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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 datasets1, accompanying code, and a pub-
lic leaderboard2.

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)

*†These authors contributed equally to this work.
1The datasets have been published at https://

huggingface.co/MCINext/datasets
2Persian 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
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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 (Poświata
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), E5 (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), mE5 (Wang
et al., 2024), and OpenAI’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-4o-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 3×3 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-4o-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-4o-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:

score =
intersection
(2∗Q1∗Q2)
Q1+Q2

,

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.

3.2.10 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 SID3 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 Beytoote4 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/
4https://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 LLMs 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-
4o-mini and Gemma-3-27B-IT. Consequently, for
each sample, we obtained three distinct transla-
tions—one from Google Translate, one from GPT-
4o-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-4o 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-4o-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
SynPerChatbotConvSAClassification 93% Accuracy Classification
SynPerChatbotToneUserClassification 79% Accuracy Classification
SynPerChatbotToneChatbotClassification 89% Accuracy Classification
SynPerChatbotRAGToneUserClassification 85% Accuracy Classification
SynPerChatbotRAGToneChatbotClassification 86% Accuracy Classification
SynPerChatbotConvSAToneUserClassification 94% Accuracy Classification
SynPerChatbotConvSAToneChatbotClassification 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 37.93 53.06 64.83 70.55 39.9 8.98 55.07 14.71

RoBERTa-WLNI 110 37.97 54.87 58.61 71.1 44.74 9.91 54.92 5.71
BERT-WLNI 110 38.15 54.59 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 52.01 9.32
ParsBERT 110 40.63 65.13 56.15 69.14 46.38 9.91 60.97 7.09

paraphrase-multilingual-MiniLM-L12-v2 118 46.62 55.58 58.12 79.9 55.82 23.08 67.24 31.91
LaBSE 471 48.47 62.02 56.56 78.88 55.74 21.2 73.06 47.51

TookaBERT-Base 123 41.17 65.54 55.72 70.69 44.18 10.51 61.89 8.29
Tooka-SBERT 353 52.74 61.29 56.45 87.04 58.29 27.86 76.41 59.06

GTE-multilingual-base 305 57.14 58.6 57.28 84.57 69.72 41.22 75.75 60.88
multilingual-e5-base 278 57.03 59.97 56.52 84.04 72.07 41.2 74.45 54.58
multilingual-e5-large 560 58.44 61.7 57.19 84.04 74.34 42.98 75.38 56.61

BGE-m3-unsupervised 568 56.6 60.99 59.62 83.07 69.74 38.14 74.47 61.67
BGE-m3 567 59.1 61.74 57.73 85.21 74.56 43.38 76.35 61.07

Jina-embeddings-v3 572 59.28 62.97 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
fiqa 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-4o-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 42.93 15.32 26.58 25.45 50.84 17.44 46.53 38.27 33.25 22.02 61.71 14.06 65.31 26.49 56.9
English ndcg@10 47.16 18.61 32.52 32.01 64.93 25.36 60.22 47.68 34.28 32.60 88.77 16.46 69.06 34.70 68.80
Persian recall@100 93.67 34.29 54.63 35.83 82.98 46.94 65.11 33.02 26.50 60.78 86.03 32.31 89.7 47.18 10.50
English recall@100 95.16 40.93 62.13 43.47 92.15 54.88 76.30 45.02 26.02 78.28 97.69 36.75 91.92 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
ninisite / article 500 500 article

zoomit 500 500 article
bigbangpage 500 500 article

namnak 500 500 article
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 LLM 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
OpenAI models and Google’s Gemma models were
utilized in a manner consistent with their respective
usage guidelines and licenses.

The use of OpenAI models is governed by the
OpenAI Terms of Use,5 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,6 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 AI-
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-4o-mini7 to
generate STS data.

7https://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-4o-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-
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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-4o-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-4o-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
engine8, 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:

score =
intersection
(2∗Q1∗Q2)
Q1+Q2

,

where “intersection” represents the number of com-
mon responses, while Q1 and Q2 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 9 and SnappFood 10 web-

9digikala.com
10snappfood.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.

MassiveIntentClassification (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
SID11 website. In this dataset, the titles and ab-

11https://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 Beytoote12 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 SID13 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-4o-mini to generate synthetic data for the Se-
mantic Textual Similarity (STS) task.

12https://www.beytoote.com/
13https://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. It 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-
ios.

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.

SynPerChatbotRAGFAQPC 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.

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.

(a)

(b)

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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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.

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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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
MassiveIntentClassification 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
SynPerChatbotRAGToneUserClassification classification Persian 3,261 0 1,087
SynPerChatbotRAGToneChatbotClassification classification Persian 3,261 0 1,087
SynPerChatbotConvSAToneUserClassification classification Persian 4,496 0 1,499
SynPerChatbotConvSAToneChatbotClassification 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
SynPerChatbotRAGFAQRetrieval retrieval Persian 11,957 0 9,783
SynPerChatbotTopicsRetrieval retrieval Persian 34,084 0 11,128
SynPerChatbotRAGTopicsRetrieval 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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car-news news computer attire health fun cookery art iran psychology baby sport wedlock religious scientific mode housekeeping pictures job
12669 12000 8603 6109 5333 5241 4869 4741 4441 4239 4107 3889 3856 3700 3578 3047 2951 1251 1227

Table 8: The number of samples in each category of dataset BeytooteClustering.

