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Abstract

We present JMTEB, a large-scale evaluation suite for Japanese text embedding models, designed to provide
comprehensive coverage across multiple task types. The benchmark integrates 28 datasets across 5 tasks, enabling
broad and challenging evaluation of model performance in diverse scenarios. While the full benchmark delivers
thorough assessment, its scale poses practical challenges in terms of computation time and resource requirements.
To address this, we construct JMTEB-lite, a lightweight version of JMTEB, by substantially reducing corpus size
in retrieval-related tasks. JMTEB-lite significantly accelerates evaluation while maintaining high fidelity to the full
benchmark. Together, JMTEB and JMTEB-lite form a flexible evaluation framework: the full version serves as a
comprehensive standard for exhaustive benchmarking, while the lightweight version enables rapid iteration and
efficient model selection. This dual approach facilitates both rigorous evaluation and practical development workflows,

supporting the advancement of Japanese text embedding research.
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1. Introduction

The advent of dense vector representations has
fundamentally reshaped the field of modern natural
language processing (NLP). This paradigm, which
began with foundational work on word embeddings
(Mikolov et al., 2013) and has been supercharged
by the power of deep contextual models based on
the Transformer architecture (Vaswani et al., 2017),
has largely replaced traditional sparse, keyword-
based methods. These dense embeddings cap-
ture the rich semantic and syntactic nuances of
language, enabling a more profound level of text
understanding. Today, they serve as the critical
backbone for a vast array of advanced applications,
from enhancing the factual grounding of large lan-
guage models through retrieval-augmented gener-
ation (RAG) (Lewis et al., 2020) to powering so-
phisticated semantic search engines, document
clustering systems, and classification models. The
performance and reliability of these downstream
systems are inextricably linked to the quality of their
underlying text embeddings, making their rigorous
and standardized evaluation a paramount concern
for both researchers and practitioners.

The development of standardized evaluation
suites, such as the Massive Text Embedding Bench-
mark (MTEB) (Muennighoff et al., 2023) for En-
glish and its adaptations for multilingual (MMTEB)
(Enevoldsen et al., 2025) and Chinese (C-MTEB)
(Xiao et al., 2023) contexts, has been instrumental
in advancing text embedding research. Despite
this global trend, the Japanese NLP community
has lacked a comparable, unified benchmark for

evaluating language-specific models. As a result,
researchers have often evaluated models on dis-
parate, custom-tailored tasks and datasets. This
absence of a common “proving ground” makes
direct model comparisons difficult, hinders repro-
ducible scientific progress, and leaves practition-
ers without clear guidance on selecting the optimal
model for their specific needs. This situation high-
lights a critical need for a standardized evaluation
framework within the Japanese NLP community.

To address this critical gap in the Japanese NLP
ecosystem and establish a much-needed stan-
dard, we introduce JMTEB: Japanese Massive
Text Embedding Benchmark. It is a comprehen-
sive evaluation suite designed from the ground
up to serve as a definitive and lasting resource
for the community. JMTEB integrates 28 diverse
datasets carefully selected across 5 core task fam-
ilies: Retrieval, Reranking, Classification, Cluster-
ing, and Semantic Textual Similarity (STS). Each
task family probes a different facet of an embed-
ding model’s capabilities, from large-scale informa-
tion seeking (Retrieval) to fine-grained semantic
comparison (STS). The datasets have been metic-
ulously reviewed for linguistic quality and contextual
relevance, spanning a wide spectrum of real-world
domains. We built JMTEB to be a high-quality, com-
prehensive resource that can serve as a standard
foundation for Japanese text embedding evalua-
tion. Notably, a part of JMTEB has already been
incorporated into the global MMTEB (Enevoldsen
et al., 2025) benchmark, establishing it as the de
facto standard for Japanese.

While the comprehensive nature of JMTEB es-
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tablishes a new gold standard, we also recognize
that the scale required for such rigor can present
practical challenges. The computational cost and
time needed to run a large-scale benchmark can
create a bottleneck in the typical model develop-
ment lifecycle, which involves frequent experimen-
tation, ablation studies, and hyperparameter tuning.
To address this, we also present JMTEB-lite, a
lightweight and practical version of the benchmark.
JMTEB:-lite is constructed by strategically reducing
the corpus size in the most resource-intensive Re-
trieval and Reranking tasks, while carefully preserv-
ing the original query-document relevance pairs to
maintain the integrity of the evaluation. As we will
demonstrate empirically, JMTEB-lite significantly
accelerates evaluation while maintaining a high
rank correlation with the full benchmark, making it
a reliable and efficient resource for agile develop-
ment.
Our main contributions in this paper are threefold:
1. A unified standard: We introduce JMTEB,
the first large-scale, unified benchmark for
Japanese text embeddings, which addresses a
long-standing fragmentation in community eval-
uation practices.

2. A practical development resource: We create
and validate JMTEB-lite, a lightweight version
that lowers the computational barrier to entry
and promotes agile, iterative model development
without compromising evaluation integrity.

3. Extensive analysis of Japanese models: We
conduct a comprehensive empirical study of 40
Japanese text embedding models, establishing
extensive baselines that map the current perfor-
mance landscape and provide crucial insights
for future research.

JMTEB' and JMTEB-lite? have been made publicly

available at HuggingFace.

