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Abstract

In this paper, we introduce a comprehensive
benchmark for Persian (Farsi) text embeddings,
built upon the Massive Text Embedding Bench-
mark (MTEB). Our benchmark includes 63
datasets spanning seven different tasks: classi-
fication, clustering, pair classification, rerank-
ing, retrieval, summary retrieval, and semantic
textual similarity. The datasets are a combi-
nation of existing, translated, and newly gen-
erated (synthetic) data, offering a diverse and
robust evaluation framework for Persian lan-
guage models. All newly translated and syn-
thetic datasets were rigorously evaluated by
both humans and automated systems to ensure
high quality and reliability. Given the grow-
ing adoption of text embedding models in chat-
bots, evaluation datasets are becoming an es-
sential component of chatbot development and
Retrieval-Augmented Generation (RAG) sys-
tems. As a contribution, we include chatbot
evaluation datasets in the MTEB benchmark
for the first time. Additionally, we introduce
the novel task of summary retrieval, which is
not included in the standard MTEB tasks. An-
other key contribution of this work is the intro-
duction of a substantial number of new Persian-
language NLP datasets for both training and
evaluation, many of which have no existing
counterparts in Persian. We evaluate the per-
formance of several Persian and multilingual
embedding models across a wide range of tasks.
This work presents an open-source benchmark
with datasets', accompanying code, and a pub-
lic leaderboard?.

1 Introduction

Text-embedding models aim to generate a semantic
vector representation of text, which is helpful in ad-
dressing various natural language processing (NLP)

*IThese authors contributed equally to this work.

'The datasets have been published at https://
huggingface.co/MCINext/datasets

ZPersian space on https://huggingface.co/spaces/
mteb/leaderboard

tasks such as clustering, classification, semantic
textual similarity (STS), information retrieval (IR),
and more (Lewis et al., 2020).

To evaluate the performance of models on these
tasks, most existing benchmarks are task-specific
and fail to assess model capabilities across multiple
tasks. For instance, an information retrieval model
like Dense Passage Retrieval (DPR) (Karpukhin
et al., 2020) may perform well on retrieval tasks
but fails to achieve satisfactory results in finding
semantic textual similarity (STS). To address this
limitation, the massive text embedding benchmark
(MTEB) (Muennighoff et al., 2023) introduced a
comprehensive evaluation suite across eight diverse
NLP tasks, effectively meeting the evaluation needs
of text-embedding models for the English language.
However, since the primary focus of this bench-
mark is on English, it does not adequately assess
the performance of models in low-resource lan-
guages like Persian.

In this work, we introduce FaMTEB, a large-
scale Persian benchmark for evaluating Persian
text-embedding models, enabling users to select the
most suitable text-embedding model for their spe-
cific tasks. This benchmark comprises 63 datasets
across 7 tasks, and we compare the performance of
15 existing Persian or multilingual language mod-
els on it. Of these, 24 datasets were pre-existing
in Persian, while we contribute 39 new datasets.
The newly introduced datasets were developed us-
ing three distinct approaches: web-based collec-
tion (4 datasets), translation of existing English
datasets (16 datasets), and generation through large
language models (LLMs) as synthetic datasets (19
datasets). The quality of all datasets has been inde-
pendently assessed to ensure reliability.

To assess the generalizability of text-embedding
models across various NLP tasks, it is essential
to conduct a comprehensive evaluation on diverse
problems. Since one of the primary and recently
highly popular applications of text-embedding

11441

Findings of the Association for Computational Linguistics: EMNLP 2025, pages 11441-11468
November 4-9, 2025 ©2025 Association for Computational Linguistics


https://huggingface.co/MCINext/datasets
https://huggingface.co/MCINext/datasets
https://huggingface.co/spaces/mteb/leaderboard
https://huggingface.co/spaces/mteb/leaderboard

models is in retrieval-augmented generation (RAG)
systems and chatbots, a portion of the newly cu-
rated datasets is dedicated to evaluating these sys-
tems. This aspect is explored for the first time
within this benchmark. Needless to say that the
Persian language is among the low-resource lan-
guages in the web and gathering relevant and high
quality data is not readily available.

Below we highlight the main contributions of
this work:

¢ Introduction of FAMTEB, a large-scale Per-
sian benchmark for evaluating Persian text-
embedding models,

* introduction of a significant number of new
Persian datasets in the field of NLP suitable
for training and evaluation, some of which
have no prior equivalents,

* introduction of the new task of summary re-
trieval, which was not among the 8 tasks in-
cluded in MTEB,

* introduction of several datasets related to chat-
bot challenges and RAG systems, which have
been included in the MTEB benchmark for
the first time.

2 Related work

2.1 Benchmarks

Before the advent of the MTEB (Muennighoff et al.,
2023), the evaluation of text embeddings was frag-
mented across various task-specific and domain-
specific benchmarks. Early efforts like the seman-
tic textual similarity benchmarks, including STS-
Benchmark (Cer et al., 2017) and SICK (Marelli
et al., 2014) datasets, primarily assessed embed-
dings for their ability to capture semantic relation-
ships between text pairs. While effective in measur-
ing specific aspects, these benchmarks were narrow
in scope, focusing on small datasets and failing to
represent real-world diversity.

The GLUE (Wang et al., 2018) Benchmark
broadened the evaluation landscape by incorporat-
ing tasks such as natural language inference, sen-
timent analysis, and sentence similarity. However,
the benchmark is dedicated exclusively to the En-
glish language, limiting its applicability to multi-
lingual NLU research and offering limited insight
into the generalization capabilities of raw embed-
dings. Similarly, information retrieval benchmarks
like MS MARCO (Nguyen et al., 2016) evaluate

embeddings for domain-specific applications, such
as search engine optimization. While these bench-
marks are invaluable for retrieval tasks, they do
not generalize effectively across a wide range of
embedding evaluation use-cases.

The fragmented nature of these benchmarks un-
derscore several limitations. First, task diversity
is insufficient; most benchmarks aim at specific
applications such as similarity, classification, or
retrieval without covering clustering or zero-shot
classification. Second, inconsistencies in evalu-
ation protocols and metrics make it challenging
to compare results across models. Finally, exist-
ing benchmarks are not designed for scalability or
extensibility; this complicates incorporating new
datasets or tasks as embedding techniques evolve.

These limitations led to the creation of MTEB,
a unified and comprehensive benchmark that ad-
dresses these gaps. MTEB evaluates text embed-
dings in a wide range of tasks, including semantic
similarity, clustering, classification, retrieval, bitext
mining, pair classification, and reranking.

Despite the advancements brought by MTEB,
its main focus remains on the English language,
creating a need for benchmarks tailored to other
languages. Although MTEB supports multilingual
evaluation, the representation of certain languages
and specific linguistic nuances can be limited. To
address this shortcoming, new benchmarks inspired
by MTEB have been introduced for languages such
as Chinese (Xiao et al., 2024), Polish (PoSwiata
et al., 2024), and French (Ciancone et al., 2024).
These language-specific benchmarks aim to eval-
uate the quality of text embeddings in tasks and
datasets that reflect the unique linguistic and cul-
tural characteristics of these languages, ensuring
broader applicability of text embedding models
across the global linguistic landscape.

For the Persian language, besides a limited num-
ber of evaluation datasets for isolated tasks, no
comprehensive evaluation dataset for text embed-
ding models has been introduced yet. In the STS
task, the Farsick (Ghasemi and Keyvanrad, 2021)
dataset is available, which is a machine-translated
version of the SICK dataset. For the IR task, the
multilingual MIRACL (Zhang et al., 2023) dataset
supports the Persian language.

2.2 Embedding models

The evolution of text embedding models could be
seen as a significant shift from traditional meth-
ods like GloVe (Pennington et al., 2014) to more
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advanced context-sensitive models. GloVe and
Word2Vec (Mikolov et al., 2013) set the foundation
for dense word embeddings by representing words
as fixed vectors based on co-occurrence statistics.
Although these models worked well to capture
word-level semantics, they were limited by their
static nature, which did not account for polysemy
or contextual meaning.

This limitation was addressed with the intro-
duction of ELMo (Peters et al., 2018) and later
BERT (Devlin et al., 2019), which offered contex-
tual embeddings by considering the surrounding
text. BERT, leveraging the transformer architecture,
became a breakthrough by generating deep bidirec-
tional embeddings, capturing richer contextual in-
formation. However, BERT’s focus on token-level
embeddings necessitated fine-tuning for specific
tasks, which could be computationally expensive.

To solve this, sentence transformers, like
SBERT (Reimers and Gurevych, 2019a) were de-
veloped to provide high-quality, task-specific sen-
tence embeddings. These models used the trans-
former architecture with a Siamese network struc-
ture to generate embeddings suitable for tasks such
as semantic similarity and information retrieval,
making them efficient and versatile for sentence-
level understanding.

In recent years, open-source models such as
BGE (Xiao et al., 2024), ES (Wang et al., 2022),
and GTE (Li et al., 2023) have been introduced
for text embedding, demonstrating strong perfor-
mance in tasks like STS, retrieval, and clustering
in English. In the Persian language, various foun-
dational models such as ParsBERT (Farahani et al.,
2020), FaBERT (Masumi et al., 2024), and Took-
aBERT (SadraeiJavaheri et al., 2024) have been
released, which are capable of understanding tex-
tual information well; however, they cannot be di-
rectly applied to a wide range of tasks. To date,
models that perform well in Persian text embed-
ding tasks mainly consist of multilingual networks
such as BGE-m3 (Chen et al., 2024), mES5 (Wang
et al., 2024), and OpenAlI’s text embedding models
text-embedding-3 and text-embedding-4.

3 The Persian MTEB

3.1 Task definition and evaluation strategy

This benchmark consists of 7 tasks: classifica-
tion, clustering, semantic textual similarity, re-
trieval, reranking, pair classification, and summary
retrieval. The evaluation methods for all tasks, ex-

cept summary retrieval, which will be explained
later, are detailed in the MTEB (Muennighoff et al.,
2023). Figure 1 presents an overview of the tasks
and datasets included in FAMTEB.

Summary Retrieval: in this task, we have two
input sets. The first set contains a collection of
texts, while the second set contains text summaries
from the first set. In this evaluation, we search for
the text vector from the first set within the second
set using the cosine distance. The first retrieved re-
sult must be the summary of the corresponding text.
F1 score is used as the primary metric for summary
retrieval, with accuracy, precision, and recall also
being computed to assess the performance.

3.2 New datasets

This work introduces a suite of synthetic, collected,
and translated datasets designed to support a broad
range of NLP tasks in Persian, spanning STS, di-
alogue modeling, RAG, sentiment analysis, tone
classification, retrieval, QA, and clustering. Syn-
thetic datasets were generated using prompt-based
interactions with GPT-4o-mini, ensuring coverage
of diverse topics, tones, and linguistic phenom-
ena. Collection-based datasets were built through
systematic web scraping and labeling pipelines.
The translated datasets were produced by applying
the Google Translate API to high-quality English
benchmarks, enabling consistent evaluation across
languages. All newly created datasets underwent
a quality evaluation process, discussed in detail
in Section 3.3. A detailed description of dataset
generation procedures and samples is provided in
Appendix A.

