairs were used for
training and 126,270 pairs for validation. For model input, the query column in the dataset was used
as the query input, and the product_title column was used as the document input. During evaluation,
retrieval was performed over a document collection containing 1,215,854 product titles. For testing,
5,000 queries were randomly sampled from the 22,458 test queries provided in the dataset. Retrieval
performance was evaluated by comparing model accuracy under this query—document retrieval setting.

4.1.2. Training

We trained three types of models: (1) a dense retrieval model, (2) the SPLADE model, and (3) the proposed
LoSparse model. All models were implemented using PyTorch [32] and Hugging Face Transformers
[33], and trained on an NVIDIA A100 GPU (80 GB) environment. For both the dense retrieval model and
LoSparse, we conducted two training setups: (1) training from scratch using an LSTM-based model (7.3M
parameters), and (2) fine-tuning a BERT-based model. SPLADE was trained by fine-tuning the same
BERT-based model for comparison. The base model used in all experiments was google-bert/bert-base-
uncased [35], which has 110M parameters. The embedding dimensionality was set to 256 for the dense
retrieval model, D = 1024 for LoSparse, and 30,522 for SPLADE, corresponding to the vocabulary size
of the underlying BERT tokenizer. The training hyperparameters for LoSparse are listed in Table 1. For
the query-side sparse vectors, we applied a Top-K constraint with K @ = 10, while no such constraint
was applied to the document-side vectors (K ) = D). Due to the query-side Top-K constraint, the L,
regularization weight was set to Ag = 0.0, and L, regularization was applied only to the document-side
sparse vectors. Several hyperparameters were tuned through parameter search, and the model used for
evaluation corresponds to the best-performing configuration obtained from this search.

Table 1

Training parameters for the LoSparse model (LSTM-based / BERT-based)
Parameter LSTM-based BERT-based
Model architecture 1-layer BiLSTM BERT-based
Total parameters 7.3M 110M
Optimizer Adam AdamW
Learning rate 0.005 0.0001
Batch size / Num negatives 2048 / 2048 256 / 256
Binary loss weight A,=[0.01, 0.05, 0.08] A,=[0.05, 0.08, 0.10, 0.12]
Gradient clipping 2.0 2.0
Warm-up epochs 4 4
Top-K constraint (query) K@ =10 K@ =10
Top-K constraint (document) K@ = D (no constraint) K@ = D (no constraint)
L1 regularization (query side) M =00 M =00

L1 regularization (document side) ¢ = [0.01,0.05,0.08] ¢ =10.003,0.005, 0.008]
Embedding dimension D =1024 D =1024




4.1.3. Retrieval

This section describes the retrieval methods used in the evaluation. For dense vector retrieval, we
evaluated two approaches: (1) Brute-force search over the entire document set, and (2) Cluster brute-
force search after performing k-means clustering on the dense vectors. For sparse vector retrieval, we
performed searches using the T-overlap query based on the nonzero indices obtained from the query and
document sparse vectors. The T-overlap query condition T was defined as T = 0.5N,,onzero + M, where
Nhonzero is the number of nonzero indices in the query sparse vector and M is an integer parameter
that controls the number of retrieved candidates. By adjusting M, we can flexibly control the retrieval
breadth. For the query-side sparse vectors, the maximum number of nonzero indices N onzero Was
limited to 10, while for the document-side sparse vectors, no such limitation was imposed. Retrieval
was then conducted using the defined T-overlap query condition.

4.1.4. Evaluation

Evaluation was conducted based on Recall@1000 and MRR@10 for each label in the Amazon ESCI
Dataset. We also compared the average number of retrieved candidates per query (Mean number of
candidates) and the number of zero-match queries (zero matches) as additional indicators of retrieval
quality and coverage.

Dense vector and LoSparse (LSTM-based). Table 2 shows the comparison results between the
dense vector model and LoSparse, both based on an LSTM architecture. When performing brute-force
retrieval over the entire document collection, the dense model achieved high Recall. However, when
using cluster brute-force retrieval after k-means clustering, the accuracy significantly dropped. For
LoSparse, we conducted the T-overlap query retrieval with the condition T = 0.5N + 3, where N denotes
the number of nonzero indices in the query sparse vector. Although the Recall was lower than that of
the dense brute-force retrieval, it was higher than the ANN-based clustered retrieval method. When
reducing the number of clusters in dense retrieval, Recall tends to increase as each cluster contains
more documents. For example, with 700 clusters, the average number of documents per cluster was
1,734. Even under these conditions, LoSparse, with an average of 1,011 retrieved documents per query,
achieved higher Recall. LoSparse used 1024-dimensional sparse vectors, with the average number of
nonzero elements being 9.895 for query vectors and 49.913 for document vectors. In contrast, dense
vectors require all 256 dimensions to be stored for both queries and documents, meaning that LoSparse
requires significantly less memory for vector storage while maintaining competitive accuracy.