2. Related Work

Text embedding benchmarks have gained atten-
tion as text embedding models evolve. BEIR
(BEnchmarking IR) (Thakur et al., 2021) is a het-
erogeneous, zero-shot benchmark focusing on
retrieval tasks, enabling robust comparisons of
dense and sparse approaches. In order to cover
the possible applications of embedding models as
much as possible, MTEB (Massive Text Embedding
Benchmark) (Muennighoff et al., 2023) integrates a
variety of different tasks, including retrieval, rerank-
ing, STS, classification, etc. MMTEB (Multilingual
MTEB) (Enevoldsen et al., 2025) considerably ex-
pands MTEB to make it the largest multilingual

1https ://huggingface.co/datasets/
sbintuitions/JMTEB

®https://huggingface.co/datasets/
sbintuitions/JMTEB-lite

benchmark for embeddings by covering over 500
datasets and over 250 languages. MMTEB also
adds more settings such as instruction following,
long-document retrieval and code retrieval. In paral-
lel, language- and domain-specific derivatives have
emerged to adapt text embedding evaluation for
more specialized scenarios. For example, C-MTEB
(Xiao et al., 2023) specializes in Chinese text em-
beddings, and FinMTEB (Tang and Yang, 2025)
focuses on the financial domain. These bench-
marks indicate the needs for more comprehensive
as well as specific evaluation of text embedding
models.

3. Construction of JMTEB

3.1. Motivation

Text embeddings underpin retrieval, reranking, clus-
tering, and semantic similarity across languages
and domains. Yet there has not been a consoli-
dated Japanese benchmark that rigorously evalu-
ates Japanese embeddings under a consistent pro-
tocol. Japanese presents distinctive orthographic
and morphological properties (e.g., lack of whites-
pace, script mixing) that warrant dedicated datasets
and task setups rather than relying solely on trans-
lations or language-agnostic surrogates (Kurihara
et al., 2022).

We introduce JMTEB (Japanese Massive Text
Embedding Benchmark), a Japanese-specific
benchmark designed for comprehensive evalua-
tion of Japanese text embedding models. As of
Sept. 2025, JMTEB consists of 28 datasets across
5 task families—Retrieval, Reranking, Semantic
Textual Similarity (STS), Classification and Clus-
tering. Most datasets are sourced from public re-
sources (and, where appropriate, adopted from
prior benchmarks), while some subset are original
to JMTEB. Each dataset was carefully reviewed
for linguistic quality and suitability to its evalua-
tion task by inspecting representative samples. In
constructing JMTEB, we follow widely used design
desiderata—diversity, simplicity, extensibility, and
reproducibility—as articulated in prior benchmark
work (Muennighoff et al., 2023). To ensure the
benchmark’s simplicity and reproducibility, in the
current stage, we focus on datasets that are pub-
licly accessible for automated downloading. Con-
sequently, we have not yet included several high-
quality datasets governed by strict access agree-
ments (e.g., requiring individual user applications
or manual approval processes). In what follows, we
introduce the task composition and dataset choices,
detail the diversity of domains and text formats, and
report results for 40 publicly available text embed-
ding models, including both Japanese-native and
Japanese-capable multilingual systems.
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3.2. Tasks and Datasets

JMTEB follows the MTEB taxonomy and evaluates

Japanese text embedding models across 5 tasks:

Clustering, Classification, Semantic Textual Similar-

ity (STS), Retrieval and Reranking. Notably, some

tasks in MTEB/MMTEB are not included in JMTEB.

Bitext mining is one such task: it matches two ver-

sions of the same sentence in different languages.

Since this task is not suitable for evaluating mono-

lingual Japanese text embeddings, it is not included

in JMTEB.

1. Clustering aims to correctly assign texts with
similar semantics/topic to the same cluster. The
task aims to probe how well embeddings in-
duce coherent topical structure without supervi-
sion. Specifically, we include Livedoor News
dataset and the Japanese split of MewsC-16
dataset (Nishikawa et al., 2022), as well as the
Japanese split of SIB-200 dataset (Adelani
et al., 2023).

2. Classification aims to predict the correct cat-
egory of the text only with its embedding.
Given labeled texts, we convert each text to
an embedding, and its embedding represen-
tation serves as its feature vector. These
vectors will not be updated in the following
training. Then we train a logistic regression
classifier to test how well the vector repre-
sents the text. There are 7 datasets for the
classification task, including WRIME (Suzuki
et al., 2022), Japanese Sentiment Clas-—
sification (Mollanorozy et al., 2023) and the
Japanese split of Amazon Review (McAuley
and Leskovec, 2013), Amazon Counterfac-
tual (O'Neill et al., 2021), Massive Intent,
Massive Scenario (FitzGerald et al., 2022),
SIB-200 (Adelani et al., 2023).

3. Semantic Textual Similarity (STS) predicts the
semantic similarity between two sentences by
computing the similarity between their embed-
ding vectors, and correlations are computed be-
tween the prediction and the annotated similarity.
JSTS (Kurihara et al., 2022) and JSICK (Yanaka
and Mineshima, 2022) are two datasets for STS.