کهیهفته‌اآخردربرگشتباکس‌آفیسبهپستبااسپیلبرگ
۵میانازStar Wars: The Last Jediسینماییفیلمگذشت
Jumanji: Welcome to the Jungleوشدخارجبرترفیلم

فتههاینمهمنکاتازیکی.گرفتقرارباکس‌آفیساولرتبهدر
نای.بوداسپیلبرگاستیونThe Postفیلمگسترده‌تراکرانشروع
رارقشدهاکرانفیلم‌هایمیاندرهفتهسههمپیشترکهفیلم

فیلم۵میاندروکردپیداعمومیوگستردهاکرانبالاخرهداشت
فیلمهمههفتپرفروشفیلم‌هایازدیگریکی.گرفتقرارهفتهبرتر

دربارهویدیوکستایندر.بودThe Commuterسینمایی
هکهفته‌ایآخردرآمریکاسینمایپراهمیتوپرفروشفیلم‌های
سیبرررافیلم‌هاایندربارهمنتقداننظراتوزده‌ایمحرفگذشت
.کرده‌ایم

Class: سینماوهنر     

DigikalamagClassification

پیداجلاروانموروحبودگذاشتهمعینرفتمسیرتواسنپیاقای
.ستابدینصراللهبهعشقمکرد

Class: gaming    

NLPTwitterAnalysisClassification

وسط،حالهضدومیشهوصلوقطعشدیدا،نخورهبدردواقعا
رجوعمکمن،بکنیدنمیتونیدکاریهیچومیشهقطعیهوبازی
.کردم

Class: 0 

SentimentDKSF

برخیازبیشتررامحمد_سعید#،هاخارجیواینستاگرامظاهرا
.اندترسیدهومیشناسندهااللهیحزبسوپر

Class: 4   

PersianTextEmotion

مخوردیخالینوننبودالویه‌امقاشقدوتاالویهساندویچداخل
میکنمنپیشنهاداصلابودافتضاحمیدادبوربشبندریساندویچ

Class: 0

PersianFoodSentimentClassification

برایکافیفضایاگرداغتابستونایندرمخصوصاشمادستگاه
عیفهضبسیاراحتمالشباشهداشتهشدنخنکوهواجریانحرکت

بشهچراغهسهکه

Class: 2  

DeepSentiPers

رایبهاییگزینهچهآیندهشنبهپنجیاچهارشنبهبگومنبه
دارمنکاقطارگرفتن

Class: transport_query  

MassiveIntentClassification

بحصهفتساعتتاکنیتنظیمرامنقهوه‌سازدستگاهمی‌توانی
کنددرستقهوهبرایم

Class: iot 

MassiveScenarioClassification

.بگمدارمدوستکهدارمنکتهچندتاورفتمشمارستورانبهتازگیبهمن!سلام:کاربر
چه.می‌شنوممیلکمالبارونظراتت.هستیاینجاکهخوشحالم!سلام:باتچت

کرده؟مشغولروتوذهنچیزی
.شدطولانیانتظارمونواقعاً.مابهرسیدندیرخیلیخدمتکاراهمه،ازاول:کاربر
سرعترویبایدما.نیستقبولقابلاصلاًاین.می‌خواممعذرتواقعا:باتچت

.کنیمکارخدمت‌رسانی
متشقیمناسبونداشتخوبیخیلیمزه‌اشدادیم،سفارشکهغذاهم،بعدش:کاربر
.نبود
رآوردهبروانتظاراتتنتونستهغذاکهناراحت‌کننده‌ستخیلی.شدممتوجه:باتچت
.می‌دمانتقالسرآشپزبهروموضوعاینحتماً.کنه
مهبازدارمدوستوخوبهخیلیشمارستورانچون.بشهبهترامیدوارمواقعا:کاربر
.بیام
جربهتبعددفعهامیدوارم.گذاشتیدرمیونمابارونظراتتاینکهازممنونم:باتچت

!باشیداشتهبهتری

Class: مثبت

SynPerChatbotConvSAClassification

الایکبرایجالبیتخفیف‌هایچهبگیمنبهمی‌تونیآیا!سلام:کاربر
هست؟دیجیتال

کالایبرایویژهپیشنهادچندینحاضرحالدربله،!سلام:باتچت
ولپ‌تاپ‌هارویبرویژهتخفیف‌هایمثال،عنوانبه.داریمدیجیتال

.هستندتخفیفدرصد۲۰شاملهوشمندگوشی‌های
هست؟همتبلتبرایتخفیفآیا!خوبهخیلیاین!وای:کاربر
ویژه،هب.داریمتبلت‌هابرایمناسبیتخفیف‌هایهمچنینمابله،:باتچت

.می‌رسندفروشبهتخفیفدرصد۱۵باجدیدمدل‌های
د؟دارناعتبارکیتاپیشنهاداتاینبگیمی‌تونی!عالیچقدر:کاربر
راینبنابهستند،معتبرجاریماهپایانتاویژهپیشنهاداتاین:باتچت

.کنیدبهره‌برداریآنهاازمی‌توانید
!کنمخریدزودترچههرمی‌خوام!ممنونخیلی!اوه:کاربر

Class: کودکانه    

SynPerChatbotToneUserClassification

بگی؟برام'بلندقله'کتاببهراجعکمیهمی‌تونی!سلام:کاربر
کههنوردهکویهپشتکاروتلاشدرباره‌یداستانی'بلندقله'!حتماًآره،!سلام:باتچت

.کنهفتحروکوه‌هاسخت‌ترینازیکیقله‌یمی‌خواد
کیه؟نویسنده‌شداره؟جالیموضوعچه!عجب:کاربر
وردیکوهنماجراهایتنهانهکتاب،اینتویاو.مرادیهعلیآقاینویسنده‌اش:باتچت
.اختهپردهماصلیشخصیتروحیوذهنیچالش‌هایبهبلکهمی‌کشه،تصویربهرو

مناسبه؟سنیچهبرایکتاباین!جالبچقدر:کاربر
ازنمی‌تونهمجوان‌هاامامناسبه،بزرگ‌سالانبرایکلیطوربهکتاباین:باتچت

.ببرنلذتخوندنش
بخرمش؟می‌تونمکجاازبگیمی‌تونی.شدمعلاقه‌مند!خوبهخیلی:کاربر
خریدارییاتادبیادیجی‌کالامثلاینترنتیکتابفروشی‌هایازمی‌تونی!البته:باتچت
!بزنیسرهممحله‌اتهایbookstoreبهیا.کنی
!خوبتاطلاعاتازمرسی!عالی:کاربر
!خدمتمدرمنداری،دیگه‌ایسوالاگر!می‌کنمخواهش:باتچت

