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Abstract

Text embeddings are central to modern natural language processing, enabling several downstream tasks. Despite
their significance, existing evaluation frameworks primarily target English and other high-resource languages,
leaving critical gaps for languages such as Turkish. To address this, we present TR-TEB (Turkish Text Embedding
Benchmark), the first comprehensive, standardized, and reproducible benchmark for Turkish text embeddings.
TR-TEB spans five core task categories: classification, pair classification, clustering, retrieval, and semantic
textual similarity. It is supported by a diverse dataset portfolio that integrates 14 curated open-source resources,
26 high-quality translated datasets, and 7 newly constructed Turkish-specific datasets designed to capture the
language’s unique characteristics. We test our framework by comparing 45 well-known open-source embedding
models. As the first unified evaluation suite, TR-TEB serves as a core tool for the Turkish embedding research
community, establishing a systematic basis for model comparison and improvement. Furthermore, its benchmarking
methodology and dataset creation process provide a blueprint for extending robust embedding evaluation to other
low-resource languages.
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1. Introduction

Even in the era of large language models,
embedding-based systems continue to play a cen-
tral role in many natural language processing (NLP)
applications due to their effectiveness. They form
the foundation of tasks such as recommendation
systems, search engines, and retrieval-augmented
generation (RAG), where capturing semantic rela-
tionships between texts is crucial. However, eval-
uating these embeddings remains inherently chal-
lenging, as it involves representing variable-length
texts as fixed-size numerical vectors and ensur-
ing that these representations capture meaning-
ful linguistic nuances. Since embedding quality
is closely tied to the linguistic characteristics of
each language, evaluation frameworks must be
adapted accordingly. Yet current systems often fail
to meet these language-specific needs. A promi-
nent effort in this direction, the Massive Text Em-
bedding Benchmark (MTEB) (Muennighoff et al.,
2023), provides a valuable foundation with its di-
verse set of tasks, clear methodology, and extensi-
ble, community-friendly framework. However, de-
spite its claim of being multilingual, MTEB primarily
focuses on English and a few other high-resource
languages, lacking true linguistic balance. This
imbalance limits the assessment of model perfor-
mance in languages with distinct morphological,
syntactic, and semantic characteristics, such as
Turkish, which presents unique challenges due to

its agglutinative structure, rich morphology, and
flexible word order. Although MTEB is not the only
initiative targeting Turkish, existing evaluations re-
main fragmented, task-specific, and limited in scale,
hindering systematic comparison. The lack of a uni-
fied, high-quality evaluation framework for Turkish
embeddings creates a critical gap for both research
and practical applications. In this work, we intro-
duce the Turkish Text Embedding Benchmark (TR-
TEB) to address this gap. Specifically, we propose:

• A uniform evaluation suite that covers all core
tasks for monolingual embedding evaluation,
including classification, pair classification, clus-
tering, retrieval, and semantic textual similarity
(STS).

• A diverse Turkish dataset portfolio spanning
various sources, text lengths, and domains,
curated from high-quality translations of large-
scale English datasets within the MTEB frame-
work, open-source Turkish resources, and
newly curated datasets designed to fill existing
gaps.

• A standardized framework that enables sys-
tematic benchmarking and allows future re-
search to test new embedding models.
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2. Related Work

In early approaches, the evaluation of language
models has been largely driven by general Natu-
ral Language Understanding (NLU) benchmarks.
Frameworks like GLUE (Wang et al., 2019) and
SuperGLUE (Wang et al., 2020) were instrumental
in this progress. They primarily target classifica-
tion, inference, and coreference. While founda-
tional for general NLU assessment, several studies
(Poświata et al., 2024; Pham et al., 2025) note that
these frameworks are unsuitable for direct embed-
ding evaluation, as they offer limited insight into
embedding generalization and focus solely on En-
glish (Zinvandi et al., 2025). To address these gaps,
dedicated benchmarks have emerged. SentEval
(Conneau and Kiela, 2018) introduced a toolkit
for evaluating universal sentence representations,
while BEIR (Thakur et al., 2021) provided a detailed
benchmark for zero-shot retrieval. The increas-
ing capacity of models led to performance satura-
tion on earlier benchmarks like GLUE, surpassing
non-expert human levels and reducing their useful-
ness. Although specialized benchmarks such as
BEIR became retrieval standards, they lack holistic
coverage across tasks like clustering or reranking
(Muennighoff et al., 2023), leaving the evaluation
landscape fragmented.

MTEB marked a pivotal step in unifying the pre-
viously fragmented evaluation landscape. It offers
a comprehensive and standardized suite compris-
ing 58 datasets across eight core task categories,
establishing a more holistic standard for assessing
the general performance of text embedding models.
Despite its high coverage, MTEB remains predomi-
nantly English-centric, with limited dataset diversity
for other languages. This gap inspired benchmarks
tailored to specific linguistic characteristics similar
to MTEB. Notable examples include efforts for Pol-
ish (Poświata et al., 2024), Persian (Zinvandi et al.,
2025), French (Ciancone et al., 2024), Vietnamese
(Pham et al., 2025), German (Wehrli et al., 2024),
and Chinese (Xiao et al., 2024) languages. For in-
stance, C-MTEB represented a major milestone for
the Chinese language by consolidating and stan-
dardizing 35 public datasets to provide a compre-
hensive evaluation capability previously unavail-
able. These initiatives equip their NLP communities
with tools for fairer, accurate model comparisons.
In parallel, MTEB’s large-scale and community-
driven successor, the Massive Multilingual Text Em-
bedding Benchmark (MMTEB) (Enevoldsen et al.,
2025), extended coverage to over 500 tasks in
more than 250 languages. However, even wide-
ranging multilingual benchmarks like MMTEB fall
short for deep, language-specific evaluation like
Turkish. Much of the Turkish data in these frame-
works relies on unchecked machine translations,

which fail to capture the language’s morphological
richness, cultural context, and regional nuances.
Additionally, the scarcity of native Turkish datasets
and the presence of mixed English–Turkish content
hinder reliable performance measurement.