4. Retrieval aims to find the most relevant docu-
ment with the query from the corpus, by com-
puting embedding similarities. There are 11
datasets for the retrieval task, including the
Japanese split of Mr. TyDi (Zhang et al., 2021),
MIRACL (Zhang et al., 2023), MLDR (Chen et al.,
2024) and Mintaka (Sen et al., 2022), as
well as JAQKET (Suzuki et al., 2020), JaCWIR
(Tateno, 2024a) and JaGovFags—22k. Inspired
by the arXiv-related datasets in MTEB/MMTEB,
we created 4 original datasets based on the
Japanese NLP Journal IKTEX Corpus. The cor-
pus consists of accepted articles in Japanese

by the Journal of Natural Language Process-
ing. We extracted titles, abstracts and introduc-
tions from the full articles. The goal is to find
the corresponding abstract with the given title
(NLP Journal title-abs),introduction with
the given title (NLP Journal title-intro),
introduction or full article with the given abstract
(NLP Journal abs-intro and NLP Jour-
nal abs-article), through the similarities
computed with text embeddings.

5. Reranking aims to rerank the retrieved doc-

uments according to their relevance to the

query through computing embedding similarities.

There are 5 datasets collected for reranking, in-

cluding the Japanese split of ESCT (Reddy et al.,

2022), MIRACL (Zhang et al., 2023) and MLDR

(Chen et al., 2024), as well as JaCWIR (Tateno,

2024a) and JoaRA (Tateno, 2024Db).

For each task, we set a main metric for uni-
fied comparisons: macro-F1 for Classification, v-
measure (Rosenberg and Hirschberg, 2007) for
Clustering, Spearman correlation for STS, and
nDCG@10 for Retrieval and Reranking.

In the construction of JMTEB, we ensure that
each dataset meets the basic criterion: linguistic
fluency and suitability for an evaluation task. Above
this, we emphasize the diversity that ensures the
benchmark to be comprehensive, including domain
coverage and text-format coverage. Regarding do-
mains, the suite spans 8 types of domains: en-
cyclopedic, news, FAQs, e-commerce, academia,
blog and SNS posts, conversational commands,
as well as image caption texts. Regarding text for-
mats, it covers phrases, short queries/utterances,
single sentences, paragraph-level passages, and
long documents.

3.3. Evaluation of Embedding Models
with JMTEB

3.3.1. Evaluation Settings

We collect 40 publicly available models, and eval-
uate them with JMTEB. These models include
Japanese-native models that are publicly avail-
able, OpenAl’'s embedding APIs, as well as some
Japanese-capable multilingual models that have
the most downloads at HuggingFace. In practice,
each model may require its own specific configu-
ration such as prefixes and instructions. We doc-
ument these configurations and adhere to them
meticulously during the evaluation process to en-
sure that each model achieves its optimal perfor-
mance. The results ranked by average score are
shown in Tab. 1.