Class: عامیانه 

SynPerChatbotToneChatbotClassification

.شوممطلعخودکالایسفارشوضعیتازخواستممیسلام،با:کاربر
بفرستی؟منبرایروسفارششمارهمی‌تونیحتماً،!سلام:باتچت
.است۱۲34۵6منسفارششماره:کاربر
.هستپردازشمرحلهدرحاضرحالدرشماسفارشببینم،بگذار!مرسی:باتچت
دارد؟وجودتحویلزمانبرایتخمینیآیا:کاربر
.می‌شهدادهتحویلکاریروز۵تا3بینمعمولاًبله،:باتچت
دهم؟انجامبایداقدامیچهنرسد،تحویلمدتاینپایانتااگر:کاربر
.کنیمپیگیریتابگیریتماسمابامی‌تونینرسید،تحویلاگه:باتچت
دارد؟وجودتحویلآدرستغییرامکانآیا:کاربر
.بدیتغییرروآدرسمی‌تونینکردیم،ارسالکالاراکهزمانیتابله،:باتچت
کنم؟پیداراپیگیریشمارهتوانممیکجااز:کاربرجدیدپیام

Class: رسمی   

SynPerChatbotRAGToneUserClassification

چههمیشپخشرادیوتویکهجدیدیآهنگبپرسممی‌تونم!سلام:کاربر
شکلیه؟

.بدمبهتریاطلاعاتتابگوروآهنگاسمالبته،!سلام:باتچت
.ودبزیباخیلیخوانندهصداییادمهفقطکردم،فراموشروآهنگ:کاربر
یچآهنگسبکیادتهآیا.کلیهخیلیدادیکهاطلاعاتیخب،:باتچت
راک؟یاپاپمثلابود؟
.بودپاپکنمفکرآره،:کاربر
نیمی‌تو.داریمسبکاینتویمعروفخوانندهچندتا!خبخیلی:باتچت

باشه؟آهنگهمونبهمربوطشایدکهبگیرواون‌هاازچندتا
دیگریکارایآیا.بودآشناخوانندهصدایمی‌کنمفکرمن:کاربرجدیدپیام
داره؟هم

Class: عامیانه

SynPerChatbotRAGToneChatbotClassification

میرسه؟دستمبهکیمنسفارش!سلام:کاربر
درحاضرحالدرشماسفارشموجود،اطلاعاتبهتوجهبا!سلام:باتچت

بهکاریروز3الی۲ظرفکهمی‌شودپیش‌بینیوداردقرارارسالمرحله
.برسدشمادست
.می‌رسهدستمبههفتهآخرتااحتمالاًپس!خوبهآها،:کاربر
هبشماسفارشهفتهآخرتاکهداردوجودبالاییاحتمالبله،:باتچت

.باشیدصبورزمانآنتالطفا.برسددستتان
.میادزودکهخوشحالمخیلی!مرسی:کاربر
در.هستیدراضیماخدماتازکهخوشحالیم!می‌کنمخواهش:باتچت

.هستیمشماخدمتدربیشتر،اطلاعاتبهنیازصورت

Class: عامیانه  

SynPerChatbotConvSAToneUserClassification

بگیمی‌تونی!نمی‌فهمماینومنگذاشتی؟بلندخیلیروآهنگچرا:کاربر
چیه؟آهنگاین
یلیخآهنگاین!کنمناراحتروتونمی‌خواستممن!ببخشیداوه،:باتچت

بشنوی؟داریدوستچیه؟اسمش!شادابیهوقشنگ
لیونمی‌دونم،رواسمشمن.کنکمروزیادشصدایدوبارهولیآره:کاربر
!دارمدوستشخیلی
!هست"خوبدوست"آهنگاین!کردمکمروآهنگصدایحالا:باتچت
بدونی؟همخواننده‌شدرباره‌یداریدوستآیا

کیه؟خوانندش!بگوآره...نزاخیتومی‌خوامفقط:کاربر
"مهرزاد"نامبهاستعدادباخیلیهنرمندیکخواننده‌اش!بله:باتچت
بهش؟میزنیمخوشحالی!هست
دیگه؟چی...دیگهبگوفقط!نکندعواسرشولیآره:کاربر
خوشحالمی‌خواهیمفقط!نمی‌کنیمدعواروکسهیچما!نهنه،:باتچت

.هستشادابیودوستیدرباره‌یآهنگاین!باشیم

Class: کودکانه 

SynPerChatbotConvSAToneChatbotClassification

میبازسرعتبههواییهایراهدهنده،تسکینداروهایمصرفبا
نیزدهندهنجاتداروهایعنوانبهداروهاازدستهاین.شوند

زنیاصورتدرسریعدهندهتسکینداروهای.شوندمیشناخته
ازبلقیاآسمحملهطولدرعلائممدتکوتاهوفوریتسکینبرای

فادهاستموردکند،توصیهراآنکودکپزشککهصورتیدرورزش،
.گیرندمیقرار

Class: رسمی   

SynPerTextToneClassification

.بپرسمسوالبچه‌هاتربیتبهراجعمی‌خواستم!سلام:کاربر
اینازقبلمی‌کردیفکرقبلازبهترهکهمی‌دونیهمخودت:باتچت
!پرسیدنتسوال
.دارمسوالفقطهستی؟عصبانیالکیچرا:کاربر
قتونمی‌خوامکهاینهمنظورمچیه؟مسئله‌اتببینم،بگوخب،:باتچت

!بگذرونمبی‌خود
.کنمچیکاربایدنمی‌دونمولجبازهخیلیبچه‌ام:کاربر
روش‌هایبایدواقعاًاماتوجهه،بهنیازنشونه‌یلجبازیمعمولاً:باتچت

!کنیپیدابهتری
لجبازیش؟رونمی‌گیرهنتیجهکارهااینبعدچطور؟یعنی:کاربر
.دارهبستگیبچه‌اتسنوموقعیتبهخیلیراه‌حل‌هاکردنپیدا:باتچت
!کنیکارروشبیشترباید
.سختههمیشگیکارمی‌کنمحسولیدرسته،:کاربر
!کنیتحملوبگیرییادباید.نیستآسانزندگیخب،:باتچت