3.2.1 BEIR-Fa

A significant portion of our retrieval evaluation
data consists of the BEIR benchmark (Thakur
et al., 2021) datasets, which have been translated
into Persian using the Google Translate service.
Similarly, the mMARCO (Bonifacio et al., 2021)
evaluation data is also derived by translating the
MARCO (Nguyen et al., 2016) dataset using this
service. We call this newly generated dataset BEIR-
Fa.

3.2.2 Synthetic Persian STS

Since existing Persian datasets are typically
translation-based or generated using unsupervised
methods—often lacking the quality needed for
robust semantic textual similarity (STS) evalua-
tion—we aim to address this gap by construct-
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Figure 1: An overview of the FAMTEB evaluation dataset.

ing a high-quality dataset whose annotations are
shown to approach human-level performance (see
Section 3.3). We present a novel sentence-pair
similarity dataset built from diverse Persian texts
(Wikipedia, news articles, and informal content)
(see Table 5). For each input sentence, we generate
five corresponding sentence pairs, each reflecting
a different similarity level from 1 to 5, following
SemEval-inspired similarity guidelines (Cer et al.,
2017). The sentence variants are produced using a
prompt-based approach with GPT-40-mini, allow-
ing for fine-grained control over semantic similar-

ity.
3.2.3 Synthetic Persian Chatbot

A multi-purpose chatbot conversation dataset built
on 175 topics and 19 tone combinations (from five
user/chatbot tones, including formal, casual, child-
ish, aggressive, and street-style). Conversations
are generated with a given topic, tone pairing, and
one of five user satisfaction levels (including very
bad, bad, average, good, and excellent). For each
chatbot conversation, a summary of the conversa-
tion and related topics have also been generated.
From this dataset, we have created several datasets
to evaluate different tasks related to chatbots.

3.2.4 Synthetic Persian Chatbot RAG

A multi-purpose chatbot conversation dataset,
based on 175 topics and 19 combinations of user

and chatbot tones, suitable for RAG-system related
tasks. Each generated chatbot conversation in this
dataset contains a new user message paired with
varying lengths of conversation history, support-
ing both context-dependent and independent inputs.
Each sample also provides a conversation summary,
the main topics of the conversation and two FAQ
pairs: one that directly answers the user’s new mes-
sage (positive) and one related but not addressing
the user’s need (negative), making it well-suited for
RAG-based applications.

3.2.5 Synthetic Persian Chatbot
Conversational Sentiment Analysis

A dataset focusing on user emotions in chatbot
interactions. Each sample includes a chatbot con-
versation, a topic (one of 175 defined topics), tone
combination (from 3x3 possibilities: formal, ca-
sual, and childish for user and chatbot), an emotion
from a set of 9 (i.e., anger, satisfaction, friend-
ship, fear, jealousy, surprise, love, sadness, and
happiness), and an intensity level (neutral, moder-
ate, high). Designed for conversational sentiment
detection and emotion-aware response modeling

3.2.6 Synthetic Persian Keywords

Similar to the Synthetic Persian STS dataset, a col-
lection of texts is selected from various curated
Persian websites(see Table 5). In this case, the
texts are structured as paragraphs rather than single
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sentences.

Using a well-designed prompt with GPT-40-mini
(see Figure 4), the desired outputs are generated
for each text. These outputs consist of a list of
keywords, which represent the key ideas of the text,
and a list of non-keywords, which are words in the
text that are not considered keywords.

This dataset serves as a comprehensive resource
for tasks related to keyword extraction and text
analysis in Persian language processing.

3.2.7 Synthetic Persian Tone

We consider the four tones of formal, casual, child-
ish, and literary, and assign each a specific proba-
bility. For this dataset, we utilize the paragraphs
from the Synthetic Persian Keywords dataset (see
Figure 4).

For each paragraph, a tone is randomly selected
based on the predefined probabilities. Using GPT-
4o-mini, the paragraph is rewritten in the chosen
tone. This process results in the creation of the
Synthetic Persian Tone dataset, which provides a
valuable resource for studying tone transformation
and stylistic variations in Persian text.

3.2.8 Synthetic Persian QA

The objective of this dataset is to create a large-
scale QA dataset in Persian. To construct this
dataset, we select many web pages from curated
Persian websites and extract their main content (see
Table 5).

For each page, the extracted text is provided to
GPT-40-mini along with an appropriately designed
prompt (see Figure 4). The model generated multi-
ple question-and-answer pairs based on the content
of each page. This process resulted in the creation
of the Synthetic Persian QA dataset, a valuable re-
source for question-answering tasks and Persian
natural language understanding.

3.2.9 Query to Query

This dataset is constructed based on the assump-
tion that queries yielding similar search results are
semantically similar. Queries and results were de-
rived from anonymized query logs and correspond-
ing search results provided by the Zarrebin search
engine. Query similarity is quantified as the ra-
tio of overlapping search results to the harmonic
mean of the total number of results for each query,
computed as:

intersection
(2xQ1%Q2) ’

Q1+Q2

score =

Similarity scores are then grouped into three
levels—unrelated, partially related, and fully re-
lated—by applying thresholding on the computed
similarity values. Toxic or inappropriate queries are
filtered out. The dataset includes many naturally
occurring noisy cases, such as misspellings and
fragmentary queries, allowing for the evaluation of
model robustness in these real-world scenarios.

3.210 SID

One approach to dataset creation involves leverag-
ing existing data available on the web. For instance,
the MTEB clustering dataset is constructed using
category labels from the Arxiv website. Similarly,
we adopt this method to develop a clustering dataset
for Persian articles. By crawling the SID* website,
which hosts a categorized collection of Persian arti-
cles, we curate a dataset comprising of 8 categories.
We utilize the title and abstract of each paper, con-
catenated with two newline characters as input text.
Each input text is assigned a single category as the
output.

3.2.11 BeytooteClustering

The BeytooteClustering dataset is derived from the
collection and categorization of documents from
the Beytoote* website. Beytoote is a Persian blog
that publishes posts on a variety of topics. By crawl-
ing the pages of this site, we collect 200, 000 docu-
ments and classify them into 22 categories based on
the tags present in the URLs. Since each document
can be quite lengthy and cover a wide range of
topics, we consider only the “summary” tag from
the website, which provides a condensed version
of the document’s content, as the main text. In
addition, we remove categories containing fewer
than 500 documents to ensure that each category
has a sufficient number of entries. The final dataset
consists of 95, 851 documents in 19 categories.

3.3 Data Quality Evaluation
3.3.1 Sythetic Data

In this section, we evaluate the synthetic datasets
that were generated. To do so, we randomly se-
lected a number of samples from each synthetic
dataset for manual tagging by human annotators.
Sample sizes ranging from 100 to 600 were se-
lected to correspond with the dataset size. Based on
these tags, we calculated a metric for each dataset
that reflects the accuracy of the labels generated by

3https://sid.ir/
“https://www.beytoote.com/
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the LLM model. The results are presented in Table
1.

It is important to note that for the STS datasets
and the SynPerChatbotSatisfactionLevelClassifica-
tion dataset, where the labels are ordinal, we used
the correlation coefficient (measuring the correla-
tion between the human annotator labels and the
labels generated by the LLM) as the evaluation
metric. For the other datasets, we used accuracy as
the evaluation metric.

Additionally, for retrieval datasets, each sample
for tagging consisted of a pair: a query and a re-
lated document. The calculated accuracy indicates
the percentage of samples where the query and
document are indeed related.

For classification, pair classification, and STS
datasets, a number of samples were considered for
each class. The annotators determined which class
each sample truly belongs to, and the metric was
calculated based on these annotations.

Another noteworthy point is that each tagging
sample was labeled by two annotators. For STS
datasets and SynPerChatbotSatisfactionLevelClas-
sification dataset (where the evaluation metric is
the correlation coefficient), the final label is the
average of the two annotators’ labels. For other
datasets (where accuracy is the metric), if the two
annotators’ labels for a sample were identical, the
final label for that sample was the same. If the anno-
tators’ labels differed, a third annotator determined
the final label.

Furthermore, since we evaluated the
Query2Query dataset similarly to synthetic
STS datasets, its evaluation results are also
included in this section and Table 1, even though
this dataset was not generated by the LLM.

As shown in Table 1, all datasets exhibit rel-
atively acceptable accuracy, with most datasets
achieving an accuracy of over 90

3.3.2 Translated Data

Inspired by the MMARCO paper (Bonifacio et al.,
2021) to evaluate translated data, we use the com-
parison of accuracy measurements in English and
Persian using the BM25 metric. In this approach,
we index the entire corpus of each dataset using
ElasticSearch and retrieve test queries using the
BM25 metric. Finally, we report the recall of each
dataset for both languages. In Table 4, we observe
that the information retrieval accuracy in the trans-
lated data does not differ significantly from the
accuracy in English, and it can be concluded that

the BEIR translated data meets the necessary qual-
ity standards.

As another approach to evaluating translated
datasets, we adopt the evaluation framework in-
troduced in (Kocmi and Federmann, 2023), which
utilizes LL.Ms to assess translation quality. Using
this method, we evaluate translations produced by
Google Translate. For comparison, we apply the
same procedure to outputs from two LLM mod-
els: GPT-4o-mini as a closed-source model and
Gemma-3-27B-IT as an open-source model.

Specifically, for each of the BEIR benchmark
datasets translated into Persian, we selected a set
of samples and generated translations using GPT-
4o0-mini and Gemma-3-27B-IT. Consequently, for
each sample, we obtained three distinct transla-
tions—one from Google Translate, one from GPT-
4o0-mini, and one from Gemma-3-27B-IT. Using
the direct assessment method (GEMBA-DA) intro-
duced in the paper (Kocmi and Federmann, 2023),
we independently and individually scored each
translation on a scale from 0 to 100. We then com-
puted the average scores per BEIR dataset as well
as the overall average for each of the three trans-
lation approaches. The GPT-40 model was also
employed as the evaluator in this process.

Table 3 presents the results. As observed, the
Google Translate outputs achieve scores above
80 across all datasets, indicating generally high-
quality translations. On average, Google Translate
received a score of 87.37, which is only slightly
lower than the scores of GPT-4o0-mini and Gemma-
3-27B-IT, which are 94.65 and 95.08, respectively.
These findings demonstrate that translations pro-
duced by Google Translate, despite their low cost,
maintain good quality that is comparable to those
generated by prominent large language models.

3.4 Data Collection

In developing the FAMTEB benchmark, we aimed
to ensure diversity across various tasks and topics
within each dataset category.

For the classification task, we included a range
of problems such as sentiment analysis, tone clas-
sification, intent classification, and classification
within chat data, using a total of 18 datasets.