3.3.2. Evaluated Models

We analyze the models along two axes: model
structure and training recipe, since they are empiri-
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Model Backbone Tram.mg #Params Avg. |Retrieval STS Classification Reranking Clustering
Recipe (M)
sbintuitions/sarashina-embedding-v2-1b LLM Weakly-sup 1,224 | 76.38 | 76.48 84.22 77.14 86.28 52.56
cl-nagoya/ruri-v3-310m BERT Weakly-sup 314 | 75.85 | 76.03 81.59 77.65 85.84 50.52
cl-nagoya/ruri-v3-130m BERT Weakly-sup 132 | 75.52 | 76.45 81.05 75.65 85.71 51.13
sbintuitions/sarashina-embedding-vl-1b LLM Weakly-sup 1,224 | 74.87 | 7453 81.71 77.20 84.36 50.30
pfnet/plamo-embedding-1b LLM Weakly-sup 1,051 | 7485 | 75.14 83.15 77.29 85.05 52.50
cl-nagoya/ruri-v3-70m BERT Weakly-sup 70 | 73.95 | 74.23 80.96 74.45 84.21 49.95
OpenAl/text-embedding-3-large - - - 17386 | 71.95 8252 77.27 83.06 51.82
cl-nagoya/ruri-large-v2 BERT Weakly-sup 337 | 73.63 | 71.87 83.18 76.10 83.89 50.88
cl-nagoya/ruri-v3-30m BERT Weakly-sup 37 | 7295 | 72.84 81.78 73.35 82.93 49.90
BAAI/bge-m3 BERT Weakly-sup 568 | 72.46 | 73.70 79.74 74.10 84.10 45.56
cl-nagoya/ruri-large BERT Weakly-sup 337 | 71.69 | 68.30 83.13 76.25 81.26 49.93
cl-nagoya/ruri-base-v2 BERT Weakly-sup 111 | 71.66 | 68.96 83.03 75.59 82.46 46.84
cl-nagoya/ruri-small-v2 BERT Weakly-sup 68 | 71.40 | 68.46 8291 7412 82.30 49.97
pkshatech/GLuCoSE-base-ja-v2 BERT Weakly-sup 133 | 71.11 | 68.45 82.95 73.52 82.63 48.19
intfloat/multilingual-e5-large BERT Weakly-sup 560 | 70.67 | 67.65 80.86 72.30 83.01 50.58
google/embeddinggemma-300m BERT Weakly-sup 303 | 70.59 | 66.18 82.74 76.14 80.93 49.48
cl-nagoya/ruri-base BERT Weakly-sup 111 | 70.25 | 65.90 82.88 75.34 80.31 49.10
pkshatech/RoSEtta-base-Jja BERT Weakly-sup 190 | 69.58 | 67.52 81.39 71.70 81.25 44.88
cl-nagoya/ruri-small BERT Weakly-sup 68 | 69.34 | 63.95 82.79 74.83 79.98 49.59
intfloat/multilingual-e5-base BERT Weakly-sup 278 | 68.06 | 64.48 80.46 69.70 79.46 50.12
intfloat/multilingual-e5-small BERT Weakly-sup 118 | 67.38 | 63.91 80.46 67.77 80.09 49.29
OpenAI/text-embedding-3-small - - - | 67.10 | 61.79 79.46 72.43 77.29 48.91
OpenAl/text-embedding-ada-002 - 65.13 | 59.58 79.02 69.39 75.63 48.78
hotchpotch/static-embedding-japanese Non-cont. | Weakly-sup -|63.80 | 60.51 80.16 66.73 77.09 35.91
pkshatech/GLuCoSE-base-ja BERT Weakly-sup 133 | 63.79 | 54.58 78.68 75.02 72.37 47.12
cl-nagoya/sup-simcse-ja-base BERT Sup. 111 | 59.91 | 45.00 82.05 72.72 70.36 52.57
MU-Kindai/Japanese-SimCSE-BERT-large-unsup BERT Unsup. 337 | 57.60 | 42.41 79.00 71.83 71.88 42.02
oshizo/sbert-jsnli-luke-japanese-base-lite BERT Sup. 133 | 56.75 | 38.08 76.56 74.53 69.81 48.75
cl-nagoya/sup-simcse-ja-large BERT Sup. 337 | 56.46 | 37.38 83.17 72.74 68.76 50.12
MU-Kindai/Japanese-SimCSE-BERT-base-unsup BERT Unsup. 111 | 55.78 | 39.85 77.96 71.46 69.92 39.27
MU-Kindai/Japanese-SimCSE-BERT-large-sup BERT Sup. 337 | 55.35 | 36.23 78.29 72.59 70.59 44.54
MU-Kindai/Japanese-MixCSE-BERT-base BERT Unsup. 111 | 54.65 | 36.24 77.75 71.81 68.58 43.45
cl-nagoya/unsup-simcse-ja-large BERT Unsup. 337 | 54.23 | 33.98 80.56 73.71 67.39 43.52
cl-nagoya/unsup-simcse-ja-base BERT Unsup. 111 | 53.86 | 35.34 78.74 72.41 66.20 41.29
MU-Kindai/Japanese-SimCSE-BERT-base-sup BERT Sup. 111 | 53.82 | 35.22 74.96 71.48 68.15 42.86
MU-Kindai/Japanese-DiffCSE-BERT-base BERT Unsup. 111 | 53.59 | 34.93 76.70 72.06 67.73 39.93
pkshatech/simcse-ja-bert-base-clcmlp BERT Sup. 110 | 53.48 | 32.80 76.81 70.67 68.02 49.45
sentence-transformers/LaBSE BERT Sup. 470 | 52.70 | 33.18 76.56 71.85 67.01 39.82
sentence-transformers/stsb-xlm-r-multilingual BERT Sup. 278 | 43.06 | 16.58 75.41 71.40 57.93 27.67
colorfulscoop/sbert-base-ja BERT Sup. 111 | 42.90 | 15.45 70.41 68.05 59.38 39.04

Table 1: Evaluation results of 40 public models, ranked by the Avg. score. The score of each task is
the average of all datasets in this task, and the average score is the average of all 28 datasets. The

evaluations were conducted on Sept. 30, 2025.

cally considered as the most intuitive and important
factors that could influence model performance. In
Tab. 1, we mark each model with corresponding
notations.

According to model structure, we group the mod-
els to the following categories. (1) LLM-based
models use pretrained decoder-style LLMs as back-
bones, ensuring larger parameter counts (often
>1B) and longer context windows (Wang et al.,
2023). (2) BERT-based build on bidirectional
transformer encoders such as BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), XLM-R (Con-
neau et al., 2019), LUKE (Yamada et al., 2020) and
ModernBERT (Warner et al., 2024), and produce
embeddings via CLS/mean/last-token pooling. (3)
Static/Non-contextual models typically generate
a sentence embedding by summing or averaging
its constituent token embeddings.

According to training recipe, we group the mod-
els into the following categories. (1) Super-
vised models are trained primarily with labeled

objectives such as natural language inference
(NLI) and semantic textual similarity (STS) regres-
sion/classification. (2) Unsupervised contrastive
recipes avoid human labels, including SimCSE-
unsupervised (Gao et al., 2021), DiffCSE (Chuang
et al., 2022) and MixCSE (Zhang et al., 2022). (3)
Multi-stage learning with a weakly supervised
pretraining stage begins with large-scale weakly
supervised pretraining using weakly labeled text-
pair corpora and a contrastive objective, and is
typically followed by a supervised finetuning stage.
This has become a de facto standard (Tsukagoshi
and Sasano, 2024; Li et al., 2023; Xiao et al., 2023)
in the training of strong text embedding models, be-
cause it significantly improves retrieval robustness
and generalization (Wang et al., 2022).