The evaluation landscape for the Turkish lan-
guage remains fragmented and ad hoc. The
scarcity of high-quality, curated datasets poses a
major challenge, forcing researchers to create cus-
tom evaluation sets or rely on inconsistent methods.
Early efforts in intrinsic evaluation underscored
this gap, leading to studies that introduced Turk-
ish datasets by manually translating English bench-
marks such as SemEval or by generating resources
addressing Turkish-specific problems like morpho-
logical relations (Agun and Yılmazel, 2020; Arslan
et al., 2023). On the extrinsic side, models are
often tested on disparate, task-specific datasets,
hindering systematic comparison. For instance,
EmbedTurk (Oytac et al., 2025) evaluated its model
on a subset of MTEB tasks such as STS and re-
trieval, while another study (Ezerceli et al., 2025) fo-
cused on Turkish information retrieval and reported
achieving state-of-the-art results, yet the absence
of a unified evaluation protocol and comprehensive
evaluation across core tasks continues to hinder
progress in the field.

Recent concurrent work has introduced TR-
MTEB (Baysan and Gungor, 2025), which estab-
lishes a Turkish embedding benchmark featuring
26 datasets and contributes newly trained Turkish
embedding models. While TR-MTEB provides a
highly valuable contribution to the field, our work
TR-TEB, offers a more extensive and novel evalua-
tion framework. A primary distinction lies in the
overall scope; TR-TEB evaluates a significantly
broader portfolio of 47 datasets, compared to the
26 datasets featured in TR-MTEB. Furthermore, for
the machine-translated portions of the benchmark,
TR-TEB utilizes the highly capable GPT-4o-mini
model to ensure strict structural consistency and
linguistic accuracy. In contrast, TR-MTEB relied on
a smaller 8-billion parameter model (Aya-expanse)
(Dang et al., 2024) to translate its datasets due
to computational constraints. While both bench-
marks utilize machine-translated data to expand
task coverage, TR-TEB addresses the limitations
and cultural biases of translated texts by curating
7 entirely novel, native Turkish datasets. These
datasets were built from scratch to capture the
unique morphological rules and cultural context
of the language, an aspect that is harder to mea-
sure when relying primarily on translated resources.
Crucially, TR-TEB tests much larger and more com-
plex architectures, scaling up to 9.2 billion param-
eters with models like BGE-Multilingual-Gemma2
and Qwen3-Embedding-8B. By testing these larger,
top-tier models and utilizing a more advanced LLM
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for dataset curation, TR-TEB is able to accurately
capture scaling laws and provide a more compre-
hensive evaluation standard for Turkish text embed-
dings.

3. Methodology

Benchmarks evaluate models across multiple as-
pects of their capabilities. A robust benchmark care-
fully designs its methodology and ensures dataset
diversity to function as a general evaluation frame-
work. Accordingly, TR-TEB standardizes the evalu-
ation of text embedding models through a system-
atic approach encompassing task selection, metric
design, and dataset curation. Tasks are selected
to comprehensively capture monolingual evalua-
tion, and appropriate metrics are defined for each.
Identified issues in existing Turkish datasets are
addressed by standardizing formats, curating new
resources when necessary, and translating addi-
tional open datasets with an error-checking mecha-
nism. To prevent data contamination, only the test
subsets of open-source datasets are used for eval-
uation. The embedding models are selected based
on their significance to the Turkish AI community to
demonstrate their practical value and feasibility. All
sentence embeddings are computed using the Sen-
tenceTransformers (Reimers and Gurevych, 2019)
library.

3.1. Tasks
TR-TEB assesses performance across five types of
tasks: classification, pair classification, clustering,
retrieval, and STS. Each task is structured for a spe-
cific objective, accepts input in a predefined format,
and produces discrete labels or continuous scores.
A primary evaluation metric is assigned to each
task to ensure results are easily comparable across
models. This task and metric selection aligns well
with established literature and other benchmarks
such as MTEB (Muennighoff et al., 2023). Metrics
other than the primary metric are also calculated;
however, only the primary metric is taken as the
decisive measure.

3.1.1. Classification

This task assesses the quality of sentence embed-
dings for single-text categorization. The evaluation
is conducted using Supervised Probing with Logis-
tic Regression, which is a form of lightweight super-
vised assessment. It measures how discriminative
the embeddings are by using them as features to
train a simple Logistic Regression model on the
task’s training split. This approach serves as an
indicator of the general-purpose representational
power of the embeddings. Accuracy is chosen

as the primary performance metric, as it empha-
sizes the overall rate of correct predictions across
all classes. This choice is especially suitable for
benchmark datasets in which class distributions
are treated as balanced or where maximizing total
correctness is the main objective.

3.1.2. Pair Classification

This task assesses a model’s ability to capture the
binary relationship between two distinct texts: re-
lated or unrelated. It is crucial for paraphrase iden-
tification and Natural Language Inference (NLI) ap-
plications. Performance is evaluated using two dis-
tinct approaches to provide a comprehensive view
of the embedding quality. First, logistic regression
is used, where the embeddings of sentence pairs
are concatenated into single feature vectors in the
[u, v, |u − v|] format, and a Logistic Regressor is
trained on the task’s training split. Concurrently, a
zero-shot threshold accuracy method is employed,
where we calculate the cosine similarity between
the two sentence embeddings and compute the
maximum accuracy achievable by selecting the
optimal threshold on the development split. This
zero-shot approach measures the intrinsic seman-
tic distance captured by the embeddings without
any task-specific training. The primary reported
metric for this task is the threshold accuracy, as it
directly reflects the model’s intrinsic power to sepa-
rate the two classes based purely on cosine similar-
ity, which aligns with standard zero-shot embedding
benchmarks.

3.1.3. Clustering

This task assesses the quality of embeddings in
an unsupervised setting by evaluating how effec-
tively a model can group semantically similar texts
without relying on explicit label information. This is
a critical test of a model’s intrinsic ability to induce
meaningful structure in the vector space, where
the distance between embeddings should directly
reflect the semantic similarity between texts. In
the evaluation, MiniBatchKMeans (Sculley, 2010)
finds k clusters, k being the number of ground-
truth classes. Then V-Measure (Rosenberg and
Hirschberg, 2007) takes the harmonic mean of ho-
mogeneity (where clusters contain only members of
a single class) and completeness (where all mem-
bers of a given class are assigned to the same
cluster), thereby providing a balanced and robust
assessment of clustering quality.