Class: متوسط    

SynPerChatbotSatisfactionLevelClassification

سعادتتامینپیدروعملیحکمتهایشاخهازسیاستواخلاق
اخلاقدراو.ارسطوستاخلاقمحوریمفهومسعادت.هستندانسان

دلیلبهآنکهنه,باشدمطلوبنفسهفیکهاستمطلوبیدنبالبه
«اعلارخی»پیدرارسطو,دیگرتعبیربه.باشدمطلوبدیگرچیز
,باشداعلاخیرپیدربایدهمجامعه.استسعادتهمانکه,است

پذیرامکاناجتماعهایسعادتراهازفردیهایسعادتحصول
هاستانسانفردیخصالدربارهاخلاقفلسفه.بالعکسنیزواست
همسیاستفلسفه,کنندمیزندگیجامعهدرکهاعتباراینبه

نوشتاردر.هاستانساناجتماعیکردارورفتار,زندگیدرباره
واخلاقمیاننسبتبرایتبیینیتااستآنبرسعی,حاضر

.بیابیمسیاست

Class: انسانیعلوم

SIDClassification

Figure 7: Example of classification datasets.
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Classification
PersianFoodSentimentClassification 64.25 64.52 64.17 70.3 73.75 73.46 72.09 72.01 80.05 77.49 75.05 76.31 77.34 83.4 83.57
SynPerChatbotConvSAClassification 62.17 59.44 58.23 70.51 77.1 57.51 75.41 78.07 76.38 63.29 64.61 60.77 63.15 61.03 71.57

SynPerChatbotConvSAToneChatbotClassification 70.01 68 65.39 88.43 91.21 56.6 66.77 88.97 60.75 49.09 63.18 58.07 54.42 50.55 51.88
SynPerChatbotConvSAToneUserClassification 55.72 62.01 61.77 48.36 72.68 50.35 53.63 69.6 56.46 51.86 48.85 52.6 51.3 48.85 52.86
SynPerChatbotSatisfactionLevelClassification 26.14 21.98 23.05 31.87 35.6 22.04 35.02 37.22 37.18 30.82 25.32 25.23 26.04 24.72 35.43
SynPerChatbotRAGToneChatbotClassification 38.65 43.02 42.41 58.41 61.39 38.41 42.97 58.31 38.69 32.41 35.15 37.16 35.16 35.45 33.16

SynPerChatbotRAGToneUserClassification 47.07 58.03 53.84 50.9 62.37 44.68 54 62.59 51.32 48.45 44.9 50.73 50.7 48.47 49
SynPerChatbotToneChatbotClassification 48.73 48.99 48.26 67.53 74.99 41.14 52.42 72.46 47.68 33.64 42.36 41.5 42.38 37.92 36.23

SynPerChatbotToneUserClassification 44.93 56.96 52.97 41.76 60.17 41.67 51.15 57.25 46.91 43.2 39.98 46.73 45.75 42.71 45.18
SynPerTextToneClassification 55.86 71.12 73.12 91.3 89.72 46.39 58.71 89.78 51.8 51.7 63.69 70.19 61.54 55.67 50.69

SIDClassification 55 50.41 48.26 54 55.7 54.46 56.71 58.75 53.24 60.62 60.73 61.37 60.32 59.62 61.68
DeepSentiPers 42.51 43.38 44.28 42.41 50.63 55.91 60.91 54.53 64.43 57.95 61.9 60.95 58.89 67.51 65.26

PersianTextEmotion 38.81 37.59 37.5 48.8 48.18 45.37 53.45 53.26 57.01 51.5 54.85 61.88 58.73 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 71.26 71.07 66.34 75.35 75.15

NLPTwitterAnalysisClassification 73.68 70.54 70.74 70.29 70.71 74.98 74.93 70.28 74.72 75.62 74.67 75.99 77.75 76.93 75.97
DigikalamagClassification 79.74 74.79 74.58 82.59 81.8 74.66 85.12 82.37 72.95 82.93 86.78 87.05 86.31 86.03 84.88

MassiveIntentClassification (fa) 44.19 51.43 52.78 55.09 60.07 61.03 62.33 59.98 63.73 62.29 59.51 63.74 66.17 69.44 72.6
MassiveScenarioClassification (fa) 51.78 59.53 58.24 58.46 62.6 65.89 67.43 64.11 67.45 67.88 63.92 67.55 72.37 73.29 81.78

Clustering
BeytooteClustering 61.95 61.92 60.75 53.81 51.6 63 56.12 55.27 55.62 62.52 59.16 61.5 61.44 60.71 63.4

DigikalamagClustering 60.53 46.24 55.82 38.71 50.73 48.69 44.07 45.55 41.03 34.39 38.63 39.89 47.48 39.56 43.3
HamshahriClustring 75.57 68.85 67.37 65.08 64.84 63.84 67.09 66.43 63.28 69.83 67.83 67.42 67.55 69.48 66.88

NLPTwitterAnalysisClustering 79.18 76.24 77.85 74.55 74.46 78.97 76.12 70.06 82.24 80.82 78.18 78.48 80.63 80.9 80.69
SIDClustring 46.91 39.8 39.79 43.77 39.12 36.11 39.4 41.3 40.08 38.86 38.79 38.65 41.02 38 41.5

Pair Classification
FarsTail 58.92 54.98 56.09 57.15 57.79 64.84 62.93 55.6 81.52 72.65 70.76 69.74 69.77 73.14 71.85

CExaPPC 82.72 93.7 94.29 90.88 91.13 95.95 98.97 94.55 98.8 98.42 98.7 98.97 97.26 99.09 97.41
SynPerChatbotRAGFAQPC 54.02 55.81 52.54 58.26 50.84 60.75 62.68 60.32 71.32 66.77 65.42 62.9 65.03 64.43 62.06
FarsiParaphraseDetection 90.38 92.02 93.01 77.99 93.69 96.82 94.34 86.98 95.99 97.06 96.39 97.57 96.86 95.57 96.6
SynPerTextKeywordsPC 86.94 82.59 81.97 76.02 71.25 89.93 87.88 77.68 94.93 96.4 95.73 94.79 96.21 97.04 94.96