3.3.3. Analysis on Benchmark Quality

Difficulty The average model scores, which range
from 40 to 80 (Tab. 1), confirm that the benchmark
is appropriately difficult. This range indicates a well-
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Figure 1: The scores of all 40 models on
Japanese Sentiment Classification
with/without space removal.

FUHSAA, FLVIASAA, TAHOY TE N\ ZRELIT
HELTHET2HIWIIMTL L 5?
(What fried food commonly appears in dishes such as Volga
Rice, Turkish Rice, and Escalope?)
Bay (LAhrD) &, EADHBIHEDOT—ZAP L DA
A4 AR E, INER - BEEDY - AU E L bETAAMT
BRI TH D GRS Z L, hodL, TAHBY
TOREAY, R HYIT=AY MVIATAA RLHT
AR E, FEHTOT TV RREMHT 20 MBI LD
B LTHHHEINT WD,
Relevant (Tonkatsu is a dish made by coating thick slices of pork loin or
fillet with flour, beaten egg, and breadcrumbs, then deep-frying
them in cooking oil...There are also many local dishes, such
as katsumeshi, escalope, miso katsu, tonkotsu ramen, Turkish
rice, and Volga rice. In addition, local brand pork is used, and
these dishes are also utilized as part of regional revitalization
efforts.)
ﬁ?7§4&ﬁ\h#%ﬁﬂt?éﬁ$@%ﬁ%ﬂ@(7%
1) O—Ff...
(Kaki Fry is a type of Japanese fried dish (fry) made with oys-
ters....)
774 id, BHICAHBCER R L ORMIZINE RNV
EDOTC, ZROBHMTHITZb0..
Pred. 2 (Fry refers to food—mainly seafood or vegetables—coated with
egg white and breadcrumbs, then deep-fried in a large amount
of cooking oil....)
NE—=F A AL, RENZ—Zflio 7R, KENX—TH
DHTHhOMML . KERLSBINR —% —FEITKE AT, E
ENRS iR NZ—TRD L, RIINZ—%2BERL LV
TAHEED D B ..
(Butter rice is a dish made with rice and butter. Cooking methods
include sautéing the rice in butter before boiling it, cooking the
rice together with butter, stir-frying the cooked rice with butter,
or mixing butter into the cooked rice....)

Query

Pred. 1

Pred. 3

Table 2: An example of JAQKET where even the
top model in Tab. 1 failed to retrieve the document
most relevant to the query.

calibrated challenge: the tasks are difficult enough
that no model achieves a perfect score (avoiding
ceiling effects), yet not so difficult that models can-
not demonstrate meaningful performance (avoiding
floor effects). Therefore, the benchmark is effective
for distinguishing between model capabilities.

Linguistic fluency = Some Japanese datasets
in existing benchmarks in MTEB exhibit linguistic
artifacts, such as unnatural phrasing or processing-
induced noise. When constructing JMTEB, we ad-
dressed this by implementing a manual checking
procedure during dataset selection. The impact of
this procedure is evident in the Japanese Senti-
ment Classification dataset that originates
from the Multilingual Sentiment Classi-

fication dataset in MTEB. The original MTEB
version of this dataset contains artificial spaces
within the Japanese texts, a common artifact of mor-
phological preprocessing. We compare the perfor-
mances of a panel of models on the MTEB’s noisy
version and JMTEB’s version of this dataset. The
results are shown in Fig. 1. In over half of the mod-
els, significant differences have been observed,
as models tend to perform better on the JMTEB'’s
version than on the MTEB’s version, though they
share the same texts. This performance gap indi-
cates that the cleaned data better aligns with the
distribution of natural Japanese texts that embed-
ding models are intended to handle, while flawed
texts cause evaluation distortion. This case demon-
strates how our manual checking efforts in JMTEB
facilitate a more reliable and valid evaluation of
model performance on authentic Japanese.

Error analysis Tab. 2 presents an example
from JAQKET. Even the top model in Tab. 1,
sbintuitions/sarashina—-embedding-v2-

1b failed to retrieve the relevant document within
its top-10 results (predictions beyond the top-3
omitted in Tab. 1). Real-world documents contain
not only information relevant to a query but
also a large amount of irrelevant information.
This example shows that even state-of-the-art
embedding models can fail to retrieve the relevant
information, as they are misled by such irrelevant
contents. Therefore, the benchmark remains
challenging despite the rapid progress of recent
text embedding technologies.

3.3.4. Analysis on Model Performance

Backbone model Within the same family
(e.g., ruri-v3 (Tsukagoshi and Sasano, 2024),
multilingual-e5 (Wang et al., 2024)), larger
parameter sizes generally correlate with better
performance. LLM-based models such as the
sarashina—embedding series rank near the top,
plausibly benefiting from scale. Notably, ruri-v3-
70m (ModernBERT-based (Warner et al., 2024))
achieves an average score of 73.95, slightly
surpassing ruri-large-v2 (73.63) while being
more than 4 times smaller in parameters. Although
training data and recipes differ, this comparison
highlights the efficiency gains ModernBERT brings.
Training recipe  Nearly all models in the top
half® of Tab. 1 adopt weakly supervised contrastive
pretraining as a first stage, making it a de facto
standard for high-performing embeddings. A time-
series analysis of model performance reveals key
trends in the evolution of Japanese text embed-
dings. Fig. 2 plots the performance of models from
Tab. 1 according to their release dates. A striking

®0OpenAl text embedding models are not considered
here as their training details are disclosed.
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Figure 2: The evolution of state-of-the-art JMTEB
average and each task’s score.

trend is the dramatic improvement in Retrieval and
Reranking tasks, with a particularly sharp increase
in mid-2023, coinciding with industry demand for
RAG. This improvement is strongly linked to the
adoption of weakly-supervised pretraining on large
text-pair corpora. The impact of this method is ev-
ident in the results in Tab. 1: nearly every model
trained with weakly supervised learning achieved
a Retrieval score above 60, whereas no model
trained without it surpassed that threshold.