3.1.4. Retrieval

The retrieval task evaluates the zero-shot infor-
mation retrieval capability of the models, which
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Figure 1: Overview of the TR-TEB evaluation framework with task distribution and dataset taxonomy.

is essential for applications such as search en-
gines and question answering systems. Nor-
malized Discounted Cumulative Gain at k=10
(nDCG@10)(Järvelin and Kekäläinen, 2002) is se-
lected as the primary metric. It measures how accu-
rately the model can rank a set of documents based
on a given query, using only the cosine similarity
between the query embedding and the document
embeddings. It is a rank-aware metric that penal-
izes retrieving relevant documents at lower ranks
more severely than at higher ranks, thus capturing
the true performance of a search system where
users typically only examine the top few results.

3.1.5. Semantic Textual Similarity (STS)

This task requires models to predict the continuous
degree of semantic equivalence between two sen-
tences, often scored on a scale from 0 to 5. This
is the most fine-grained semantic task, measur-
ing the model’s ability to capture nuanced seman-
tic relationships beyond simple categorical judg-
ments. The evaluation is conducted by correlat-
ing the model’s predicted similarity scores (derived
from the cosine similarity of the sentence embed-
dings) against the human-annotated ground-truth
scores. Spearman’s Rank Correlation Coefficient
(Spearman Correlation) is selected as the primary
metric because it is a non-parametric statistic that
measures the strength and direction of the mono-
tonic relationship between the predicted and true
scores. It is ideal as it focuses on whether the
model correctly ranks the sentence pairs by simi-
larity, rather than the absolute difference between
the predicted and true scores.

3.2. Datasets
One of the fundamental steps in making TR-TEB a
comprehensive benchmark is establishing a robust
dataset portfolio that reflects the specific challenges
of the Turkish language and still aligns with the glob-
ally recognized methodologies. TR-TEB datasets
are selected based on the tasks and benchmarks
commonly used in evaluations of state-of-the-art
(SoTA) embedding models with high impact, such
as BGE (Chen et al., 2024), Jina (Sturua et al.,
2024), Qwen (Zhang et al., 2025), GTE (Zhang
et al., 2024), E5 (Wang et al., 2024) and Embed-
dingGemma (Vera et al., 2025). This approach
ensures that the results are comparable with the
literature. Prior to dataset inclusion, each dataset’s
license was carefully reviewed for compatibility with
open research and redistribution. Datasets with un-
clear, restrictive, or non-permissive licenses were
excluded from TR-TEB to maintain ethical and le-
gal integrity. Afterwards, following dataset selection
based on license considerations, the dataset port-
folio is divided into three primary categories: open-
source datasets, translated datasets, and curated
datasets. A statistical breakdown of the datasets,
including the number of instances and sentence
lengths, is provided in Table 1. Also, the selec-
tion targets provide comprehensive coverage for
each task. An overview of the dataset and task
categorization is given in Figure 1.

3.2.1. Open Source Datasets

A Turkish subset of open-source MMTEB and Hug-
ging Face datasets is referred to as the open-
source datasets in this study. These datasets
are mostly included as is since MMTEB accepts
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Dataset
Name

Number of
Instances

Average
Character Lengths

Translation
Error Rate

Belebele (Bandarkar et al., 2024) 900 ; 488 71.56 ; 489.04 -
XQuad (Artetxe et al., 2019) 1,184 ; 240 60.88 ; 788.30 -
WebFAQ (Dinzinger et al., 2025) 10,000 ; 144,846 41.72 ; 254.48 -
TurHistQuAD (Soygazi et al., 2021)* 14,221 ; 2,149 66.87 ; 714.53 -
WikiRAG-TR (Usta, 2024) 5,725 ; 23,012 74.24 ; 699.16 -
Arguana (Wachsmuth et al., 2014)* 1,394 ; 1,394 1179.04 ; 426.25 0.64%
Touche2020Retrieval v3 (Thakur et al., 2024)* 49 ; 2,729 45.31 ; 2885.80 0.11%
Scidocs (Cohan et al., 2020)* 29,592; 29,128 75.01 ; 621.08 1.63%
HotpotQA (Yang et al., 2018)* 14,777 ; 14,777 92.15 ; 292.86 4,59%
SpartQA (Mirzaee et al., 2021)* 3,486 ; 489 612.46 ; 33.17 0.01%
TREC-COVID (Roberts et al., 2021)* 50 ; 64,756 69.68 ; 708.59 1.21%
Scifact (Wadden et al., 2020)* 1,107 ; 10,331 92.92 ; 766.94 0.33%
NFCorpus (Boteva et al., 2016)* 2,175 ; 3,556 25.58 ; 807.80 1.11%
CC-Complaint 44,098 ; 44,098 53.08 ; 561.96 -
MassiveIntent (FitzGerald et al., 2022)* 2,974 34.81 0.32%
Massive Scenario (FitzGerald et al., 2022)* 2,974 34.81 0.30%
SIB200Classification (Adelani et al., 2024) 701 134.51 -
TurkishProductSentiment (Ayhan, 2022) 4,800 247.75 -
TurkishMovieSentiment (Demirtas and Pechenizkiy, 2013)* 7,972 141.03 -
GeneratedNewsTopics (Diaz, 2024; Wang et al., 2023) 3,595 424.00 0%
TwitterFinancialNewSentiment (zeroshot, 2022) 9,543 85.82 10.93%
IMBD (Maas et al., 2011)* 24,904 1,326.45 0.09%
Banking77 (Casanueva et al., 2020)* 9,993 59.50 0.31%
TweetSentiment (Maggie, 2020)* 26,732 73.31 1.76%
WikiFactual 50,000 332.50 -
WikipediaHierarchicalParent 49,989 1,368.70 -
WikipediaHierarchicalChild 49,989 1,368.70 -
CCHierarchicalParent 4,903 5,031.06 -
CCHierarchicalChild 4,903 5,031.06 -
XNLI (Conneau et al., 2018) 1,365 76.43 -
XNLI v2 (Upadhyay and Upadhya, 2023)* 1,365 75.72 -
TwitterSamEval2015 (Xu et al., 2015)* 16,777 44.69 8.30%
GLUE-RTE (Wang et al., 2019) 2,490 271.45 0.33%
STS 12 (Agirre et al., 2012) 2,997 65.77 2.19%
STS 13 (Agirre et al., 2013) 1,472 58.76 1.27%
STS 14 (Agirre et al., 2014) 3,627 59.48 1.95%
STS 15 (Agirre et al., 2015) 2,959 59.57 0.77%
STS 16 (Agirre et al., 2016) 1,143 66.34 1.94%
STS 17 (Cer et al., 2017) 244 43.32 0.00%
STS 22 (Chen et al., 2022) 196 2703.80 1.14%
STS 22 TUR (Chen et al., 2022) 208 1979.98 -
T-STS 522 61.80 -
Arxiv s2s (arXiv.org submitters, 2024)* 726,569 74.16 0.53%
Arxiv p2p (arXiv.org submitters, 2024)* 732,423 1011.99 0.04%
Medrxiv* 17,606 114.98 0.21%
TwentyNewsGroup (Mitchell, 1997) 52,536 36.45 3.60%
SIB200Clustering (Adelani et al., 2024) 1,004 133.61 -