Dense vector and LoSparse (BERT-based). Next, we compared the dense vector model and
LoSparse, both based on BERT fine-tuning. The results are presented in Table 3. As with the LSTM-
based models, brute-force retrieval over all documents using dense vectors yielded high accuracy.
However, when using cluster brute-force retrieval after k-means clustering, the accuracy dropped
noticeably. In contrast, retrieval using sparse vectors with the T-overlap query achieved higher Recall
than the dense vector ANN-based methods. For example, in the dense model, each cluster contained
1,734 documents, whereas LoSparse, with an average of 1,526 retrieved documents per query, achieved
better Recall performance.

Table 2

Comparison between Dense Vector and LoSparse (LSTM-based)
model R@1000E MRR@10_E Mean number of candidates zero matches
Dense LSTM Brute-force 0.7959 0.4143 - -
Dense LSTM k-means(cluster10000) 0.3632 0.3054 121.5 0
Dense LSTM k-means(cluster700) 0.4744 0.3132 1736.9 0
LoSparse LSTM T-overlap query(0.5N+3) 0.5415 0.3516 1011.3 7




Table 3
Comparison between Dense Vector and LoSparse (BERT-based)

model R@1000_E MRR@10_E Mean number of candidates zero matches
Dense BERT Brute-force 0.8201 0.3794 - -
Dense BERT k-means(cluster700) 0.5665 0.3301 1736.9 0
LoSparse BERT T-overlap query(0.5N+3) 0.6669 0.3936 1526.3 4
Table 4
Comparison between SPLADE and LoSparse
model R@1000_E R@1000_S R@1000_C R@1000_1 R@1000_ESC MRR@10_ESC Mean number of candidates zero matches
SPLADE (0.5N+2) 0.6600 0.4606 04116 0.2780 0.5981 0.5106 1334.0 127
LoSparse (0.5N+3)  0.6669 0.4926 0.3624 0.2908 0.6108 0.4372 1526.3 4
Table 5

Results under Different T-overlap Query Conditions

model T-overlap condition R@1000_E R@1000_.S R@1000_C R@1000_I R@1000_ESC MRR@10_ESC Mean number of candidates zero matches

SPLADE 0.5N+3 0.5197 0.3156 0.2781 0.1780 0.4573 0.4909 435.4 382
SPLADE 0.5N+2 0.6600 0.4606 0.4116 0.2780 0.5981 0.5106 1334.0 127
SPLADE 0.5N+1 0.7540 0.5774 0.5104 0.3625 0.6973 0.5169 3657.8 28
SPLADE 1 0.8303 0.6851 0.6280 0.4631 0.7842 0.5175 375633.9 0
LoSparse 0.5N+4 0.5226 0.3258 0.2145 0.1792 0.4605 0.4409 502.2 54
LoSparse 0.5N+3 0.6669 0.4926 0.3624 0.2908 0.6108 0.4372 1526.3 4
LoSparse 0.5N+2 0.7593 0.6117 0.4712 0.3741 0.7105 0.4334 4063.0 0
LoSparse 1 0.8032 0.6809 0.5706 0.4330 0.7648 0.4313 718305.2 )

Table 6

Impact of Binary Loss Weight on Retrieval Performance
model binary loss weight R@1000_E R@1000_.S R@1000_C R@1000_I R@1000_ESC MRR@10_ESC Mean ber of candid zero 5
LoSparse(0.5N+3) 0.12 0.6669 0.4926 0.3624 0.2908 0.6108 0.4372 1526.3 4
LoSparse(0.5N+3) 0.05 0.6336 0.4411 0.3291 0.2593 0.5726 0.4502 907.3 5
LoSparse(0.5N+3) 0.0 0.5413 0.3538 0.2686 0.2103 0.4805 0.4545 319.2 21

SPLADE and LoSparse. To compare models that employ sparse vector representations, we conducted
an evaluation between SPLADE and the proposed LoSparse. For both models, retrieval was performed
using the T-overlap query, where the threshold parameter was determined by the number of nonzero
indices in the query vector, denoted as N. Specifically, the condition was set to T = 0.5N + 2 for SPLADE
and T = 0.5N + 3 for LoSparse. The results for different T-overlap query conditions are discussed in the
following subsection. The comparison results are shown in Table 4. LoSparse achieved a higher Recall
than SPLADE. Among 5000 queries, LoSparse produced only 4 zero-match cases, whereas SPLADE
resulted in 127 zero matches. This indicates that LoSparse successfully retrieved relevant documents
without increasing the number of zero matches, suggesting that LoSparse performs better in T-overlap
query-based retrieval.