Alignment between training data and evaluation
task In contrast to the significant improvements
in Retrieval and Reranking tasks, the performance
gains from the weakly-supervised training recipe
did not uniformly transfer to other tasks like STS,
Classification, or Clustering, which saw only mod-
est progress, likely because models from both cate-
gories are finetuned on similar supervised datasets
(e.g., NLI). This highlights a crucial finding: beyond
the capability of the backbone model, the alignment
between the training data and the characteristics
of the evaluation task is a critical determinant of
performance.

Furthermore, with the significant diminishing re-
turns now evident from model scaling (as shown
in Tab. 1, the top-performing 1.2B model offers
only a minor average score improvement over a

much more efficient 314M model), future break-
throughs are less likely to come from simply in-
creasing parameter counts. Instead, progress in a
specific task will likely depend on developing novel
methodologies—such as new training objectives,
curated datasets, or architectural refinements—that
are specifically aligned with the distinct character-
istics of that task. For practitioners, this signifies a
shift in strategy: instead of defaulting to the largest
model, one must select a model whose training
and strengths align with the specific end-goal, such
as semantic search or clustering. This application-
aware approach also allows for the selection of
smaller, more efficient models that offer competi-
tive performance with lower resource consumption.

4. Construction of JMTEB-lite

While JMTEB provides a new gold standard for
the definitive evaluation of Japanese embedding
models, its scale introduces practical challenges.
The computational resources, in terms of time, cost
and energy, required to execute the full benchmark
can create a significant bottleneck in the typical
model development lifecycle. For example, evalu-
ating sbintuitions/sarashina-embedding-
v1-1b takes nearly 10 hours with a single NVIDIA
A100 GPU. The cycle is characterized by frequent
experimentation, and thus evaluation can be a big
burden if the benchmark is computationally de-
manding. To address this scalability challenge, this
section details the construction process of JMTEB-
lite, a lightweight version of JMTEB, along with
a validation of its speedup effect, fidelity and an
additional analysis of robustness.

4.1.

The primary cause of inefficiency within JMTEB
is the massive corpus size of its retrieval and
reranking tasks. For example, datasets such
as Mr.TyDi-ja and MIRACL-Retrieval, con-
tain approximately 7 million documents each, and
JAQKET consists of over 110,000 documents of
full length Wikipedia articles. The large scales of
these datasets make frequent re-evaluation com-
putationally restrictive for many researchers and
organizations.

To address this, we focus on reducing the cor-
pus size of these specific datasets by adopting the
hard negative pooling strategy, a proven tech-
nique for benchmark optimization used in MMTEB
(Enevoldsen et al., 2025). The principle behind
this strategy is that the discriminative power of a
benchmark comes not from the vast number of
irrelevant documents (easy negatives), but from
the relatively small subset of documents that are
semantically related to the query but not correct
answers (hard negatives). By selectively retain-
ing these hard negatives while filtering out easy

Construction Process
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Model #Params Time Usage by Dataset (seconds) Total Time Usage (minutes)

Mr.TyDi-ja MIRACL JaCWIR-Ret. JAQKET JaCWIR-Rer. JQaRA JMTEB JMTEB-lite Speedup
sarashine-enbedding-va-tn | 1228 | 1900 21814260 251 1149 014 2005 148 1939428 8 059 57; g ga
soow | S8 71 o424 104 dse 218 00023 65 16T 29| gy gp g
sup-sincse-ja-large 337M 77(4742;;)07 78(%91 ;;)26 67(723346 158(41 E;)OOS 87(22;;5)91 47ﬁ ;(2)74 3500 702 5.0x
yoow | 2460 80979 4S9 s 23 7025 31| 0 s s
Furi-v3-70m 70M 45(;‘5‘7X)S4 41??;?3 40(322;)82 47(41 ;3)62 60(04;;)43 31(122;)42 200.2 355 5.7x
Furi-v3-30m 37M 3?22&;17 3?%;)55 35;32;(1)60 46(11 ;3)58 54(94:;)26 28(52;(1)27 176.1 309 5.7x
B9S2 T2 25LT1 02 WBLT2 2TST2 | ggg g 4
Average of 41 models (75.0x) (63.6x) (2.1x) (1.7x) (8.5x) (1.8x) 5.1x

Table 3: Comparison of time usage for representative models on JMTEB-full and JMTEB-lite. The left
side shows the time in seconds for individual datasets, with the format “Full — Lite (speedup)”. The right
side shows the total time in minutes and the overall speedup.