In the clustering task, we incorporated 5 datasets
covering diverse domains, including news website
texts, tweets, and scientific articles.

For the semantic textual similarity (STS) task,
the data spans topics such as image captions, user
queries, and web content, built from 3 datasets.
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Dataset Evaluation value  Evaluation metric Dataset type
SynPerChatbotConvS AClassification 93% Accuracy Classification
SynPerChatbotToneUserClassification 79% Accuracy Classification
SynPerChatbotToneChatbotClassification 89% Accuracy Classification
SynPerChatbotR AGToneUserClassification 85% Accuracy Classification
SynPerChatbotR AGToneChatbotClassification 86% Accuracy Classification
SynPerChatbotConvS AToneUserClassification 94% Accuracy Classification
SynPerChatbotConvS AToneChatbotClassification 94% Accuracy Classification
SynPerChatbotSatisfactionLevelClassification 0.90 Corr. coef. Classification
SynPerTextToneClassification 76.0% Accuracy Classification
SynPerChatbotSumSRetrieval 100% Accuracy Summary Retrieval
SynPerChatbotRAGSumSRetrieval 99% Accuracy Summary Retrieval
SynPerChatbotRAGFAQRetrieval 77% Accuracy Retrieval
SynPerChatbotTopicsRetrieval 88.5% Accuracy Retrieval
SynPerChatbotRAGTopicsRetrieval 93.0% Accuracy Retrieval
SynPerQARetrieval 98% Accuracy Retrieval
SynPerChatbotRAGFAQPC 85.5% Accuracy Pair Classification
SynPerTextKeywordsPC 94.5% Accuracy Pair Classification
SynPerQAPC 95.0% Accuracy Pair Classification
SynPerSTS 0.911 Corr. coef. STS
Query2Query 0.695 Corr. coef. STS
Table 1: Evaluation of synthetic datasets.
Size (M) Avg. | Class. Cluster. PairClass. Rerank. Retriv. STS SumRet.
sentence-transformer-parsbert-fa 163 3793 | 53.06 64.83 70.55 39.9 898  55.07 14.71
RoBERTa-WLNI 110 3797 | 54.87 58.61 71.1 44.74 991 5492 5.71
BERT-WLNI 110 38.15 | 5459  60.32 71.07 45.72 9.82  56.27 6.35
FaBert 124 40.62 | 60.82  55.18 68.73 50.58 13.92 5201 9.32
ParsBERT 110 40.63 | 65.13  56.15 69.14 46.38 991  60.97 7.09
paraphrase-multilingual-MiniLM-L12-v2 118 46.62 | 55.58  58.12 79.9 55.82 23.08 6724 3191
LaBSE 471 48.47 | 62.02  56.56 78.88 55.74 212 73.06 4751
TookaBERT-Base 123 41.17 | 65.54  55.72 70.69 44.18 10.51  61.89 8.29
Tooka-SBERT 353 5274 | 61.29 5645 87.04 5829  27.86 76.41 59.06
GTE-multilingual-base 305 57.14 | 58.6 57.28 84.57 69.72 4122 7575  60.88
multilingual-e5-base 278 57.03 | 59.97  56.52 84.04 72.07 412 7445 54.58
multilingual-e5-large 560 58.44 | 61.7 57.19 84.04 7434 4298 7538  56.61
BGE-m3-unsupervised 568 56.6 | 60.99 59.62 83.07 69.74  38.14 7447  61.67
BGE-m3 567 59.1 | 61.74 57.73 85.21 7456 4338 7635  61.07
Jina-embeddings-v3 572 59.28 | 6297  59.15 83.71 61.26  43.51 78.65 65.5

Table 2: Evaluation of various text embedding models on the FAMTEB benchmark. The numbers indicate the

percentage of success rate.

BEIR dataset | Google Translate gpt-4o-mini Gemma-3-27B-IT
quora 87.03 96.33 95.00
dbpedia 80.80 89.60 89.23
figa 84.88 92.55 97.28
arguana 87.45 96.03 97.08
scidocs 91.77 93.23 92.45
trec-covid 89.44 89.03 91.13
nq 80.88 91.35 98.20
scifact 90.00 97.78 97.60
touche2020 88.30 97.20 96.35
msmarco 85.30 93.93 91.80
fever 88.15 96.83 95.45
cqadupstack 86.90 95.80 97.88
hotpotqa 88.70 96.55 94.73
climate-fever 89.18 96.95 97.08
nfcorpus 91.90 96.58 95.03
average 87.37 94.65 95.08

Table 3: Scores assigned to translations by three trans-
lators—Google Translate, GPT-40-mini, and Gemma-
3-27B-IT across various datasets from the BEIR bench-
mark.

In the retrieval task, we extended our evaluation
beyond the BEIR benchmark—widely used for as-

sessing ranking across diverse topics—by incor-
porating datasets focused on information retrieval
from Wikipedia, web-scale sources, and conversa-
tional contexts, resulting in a total of 24 datasets.

For the pair classification task, we evaluate prob-
lems such as natural language inference (NLI),
paraphrase detection, question answering (QA),
and keyword extraction in a pairwise manner, using
a total of 8 datasets.

For the reranking task, the evaluation is con-
ducted on Wikipedia pages, and we provide two
datasets specifically for this purpose.

In the summary retrieval task, the goal is to
retrieve summaries corresponding to dialogues,
which include both two-person conversations and
interactions between a user and a chatbot. For this
task, we provide three distinct datasets.
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Persian ndcg@10 4293 1532 2658 2545 50.84 1744 4653 3827 3325 22.02 61.71 14.06 6531 2649 569
English ndcg@10 47.16 18.61 3252 3201 6493 2536 6022 47.68 3428 32.60 88.77 1646 69.06 34.70 68.80
Persian recall@100 93.67 3429 5463 3583 8298 4694 65.11 33.02 2650 60.78 86.03 3231 89.7 47.18 10.50
English recall@100 95.16 40.93 62.13 4347 92.15 54.88 7630 4502 26.02 7828 97.69 36.75 9192 56.09 11.73

Table 4: Accuracy evaluations conducted on English and Persian languages using the BM25 metric.

Synthetic Persian STS ~ Synthetic Persian Keywords / Tone type

wikipedia 5000 1000 wiki
wikishia 500 500 wiki
wiki.ahlolbait 500 500 wiki
hawzah 500 500 wiki
yjc 1000 1000 news
tasnim 500 1000 news
tabnak 500 1000 news
beytoote 500 1000 news
varzesh3 500 1000 news
isna 1000 1000 news
mehrnews 1000 1000 news
asriran 1000 1000 news
khabaronline 500 500 news
ecoiran 500 500 news
hamshahrionline 0 500 news
donyaeeqtesad 0 500 news
alibaba 500 500 article
khanesarmaye 500 0 article
digiato 500 500 article

500 500 article
article
article

article

ninisite / article
zoomit
bigbangpage
namnak

500
500
500

500
500
500

hamgardi 0 500 article
ninisite / discussion 500 2000 informal
voolak 500 1500 informal
doctoreto 500 500 others
taaghche 500 500 others
virgool 500 0 others
soft98 0 500 others
vipofilm 0 500 others

Table 5: The number of documents selected for each
dataset from various websites.

4 Results
4.1 Models

The models we evaluate are categorized into
three main groups. The first group consists
of multilingual text embedding models that sup-
port Persian, including multilingual-e5 (Wang
et al., 2024), BGE-m3 (Chen et al., 2024), GTE-
multilingual (Zhang et al., 2024), paraphrase mul-
tilingual, paraphrase-multilingual-MiniLM-L12-
v2 (Reimers and Gurevych, 2019b), LaBSE (Feng
et al., 2022), and Jina (Sturua et al., 2024). The
second group consists of text embedding models
specifically trained for Persian, such as BERT-
WLNI, RoBERTa-WLNI, sentence-transformer-
parsbert, and Tooka-SBERT. The third group in-
cludes base model transformers trained in Per-
sian, namely ParsBERT (Farahani et al., 2020),
FaBERT (Masumi et al., 2024), and Took-
aBERT (SadraeiJavaheri et al., 2024).

4.2 Analysis

In this section, we evaluate the models introduced
in Section 4.1 on the FAMTEB benchmark. The
results of our experiments are presented in Table 2.

It can be observed that the Jina model achieves the
highest accuracy on the FAMTEB benchmark in
terms of average accuracy. This model demon-
strates the best performance across three tasks:
STS, retrieval, and summary retrieval, compared
to other models. Additionally, the BGE-m3 model
achieves the highest accuracy in the rerank task
and exhibits an accuracy close to that of the Jina
model in the retrieval task. Therefore, we iden-
tify this model as a tailored model for the infor-
mation retrieval task. Moreover, in the classi-
fication, clustering, and pair classification tasks,
we observe that the sentence-transformer-parsbert,
TookaBERT, and Tooka-SBERT models, which
are trained specifically for the Persian language,
achieve the highest accuracies, respectively.

5 Conclusion

In this study, we presented FAMTEB, a compre-
hensive benchmark for evaluating Persian text em-
beddings, building upon the massive text embed-
ding benchmark (MTEB). Our contribution spans
several dimensions, including the introduction of
63 datasets across seven diverse tasks, the addi-
tion of a novel task (summary retrieval), and the
creation of numerous new Persian-language NLP
datasets for training and evaluation. By integrat-
ing datasets related to chatbot challenges and RAG
systems into MTEB for the first time, we provide
a tailored evaluation framework that aligns with
emerging applications of text embedding models.
The performance evaluation of Persian and mul-
tilingual embedding models further underscores
the benchmark’s utility. This open-source bench-
mark, encompassing datasets, code and a public
leaderboard, establishes a robust foundation for ad-
vancing NLP research in the Persian language. We
hope FaMTEB inspires further innovation and en-
hances the development of more effective Persian-
language models.

As part of future work, we plan to reduce the
size of selected BEIR datasets and explore the
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use of closed-source LLMs such as GPT-4o-mini,
as well as powerful open-source alternatives like
Gemma-3-27B-IT, for translation purposes. This
will improve the quality of dataset translations. Ad-
ditionally, we intend to expand the benchmark by
including results from a wider range of embed-
ding models, particularly those based on LLMs,
to enable a more comprehensive evaluation across
architectures and training paradigms.
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Limitations

Human-annotated datasets Despite advance-
ments in Persian natural language processing
(NLP), the availability of human-annotated datasets
remains limited. The scarcity of such data poses
a significant challenge in training and evaluating
high-quality models across various NLP tasks. Ad-
dressing this limitation requires extensive efforts
to construct diverse and representative datasets tai-
lored to different linguistic problems. This chal-
lenge is particularly evident in tasks such as seman-
tic textual similarity, reranking, and summariza-
tion, where high-quality labeled data is essential
for achieving reliable performance.

Closed-source models Due to the high costs as-
sociated with evaluating text embedding models
that provide their APIs on a paid basis, such as
text-embedding-3-large, as well as the resource-
intensive nature of serving and evaluating some
other open-source text embedding models, we have
not yet included certain models in the leaderboard.
We are gradually adding these models over time.