Table 1: Dataset properties. The statistics of the retrieval task datasets are given in pairs, respectively,
as query and corpus. Note. * Indicates the dataset is also referenced to MTEB and MMTEB (Enevoldsen
et al., 2025; Muennighoff et al., 2023).

datasets with clear task definitions, high-quality
standards, and community validation, making it
the most suitable foundation for a Turkish-specific
benchmark. In the selection, MMTEB datasets
already containing verified Turkish subsets are pri-
oritized. The selection is grounded in MTEB’s rig-
orous standards, robust evaluation metrics, bal-
anced splits, broad linguistic/domain coverage, re-
producibility, fairness, meaningful benchmarking
across model scaling laws, and varied task difficulty.
Since the Turkish subsets in multilingual datasets
play a critical role in producing valid and reliable
results, this study implements an additional layer
of quality control. This involves carefully check-
ing content appropriateness, linguistic accuracy,
and alignment with the original dataset intent. Any

low-quality, misaligned, or inconsistent subsets are
either filtered out entirely or carefully re-worked,
translated, or adjusted to maintain the integrity of
the evaluation. Texts that meet strict quality criteria
are incorporated directly into the dataset, ensur-
ing the benchmark remains high-quality and repre-
sentative of Turkish language and domain-specific
characteristics. This approach ensures that evalua-
tions accurately reflect model performance without
noise or inconsistencies.

3.2.2. Translation

Similar to the open-source datasets, this subset
is drawn from widely used open-source resources
and MMTEB datasets. However, the language crite-
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ria are not applied in this subset. The datasets are
carefully selected based on task diversity and their
high impact among SoTA embedding models, and
then translated into Turkish. This step is crucial for
incorporating resources from other languages into
TR-TEB, and a total of 26 datasets were translated
across all defined tasks to ensure high coverage.
The translation process is performed using GPT-
4o-mini (OpenAI, 2024) model and applied across
all text fields excluding text formatted labels, result-
ing in approximately 300 million translated tokens.
Multiple large language models (LLMs) with estab-
lished multilingual capabilities are evaluated to iden-
tify the model that achieves the best performance
while maintaining minimal computational time and
cost overhead. All samples are translated while
preserving their original structure, labels, and rela-
tional consistency. To ensure the quality and fidelity
of the translated data, TR-TEB implements a dedi-
cated Translation Quality Checker module. Each
translation undergoes a multi-stage automated val-
idation process. This process detects erroneous
translations with respect to the defined six cate-
gories: word count error, wrong language error,
unwanted character error, and translation artifact.
The module flags translations that fail these checks
for re-translation or human review, ensuring that the
final datasets remain structurally consistent and lin-
guistically accurate. The resulting Turkish datasets
closely mirror their English counterparts, and the
high quality of the translations ensures reliable eval-
uation. Further details on the module and translator
model selection are provided in Appendix A.

3.2.3. Curated Datasets

Even though the available open source datasets,
both taken as-is and translated, are standard and
high quality, there are areas in which they are in-
adequate. Cultural differences and biases, the in-
formation gaps in Turkish texts and English texts
create a need for language-specific, naturally occur-
ring datasets that represent the targeted language
better than other options. Certain datasets include
examples of this type, which are collected specifi-
cally for the Turkish language as a subset. However,
more examples are needed to have a comprehen-
sive benchmark. To compensate for this, an at-
tempt is made to create datasets for different tasks.
In this part, available data sources, Wikipedia and
Common Crawl (Crawl), are used as a seed mech-
anism to generate tailored datasets with custom
methods, which resulted in seven unique datasets.
For all of the datasets, a novel contribution is made,
such as class generation or expert labeling, to en-
sure that the contamination rate for datasets, in-
cluding the common training corpora, is minimized.

Turkish Wikipedia Factual Classification
Dataset: The factual understanding of the
language-specific information is determined as
one of the improvement areas in the benchmark
study. To test the model’s factual knowledge, a
binary classified dataset is formed with partial
replacement of the named entity recognition (NER)
components, which are taken from random Turkish
Wikipedia article chunks. For each chunk, 23 differ-
ent categories of components are manually chosen
and then GliNER (Zaratiana et al., 2023) is used to
detect and remove these components. A chosen
percentage of the chunks’ NER components are
partially replaced with a random NER within the
same component category. The replaced chunks
are labeled as false, to indicate there is false
information, and non-replaced as true. One of the
potential drawbacks of this dataset is that some
information in Wikipedia pages can be too specific,
and hence, the maximum success rate might be
lower than a full success rate.

Turkish Wikipedia Hierarchical Topic Classifi-
cation Dataset: Another dataset is designed for
topic classification based on the available topics
that are present in the user-labeled categories in
Wikipedia pages. Instead of deciding on the topic
with the text itself, these user-defined categories
are structured so that all of them are hierarchically
dependent on one or more main topics. After a rig-
orous filtering of categories not relevant to the text,
such as “Alive People”, is done, the page title and
the remained categories are given Gemma 3 12B
(Team et al., 2025) LLM to classify the page into a
predefined main and sub-categories. The prede-
fined categories are decided from Wikipedia’s own
main and one level subcategories, which results in
a total of 8 main and 117 sub-categories. Main and
sub-category labels are treated as separate labels
in the final dataset.

Turkish Common Crawl Hierarchical Topic Clas-
sification Dataset: A similar method is used to
create a dataset of Turkish Common Crawl texts.
Common Crawl datasets include a wide variety
and a large number of documents across the web.
Since these datasets are not labeled with any user-
defined categories, a synthetic labeling process is
applied to create main and sub-categories. The
labeling process is done with Gemma 3 12B (Team
et al., 2025) LLM. The prompt is designed so that
the model remembers the past assigned parent
and child categories and decides on if there is a
need to create a new category for each new text or
to use an existing category. As a result, a randomly
sampled subset of Common Crawl documents is
chunked and labeled with a parent and a related
child category synthetically. It is expected that the
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uniqueness of categorizations in the dataset will
prevent any contamination effects, since Common
Crawl is one of the main training data sources for
most of the models in the masked language mod-
eling (MLM) training phase.