JMTEB  JMTEB-lite Retain
Task Dataset
Corpus Corpus Rate
Mr.TyDi-ja 7,000,027 93,382  1.33%
. MIRACL-Retrieval | 6,953,614 105,064 1.51%
Retrieval
JaCWIR-Retrieval 513,107 302,638 58.98%
JAQKET 114,229 65,802 57.60%
. JaCWIR-Reranking 513,107 188,033 36.64%
Reranking
JQaRA 250,609 172,897 68.99%

Table 4: Comparison of corpus sizes between the
JMTEB and JMTEB-lite benchmarks for 6 reduced
datasets.

ones, we can substantially reduce the corpus size
without compromising the benchmark’s ability to
differentiate between high-performing models.
We adopt the following reduction process. First,
the reduced corpus was initialized with all “gold”
documents, which are the correct, relevant docu-
ments for every query. Then, using a set of high-
performing “oracle” models, we searched the full
document corpus for each query to retrieve the top-
k most semantically similar documents. These re-
trieved documents, which act as challenging “hard
negatives” or plausible distractors, were then added
to the reduced corpus. This method effectively cre-
ates a smaller, more efficient corpus that retains
the most difficult documents, which are crucial for
distinguishing between high-performing models.

4.2. Construction Result

We construct JMTEB-lite with the following set-
tings. We downsize 4 Retrieval and 2 Reranking
datasets with the hard negative pooling strategy.
Tab. 4 shows the result of corpus downsizing. The
other datasets are kept exactly unchanged from the
full version. For the hard negative pooling process,
we set the retrieval depth k& = 50 for retrieval and
reranking tasks, and the oracle models are desig-
nated as the 5 top-performing models on the full
JMTEB leaderboard.

We extend the empirical analysis (Enevoldsen

et al., 2025) of the hard negative pooling strategy by
conducting quantitative analyses on the speedup
effect, fidelity and robustness.

4.3. Experimental Validations

4.3.1. Settings

To enlarge the range of models involved for more
robust results, we conducted the validation process
with 41 local models including some disclosed mod-
els we have. All experiments were conducted on a
single NVIDIA A100 80GB GPU for the evaluation
of each model.

We use Pearson correlation coefficient (r) (Gupta
et al., 2024; Alam et al.,, 2025), Spearman’s
rank correlation coefficient (p) (Alam et al., 2025;
Enevoldsen et al., 2025) and Kendall’s rank cor-
relation coefficient (7) (Kendall, 1938) to quantify
the fidelity of JMTEB-lite to the full IMTEB. We ex-
pect these coefficients to be high (~ 1), meaning
good alignment between the full and lightweight
benchmarks.

4.3.2. Results

Speedup As shown in Tab. 3, JMTEB-
lite achieves a significant reduction in the com-
puting time required for evaluation. On av-
erage, across all 41 models tested, JMTEB-
lite provides a 5.1x speedup over the full
JMTEB benchmark. The evaluation time for
large models like sbintuitions/sarashina—
embedding-v2-1b can be reduced from nearly
10 hours to just over 1.5 hours.

The source of this efficiency gain becomes clear
when examining the performance on the 6 datasets
targeted for reduction, as detailed in the left part
of Tab. 3. The most substantial speedups are
observed in the largest-scale retrieval tasks. For
Mr.TyDi-ja and MIRACL-Retrieval, both of
which feature massive corpora, our downsizing
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Task Dataset Spearman Pearson Kendall

Mr.TyDi-ja 0.9946 0.9978  0.9634

) MIRACL-Retrieval 0.9913 0.9977  0.9439

Retrieval

JaCWIR-Retrieval 0.9995 1.0000 0.9927

JAQKET 0.9997 0.9999  0.9951

) JaCWIR-Reranking 0.9995 0.9997 0.9927
Reranking

JQaRA 0.9981 0.9991  0.9805

Table 5: Correlation coefficients between JMTEB
and JMTEB-lite.

yields average speedups of 75.0x and 63.6x, re-
spectively. This targeted optimization effectively
removes the primary computational bottlenecks,
transforming the benchmarking process from a pro-
hibitive, multi-hour commitment into a manageable
task suitable for rapid, iterative development.
Fidelity The primary goal of JMTEB-lite is to ac-
celerate evaluation while maintaining high fidelity
to the full IMTEB benchmark. To validate the fi-
delity of JMTEB-lite, we evaluate the 41 models with
JMTEB-lite. The results of this analysis, presented
in Tab. 5, show that the hard negative pooling strat-
egy produces a lightweight benchmark with higher
fidelity. The lite version created using the hard neg-
ative pooling strategy achieves near-perfect correla-
tions with the full benchmark. Spearman’s rank cor-
relation (p) and Pearson correlation (r) are consis-
tently above 0.99 for all datasets. While Kendall's
rank correlation (7) is slightly lower than p and r
for a few tasks, it remains at high level (7 > 0.94),
confirming a strong preservation of model rankings.
We also visualize the absolute scores in JMTEB
and JMTEB-lite in Fig. 3. We find that the absolute
scores in JMTEB-lite are highly similar to those in
JMTEB. It indicates that JMTEB-lite also faithfully
preserves the scale of absolute scores and score
gaps between models.
Robustness analysis A potential concern with
the hard negative pooling strategy used in the cre-
ation of JMTEB-lite is its reliance on a fixed set of
oracle models to identify challenging examples. As
the state-of-the-art in text embeddings advances,
the models used to construct JMTEB-lite may no
longer represent the performance frontier. A docu-
ment considered as hard negative for current mod-
els might not be a meaningful distractor for more
powerful future models. To investigate this, we
conducted a robustness analysis by varying the
set of oracle models. In detail, we intentionally
replaced the oracle models used for the construc-
tion of JIMTEB-lite (see § 4.1) from top-5 models in
the leaderboard to weaker models (models ranked
2-6, 3-7, ..., 37-41 in the leaderboard), and con-
structed corresponding lite versions. We conducted
the same fidelity verifications on these versions.
Experiments show that there is a slight decline
in fidelity as the oracle models become weaker,
yet the correlation scores remain high in all cases