SynPerQAFaPC 65.13 73.11 73.52 66.6 67.84 80.6 83.07 66.2 86.34 91.66 94.24 95.16 93.2 93.76 93.38
ParsinluEntail 55.14 55.9 55.58 57.28 57.79 69.19 60.76 56.39 77.7 66.55 64.81 65.43 59.81 68.65 65.82

ParsinluQueryParaphPC 71.18 60.72 61.57 65.67 62.8 81.15 80.4 67.83 89.7 87.09 86.3 87.75 86.41 89.98 87.63
Reranking

MIRACLReranking (fa) 18.34 17.38 18.17 23.72 18.9 30.83 29.05 14.4 35.87 55.05 57.36 59.36 48.78 60.92 42.91
WikipediaRerankingMultilingual (fa) 61.47 72.11 73.28 77.43 73.86 80.8 82.42 73.95 80.71 84.38 86.78 89.32 90.71 88.21 79.61

Retrieval
SynPerQARetrieval 20.36 26.59 25.02 42.94 24.95 52.45 53.99 26.88 65.02 77.44 85.59 87.35 85.14 86.27 85.4

SynPerChatbotTopicsRetrieval 2.38 3.52 4.23 0.05 0.15 12.28 6.2 0.16 10.76 28.07 15.37 11.82 10.59 19.18 18.75
SynPerChatbotRAGTopicsRetrieval 4.33 4.59 4.72 0.09 1.19 16.39 12.1 0.45 18.93 30.97 20.11 19.24 13.22 19.91 24.26
SynPerChatbotRAGFAQRetrieval 6.76 7.46 6.37 10.02 5.09 19.22 18.82 12.24 24.3 31.47 28.49 23.48 30.84 32.04 47.46

PersianWebDocumentRetrieval 12.61 8.14 12.55 7.95 10.04 14.31 28.21 10.85 43.9 44.15 46.72 46.76 38.18 44.09 40.32
NeuCLIR2022Retrieval 1.33 3.9 3.23 2.92 0.38 19.78 2.56 0.02 26.96 36.67 9.75 5.3 12.12 15.48 18.25
NeuCLIR2023Retrieval 6.6 5.27 5.02 12.1 1.86 26.34 21.52 4.63 36.47 50.93 46.1 46.67 46.53 52.2 51.45

WikipediaRetrievalMultilingual (fa) 35.63 37.34 41.29 63.67 48.41 62.15 67.06 46.14 79.02 84.94 88.11 90.4 91.19 89.32 89.02
MIRACLRetrieval (fa) 1.95 4.34 4.35 8.24 4.52 13.33 10.53 2.21 21.32 53.89 57.48 59.01 39.93 60.9 55.21

ClimateFEVER-Fa 1.13 2.68 2.15 5.06 2.05 12.23 3.73 0.39 9.47 18.83 12.6 12.75 16.41 24.31 29.87
FEVER-Fa 0.7 1.11 1.42 1.7 0.59 18 7 0.41 8.44 61.33 48.05 41.56 44.74 55.99 63.75
DBPedia-Fa 1.92 1.13 2.19 2.87 1.92 11.53 10.78 1.2 13.77 29.2 28.74 30.36 22.47 29.85 31.84

HotpotQA-Fa 0.22 0.85 0.85 6.52 3.37 12.39 11.94 2.33 16.44 49.04 55.33 60.15 39.24 56.54 51.43
MSMARCO-Fa 1.04 1.5 1.34 2.02 1.14 7.89 6.43 1.23 9.33 23.33 26.88 30.92 21.38 29.09 29.85

NQ-Fa 0.62 1.88 1.75 3.49 1.27 11.49 7.88 1.08 11.97 38.8 39.84 44.82 26.69 46.62 50.33
ArguAna-Fa 20.59 18.77 14.94 22.24 21.8 36.45 36.13 27.51 31.88 50.4 43.19 45.5 55.28 50.4 34.88

CQADupstackRetrieval-Fa 2.46 4.89 4.45 9.46 4.49 18.35 16.65 3.09 18.09 26.03 29.87 31.59 32.45 31.72 27.91
FiQA2018-Fa 0.87 2.61 2.22 3.1 1.58 10.31 6.35 1.82 11.22 26.47 23.17 30.15 27.39 30.38 34.43
NFCorpus-Fa 5.36 3.45 4 7.14 3.36 14.83 15.52 4.86 19.7 25.61 25.47 28.59 28.28 29.47 28.21

QuoraRetrieval-Fa 47.21 46.38 47.38 52.45 49.29 73.61 72.52 51.72 76.67 77.99 77.26 79.96 80.14 82.18 59.44
SCIDOCS-Fa 1.85 2.94 1.66 3.74 1.56 9.28 5.8 1.97 9.07 12.72 11.76 11.58 13.55 14.56 14.52

SciFact-Fa 5.95 6.48 7.75 18.86 10.33 31.54 34.57 13.54 37.19 56.15 57.79 59.69 57.76 60.52 61.51
Touche2020-Fa 1.44 7.04 5.46 2.14 1.14 16.47 4.59 1.42 13.22 24.69 22.48 26.19 16.15 22.87 26

STS
Farsick 50.16 48.45 50.62 49.27 53.57 66.72 64.42 52.04 69.64 70.95 69.93 70.67 67.29 71.75 76.96

SynPerSTS 67.67 72.66 71.99 77.16 73.98 83.31 88.47 74.55 89.08 86.89 86.7 87.98 86.91 87.59 88.73
Query2Query 47.38 43.66 46.21 29.61 55.37 51.69 66.28 59.08 70.52 69.41 66.71 67.49 69.22 69.71 70.27

Summary Retrieval
SAMSumFa 26.2 5.49 8.65 14.45 11.23 45.04 83.74 9.31 88.19 85.5 92.97 92.42 92.47 97.88 96.89

SynPerChatbotSumSRetrieval 3.21 1.03 1.95 3.18 1.36 17.37 18.02 3.2 32.73 36.78 25.09 27.6 36.61 32.13 36.99
SynPerChatbotRAGSumSRetrieval 14.71 10.62 8.45 10.34 8.68 33.32 40.76 12.35 56.27 60.37 45.68 49.81 55.93 53.21 62.63