Turkish-STS (T-STS): The scarcity of high-
quality Turkish evaluation resources creates a need
for a novel STS dataset. This curated dataset was
created through a seed sentence selection process
from a diverse Turkish web corpus. Initially, raw
text is segmented into candidate sentences. Each
candidate was then filtered for semantic integrity
using a protocol that enforced strict constraints on
word count (4-10), punctuation, and capitalization.
Furthermore, heuristics were applied to filter out
malformed or boilerplate content by checking char-
acter ratios and forbidden patterns. The final high-
quality seeds were then sampled randomly across
21 distinct topics to ensure broad thematic cover-
age.

A hybrid generation strategy was employed for
the dataset’s creation. After a comparative evalu-
ation of several models, GPT-4.1 (OpenAI, 2025)
was selected for its ability to generate pairs with
high linguistic quality and semantic accuracy in line
with the target scores. For nuanced semantic re-
lationships (scores 1-5), the model is prompted to
generate a counterpart for a given seed sentence,
based on a detailed rubric with annotated examples
and diversity constraints. Conversely, dissimilar
pairs (score 0) were generated deterministically by
pairing sentences from mutually exclusive topics,
ensuring semantic opposition.

The entire corpus was validated by at least three
human experts per pair. An analysis was performed
to measure the Pearson correlation between the
model’s generated STS score and the resulting hu-
man annotations. After a quality control phase to
discard pairs with grammatical or semantic flaws,
the final ground-truth score was determined by av-
eraging the remaining human ratings. Even though
the contents are generated, personally identifiable
information (PII) still exists in the text if the seed text
included it. The annotators removed any PII-related
information in the process. This comprehensive
process certifies the dataset’s fidelity, establishing
it as a reliable resource for model evaluation.

CommonCrawl Complaints Dataset: Most of
the complaint sites are a great source of text pairs
structured as the complaint title and the text of the
complaint. To curate a novel retrieval dataset, the
crawls of known Turkish complaint sites in Common
Crawl are used to construct a dataset. The titles
are marked as queries, and the complaint texts are
taken as the corpus. Several checks are done, such
as NER detection and regex matching to ensure PII

does not appear in the text. One downside of this
dataset is that the complaints are, in some cases,
too similar to each other when the given context in
the complaint is shallow. Since the dataset consists
of a summary-like title and a main body, it evaluates
models from a unique perspective that title-abstract
datasets cannot capture.

3.3. Models
Embedding models are a derivation of the Trans-
former architecture for the specific use case of turn-
ing text into numerical representations. Since the
appearance of BERT (Devlin et al., 2019) model
family in the literature, encoder-only models have
emerged as a usable architecture in several areas.
These models use the encoder module in the ar-
chitecture to extract features, which are then used
for downstream tasks such as retrieving, search-
ing, or classifying text. BERT models are trained
with MLM to understand the token similarities. The
model training steps usually follow a similar ap-
proach. First, the base embedding models are
trained with MLM or similar methodologies with raw
text from sources like Common Crawl. Then, to
increase the semantic understanding capabilities
of the model, a contrastive learning approach is
used with pairs or triplets of text. This stage helps
model in downstream tasks greatly and has been
the main driver of trsentence embedding models.
After this stage, models like BGE-M3 use a fine-
tuning approach specific to downstream tasks. Ad-
ditionally, architectures like Jina Embeddings v3
use adapters for each downstream task to increase
the performance after the finetuning stage. Model’s
maximum context length, embedding dimensions
and the total number of parameters are commonly
used to represent the general model architecture
and performance capability. For most applications,
the maximum context length of models plays a cru-
cial role, as it directly limits the length of the text
that can be processed. Models usually have be-
tween 384 and 8192 tokens of context size, though
this number increases as the model landscape de-
velops. Embedding dimensions determine the fi-
nal dimension of the representation vector. A new
methodology called the Matryoshka Embedding
(Kusupati et al., 2024) can introduce new loss com-
ponents for lower embedding dimensions to be us-
able. For this benchmark study, base embedding
models and sentence embedding models that are
trained on Turkish data are used for comparison.
Base embedding models, as expected, perform
worse in these tasks than sentence embedding
models. Even though embedding models are not
LLMs, they still can include prompt engineering in
their training cycles to route the model for down-
stream tasks, and are suggested to be used by the
model providers. To be compatible with provider
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Model Params Max Seq Embed Dim Mean (Task Type) Classification Clustering STS Retrieval Pair Class.
Qwen3-Embedding-8B 7.6B 40960* 4096 64.58 80.86 37.74 76.30 59.62 68.39
Jina-Embeddings-v3 572M 8194 1024 64.18 80.17 36.76 79.31 57.90 66.73
BGE-m3 568M 8192 1024 63.76 80.15 30.24 77.08 59.30 72.04
Qwen3-Embedding-4B 4.0B 40960* 2560 63.72 80.13 36.83 75.53 57.88 68.22
BGE-Multilingual-Gemma2 9.2B 8192* 3584 63.02 81.81 38.73 76.76 48.24 69.56
GTE-multilingual-base 305M 8192 768 62.87 77.96 35.38 76.09 55.44 69.50
Multilingual-E5-Large 560M 512 1024 62.61 75.48 34.28 75.85 58.57 68.85
Snowflake-Arctic-Embed-L-v2.0 568M 8192 1024 61.06 78.52 30.48 74.18 56.78 65.34
Multilingual-E5-Base 278M 512 768 60.39 73.82 29.70 73.58 56.79 68.09
Jina-Colbert-v2 559M 8194 1024 59.64 78.20 27.25 76.82 41.71 74.24
Multilingual-E5-Small 118M 512 384 59.20 71.53 30.16 72.69 55.40 66.19
Qwen3-Embedding-0.6B 596M 32768** 1024 59.13 75.95 33.18 70.21 50.81 65.48
Granite-Embedding-278M-Multilingual 278M 512 768 56.36 72.68 28.75 67.95 49.87 62.52
YTU-CE-Cosmos-Turkish-Large-Bert-Cased 337M 1024 1024 45.95 67.70 21.74 54.08 23.70 62.54
XLM-Roberta-Large 560M 512 1024 33.02 40.35 13.49 42.47 8.54 60.24
XLM-Roberta-Base 278M 512 768 31.74 40.13 12.25 41.35 3.59 61.38