Machine translation Due to the large size and
large number of samples in the BEIR datasets, we
relied on Google Translate for translation, as it
offers a highly cost-effective solution. However,
this choice may have limited the overall translation
quality.

Annotators A potential limitation of this work
is that the annotators for the dataset were the pa-
per authors themselves. To mitigate any poten-
tial bias, all annotation guidelines and instructions
were collaboratively developed and shared among
the annotators to ensure consistency and a unified
understanding of the task.

Data leakage The concern regarding data leak-
age is indeed important when constructing evalua-
tion datasets. Many LLMs today have been trained
on vast portions of the web, and therefore, when
such datasets are used, care must be taken to en-
sure that models have not already been exposed
to them during training. In the case of our syn-
thetic datasets, we rely on existing web data as a
form of prior knowledge and then employ LLMs to
transform this material into task-specific datasets.
While the likelihood of an LLLM having encoun-
tered the exact newly generated data is nearly zero,
it remains possible that the model has previously
been exposed to similar sentence structures or dis-

tributional patterns, given its role in generating the
dataset.

Ethics

License In conducting this research, we carefully
considered the ethical and legal aspects of using
LLMs. Specifically, the outputs generated from
OpenAl models and Google’s Gemma models were
utilized in a manner consistent with their respective
usage guidelines and licenses.

The use of OpenAl models is governed by the
OpenAl Terms of Use,” which restricts harmful or
unlawful applications and specifies conditions for
redistribution of generated outputs. Similarly, the
Gemma family of models is released under an open
license intended to promote responsible research
and development,® while also requiring adherence
to standards that prevent misuse.

In this work, outputs from these models were
applied strictly for academic and non-commercial
purposes. The generated content was not used in
ways that could cause harm, misrepresentation, or
violation of intellectual property rights. All uses
were in accordance with the attribution require-
ments and ethical norms of transparency in Al-
assisted research.
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1 | The two sentences are completely dissimilar but the writing
structure of the two texts can be similar.

2 | The two sentences are not equivalent but share the same topic.
3 | The two sentences are roughly equivalent, but some important
information differs/missing.

4 | The two sentences are mostly equivalent, but some unimportant
details differ

5 | The two sentences are completely equivalent, as they mean the
same thing.

Table 6: Similarity score definition based on (Cer et al.,
2017).

Erfan Zinvandi, Morteza Alikhani, Zahra Pourbahman,
Reza Kazemi, and Arash Amini. 2024. Persian web
document retrieval corpus. In 2024 12th Iran Work-
shop on Communication and Information Theory
(IWCIT), pages 1-3.

A Datasets Details

A.1 Synthetic Persian STS

To the best of our knowledge, no independently
constructed dataset exists for the STS task in Per-
sian. Available datasets are typically derived from
translations of English datasets or created using
unsupervised methods. For instance, the FarSICK
dataset is a translation of the SICK dataset. To ad-
dress this lack of datasets in Persian, we propose
constructing a new dataset using an LLM.

The first step involves compiling a collection of
sentences with a suitable distribution of diverse top-
ics. To achieve this, we sample data from various
websites covering topics such as Wiki, news, arti-
cles, informal, and others. For generating each sam-
ple, the documents from each site are segmented at
the sentence level using the nltk library. Then, sen-
tences that meet the following criteria are selected:
they must contain between 35 and 200 characters
in length, and at least 30 percent of their charac-
ters must be in Persian. These conditions ensure
that each sentence is complete, meaningful, and
not overly ambiguous.

Subsequently, we employ a prompt-based
method, inspired by the rules for determining sen-
tence similarity levels proposed in SemEval (Cer
et al., 2017). However, instead of the six levels of
similarity used in SemEval, we define five levels,
with the final score being a discrete value rang-
ing from 1 to 5 (see Tabel 6). Finally, we provide
samples with the given prompt to GPT-40-mini’ to
generate STS data.

"https://chat.openai.com/

A.2 Synthetic Persian chatbot

Given the increasing prevalence and usage of di-
verse chatbots, along with the various challenges
in chatbot systems that text embeddings and lan-
guage models can address, the creation of datasets
specific to chatbot-related challenges has become
highly significant.

The goal of constructing the synthetic Persian
chatbot dataset is to generate multiple datasets fo-
cused on chatbot-related challenges. The dataset
generation process involves several steps. First,
175 distinct topics are identified as conversation
subjects for users interacting with chatbots. These
topics are selected to be diverse, covering various
chatbot types and scenarios, with the final number
of samples for each topic determined accordingly.

Five distinct tones are considered for the con-
versations including formal, casual, childish, ag-
gressive, and street-style. Additionally, 19 combi-
nations of user and chatbot tones are designed by
pairing these tones. Probabilities are assigned to
each combination, ensuring that the total probabili-
ties across the combinations equaled one.

Five levels of user satisfaction are defined: very
bad, bad, average, good, and excellent. For each
topic, samples are generated to correspond to each
satisfaction level, with the number of samples for
the “excellent” level being twice as much as other
levels.

For each sample, a tone combination for the user
and chatbot is selected based on the assigned prob-
abilities. Each sample included a topic, a user satis-
faction level, a user tone, and a chatbot tone. Using
these specifications, a prompt is created and pro-
vided to GPT-40-mini to generate a conversation
between the user and the chatbot. The generated
conversation adheres to the specified topic, user
tone, chatbot tone, and user satisfaction level. Addi-
tionally, the prompt instructs the model to produce
supplementary outputs alongside the conversation,
such as a summary of the dialogue and the key
topics discussed.

Finally, from this comprehensive dataset, several
specialized datasets are derived, each tailored for
specific purposes.

A.3 Synthetic Persian chatbot RAG

Unlike the Synthetic Persian chatbot dataset, where
each sample contained a complete conversation be-
tween the user and the chatbot, in the synthetic
Persian chatbot RAG dataset, the chat is not neces-

11453


https://doi.org/10.1109/IWCIT62550.2024.10553090
https://doi.org/10.1109/IWCIT62550.2024.10553090

sarily complete. During the conversation between
the user and the chatbot, one of the user’s messages
is considered as the new user input, and the out-
put should respond to this message. This message
may either be a follow-up, i.e., it dependents on
previous interactions, or it may not be contextually
linked to prior conversations, making the dataset
particularly suitable for RAG systems.

Each sample consists of the user’s new message
along the history of previous user-chatbot conver-
sations. This design aligns with the requirements
of RAG systems. The dataset shares components
with the synthetic Persian chatbot dataset, such as
using the same 175 topics as conversation subjects
and applying the 19 combinations of user and chat-
bot tones from the previous dataset. However, this
dataset does not include the final user satisfaction
level.

To construct the dataset, a number from the set
{0,2,4,...,20} is randomly chosen to determine
the number of historical messages in the conver-
sation. Each number in the set has an assigned
selection probability. Based on the specified pa-
rameters, a suitable prompt is crafted and provided
to GPT-40-mini to generate the output. This output
includes the desired conversation (conversation his-
tory plus the new user message), a summary of the
conversation, the main topics of the conversation,
and two FAQ-related samples. The positive FAQ
sample is a question-answer pair that resolved the
user’s need expressed in the new message, while
the negative FAQ sample is a question-answer pair
related to the conversation but does not address the
user’s need in the new message.

The resulting dataset designed with this structure,
is further used to create several specialized datasets,
each tailored for different applications.

A.4 Synthetic Persian chatbot conversational
sentiment analysis

The primary objective of this dataset is to create a
sentiment analysis dataset focusing on user emo-
tions during interactions with chatbots. The dataset
incorporates nine distinct emotions: anger, satis-
faction, friendship, fear, jealousy, surprise, love,
sadness, and happiness. Each emotion is assigned
a selection probability, with the total probabilities
summing to 1.

Three tones are considered for both the user and
the chatbot: formal, casual, and childish. This
results in nine possible tone combinations, each
with a specific selection probability. Each sam-

ple in the dataset includes a topic chosen from the
175 predefined topics, one of the nine tone combi-
nations for the user and chatbot, one of the nine
predefined emotions, and an intensity level for the
selected emotion, categorized into three levels: neu-
tral, moderate, and high.

Using these specifications, an appropriate
prompt is crafted and provided to GPT-40-mini.
The output consistes of a conversation between the
user and the chatbot that adheres to the required
topic, tone, emotion, and emotion intensity level.

The generated dataset is further utilized to create
additional specialized datasets tailored for specific
sentiment analysis applications.

A.5 Query to query

Logically, the queries yielding similar results in
a search engine are inherently similar. Thus, the
degree of overlap in search results between two
queries roughly measures their similarity. The data
for this dataset is collected using anonymous user
queries and search results from the Zarrebin search
engine®, a platform designed for the Persian lan-
guage. The similarity score between query pairs is
normalized to account for differences in the num-
ber of responses. The similarity score is calculated
by dividing the intersection of responses by the
harmonic mean of the total number of responses
for the two queries:

intersection

(2x@1xQ2) ’
Q1+Q2

score =

where “intersection” represents the number of com-
mon responses, while )1 and (), refer to the to-
tal number of responses for the first and second
queries, respectively.

Queries containing harmful or toxic content are
filtered for integrity of the dataset. The resulting
scores are categorized into three levels: unrelated,
partially related, and fully related. Thresholds of
0.2 and 0.4 are determined empirically. The dataset
is beneficial as it includes query pairs with spelling
errors or incomplete sentences, requiring the model
to handle deficiencies. Furthermore, the dataset
includes queries requiring meaning comprehension,
such as when users search for a song in different
ways, expecting similar results. This highlights
the model’s ability to assess semantic relationships
despite phrasing differences.

8https://zarebin.ir/
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B Datasets Categories

In this section, we review the complete set of
datasets used in the FAMTEB benchmark. Table 7
provides the number of data for each dataset.

Figure 6 presents the similarity chart of different
datasets. To construct this chart, we first randomly
selected 100 samples from each dataset and com-
puted the average vector of these samples. Next,
we calculated the cosine similarity between the
resulting vectors for the datasets, multiplied the
values by 100, and rounded them to obtain the final
chart.

For vector representation, we utilized the Jina-
embeddings-v3 model, which demonstrated the
highest performance among the evaluated models
in both the STS task and overall average perfor-
mance (see Table 2).

As observed, the FAMTEB datasets exhibit a
wide range of similarity values. In general, most
similarity scores between datasets are relatively
low, indicating the diverse nature of the FAMTEB
datasets.

We have also provided a sample from each of
the different datasets available in this benchmark
in Figures 7, 8, 9, 10, 11, 12, and 13.

The distribution of sources used to construct the
synthetic Persian STS, synthetic Persian keywords,
and synthetic Persian tone datasets is detailed in
Table 5. Furthermore, the set of prompts employed
for generating the synthetic datasets is depicted in
Figures 4, 5, and 2.