Table 9: The accuracy of each model on all datasets, presented separately.
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نندکرعایتبایدرااحتیاطاتیچهکروناشیوعدوراندردیابتی‌ها
روناکویروسبهشدندچاربالاترخطرمعرضدردیابتیافرادگرچه

عوارضدچاراستممکنشوند،مبتلا۱۹-کوویدبهاگرامانیستند،
.اشدبکنترل‌نشدهدیابتشاناگرخصوصبهشوند،آنشدیدتر

Cluster: پزشکی<دانش

HamshahriClustring

مانزازاستسرگرمیصنعتتاریخمحصولبزرگترین۵جی‌تی‌ای
پرفروشبازیدهلیستازهرگزبازیاین،۵جی‌تی‌ایعرضه‌ی
ودخازبازیبالایفروشدیدنباکهطوریاست؛نشدهخارجهفته

ازنسخه‌یکخودخانه‌یدرکسیداردامکانمگرمی‌پرسیم
یبالاووقفهبدونفروشحال،اینباباشد؟نداشتهرا۵جی‌تی‌ای
سرگرمیصنعتتاریخمحصولموفق‌ترینبهراآن۵جی‌تی‌ای

امروزبهتاعرضهزمانازتوانسته۵جی‌تی‌ای.استکردهتبدیل
همانیا۵جی‌تی‌ای.باشدداشتهدلاریمیلیارد۶فروشی

Grand Theft Auto Vشدهعرضه۲۰۱۳سالسپتامبردر
کرده،منتشرتحقیقاتموسسه‌ییککهاطلاعاتیاساسبر.است
دلاریمیلیارد۶فروشیامروزبهتازمانآنازتوانستهبازیاین

یگریدبازییاموسیقیکتاب،فیلم،هرازکهرقمیباشد؛داشته
میلیون۹۰حدود.زیادیبسیاریاختلافباهمآناست؛بیشتر
...نسخه

Cluster : ویدیوییبازی     

DigikalamagClustering

پایدارکهکنیمتلاشوبدیماهمیتزیستمونمحیطبهبایدهمه
کنیممحافظتشبایدهمینبرایماستخونه‌یتنهازمیناینباشه
انجامیطبیعمنابعحفظوآلودگیکاهشبرایبتونیمکهکاریهر

.بکنیمبدیم

Cluster : environment_and_sustainability

NLPTwitterAnalysisClustering

وپنجمقرندومنیمهدرکهغزنویدورهشاعرسلمانسعدمسعود
زاسلمانسعدمسعوداصل.می‌زیسته‌استهجریششمقرنآغاز

.استشدهزادهلاهوردر۴۴۰تا۴۳۸سالهایبینوبودههمدان

Cluster : art   

BeytooteClustering

کرمانشینپیکربنیفر-پسیندونینماهیانمیکروسکوپیبقایای

بهمانکردرپیشینکربنیفر-پسیندونینهاینهشتهمطالعه
هایماهیمیکروسکوپیقطعاتازتاکسا۱۴ازبیششناسایی
فراوانی.انجامیدمنطقهایندر(chondrichthyes)غضروفی
قابلفراوانی.بودتوجهقابلفامنینهاینهشتهدرویژه-بهقطعات
قارهفلاتخاصphoebodontsوprotacrodontsتوجه
دروبیرسمحیطکمژرفایبیانگر,زیژرفانواعبهنسبتژرفاکم

باکهوتبرشفامنینهایکندریکتینمجموعه.استفامنینزمان
هکهستندمقایسهقابلاصفهانچاهریسهبرشدرموجودزیای
ایرانحوضهدرفامنینزماندرمحیطییکسانشرایطازنشان

هایلایهدرDeihimmansureaeگونهحضور.داردمرکزی
duplicata zoneاتگونهاینسنیگسترهکهدهدمینشان

.یابدمیادامهپیشینتورنزین
Cluster : 4

SIDClustring

Figure 8: Example of clustering datasets.

Sentence1:
ازبهاصدقهبرایگتارشکیفواستگیتارنواختنحالدرمرد
.است

Sentence2:
فشبنکیفکناردرکهنیستبنفششلوارکتبامردیهیچ

.بنوازدگیتاروباشدایستاده

Score: 3.4   

Farsick

Sentence1:
کتابخواندنازخارجیرمان‌هایوداستانیادبیاتدوست‌داران

.می‌برندلذتاندوهوعشقبالون‌سواریعکاسی
Sentence2:

رفیشگپیشرفت‌هایبهمی‌توانندجدیدکشف‌هایعلم،دنیایدر
.شوندمنجرتکنولوژیدر

Score: 1

SynPerSTS

Sentence1:
321مرحلهامیرزا

Sentence2:
233محلهآمیرزابازی

Score: 1

Query2Query

Figure 9: Example of STS datasets.
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Query:
نقاشیهایفیلم

Document:
منتشرمطالبآخرینویسگون-نقاشیتکنیکهایفیلموعکس
بکهشدرنقاشیتکنیکهایفیلموکلیپوعکسشاملشده

ویسگوناجتماعی

PersianWebDocumentRetrieval

Query:
بهداشتیهایمراقبتدرنوظهورهایفناوریبالقوهتأثیرات
چیست؟

Document:
ریخبرگزاگزارشبه!دهندمیسلامتیمشاورهآیندههایتوالت
هبکندمیادعافناوریشرکتیکمدیرنت،سیازنقلبهمهر

بهافرادادرارومدفوعتحلیلباتوانندمیآیندههایتوالتزودی
.بدهندسلامتیمشاورهآنها

تولید)Micron Technologyشرکترئیسمروتاسانجای
ایندرTechonomyکنفرانسدر(ایرایانههایتراشهکننده
رارادومدفونتحلیلوتجزیهمصنوعیهوشآیندهدر:گفتباره
تعدادازتواندمیرونداین.دهدمیانجامواقعیطوربهراافراد