Table 2: Turkish Embedding Model Benchmark Results. Scores are averaged across all tasks in each
category. Models are sorted by overall score. Entries marked (*) and (**) were evaluated with context
size limitations of 4,096 and 8,192 tokens, respectively. Model names correspond to their Hugging Face
identifiers.

implementations, task-specific prompts or adapter
activations are done for each task separately in the
benchmark runs. This ensures that each model
uses the correct settings for model inference. In
some instances, the prompts or adapters can also
be separately defined for the embedding of queries
and documents in the retrieval task. The bench-
mark currently lacks native support for ColBERT-
type models, which produce multi-vector repre-
sentations per input. As a representative of this
model type, Jina-ColBERT V2 (Jha et al., 2024)
is included in this study; however, the implemen-
tation relies on single-vector representations with
cosine similarity rather than the model’s intended
multi-vector inference procedure. Because of the
resource constraints three of largest model’s (BGE-
Multilingual-Gemma2, Qwen3-Embedding-4B and
Qwen3-Embedding-8B) context sizes are limited to
4096 tokens.

4. Observations and Findings

To ensure TR-TEB provides a reliable evaluation,
its curated dataset portfolio underwent a rigorous
data and model-driven validation. The analysis con-
firms that the benchmark is sensitive to key model
characteristics such as scale, context length, and
task specialization, making it suitable for nuanced
evaluation of Turkish text embedding models. The
results are presented in Table 4. Extensive results
that include other known models are included in
Appendix B.

4.1. Correlation with Model Scale and
Complexity

A fundamental indicator of a benchmark’s validity
is its ability to reflect performance gains from in-
creased model complexity, a principle known as
scaling laws (Kaplan et al., 2020). The TR-TEB
results consistently demonstrate this correlation

across different model families, confirming that the
benchmark is sufficiently challenging to reward the
enhanced representational capacity of larger mod-
els.

For instance, within the Qwen3 series, a clear
scaling trend is evident. Qwen3-Embedding-4B
(4B parameters) scores 63.72, and increasing
the model size to the 7.6B-parameter Qwen3-
Embedding-8B results in a higher score of 64.58.
Both of these models significantly exceed the
0.6B variant (596M parameters, 59.13), creat-
ing a substantial gap of 4.59% between the
largest and smallest models. A similar pattern
emerges in the Multilingual-E5 family: the largest
variant, Multilingual-E5-Large (560M parameters),
achieves 62.61, slightly above Multilingual-E5-
Base (278M parameters, 60.39), while both notably
outperform Multilingual-E5-Small (118M parame-
ters, 59.20). These hierarchical scores based on
parameter count consistently reinforce the sensitiv-
ity of TR-TEB to model scale.

4.2. Sensitivity to Context Length and
Architecture

The benchmark includes long-text datasets, STS22
(avg. 350 words), Touche 2020 Retrieval v3 (avg.
234 words), and IMDB Classification (avg. 234
words), to probe the context window size of em-
bedding models. Models with extended contexts
consistently outperform context-limited ones (512
tokens) on long-text datasets, regardless of model
size, with smaller models gaining substantially and
larger models benefiting from both scale and ex-
tended context size. Notably, BGE-m3 (568M pa-
rameters, 8K context) and Multilingual-E5-Large
(560M parameters, 512 context) have similar scale
but vastly different context windows, highlighting
context size as one of the key performance factors.
For another perspective on model design, Jina-
Embeddings-v3 (64.18) and BGE-m3 (63.76) are
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compared: both use XLM-RoBERTa-large (Con-
neau et al., 2020) with 8192 input length but differ
in positional embeddings (Rotary vs. Absolute re-
spectively). Their similar performance shows that
the benchmark evaluates architectural differences
and holistic quality (training data, methodology).

4.3. Task-Specific Differentiation
The benchmark results reveal that while Qwen3-
Embedding-8B (Zhang et al., 2025) emerges as
the top overall performer, no single model domi-
nates across all task categories, highlighting dis-
tinct model specializations. Qwen3-Embedding-8B
leads with an overall score of 64.58 and secures
the highest score in Retrieval (59.62) indicating its
robust embedding capabilities.

A clear performance trade-off is evident between
symmetric and asymmetric tasks. For instance,
Jina-Embeddings-v3 is the leader in the symmetric
STS task (79.31) but performs moderately in asym-
metric retrieval (57.90). This specialization is even
more pronounced in Jina-ColBERT V2 (Jha et al.,
2024), which excels at Pair Classification (74.24)
while recording one of the weakest retrieval scores
(41.71). However, it should be noted that the ap-
proximated single-vector implementation used for
ColBERT-type models may partly account for these
divergent results. Conversely, top retrieval mod-
els like Qwen3-Embedding-8B underperform on
symmetric tasks. This persistent pattern suggests
that architectural and training optimizations for sym-
metric similarity differ significantly from those for
asymmetric search, underscoring that improving
performance in one often compromises generaliza-
tion to the other.

No single model dominates across all tasks,
which shows the benchmark effectively evaluates
different dimensions of embedding quality. This
underscores the importance of selecting models
based on their performance in the tasks that best
reflect an application’s nature, rather than relying
solely on overall scores. These performance pat-
terns reveal how model architectures and training
objectives shape embeddings for particular down-
stream uses, further reinforcing the need for com-
prehensive, language-specific evaluation tools.

5. Conclusion

This study introduced TR-TEB, the first comprehen-
sive benchmark designed to evaluate Turkish text
embedding models across five fundamental NLP
tasks. Through rigorous data and model-driven val-
idation, findings confirm that TR-TEB reliably cap-
tures key model characteristics, including scaling
behavior, architectural choices, and context length
capabilities. Larger models consistently outper-

form smaller ones, demonstrating that the bench-
mark is sensitive to representational capacity, while
long-text datasets effectively differentiate models
based on context window size. Moreover, task-
specific results reveal clear distinctions in model
strengths and weaknesses, highlighting that no sin-
gle model excels across all tasks and underscoring
the benchmark’s ability to probe complementary
embedding capabilities. These insights establish
TR-TEB as a robust, versatile tool for evaluating
and comparing Turkish text embeddings, support-
ing both model development and applied NLP re-
search. Beyond its immediate contributions, this
benchmark represents a foundational step toward
scalable, language-specific evaluation frameworks
for low-resource languages, providing a template
that can be extended to other linguistic contexts
and encouraging more equitable progress in global
NLP research.