B.1 Classification

DigikalamagClassification (Farahani et al.,
2020) The Digikala Magazine dataset (Digikalam-
agClassification) consists of 8,515 articles scraped
from the Digikala Online Magazine. The dataset is
organized into seven distinct classes: Video Games,
Shopping Guide, Health & Beauty, Science & Tech-
nology, General, Art & Cinema, and Books & Lit-
erature.

NLPTwitterAnalysisClassification (Feizabadi,
2023) The NLPTwitterAnalysisClassification is
a classification dataset that categorizes various
tweets into 26 distinct classes based on the topics
they discuss.

SentimentDKSF (Shekarlaban and Kazaj,
2023) This dataset is composed of comments col-
lected from the Digikala ® and SnappFood '° web-

%digikala.com
Ysnappfood.ir

sites. Each comment is annotated with one of three
labels: Positive, Negative, or Neutral, indicating
the user’s level of satisfaction.

PersianTextEmotion (Hosseini, 2022) Per-
sianTextEmotion is a Persian sentiment analysis
dataset containing 6,948 sentences, each annotated
with one of six distinct emotions: joy, sadness,
anger, disgust, fear, or surprise.

PersianFoodSentimentClassification (Fara-
hani et al., 2020) The PersianFoodSentimentClas-
sification dataset consists of 70,000 user comments
collected from SnappFood, an online food delivery
platform. The dataset is designed for polarity clas-
sification and includes two sentiment labels: (0)
Happy and (1) Sad. This dataset provides a com-
prehensive resource for sentiment analysis, particu-
larly in assessing customer satisfaction and expe-
rience within the context of online food delivery
services.

DeepSentiPers (Sharami et al., 2020) The
DeepSentiPers dataset is an enhanced and balanced
version of the SentiPers dataset (Hosseini et al.,
2018), containing 12,138 user opinions on digital
products. It is annotated with five sentiment classes:
two positive (Happy and Delighted), two negative
(Furious and Angry), and one Neutral class. This
dataset can be utilized for both multi-class and bi-
nary sentiment classification tasks. For binary clas-
sification, the Neutral class is excluded, focusing
the analysis on positive and negative sentiments.

MassivelntentClassification (FitzGerald et al.,
2023) This dataset comprises a collection of Ama-
zon Alexa virtual assistant utterances, each anno-
tated with its corresponding intent. One of 60 pos-
sible intents is assigned as the label for each user
utterance. The dataset is multilingual, supporting
51 languages, including Persian.

MassiveScenarioClassification (FitzGerald
et al., 2023) This dataset comprises a collection
of Amazon Alexa virtual assistant utterances, each
annotated with its corresponding scenario. One of
60 possible scenarios is assigned as the label for
each user utterance. The dataset is multilingual,
supporting 51 languages, including Persian.

SynPerChatbotConvSAClassification (Some
Emotion) For each of the nine emotions in the Syn-
thetic Persian Chatbot Conversational Sentiment
Analysis, a separate classification dataset was cre-
ated. The samples for each dataset were selected
from the Synthetic Persian Chatbot Conversational
Sentiment Analysis Dataset, focusing on conversa-
tions that exhibit the specific emotion of interest.
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Each sample represents a conversation between the
user and the chatbot, and is labeled with one of two
classes:

» Negative: When the intensity level of the emo-
tion is zero.

* Positive: When the intensity level of the emo-
tion is moderate or high.

SynPerChatbotToneUserClassification This is
a classification dataset derived from the Synthetic
Persian Chatbot, which classifies the user’s tone in
the conversation between the user and the chatbot.

SynPerChatbotToneChatbotClassification
This is a classification dataset derived from the
Synthetic Persian Chatbot, which classifies the
chatbot’s tone in the conversation between the user
and the chatbot.

SynPerChatbotRAGToneUserClassification
This is a classification dataset derived from the
Synthetic Persian Chatbot RAG, which classifies
the user’s tone in the conversation between the
user and the chatbot.

SynPerChatbotRAGToneChatbotClassification

This is a classification dataset derived from the
Synthetic Persian Chatbot RAG, which classifies
the chatbot’s tone in the conversation between the
user and the chatbot.
SynPerChatbotConvSAToneUserClassification
This is a classification dataset derived from the
Synthetic Persian Chatbot Conversational Senti-
ment Analysis, which classifies the user’s tone in
the conversation between the user and the chatbot.
SynPerChatbotConvSAToneChatbotClassification
This is a classification dataset derived from the Syn-
thetic Persian Chatbot Conversational Sentiment
Analysis, which classifies the chatbot’s tone in the
conversation between the user and the chatbot.
SynPerChatbotSatisfactionLevelClassification
This is a classification dataset derived from the
Synthetic Persian Chatbot Dataset, which classifies
the user’s satisfaction level in the conversation
between the user and the chatbot.
SynPerTextToneClassification This is a classi-
fication dataset derived from the Synthetic Persian
Tone Dataset. The samples consist of rewritten
texts, and the classes correspond to the tones of the
rewritten texts.
SIDClassification As detailed in Section 3.2.10,
the SIDClassification dataset is derived from the
SID'! website. In this dataset, the titles and ab-

https://www.sid.com/

stracts of articles are used as input texts, which
are classified according to the website’s predefined
category labels, with these categories serving as
the class labels.

B.2 Clustering

BeytooteClustering As explained in Section
3.2.11, BeytooteClustering is a clustering dataset
collected from the Beytoote!? website. The Bey-
tooteClustering dataset consists of 19 categories,
as detailed in Table 8.

DigikalamagClustering This dataset is the
same as the DigikalamagClassification dataset de-
scribed in Section B.1, with the distinction that it
is used here for the clustering task.

HamshahriClustring (Allahyar, 2020) The
Hamshahri dataset is a subset of the Farsi-news
dataset, extracted from the RSS feeds of two promi-
nent Farsi news agency websites: Hamshahri and
RadioFarda. Each entry in this dataset consists of
the title, summary, URL, and tags of the respective
news page. For the Hamshahri dataset specifically,
the title and summary are concatenated to form the
input text, while the tag associated with each page
is used as the classification label.

NLPTwitterAnalysisClustering This dataset is
the same as the NLPTwitterAnalysisClassification
dataset described in Section B.1, with the distinc-
tion that it is used here for the clustering task.

SIDClustring As described in Section 3.2.10,
SIDClustring is a clustering dataset sourced from
the SID!3 website. In this dataset, the title and
abstract of articles serve as input texts, which are
categorized based on the website’s predefined cate-
gory labels.

B.3 STS

Farsick (Ghasemi and Keyvanrad, 2021) FarSick
is a Semantic Textual Similarity (STS) dataset de-
signed for the Persian language. The dataset com-
prises approximately 10,000 sentence pairs, each
meticulously annotated for semantic relatedness,
meaning alignment, and entailment relations be-
tween the sentence pairs. FarSick was developed
by translating and adapting the sentence pairs from
the original SICK dataset, ensuring relevance and
applicability to the Persian linguistic context.

SynPerSTS As described in 3.2.2, we utilize
GPT-40-mini to generate synthetic data for the Se-
mantic Textual Similarity (STS) task.

Phttps://www.beytoote.com/
Bhttps://www.sid.com/
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Query2Query As detailed in Section 3.2.9, this
is a Semantic Textual Similarity (STS) dataset
comprising search engine queries, categorized into
three levels of similarity. The distribution of labels
is shown in Figure 3.

B.4 Summary Retrieval

SynPerChatbotSumSRetrieval This dataset is de-
rived from the Synthetic Persian Chatbot Dataset.
It is designed to evaluate the model’s ability to re-
trieve summaries of conversations between the user
and the chatbot.

SynPerChatbotRAGSumSRetrieval  This
dataset is derived from the Synthetic Persian
Chatbot RAG Dataset. It is designed to evaluate
the model’s ability to retrieve summaries of user-
chatbot conversations, including conversations that
may not have been completed.

SAMSumFa The SAMSum dataset is a dataset
designed for abstractive dialogue summarization. It
is composed of real-world-like chat conversations
along with human-written summaries. SAMSumFa
is a translation of the SAMSum dataset using the
exact method proposed for BEIR in Section 3.2.1.

B.5 Retrieval

ArguAna-Fa ArguAna-Fa retrieves the best coun-
terargument to an argument. This dataset aids in
assessing the relevance and quality of counterargu-
ments provided in debates or discussions.

ClimateFEVER-Fa ClimateFEVER-Fa verifies
climate claims using the FEVER Wiki corpus, with
claims as queries and evidence retrieval. The
dataset is used to evaluate the effectiveness of sys-
tems in fact-checking climate-related statements
based on available evidence.

CQADupstack-Fa CQADupstack-Fa is a com-
munity question-answering dataset with queries
from 12 StackExchange subforums, evaluated us-
ing retrieval of duplicate queries, reporting mean
scores in BEIR. It focuses on identifying and re-
trieving relevant information based on user ques-
tions across a variety of topics.

DBPedia-Fa DBPedia-Fa is an entity retrieval
dataset with heterogeneous queries, focusing on re-
trieving entities from the English DBpedia corpus.
It is valuable for tasks that involve querying knowl-
edge bases and retrieving structured data based on
user inputs.

FEVER-Fa FEVER-Fa dataset supports auto-
matic fact-checking by retrieving evidence from
pre-processed Wikipedia abstracts using original

paper splits as queries. This dataset is particu-
larly useful for evaluating models that perform fact-
checking tasks, ensuring they can retrieve reliable
sources of evidence.

FiQA2018-Fa FiQA2018-Fa focuses on
opinion-based QA, using financial data from
StackExchange Investment posts. The dataset eval-
uates the ability of systems to answer subjective
questions related to financial markets, opinions,
and trends.

HotpotQA-Fa HotpotQA-Fa requires obtaining
the correct answer to a question by reasoning in
multiple paragraphs. It challenges models to com-
bine information from several documents to arrive
at accurate answers, thus testing systems’ multi-
hop reasoning abilities.

MSMARCO-Fa MSMARCO-Fa is an informa-
tion retrieval dataset comprising queries from Bing
logs and various web documents, where each query
is associated with both relevant and irrelevant docu-
ments. This dataset is used to evaluate information
retrieval systems, particularly their ability to rank
documents by relevance to the query.

NFCorpus-Fa NFCorpus-Fa includes queries
from NutritionFacts and an annotated medical cor-
pus from PubMed. The dataset supports research in
information retrieval in the medical domain, where
accurate and relevant information is critical for
health-related queries.

NQ-Fa NQ-Fa consists of a set of Google
search engine queries and their corresponding an-
swers from Wikipedia, which have been human-
annotated. This dataset is designed for training and
evaluating models on natural question answering
tasks.

Quora-Fa Quora-Fa consists of the Quora cor-
pus, where duplicate queries have been identified.
It is primarily used to assess the ability of systems
to detect duplicate questions and provide consistent
answers.