T-overlap query condition. The results obtained by varying the T-overlap query conditions are
summarized in Table 5 and Figure 2. The T-overlap query threshold was defined as T = 0.5N,opzer0 + M,
where Njonzero represents the number of nonzero indices in the query’s sparse vector. When the
condition is T = 1, it corresponds to a logical OR search.

When T = 1 (OR search), both SPLADE and LoSparse achieve high Recall with zero zero-match
cases. As the threshold Tincreases (i.e., the retrieval condition becomes stricter), the average number
of retrieved documents decreases, and Recall declines correspondingly. At T = 1, SPLADE slightly
outperforms LoSparse; however, as T becomes more restrictive, LoSparse shows higher Recall than
SPLADE. Regarding zero matches, SPLADE exhibits a notable increase in zero-match cases as the
threshold becomes stricter, whereas LoSparse maintains a lower increase, demonstrating that LoSparse
is more robust to performance degradation under stricter T-overlap query conditions.

Influence of Binary Loss. We further investigated the effect of the Binary Loss weight A; on retrieval
performance while keeping all other training parameters fixed. The results are shown in Table 6. The
experimental setup used an L1 regularization weight of 0.003, number of negatives = 256, and learning
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Figure 2: Relationship among T-overlap Query Condition, Recall@1000_ESC, zero matches, and Number
of Retrieved Candidates

rate = 0.0001. The T-overlap query condition was fixed at T = 0.5N,opzer0 + 3- As A; decreases toward
zero, the average number of retrieved documents decreases, while the number of zero matches increases.
Conversely, as A; increases, Recall improves, but MRR@10 decreases, indicating that the model shifts
its focus from re-ranking precision to optimizing for T-overlap query retrieval accuracy. When A; = 0,
the model effectively relies only on the Ranking Loss, leading to a mismatch between the embedding
optimized for loss minimization during training and the embedding required for high-accuracy T-overlap
retrieval. By incorporating the Binary Loss term, the model learns embeddings that are better aligned
with the discrete matching behavior of T-overlap query, resulting in improved retrieval performance.

4.2. Online Experiment

We conducted an online A/B test on Yahoo! JAPAN Shopping to compare dense retrieval and LoSparse
models, both trained on data collected from the same service. For the dense retrieval setup, dense
vectors were clustered using k-means, and search was performed using NGT (Neighborhood Graph and
Tree for Indexing High-dimensional Data) [36]. For the sparse retrieval setup, we used 1024-dimensional
sparse vectors and performed retrieval based on T-overlap query. In both settings, we employed a
hybrid retrieval approach that combined keyword-based BoW matching with vector-based retrieval.
The A/B test was conducted over a period of two weeks. The results showed a significant increase in
both the number of clicks and the number of orders for documents retrieved by the vector-based search.
Moreover, overall Click-Through Rate (CTR) and Conversion Rate (CVR) improved when combining
keyword and vector retrieval, confirming the effectiveness of the proposed model and the T-overlap
query-based sparse retrieval. In addition, we observed that the proposed sparse retrieval approach,
LoSparse, introduced minimal computational overhead compared with dense ANN (Approximate
Nearest Neighbor) methods.



5. Conclusion

In this work, we proposed LoSparse, a retrieval model that leverages low-dimensional sparse represen-
tations to simultaneously improve computational efficiency and retrieval accuracy through T-overlap
query. Experiments on public benchmark datasets demonstrated that the proposed method achieves
higher retrieval accuracy than existing high-dimensional sparse retrieval models under T-overlap-based
matching, validating the effectiveness of LoSparse. Moreover, LoSparse outperformed dense ANN-based
retrieval methods in terms of retrieval precision under identical experimental conditions. We also
showed that the proposed model can be trained from scratch using lightweight architectures such
as LSTMs, without relying on large pre-trained language models, while still achieving competitive
performance. Finally, an online A/B test on Yahoo! JAPAN Shopping confirmed that the proposed
sparse retrieval approach with T-overlap query outperforms conventional dense ANN-based retrieval
methods in both retrieval effectiveness and user engagement metrics, further demonstrating the practical
effectiveness and scalability of the proposed approach.

Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT (GPT-5) in order to: Grammar and
spelling check, paraphrase and reword. After using this tool, the authors reviewed and edited the
content as needed and take full responsibility for the publications content.
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