...وبکاهدپزشکبهمراجعهدفعات

NeuCLIR2023Retrieval

Query:
ایکندوهوزنبورهاتعدادچشمگیرکاهشمورددرمقالاتیدنبال
.هستمعسل

Document:
باشگاههایاستانگروهعسلشهدازشیرینزنبوردارانکام

مناطقزنبورستان‌هایازعسلبرداشتیاسوججوانخبرنگاران
تولیدردبسزایینقشعشایروآغازکهگیلویهشهرستانعشایری
دوارنیزسالیچندودارنددستیصنایعولبنیموادگوشت،

خداداداز،گزارشبه.شدندباغداریوکشاورزیعرصه‌های
وآغاز:گفتکهگیلویهشهرستانعشایریامورادارهرئیساجتهادی
...ولبنیموادگوشت،تولیددربسزایینقشعشایر

NeuCLIR2022Retrieval

Query:
می‌شود؟کرکدارچگونهفلانلپارچه

Document:
ردهبکاربهفلانلپارچهتهیهدرمعمولاًسادهیادرمیانیکطرح

دوهریاطرفیکدراستممکنشدهبافتهپارچهومی‌شوند
ارساختطوریکردنکرکدارمرحلهدرواقعدر.شوندکرکدارطرف
دواملهمرحاین.نیستمشخصپارچهبافتکهمی‌کندتغییرپارچه
.نمی‌کندکمراپارچه

WikipediaRetrievalMultilingual

Query:
است؟جهاناقتصادهایقطبدومینکشوریچه

Document:
ایالاتازپسدنیابزرگاقتصاددومین۲۰۱۳سالدرچینچین

حدودسالایندرکشوراینداخلیناخالصتولید.بوده‌استمتحده
تریلیون۱۶٫۱۴۹ودلاراسمیارزشاساسبردلارتریلیون۹٫۴۶۹

درورکشاینتولیدسرانه.بوده‌استخریدبرابریقدرتاساسبر
۶٬۹۵۹وخریدبرابریقدرتمبنایبردلار۱۱٬۱۸۶سالهمین
پسچینحالتدوهردرکهبوده‌استاسمیارزشاساسبردلار
صندوقفهرستدرکهکشوری۱۸۳از)کشور۹۰حدوداز

.می‌گیردقرار(دارندقرارپولبین‌المللی

MIRACL

Query:
.بپرسمآنلاینمسفارشدرباره‌یمی‌خواستم!سلام:کاربر
کمکبهتمی‌توانمچطورحتماً،!خوبمدوستسلام:باتچت
کنم؟
!کجاستنمی‌دونمولیدادم،سفارشتبلتیهمن:کاربر
روسفارششماره‌یبراممی‌تونی!عجیبهخیلیوای،ای:باتچت
بگی؟
کنم؟چکار!رفتهیادمروشماره‌اشمن:کاربرجدیدپیام

Document:
کنم؟پیگیریراخودسفارشوضعیتمی‌توانمچطور:سوال
بخشدرخودسفارششمارهکردنواردبامی‌توانید:پاسخ

!ببینیدراآنوضعیتپیگیری،

SynPerChatbotRAGFAQRetrieval

Query:
کمییهنبود،جالبخیلی!خوردمغذادیروزشمارستورانتوی:کاربر

.بودبدمزه‌اش
ارشسفراغذاکدامکهبفرماییدداردامکاننظرتان،ازتشکربا:باتچت

کنیم؟اعمالرالازمبهبودهایبتوانیمتاداده‌اید
.نبودخوباصلاًکیفیتش.بودمدادهسفارشچلوکباب:کاربر
لاشتدرهموارهما.نداشتیدرضایت‌بخشیتجربه‌یکهمتأسفم:باتچت

اینبهبودیبراپیشنهادیآیا.ببخشیمبهبودراغذاهایمانکیفیتتاهستیم
دارید؟غذا

.میشهبهترخیلیبزنید،بیشتریچاشنیاگهآره،:کاربر
تقالانآشپزخانهبخشبهراآنومی‌گیریمجدیراشماپیشنهاد:باتچت

.می‌کنیمتشکرنظرتاناشتراک‌گذاریبهبابتشمااز.می‌دهیم
!برنمی‌گردمرستوراناینبههیچ‌وقت:کاربر
.نممی‌کعذرخواهیموضوعاینبابتوهستمشماناراحتیمتوجه:باتچت

.بدهیدمابهدوبارهفرصتیآیندهدرامیدوارم
Document:

پیشنهاداتونظرات

SynPerChatbotTopicsRetrieval

Query:
شروعکیرودومجهانیجنگبدونممی‌خواستم!سلام:کاربر
کرد؟
۱تاریخدررسمیطوربهدومجهانیجنگ!سلام:باتچت

.شدآغازلهستانبهنازیآلمانحملهبا۱۹۳۹سپتامبر
بود؟لهستانبهحملههمیندلایلشازیکیپس:کاربر
جاوزتبهدوم،جهانیجنگآغازاصلیدلایلازیکیبله،:باتچت
.شدردیگکشورهایواکنشباعثکهبرمی‌گرددلهستانبهآلمان
افتاد؟اتفاقیچهبعدش:کاربر
لمانآبهفرانسهوبریتانیاکشورهایحمله،اینازبعد:باتچت
.یافتگسترشسرعتبهجنگوکردندجنگاعلان
شد؟جنگواردآمریکاچرازماناونخب،:کاربرجدیدپیام

Document:
معاصرتاریخ

SynPerChatbotRAGTopicsRetrieval

Query:
ردکیشبین‌المللیفرودگاهبهخروجیوورودیپروازهایتعداد
است؟بودهمیزانچهجاریسال

Document:
پروازهایتعدادمجموعجاری،سالآذرماهتافروردینابتدایاز

هزار۱۸ازبیشبهکیشبین‌المللیفرودگاهبهخروجیوورودی
فعالیت‌هایتوجهقابلافزایشنشان‌دهندهآماراین.رسیدپرواز

بهمدتایندرهمچنین،.استکیشبهمسافرانجذبوپروازی
خدماتکیشفرودگاهدرنفرهزار۹۰۰ومیلیونیکازبیش