SCIDOCS-Fa SCIDOCS-Fa is a citation predic-
tion task aimed at identifying directly cited scien-
tific articles based solely on the title of the citing
article. The dataset facilitates research into au-
tomatic citation prediction and understanding of
scientific knowledge connections.

SciFact-Fa SciFact-Fa dataset is a scientific fact
verification benchmark that evaluates the ability
of models to verify claims using evidence from
the scientific literature, focusing on claim-evidence
alignment and factual correctness. It is critical for
fact-checking tasks in the scientific domain.
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Touche2020-Fa Touche2020-Fa is a dataset de-
signed for argument retrieval tasks. The goal is to
identify and retrieve relevant arguments to counter
or support claims based on a given premise. It
evaluates models’ ability to engage in argumenta-
tive reasoning by considering both the quality and
relevance of retrieved arguments.

TRECCOVID-Fa TRECCOVID-Fa is an ad-
hoc search challenge using the July 16, 2020
CORD-19 dataset with cumulative judgments and
query descriptions from the original task. This
dataset is used for evaluating information retrieval
systems on COVID-19-related content.

Note: All of these datasets have been translated
from the original BEIR datasets to the Persian lan-
guage as explained in Section 3.2.1.

SynPerChatbotRAGFAQRetrieval This
dataset is derived from the Synthetic Persian
Chatbot RAG Dataset. 1t was created to evaluate
the model’s retrieval capabilities in a RAG-based
chatbot system. By incorporating elements such as
message history, the new user message (which may
or may not be a follow-up), and a question-answer
format for the documents, it simulates a real-world
retrieval scenario in a RAG chatbot system.

SynPerChatbotTopicsRetrieval This dataset is
derived from the Synthetic Persian Chatbot Dataset.
It was created to evaluate the model’s retrieval ca-
pabilities for identifying the topics of conversations
between the user and the chatbot.

SynPerChatbotRAGTopicsRetrieval  This
dataset is derived from the Synthetic Persian
Chatbot RAG Dataset. It was created to evaluate
the model’s retrieval capabilities for identifying
the topics of user-chatbot conversations, including
conversations that have not necessarily been
completed.

SynPerQARetrieval This dataset is derived
from the Synthetic Persian QA Dataset. It is de-
signed to evaluate the model’s retrieval capabilities
when the query is a question, and the documents
are in the format of answers.

PersianWebDocumentRetrieval (Zinvandi
et al.,, 2024) This dataset consists of queries
collected from the Zarebin search engine and
human-labeled documents, specifically curated for
the task of information retrieval from the web.

NeuCLIR2023Retrieval (Lawrie et al., 2023)
and NeuCLIR2022Retrieval (Lawrie et al.,
2024) The NUECLIR dataset is designed for the
Cross-Language Information Retrieval (CLIR) task,
where systems process queries in one language (En-

glish) and retrieve relevant news articles written in
a different language, such as Chinese, Persian, or
Russian. The Persian collection within this dataset
includes Persian documents and corresponding En-
glish queries, which are scheduled for release. The
query object comprises both human-translated and
machine-translated queries, facilitating monolin-
gual retrieval and cross-language retrieval scenar-
i0s.

WikipediaRetrievalgMultilingual (Founda-
tion, 2023) The dataset utilized in this study is
derived from Cohere’s Wikipedia-2023-11 dataset,
which comprises a comprehensive collection of
Wikipedia articles. Additionally, the dataset in-
cludes synthetically generated queries designed to
facilitate information retrieval tasks.

MIRACL (Zhang et al., 2023) The MIRACL
dataset is a multilingual dataset for information re-
trieval. It comprises documents from Wikipedia
and human-generated queries corresponding to
these documents. One of the languages supported
by this dataset is Persian, which we utilize for the
information retrieval task.

B.6 Reranking

MIRACLReranking MIRACL-Reranking is a
subset of the MIRACL dataset, where, for each
query, a collection of documents is retrieved and
annotated as relevant or irrelevant.

WikipediaRerankingMultilingual (Founda-
tion, 2023) The dataset is sourced from Cohere’s
Wikipedia-2023-11 dataset and includes syntheti-
cally generated queries.

B.7 Pair Classification

CExaPPC (Sadeghi et al., 2022) ExaPPC is an
extensive paraphrase corpus consisting of mono-
lingual Persian sentence-level paraphrases, derived
from a variety of sources.

SynPerChathbotRAGFAQPC This dataset is de-
rived from the Synthetic Persian Chatbot RAG
Dataset. It evaluates the model’s ability to identify
relevant FAQ question-answer pairs correspond-
ing to the user’s new message in a chatbot conver-
sation, considering the message history within a
RAG-based system.

FarsiParaphraseDetection (Ghasemi, 2022)
This dataset consists of 7,826 pairs of sentences
in Persian, manually annotated for paraphrase de-
tection.

FarsTail (Amirkhani et al., 2020) FarsTail
dataset is a Persian textual entailment dataset de-
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signed to facilitate natural language understanding
tasks.

SynPerTextKeywordsPC This dataset is de-
rived from the Synthetic Persian Keywords Dataset.
It is designed to evaluate the model’s ability to
identify the keywords of a given text.

ParsinluEntail (Khashabi et al., 2021) The
dataset focuses on a Persian textual entailment task,
which involves determining whether one sentence
entails another sentence. The questions are par-
tially derived from translations of the SNLI dataset
and partially generated by expert annotators.

ParsinluQueryParaphPC (Khashabi et al.,
2021) This study addresses a Persian query para-
phrasing task, which involves determining whether
two questions are paraphrases of each other. The
dataset comprises questions that are partially gen-
erated using Google’s auto-complete feature and
partially translated from the Quora Paraphrasing
dataset.

SynPerQAPC This dataset is derived from the
Synthetic Persian QA Dataset. It is designed to
evaluate the model’s ability to identify the correct
answers for given questions.

Synthetic Persian Chatbot
Conversational Sentiment
Analysis

Original prompt
B A N S P P R

BT 5 e 0l ol 355 o 45 5 43 4 o3 S Gl o o Gl 3 25 o -
S s e e 1) Lol 5 S ady ), aale 15T

OF g | adn ln o ol b il 25

oS s s s Sk
s ol oo (messages) Jyl als
35 a, aSSIStANt , USe Jlida o
{input subject} :a (sss £529e #H

{input user tone} : |

{input chatbot tone} >

{emotion dictionary} : ;i glyms y est ainie > ##

role a5y ol cOntent  ole a5 g2 b 22500 Sy B2 ol )

Translated prompt
You will be given a topic. Create a hypothetical conversation between a user and a chatbot about this topic.
Additionally, a specific emotion will be provided to you, along with the level of this emotion experienced by
the user throughout the conversation (the emotion level will be given in 3 states: high, medium, or none). You
must create the conversation based on this factor.

Finally, generate the output in the specified format. The tone of the user and the chatbot will also be provided.
and you must create the conversation according to these tones.

# Output Format:
You must produce a dictionary containing the following key:

1. messages: A list of messages exchanged between the user and the chatbot (each message s itself a
dictionary with two keys: role and content. The role key can take two values: user and assistant).

## Input Topic: {input subject}

## User Tone: {input user tone}
## Chatbot Tone: {input chatbot tone}
## Specified Emotion and Its Level: {emotion dictionary}

)

Figure 2: This figure illustrates the prompts used to
generate the Synthetic Persian Chatbot Conversational
Sentiment Analysis dataset. This dataset receives the
chat subject, user tone, chatbot tone, and user emotion as
input, corresponding to the placeholders "input subject",
"input user tone", "input chatbot tone", and "emotion
dictionary", respectively.

C Model Accuracy

The accuracy of each model, presented separately,
is provided in Table 9.

1e6 Histogram of Scores
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Figure 3: Figure a shows the distribution of the Query
to Query data based on similarity scores. Figure b il-
lustrates the distribution of the Query to Query data
according to the labels assigned, ranging from 0 to 2.
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Synthetic Persian QA

Original propmt :

s g Jlgm ool sl ome ool 51 5 555 m o0l 5 & sl s e o
C oS s

a2l 4ty (G 50wl (5 o g o5 oo Slax 5 o lge
22 g L s b s opdle

Dol ) Do b Lt 5 g et

D e HH

ol (57503 S i (2 e e S 0y e o ]y ed 5
. sl e b sy Jlom ol 51 S 4 by s

Jls (question) Jg als. e oS ¥ Juls ls 5,22500 ol 51 S5 o
ol 0ad gl Sl (ANSWER) pss S, ool su adgs

HETRC
{input text}

Translated prompt :

A text will be provided to you below. From this text, you must generate
a number of questions and answers.

The questions and answers you generate should have educational value.
Additionally, the answers should not be too short.

## Output Format:

You must produce a list in the output. Each item in this list is a
dictionary related to one of the questions and answers.

Each dictionary must contain 2 keys:

- The first key (question) is the generated question.

- The second key (answer) is the generated answer.

## Input Text:
{input text}

Synthetic Persian Keywords/Tone

Original propmt :

G35 (5 4alS (50 25T sl il 55 35 oa oals g ad] 53 e
) LS ) e ol b

2l ol s oS sl o b {INPUL tONe} o L1, oa ol iz o2
-l oy

TS S

FUE IR RE SN ORI Y PR PFEEL VAN VRV Y]

o3 AlS. ool sud 2l Bl saldS sla asls cd (keywords) i ol
o ol Gl ols aalS 45 ss e aals’ 5l 2] (false keywords)

{input tone} >J a; a5 ool s33,5 me (TEWTIttEN teXt) psw ol
RO PRI

PS8 o

{input text}

Translated prompt :

A text will be provided to you below. You must extract a number (up to
5) of the main keywords from this text.

Additionally, rewrite this text with a {input tone} tone and include it in
the output.

Output format:

You must produce a dictionary with 3 keys in the output:

- The first key (keywords) is a list of the extracted keywords.

- The second key (false keywords) is a list of words that are not
keywords of the text.

- The third key (rewritten text) is the input text rewritten with a {input
tone} tone.

Tnput text:
{input text}

Synthetic Persian ST

Original propmt :
7o o page Sl

s o S

JEINE ST PR RV ERNER N

A 5 Sz 4 2k (s ). Sl o 8 5l st e pseie b s
* e S
37031 S5 4 s 0ulS 2 05 Sl IS LB S (5 5 55 5505 e 58
el at alys

Sl (8 Bl 31y o 5o 5% L et gapde Blod 51 (teXE_1) g1 05 & Ly e
o
s (sla Sl o S (oo (e 4t Ly (gapihe B 5 (10XE_2) o3 IS 43 Lgyye e
3 5335 e b gapehe Llod 5l 0n (oage
ol b5 JJp ol ong5 (e 4 Koo L sasgita Llood 51 (tEXE 3) ps 0l 4 Logyya 70
5 59 550 b gaside Blow 31 oo b5
S5 ol 39 55 ol S Salite oy 05 pvihe b Ganehs (10XE4) pole S & Ly 050
Ao e
55 B S ol glita YIS (gsgss 5 U st (1ORE_S) qonsy S 4 a2
RURTISTRUNINCN
s o
{input text}
Translated prompt :
You will be given a text. Based on this text, you must generate 5 other texts (the
similarity in concept between these texts and the input text should range from
high to low, in order). Your output format must strictly follow the format below:
Output Format:
You must produce a dictionary as the output, containing 5 keys. Each key
corresponds to one of the generated texts.