6. Ethical Considerations, Bias and
Limitations

Open-source and API-based large language mod-
els are used within this study to translate existing
datasets and generate samples for benchmarking
purposes. Due to the nature of these models, sev-
eral ethical considerations must be made to ad-
dress potential inherent biases. The models ex-
hibit biases stemming from their training data and
methodologies. Model providers attempt to miti-
gate these biases through dataset curation, output
filtering, and alignment techniques such as RLHF;
however, the scale and diversity of training sources
makes this a challenging task. Furthermore, model
providers do not share full details about their data
sources, training methodologies, or safety precau-
tions. Therefore, generated content may include
biases that are difficult to detect using rule-based
filtering methods. While detection by human ex-
perts is theoretically possible, it is infeasible given
the large volume of samples.

Another implication of these biases in bench-
marking is the potential advantage of models
with similar architectures or training data distribu-
tions, although this effect may be limited given the
methodological diversity among embedding mod-
els and LLMs. Translations were performed using
a proprietary model, while this work evaluates only
open-source models, which may reduce the risk
of architectural overlap and associated bias. Data
contamination also poses a risk, as the original
untranslated datasets may have been included in
the training data of the evaluated models. Since
training runs sometimes incorporate publicly avail-
able test sets and providers may not fully disclose
their training data sources, the extent of such con-
tamination cannot be verified. Although curated
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datasets were incorporated to mitigate these ef-
fects and better approximate the target distribution,
these potential sources of bias should be consid-
ered when interpreting the benchmark results.
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Original GPT 4o-mini Qwen 3 32B Llama 3.1 8B Gemma 3 27B Aya Expanse 32B Aya Expanse 8B
do i have enough gas
in my car to make it to
dallas

Arabamda Dallas’a
ulaşmak için yeter-
ince benzin var mı?

arabamda yeterli ben-
zin var mı Dallas’a
varabilmek için

arabamda dallas’a
varmak için yeterli
benzin var mı?

Arabamda Dallas’a
gitmek için yeterli
benzin var mı?

Arabamda Dallas’a
gitmek için yeterli
benzinim var mı?

Arabamın Dallas’a git-
mek için yeterli ben-
ziyor mu?

can i order takeaway
dinner from byron’s

Byron’s’tan paket
yemek siparişi vere-
bilir miyim?

byron’dan akşam
yemeği alabilir miyim

Byron’dan takeaway
akşam yemeği sipariş
edebilir miyim?

Byron’dan paket
akşam yemeği sipariş
edebilir miyim?

Byron’dan yemek
siparişi verebilir
miyim?

Byron’dan yemek
siparişi verebilir
miyim?

show me the answer
for this problem two
hundred and forty six
plus six hundred and
fifty four

Bu problemin cev-
abını göster: iki yüz
kırk altı artı altı yüz
elli dört.

bu sorunun cevabını
göster, iki yüz kırk
altı artı altı yüz elli
dört

iki yüz kırklı altı plus
altı yüz elli dört

Bu problemin cev-
abını göster: iki yüz
kırk altı artı altı yüz
elli dört

iki yüz kırk altı artı altı
yüz elli dört

246 + 654 = 900

i feel intimidated
nervous and over-
whelmed and i shake
like a leaf

Kendimi tehdit
altında, gergin ve
bunalmış hissediy-
orum ve bir yaprak
gibi titriyorum.

korkuyorum, sinirliyim
ve bastırıcı hissediy-
orum ve yaprak gibi
titriyorum

Korku duyuyorum,
sinirleniyorum ve
üzerime bir yük var.
Öfkeye kapılmış gibi
hissediyorum.

Kendimi sindirilmiş,
gergin ve bunalmış
hissediyorum ve
yaprak gibi titriyorum.

Kendimi sindirilmiş,
sinirli ve üstüm-
den gelen bir baskı
hissediyorum ve bir
yaprak gibi titriyorum.

Kendimi tehdit altında,
gergin ve aşırı yüklen-
miş hissediyorum ve
yaprak gibi titriyorum.

i thought maybe once
i started running i
would feel ok

Koşmaya başladık-
tan sonra belki iyi
hissederim diye
düşündüm.

koşmaya başladığım
anda iyi hissede-
ceğimi düşünmüştüm

koşmaya başladığım
zaman iyi hissede-
ceğimi düşünüyordum

Koşmaya
başladığımda iyi
hissedeceğimi
düşündüm belki.

Belki koşmaya
başladığım zaman
kendimi iyi hissede-
ceğimi düşündüm

Koşmaya başladığım
zaman iyi hissetm-
eye başlayacağımı
düşündüm.

Table 3: Full Turkish translation outputs from each model. Bold notated cells denote higher translation
quality with respect to other models.

8. Appendices

A. Translation Quality Checker and
Model Selection

Translation quality checker evaluates translations
using a set of predefined rules designed to detect
common errors without relying on semantic analy-
sis, which would incur higher computational cost.
The evaluation consists of the following checks:
(1) language detection to verify that the translation
matches the intended target language (2) the pres-
ence of non-ASCII characters (3) the ratio of words
in the translated text. If this ratio is below 0.5, the
same threshold is recalculated after removing aux-
iliary words from the source text. This adjustment
accounts for the agglutinative structure of Turkish
and the higher use of auxiliary words in English
(4) common artifact patterns introduced by LLMs
despite prompt constraints.

A violation of any rule indicates low translation
quality. Such cases are retried up to two times, after
which the translation is discarded if it continues to
fail.

Among the highest-performing multilingual mod-
els, six candidates of varying sizes were selected
for evaluation as translation models. Based on
these results, along with additional examples as-
sessed through human review, GPT-4o mini demon-
strated the strongest overall performance.

Although certain models achieved comparable or
occasionally superior results on specific examples,
GPT-4o mini consistently outperformed the others
on average, maintaining a clear overall advantage.
The comparison is reported in Table 3.