Mr.TyDi-ja MIRACL-Retrieval
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Figure 3: Score correlation between JMTEB-lite
and JMTEB. Scatter plots comparing model scores
on the full JMTEB (z-axis) against scores on
JMTEB-lite (y-axis). The dashed identity line (y =
x) indicates perfect score agreement. The JMTEB-
lite scores show a tight linear correlation, confirming
high fidelity.

(p > 0.982, » > 0.988, 7 > 0.900). This analy-
sis confirms that JMTEB-lite we constructed is not
brittle. It effectively captures a diverse set of hard
negatives regardless of the specific models used
to mine them.

4.3.3. Discussion

Given JMTEB-lite’s high fidelity to the full bench-
mark, the crucial question is why both versions
are necessary. The answer lies in their distinct,
complementary purposes. JMTEB-lite is optimized
for agile development, enabling the rapid, iterative
experimentation that is core to the model develop-
ment lifecycle. In contrast, the full JMTEB is the
gold standard for final evaluation. It is designed
to simulate the challenge of real-world, web-scale
retrieval, testing a model’s robustness in a vast and
noisy information space of millions of documents.
Since strong performance on a smaller scale does
not guarantee success in such a demanding setting,
we maintain both versions to support both efficient
development and comprehensive final assessment.
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5. Conclusion

In this work, we addressed the comprehensive eval-
uation of Japanese text embeddings by introducing
JMTEB, the first large-scale, unified benchmark for
the Japanese language. Comprising 28 datasets
across 5 task families, JMTEB provides a rigorous
standard for assessing model capabilities. We con-
ducted a comprehensive evaluation of 40 models
on the benchmark to provide extensive baselines.

To facilitate agile development, we also created
JMTEB-lite, a lightweight version that achieves an
average 5.1x speedup while maintaining high fi-
delity to the full benchmark. By publicly releas-
ing JMTEB, JMTEB-lite, and associated evaluation
tools, we offer a lasting and reproducible founda-
tion to standardize the evaluation of Japanese text
embedding models, guide future research, and ac-
celerate progress within the Japanese NLP com-
munity.

6. Limitations

As we look to the future, the rapid progress of text
embedding technologies has also brought new chal-
lenges for the evaluation benchmark. We identify
the following limitations and future directions:

» Rapid progress vs. benchmark difficulty: As il-
lustrated in Fig. 2, state-of-the-art scores on the
Retrieval task surged from a 35-50 point range
to over 70 points in mid-2023 alone. This incred-
ible progress shows that tasks once considered
difficult are becoming rapidly solvable. To en-
sure the community can continue to differentiate
top-tier models and drive the next wave of inno-
vation, a critical direction for future work will be
the continuous development of more challenging
evaluation datasets that keep pace with these
ever-improving model capabilities.

» Dataset contamination and memorization: To
mitigate the possible influence of data leakage
on the effectiveness of the evaluation—given
that several Retrieval datasets (e.g., Wikipedia-
based JAQKET, MIRACL, Mr.TyDi-ja) are
likely present in many pretraining corpora—we
currently request that developers declare pos-
sible data leakage when a model is added to
our leaderboard. On the other hand, accurately
distinguishing a model’s understanding of lan-
guage from mere memorization remains an on-
going challenge. In the future, development of
novel, contamination-free datasets, as well as
determining criteria or developing techniques
(e.g., membership inference adapted for vec-
tor spaces) to automatically detect and quantify
memorization within these benchmark datasets
will be an important step to further ensure long-
term benchmark integrity.

» Dataset accessibility: Due to strict access agree-
ments (e.g., mandatory individual applications)
of some datasets, we are currently unable to
integrate certain high-quality resources, such as
the NTCIR* datasets, into the benchmark’s auto-
mated pipeline. In the future, we plan to explore
compliant ways to incorporate these restricted-
access datasets to further broaden the bench-
mark’s coverage.

+ Oracle model robustness in JMTEB-lite: While
our robustness analysis shows that JMTEB-lite’s
fidelity is stable across different sets of current
oracle models, a key long-term consideration
is its validity in the face of major architectural
breakthroughs. A future model with fundamen-
tally superior capabilities might easily solve the
“hard negatives” that challenge current models,
thus reducing the benchmark’s ability to differen-
tiate top-tier performance. To ensure JMTEB-lite
remains a challenging and relevant benchmark,
we commit to its active maintenance, which will
include periodically regenerating its corpus by
mining new hard negatives with future state-of-
the-art models.
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