- The text for the first key (text_1) should be conceptually similar to the input text
but different in terms of phrasing and style.

- The text for the second key (text_2) should be somewhat similar in concept to
the input text but have relatively significant conceptual differences.

- The text for the third key (text_3) should be moderately close in concept to the
input text but include major conceptual differences

- The text for the fourth key (text_4) should differ in concept from the input text,
but both should address the same topic.

The text for the fifth key (text_5) should have a completely different concept -
from the input text, though the structural style of both texts may be similar.

Input Text:
{input text}

AN AN J

(a) (b) ()

Figure 4: This figure illustrates the prompts used to generate the three datasets: a) Synthetic Persian QA, b) Synthetic
Persian Keywords/Tone, and c) Synthetic Persian STS. The prompts are in Persian, with their translations included
below each prompt. In the prompts, the placeholder "input text" is replaced with the text intended to generate the
data. Additionally, in prompt b, there is an "input tone" placeholder to specify the desired tone.

Synthetic Persian Chatbot Synthetic Persian Chatbot RAG

Original propmt :

ol 0 S V5 0 (o o Bl S Ko b 5l o o3 g3dnn 5 ol el o 4T (o (b (gl Kb b 55 35 (g 05 Epige Sy s 4
el asls i ply o

Original propmt :
4 ] aede ol 5 05 P Sl S Lpls S b e K igdan nl 300 50 S 05 e o3l £3pe S S 4
e
& el 45 55 el (54 ke 5 24 amsgie cmg ol o 8) i ol 51 S e b,
sl Sl Glie ol Sl 0 il esd o
5 9y S L ) s e 35 g 45 7ty S 2 o 5 lS ) e 0
Dzt b

5 S I sl a5y g 455 5 4 Sl 3 S 0 S

SESSTRPE U JEREPR
35 (g0 0315 55 4 45 Sl oo s Gl s ply 5 JE U b s S 5

(5 A5 (2 o el i Jol 5,5 S

o g ply e S was sl 5l L ol e g 8 sl aL, oo (messages) s s
(ot 4ty w3 o, assistant ; user i ;s Tole

s N . - o IS Sz sl o5 o (DEW_message) pss als
(SR a2 ol g il S S 5 ) AV 3 QUESEION . 33 =250 o & 5 ety FAQ 5 e s o5 (poSItIVS, gample of fiq; s

505y o content y role Sy L gt Ko a3 ply 8 o L S 5 ol ol ALy o (Messages) ) o5 s kS ol 8 bl 3 sl o s e o Kt o ) s ot S, (negative sample.of faq) . oS
5 e gl |y andSe o] 6 4 o ol (SUMMALY) 4y 3,08 (a2l az3ls 87 Lo |, ASSISEANt , USer jluza 42 role o anSwer 5 QUESHION 5.5 30 6yiSe> e 4 o5 el oy FAQ 5 (ot

el s l gdge Sl s ais (OPICS) p g 55 A o ol 4l il 6 4ds 5 ool (summary)

{input subject} : g2sy ¢ 529e #H S alSa oy o3 3ps cela gz s (tOPICS) w28 LS

{input satisfaction level} : ;s culs, olse #H# {input subject} © su35 g5osa #H

{input user tone} : .5 o0 ## {input user tone} : 8 ;j :

. O {input chatbot tone} : =\,
{input chatbot tone} : ol . {input number of history messages} 4. <l .

45 5 o content 5 role IS 5o L 5,2%0

Translated prompt :
You will be given a topic. Based on this topic, create a hypothetical conversation between a user and a
chatbot and format the conversation as specified in the output format.

Translated prompt :
You are given a topic. You must design a scenario where a user is having a conversation with a chatbot about the given
topic, and the user has just sent a new message in this chat
You need to generate the output in the specified format. Additionally, you will be provided with the tone of the user and the
tone of the chatbot, and the conversation must reflect these tones
‘The number of historical messages (previous messages exchanged between the user and the chatbot before the user's new
message) will also be provided as a variable.
## Output Format:
‘You must produce a dictionary with the following keys:
1. messages: A list of messages exchanged between the user and the chatbot before the user's new message (each message is
itself a dictionary with two keys: role and content. The role key can take two values: user and assistant).
2. new_message: The new message sent by the user.
3. positive_sample_of faq: A positive FAQ example for the chatbot. This should be a dictionary with two keys:
- question
- answer.
4. negative_sample_of faq: A hard negative FAQ example for the chatbot. This should be similar to the user's question and
the historical messages but should not be a correct answer. It is a dictionary with two keys:
- question
- answer.
5. summary: A brief summary of the conversation.
6. topics: The thematic categories of the conversation.
# Input Topic: {input subject}
## User Tone: {input user tone}
## Chatbot Tone: {input chatbot tone}
# Number of Historical Messages: {input number of history messages}

(a) (b)

You will also be provided with the user's final satisfaction level with the conversation (5 levels: excellent,
good, average, bad, and very bad). The generated conversation must ultimately align with the given
satisfaction level.

Additionally, the user's tone and the chatbot's tone will be provided. Create the conversation in accordance
with these tones.

## Output Format:
You must produce a dictionary containing several keys:

- The first key (messages) is a list of messages exchanged between the user and the chatbot (each message is
itself a dictionary with two keys: role and content. The role key can take two values: user and assistant).

- The second key (summary) provides a summary of the conversation.

- The third key (topics) categorizes the topics covered in the conversation.

## Input Topic: {input subject}

## User Satisfaction Level: {input satisfaction level}

## User Tone: {input user tone}

## Chatbot Tone: {input chatbot tone}

Figure 5: This figure illustrates the prompts used to generate the two datasets: a) Synthetic Persian Chatbot
and b) Synthetic Persian Chatbot RAG. Both datasets receive the chat subject, user tone, and chatbot tone as
input, corresponding to the placeholders "input subject”, "input user tone", and "input chatbot tone", respectively.
Additionally, in prompt a, the user’s satisfaction level is provided through the placeholder "input satisfaction level",
and in prompt b, the number of messages included in the chat history is specified using the placeholder "input
number of history messages".
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DigikalamagClassification -
NLPTwitterAnalysisClassification
SentimentDKSF

PersianTextEmotion
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Figure 6: Similarity chart of different MTEB datasets.
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Datasets Type Language #Train #Dev. #Test
DigikalamagClassification classification Persian 6,896 767 852
NLPTwitterAnalysisClassification classification Persian 2,715 1,357 1,360
SentimentDKSF classification Persian 28,602 0 2,315
PersianTextEmotion classification Persian 5,558 0 1,390
PersianFoodSentimentClassification classification Persian 56,700 6,300 7,000
DeepSentiPers classification Persian 6,320 703 1,854
MassivelntentClassification classification Multilingual 11,514 2,033 2,974
MassiveScenarioClassification classification Multilingual 11,514 2,033 2,974
SynPerChatbotConvSAClassification classification Persian 4,496 0 1,499
SynPerChatbotToneUserClassification classification Persian 8,709 0 1,537
SynPerChatbotToneChatbotClassification classification Persian 8,709 0 1,537
SynPerChatbotR AGToneUserClassification classification Persian 3,261 0 1,087
SynPerChatbotR AGToneChatbotClassification classification Persian 3,261 0 1,087
SynPerChatbotConvS AToneUserClassification classification Persian 4,496 0 1,499
SynPerChatbotConvS AToneChatbotClassification classification Persian 4,496 0 1,499
SynPerChatbotSatisfactionLevelClassification classification Persian 8,709 0 1,537
SynPerTextToneClassification classification Persian 16,587 0 2,928
SIDClassification classification Persian 8,712 0 3,735
HamshahriClustring clustering Persian 0 0 2,203
DigikalamagClustering clustering Persian 6,896 767 852
NLPTwitterAnalysisClustering clustering Persian 2,715 1,357 1,360
BeytooteClustering clustering Persian 0 0 95,851
SIDClustring clustering Persian 8,712 0 3,735
Farsick STS Persian 0 0 8,566
SynPerSTS STS Persian 70,155 0 12,385
Query2Query STS Persian 4,228,933 0 42,717
CExaPPC pair classification Persian 63,021 13,505 13,504
FarsiParaphraseDetection pair classification Persian 6,260 783 783
ParsinluEntail pair classification Persian 755 270 1,675
ParsinluQueryParaphPC pair classification Persian 1,830 898 1,916
FarsTail pair classification Persian 0 0 1,564
SynPerChatbotRAGFAQPC pair classification Persian 6,522 0 2,174
SynPerTextKeywordsPC pair classification Persian 33,174 0 5,856
SynPerQAPC pair classification Persian 500,106 0 55,568
PersianWebDocumentRetrieval retrieval Persian 245,692 0 175,472
NeuCLIR2023Retrieval retrieval Multilingual 0 0 2,258,678
NeuCLIR2022Retrieval retrieval Multilingual 0 0 2,266,190
WikipediaRetrievalMultilingual retrieval Multilingual 0 0 15,000
MIRACL retrieval Multilingual 0 0 2,213,743
SynPerChatbotR AGFAQRetrieval retrieval Persian 11,957 0 9,783
SynPerChatbotTopicsRetrieval retrieval Persian 34,084 0 11,128
SynPerChatbotR AGTopicsRetrieval retrieval Persian 14,590 0 7,648
SynPerQARetrieval retrieval Persian 520,695 0 298,426
ArguAna-Fa retrieval Persian 0 0 10,080
ClimateFEVER-Fa retrieval Persian 0 0 5,421,274
CQADupstack-Fa retrieval Persian 0 0 480,902
DBPedia-Fa retrieval Persian 0 0 4,651,208
FEVER-Fa retrieval Persian 5,556,643 0 5,424,495
FIQA2018-Fa retrieval Persian 71,804 0 59,344
HotpotQA-Fa retrieval Persian 5,403,329 0 5,248,139
MSMARCO-Fa retrieval Persian 9,374,574 0 8,845,925
NFCorpus-Fa retrieval Persian 114,208 0 15,967
NQ-Fa retrieval Persian 0 0 2,685,669
Quora-Fa retrieval Persian 0 0 538,606
SCIDOCS-Fa retrieval Persian 0 0 30,585
SciFact-Fa retrieval Persian 6,102 0 5,522
Touche2020-Fa retrieval Persian 0 0 383,477
TRECCOVID-Fa retrieval Persian 0 0 196,005
MIRACLReranking reranking Multilingual 0 0 1,314
WikipediaRerankingMultilingual reranking Multilingual 0 0 1,500
SynPerChatbotSumSRetrieval summary retrieval Persian 8,709 0 1,537
SynPerChatbotRAGSumSRetrieval summary retrieval Persian 3,261 0 1,087
SAMSumFa summary retrieval Persian 14,045 0 1,561