B. Extensive Benchmark Results

Beyond the results reported in the paper, popular
Hugging Face models, including both embeddings
and BERT-based models, are evaluated across all
datasets. This provides a comprehensive outlook
on the general performance of models on Turkish
language. The complete benchmark results and a
scatter plot comparing the model size and perfor-
mance are presented in Table 4 and Figure 2.
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Model Parameters Max
Seq

Length

Embedding
Dim

Classification Clustering STS Retrieval Pair
Classifi-
cation

Mean
(Task-
Type)

Mean
(Dataset)

Qwen3-Embedding-8B 7.6B 40960* 4096 80.87 37.75 76.30 59.62 68.39 64.58 68.01
jina-embeddings-v3 572M 8194 1024 80.17 36.76 79.31 57.90 66.73 64.18 67.61
bge-m3 568M 8192 1024 80.15 30.24 77.08 59.30 72.04 63.76 67.35
Qwen3-Embedding-4B 4.0B 40960* 2560 80.13 36.83 75.53 57.88 68.22 63.72 67.00
bge-multilingual-gemma2 9.2B 8192* 3584 81.81 38.73 76.76 48.24 69.56 63.02 65.22
gte-multilingual-base 305M 8192 768 77.96 35.38 76.09 55.44 69.50 62.87 65.64
multilingual-e5-large 560M 512 1024 75.48 34.28 75.85 58.57 68.85 62.61 65.57
snowflake-arctic-embed-l-v2.0 568M 8192 1024 78.52 30.48 74.18 56.78 65.34 61.06 64.98
multilingual-e5-base 278M 512 768 73.82 29.70 73.58 56.79 68.09 60.39 63.52
jina-colbert-v2 559M 8194 1024 78.20 27.25 76.82 41.71 74.24 59.64 61.31
multilingual-e5-small 118M 512 384 71.53 30.16 72.69 55.40 66.19 59.20 62.09
Qwen3-Embedding-0.6B 596M 32768** 1024 75.95 33.18 70.21 50.81 65.48 59.13 61.92
embeddingmagibu-152m 157M 2048 768 76.00 28.05 69.92 49.90 64.00 57.57 60.94
granite-embedding-278m-
multilingual

278M 512 768 72.68 28.75 67.95 49.87 62.52 56.36 59.45

bert-base-turkish-cased-mean-
nli-stsb-tr

111M 75 768 74.30 22.02 76.99 39.71 68.51 56.30 58.46

bge-large-en-v1.5 335M 512 1024 65.64 22.27 60.26 32.76 62.92 48.77 49.97
embeddinggemma-300m 303M 2048 768 65.58 16.64 46.24 51.53 62.41 48.48 52.22
bert-base-turkish-uncased 111M 512 768 69.34 22.27 57.87 26.66 64.51 48.13 49.01
bge-base-en-v1.5 109M 512 768 65.34 20.15 58.99 32.11 63.32 47.98 49.25
mxbai-embed-large-v1 335M 512 1024 65.75 21.73 57.39 31.87 62.68 47.89 49.11
bge-large-en 335M 512 1024 63.63 22.88 60.44 28.68 63.50 47.83 48.26
bge-small-en-v1.5 33M 512 384 65.68 18.76 59.75 31.81 62.98 47.80 49.24
bge-base-en 109M 512 768 62.99 21.35 59.04 27.47 63.15 46.80 47.24
bge-small-en 33M 512 384 63.62 18.21 60.41 28.68 62.73 46.73 47.69
bert-base-turkish-cased 111M 512 768 68.32 21.44 55.17 25.38 63.26 46.71 47.59
turkish-large-bert-cased 337M 1024 1024 67.70 21.74 54.08 23.70 62.54 45.95 46.66
mxbai-embed-2d-large-v1 335M 512 1024 64.07 21.78 51.72 26.29 60.47 44.87 45.65
modernbert-base-tr-uncased 135M 8192 768 59.68 21.20 56.83 22.40 63.85 44.79 44.29
bert-base-multilingual-uncased 167M 512 768 66.25 21.02 51.55 19.03 61.16 43.80 44.13
mmBERT-base 307M 8192 768 65.35 21.54 52.37 13.62 61.70 42.92 42.48
turkish-base-bert-uncased 111M 512 768 67.33 16.03 48.76 16.60 62.43 42.23 42.79
mxbai-embed-xsmall-v1 24M 512 384 63.08 15.69 50.12 17.60 61.50 41.60 41.88
bert-base-multilingual-cased 178M 512 768 65.03 18.71 45.98 15.23 60.85 41.16 41.27
all-MiniLM-L6-v2 23M 256 384 62.64 15.91 49.40 16.36 61.18 41.10 41.22
turkish-mini-bert-uncased 12M 512 256 63.64 13.72 51.92 10.73 63.99 40.80 40.35
turkish-small-bert-uncased 30M 512 512 62.60 14.53 51.56 10.49 63.66 40.57 39.94
turkish-tiny-bert-uncased 5M 512 128 62.19 13.12 53.31 10.50 62.37 40.30 39.89
turkish-medium-bert-uncased 42M 512 512 62.47 16.25 49.08 11.67 61.94 40.28 39.81
TabiBERT 149M 8192 768 58.55 16.85 49.61 13.14 62.73 40.18 39.23
mmBERT-small 140M 8192 384 52.12 13.65 47.61 11.44 60.59 37.08 35.77
xlm-roberta-large 560M 512 1024 40.35 13.49 42.47 8.54 60.24 33.02 30.11
ModernBERT-large 395M 8192 1024 50.53 8.12 37.29 1.60 62.08 31.92 29.89
xlm-roberta-base 278M 512 768 40.13 12.25 41.35 3.59 61.38 31.74 28.32
ModernBERT-base 149M 8192 768 48.22 7.68 37.83 1.97 59.75 31.09 29.12
turkish-sentiment-modern-bert 149M 8192 768 38.43 3.31 23.90 0.90 60.10 25.33 22.58
roberta-large-mnli 355M 512 1024 38.59 3.63 20.18 1.04 59.71 24.63 21.96

Table 4: Turkish Embedding Model Benchmark Results for all selected models. Models are sorted by
Mean (Task) scores. Entries marked (*) and (**) were evaluated with context size limitations of 4,096 and
8,192 tokens, respectively. Model names correspond to their Hugging Face identifiers.
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Figure 2: Model size and benchmark performance comparison for all benchmarked models.
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