Table 7: The number of documents in each of the FAMTEB datasets.
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-
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Table 8: The number of samples in each category of dataset BeytooteClustering.
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Figure 7: Example of classification datasets.
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paraphrase-multilingual-MiniLM-L12-v2

&
= 2 3
P < o ) 2
i) 4 3 El é A =9 5
|2 N =] = 2 3 @ El £
: Bz e E £ < i & S
£ O & 2 A = g g 7 3
s £ =2 = w @ %2 2 £ 2 B T %
b4 m = =1 m 7] 8 g T = = . 0 )
: 8 & & % 2 ¢ £ £ % % g & |}
2 & @ & £ 3 & = O £ £ = & =
Classification
PersianFoodSentimentClassification 64.25 6452 64.17 703 7375 7346 72.09 72.01 80.05 7749 75.05 7631 7734 834 83.57
SynPerChatbotConvSAClassification 62.17 59.44 5823 70.51 77.1 5751 7541 78.07 7638 6329 64.61 60.77 63.15 61.03 71.57
SynPerChatbotConvS AToneChatbotClassification  70.01 68  65.39 8843 91.21 56.6 66.77 8897 60.75 49.09 63.18 58.07 5442 50.55 51.88
SynPerChatbotConvSAToneUserClassification ~ 55.72  62.01 61.77 48.36 72.68 5035 53.63 69.6 5646 51.86 4885 52.6 513 4885 52.86
SynPerChatbotSatisfactionLevelClassification 26.14 2198 2305 31.87 356 2204 3502 3722 37.18 30.82 2532 2523 2604 2472 3543
SynPerChatbotRAGToneChatbotClassification ~ 38.65 43.02 4241 5841 61.39 3841 4297 5831 38.69 3241 35.15 37.16 35.16 3545 33.16
SynPerChatbotR AGToneUserClassification 47.07 58.03 53.84 509 6237 44.68 54 6259 51.32 4845 449 50.73 50.7 4847 49
SynPerChatbotToneChatbotClassification 48.73 4899 4826 67.53 7499 41.14 5242 7246 47.68 33.64 4236 415 4238 3792 3623
SynPerChatbotToneUserClassification 4493 5696 5297 41.76 60.17 41.67 51.15 5725 4691 432 3998 46.73 4575 4271 4518
SynPerTextToneClassification 5586 71.12 73.12 913 89.72 4639 5871 89.78 51.8 51.7 63.69 70.19 61.54 55.67 50.69
SIDClassification 55 5041 4826 54 557 5446 56.71 5875 5324 60.62 60.73 6137 60.32 59.62 61.68
DeepSentiPers 4251 4338 4428 4241 50.63 5591 6091 5453 6443 5795 619 6095 5889 67.51 6526
PersianTextEmotion 38.81 3759 375 488 4818 4537 5345 5326 5701 515 5485 61.88 5873 61.13 51.88
SentimentDKSF 49.17 49.87 51.52 59.04 59.69 65.62 67.67 58.16 69.57 67.52 7126 71.07 66.34 7535 7515
NLPTwitterAnalysisClassification 73.68 70.54 70.74 7029 70.71 7498 7493 7028 7472 75.62 74.67 7599 7775 7693 7597
DigikalamagClassification 79.74 74779 7458 8259 81.8 7466 85.12 8237 7295 8293 86.78 87.05 86.31 86.03 84.88
MassivelntentClassification (fa) 4419 5143 5278 55.09 60.07 61.03 6233 5998 63.73 6229 59.51 63.74 66.17 6944 72.6
MassiveScenarioClassification (fa) 51.78 59.53 5824 5846 626 6589 6743 64.11 6745 67.88 6392 6755 7237 7329 81.78
Clustering
BeytooteClustering 6195 6192 60.75 53.81 51.6 63 56.12 5527 55.62 6252 59.16 615 6144 60.71 634
DigikalamagClustering 60.53 46.24 5582 3871 50.73 48.69 44.07 4555 41.03 3439 38.63 39.89 4748 39.56 433
HamshahriClustring 75.57 68.85 67.37 65.08 64.84 06384 67.09 6643 6328 069.83 67.83 6742 67.55 6948 66.88
NLPTwitterAnalysisClustering 79.18 7624 7785 7455 7446 7897 76.12 70.06 82.24 80.82 78.18 78.48 80.63 809 80.69
SIDClustring 4691 39.8 39.79 4377 39.12 36.11 394 413 40.08 38.86 3879 38.65 41.02 38 41.5
Fair Classification
FarsTail 5892 5498 56.09 57.15 57.79 6484 6293 556 81.52 7265 70.76 69.74 69.77 73.14 71.85
CExaPPC 82.72 937 9429 90.88 91.13 9595 98.97 9455 98.8 9842 987 9897 9726 99.09 97.41
SynPerChatbotRAGFAQPC 54.02 5581 5254 5826 50.84 60.75 62.68 6032 7132 66.77 6542 629 6503 6443 62.06
FarsiParaphraseDetection 90.38 92.02 93.01 77.99 93.69 96.82 9434 86.98 9599 97.06 96.39 97.57 96.86 9557 96.6
SynPerTextKeywordsPC 86.94 8259 8197 76.02 7125 89.93 87.88 77.68 9493 964 9573 9479 9621 97.04 94.96
SynPerQAFaPC 65.13 73.11 7352 66.6 67.84 80.6 83.07 662 8634 91.66 9424 9516 932 93.76 93.38
ParsinluEntail 55.14 559 5558 5728 5779 69.19 60.76 5639 777 6655 64.81 6543 59.81 68.65 65.82
ParsinluQueryParaphPC 71.18 60.72 61.57 6567 628 81.15 804 67.83 89.7 87.09 863 8775 8641 89.98 87.63
Reranking
MIRACLReranking (fa) 18.34 1738 18.17 23.72 189 3083 29.05 144 3587 5505 5736 5936 4878 6092 4291
WikipediaRerankingMultilingual (fa) 6147 7211 7328 7743 7386 80.8 8242 7395 80.71 84.38 86.78 8932 90.71 88.21 79.61
Retrieval
SynPerQARetrieval 20.36 2659 25.02 4294 2495 5245 5399 26.88 6502 7744 8559 8735 85.14 8627 854
SynPerChatbotTopicsRetrieval 238 352 423 005 015 1228 62 0.16 10.76 28.07 1537 11.82 10.59 19.18 18.75
SynPerChatbotRAGTopicsRetrieval 433 459 472 009 119 1639 12.1 045 1893 3097 20.11 19.24 1322 1991 24.26
SynPerChatbotRAGFAQRetrieval 676 746 637 10.02 509 1922 18.82 1224 243 3147 2849 2348 30.84 32.04 47.46
PersianWebDocumentRetrieval 12.61 8.14 1255 795 10.04 1431 2821 10.85 439 44.15 46.72 46.76 38.18 44.09 40.32
NeuCLIR2022Retrieval 1.33 39 323 292 038 1978 256 0.02 2696 36.67 9.75 53 1212 1548 1825
NeuCLIR2023Retrieval 6.6 527 502 121 1.86 2634 2152 4.63 3647 5093 46.1 46.67 46.53 522 5145
WikipediaRetrievalMultilingual (fa) 35.63 3734 4129 63.67 4841 62.15 67.06 46.14 79.02 8494 88.11 904 91.19 89.32 89.02
MIRACLRetrieval (fa) 195 434 435 824 452 1333 1053 221 21.32 5389 5748 59.01 3993 609 5521
ClimateFEVER-Fa .13 268 215 506 205 1223 373 039 947 1883 126 1275 1641 2431 29.87
FEVER-Fa 0.7 .11 142 1.7 0.59 18 7 041 844 6133 48.05 41.56 44.74 5599 63.75
DBPedia-Fa 192  1.13 219 287 192 11.53 1078 1.2 13.77 292 2874 3036 2247 2985 31.84
HotpotQA-Fa 022 085 085 652 337 1239 1194 233 1644 49.04 5533 60.15 39.24 5654 5143
MSMARCO-Fa 1.04 1.5 134 202 114 789 643 123 933 2333 26.88 3092 2138 29.09 29.85
NQ-Fa 062 188 175 349 127 1149 788 1.08 11.97 388 39.84 4482 26.69 46.62 50.33
ArguAna-Fa 20.59 18.77 1494 2224 218 3645 36.13 27.51 31.88 504 43.19 455 5528 504 34.88
CQADupstackRetrieval-Fa 246 489 445 946 449 1835 16.65 3.09 18.09 26.03 29.87 3159 3245 31.72 2791
FiQA2018-Fa 087 261 222 3.1 1.58 1031 635 1.82 11.22 2647 23.17 30.15 2739 3038 3443
NFCorpus-Fa 536 345 4 7.14 336 1483 1552 486 197 2561 2547 2859 2828 2947 2821
QuoraRetrieval-Fa 4721 4638 4738 5245 4929 73.61 7252 5172 76.67 77.99 7726 7996 80.14 82.18 59.44
SCIDOCS-Fa 185 294 166 374 156 9.28 58 1.97  9.07 1272 11.76 11.58 13.55 1456 14.52
SciFact-Fa 595 648 775 1886 10.33 31.54 3457 1354 37.19 56.15 5779 59.69 57.76 60.52 6151
Touche2020-Fa 144 704 546 214 114 1647 459 142 1322 2469 2248 26.19 16.15 2287 26
STS
Farsick 50.16 4845 50.62 4927 53.57 6672 6442 52.04 69.64 7095 69.93 70.67 6729 71.75 76.96
SynPerSTS 67.67 7266 7199 77.16 7398 8331 8847 7455 89.08 86.89 86.7 8798 8691 87.59 88.73
Query2Query 4738 43.66 4621 29.61 5537 51.69 66.28 59.08 70.52 69.41 66.71 6749 69.22 69.71 70.27
Summary Retrieval
SAMSumFa 262 549 865 1445 1123 4504 8374 931 88.19 855 9297 9242 9247 97.88 96.89
SynPerChatbotSumSRetrieval 321 1.03 195 3.18 136 17.37 18.02 32 3273 36.78 25.09 27.6 36.61 32.13 36.99
SynPerChatbotRAGSumSRetrieval 1471 10.62 845 10.34 8.68 3332 40.76 1235 5627 60.37 45.68 49.81 5593 5321 62.63

Table 9: The accuracy of each model on all datasets, presented separately.
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Figure 8: Example of clustering datasets.
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Figure 9: Example of STS datasets.
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Figure 10: Example

of retrieval datasets.
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Figure 11: Example of reranking datasets.
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Figure 12: Example of pair classification datasets.
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Figure 13: Example of summary retrieval datasets excluding BEIR-Fa datasets.
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