افزایشوگردشگریرونقنشان‌دهندهکهاستشدهارائهپروازی
.استجزیرهاینبهسفربرایتقاضا

SynPerQARetrieval

Figure 10: Example of retrieval datasets.
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Query:
است؟شدهروایتکتابکدامدرسهرابورستمداستان

positive:
"شاهنامه"غم‌‌انگیزداستان‌هایازیکیسهرابورستمسهرابورستم']

باجنگاثربرکهمی‌کشدتصویربهراجوانسهرابمرگداستانواست
وستمرداستانآغازدبیرسیاقیمحمد','.می‌شودکشتهپدردستبهرستم،
این(نمایش‌نامه)سهرابورستم',':استبیتاینشاهنامهدرسهراب

ژدیتراغم‌انگیزترین«سهرابورستم»داستانبازگوکنندهنمایش‌نامه
]...,'.استفردوسی"شاهنامه"

negative:
موزهدستنویساز)سهرابورستمداستان:ش۱۳۸۲جوینیعزیزالله']

بفارسیابیاتهمهبرگردانودشوارواژگانگزارش،(۶۱۴محرمفلورانس،
سهرابورستمداستاناقتباس‌هایسهرابورستم','.اولچاپروان،
ادهکاظم‌زحسینوسرودهشعراساسشبرآرنولدمتیو.استبودهفراوان

براییبیضبهراموعطاییجنتیابوالقاسموکشمیریحشرآقاوایرانشهر
ساختهمفیلاساسشبرکیمیاگرفبوریسونوشته‌اندنمایشنامهاساسش

[..., '.است

MIRACLReranking

Query:
چیست؟لغویتک‌واژشناسی

positive:
درواژه‌نامهباکهاستتک‌واژشناسیازشاخه‌ایلغویتک‌واژشناسی']

ازمجموعه‌ایواستامکان‌پذیرتک‌واژشناسیازلحاظکهاست،ارتباط
وطمربکلمهشکلِبهمقدماتیبه‌طورهمچنان‌که.استزبانیکلغت‌های
['.ترکیبواشتقاق:می‌شود

negative:
عیسیکهرکهداردوجودتک‌واژشناسیبرایاصلیرویکردسه']

سهاین.کندتسخیرمختلفروش‌هایدررابالامشخصاتدارد
طروابکهاستدرستکهداشتتوجهباید',':ازعبارتندرویکرد

ینااماقوی‌اندبسیارلیستدرآیتمهرمفهوم‌هایبیناشاره‌شده
[...,'.نیستکاملروابط

SynPerSTS

Figure 11: Example of reranking datasets.

Sentence1:
.کنیمدریافتراکاترپیلارقارچبایدما

Sentence2:
.کنیمپیداقارچکرمبایدهمباز

Label: paraphrase

CExaPPC

Sentence1:
.داشتخواهیمملاقاتشمابافردا

Sentence2:
.ندمی‌کتعریفنیزاژدهاازمی‌کند،صحبتعشقرویازکهکسی

Label: non-paraphrase

FarsiParaphraseDetection

Sentence1:
داد؟انجامکاریتوانمیآیا

Sentence2:
یناولبرایوقتیکههستندپذیرامکانجهاندرهاایدهاز٪۲۰تنها
.شوندامتحانبار

Label: non-paraphrase

ParsinluEntail

Sentence1:
دهید؟انجاممرگازقبلبایدکارهاییچه

Sentence2:
داد؟انجامتوانمیمرگازقبلخوبیکارهایچه

Label: paraphrase

ParsinluQueryParaphPC

Sentence1:
حتی،می‌افتداتفاقجهاندرچیزیهراینکهبهباوراَفعالی،توحید
موجودیهرازکهعملیهرواستخدافعلموجودات،دیگرافعال
.می‌شودانجامخداارادهونیروبامی‌زند،سر

Sentence2:
.ه‌انددانستافعالی‌توحیدآثارازراعبادتدرتوحیدوخدابرتوکل

Label: non-paraphrase

FarsTail

Sentence1:
گاهدستاینازمی‌تونمچطوربگیمنبهمی‌تونی!سلام:کاربر

کنم؟استفاده
نظرمدرودستگاهیچهبگیمنبهمی‌تونیالبته،!سلام:باتچت
کنم؟راهنماییتاداری
ازشوامبخکهدارهخاصیویژگییهدستگاهاین:کاربرجدیدپیام

بدم؟انجامروکاراینمی‌توانمچطورکنم،استفاده
Sentence2:

کنم؟فعالرودستگاهخاصویژگی‌هایمی‌توانمچطور:سوال
ماتتنظیمنویبهبایدخاص،ویژگی‌هایفعال‌سازیبرای:پاسخ
.کنیپیدارومربوطهگزینه‌هایورفته

Label: paraphrase

SynPerChatbotRAGFAQPC

Sentence1:
صلاحسیدامامزادهفلاحتیبنایایلاموالیقلعه:دادادامهوی

جهانگیردگنببنایشیاخقلعهسامقلعهقینفرکوشکمحمدالدین
رخفتپهاشرفپورقلعههاشمیمیرغلامقلعهصالحمهدیامامزاده

ارتخسدچارکههستندتاریخیآثارجملهازگاومیشانپلوآباد
.شده‌اند

Sentence2:
گاومیشانپل,امامزاده,خسارت,تاریخیآثار,والیقلعه

Label: paraphrase

SynPerTextKeywordsPC

Sentence1:
زمینه‌هاییچهدروداشتویژگی‌هاییچهبهاریمحمداللهآیت

می‌کرد؟فعالیت
Sentence2:

ازیکی،(شمسی۱۳۸۳-۱۲۹۰)مرواریدعلیحسنمیرزااللهآیت
لیحسنعشیخشاگرداو.بودمعاصردوراندرشیعهعرفایوفقها

ودبمبارزیروحانیوی.استبودهاصفهانیمهدیمیرزاواصفهانی
عثتبهاینامبهعلمیهمدرسهدوایران،اسلامیانقلابازپیشکه
.کردتأسیسراسعادتو

Label: non-paraphrase

SynPerQAPC

Figure 12: Example of pair classification datasets.
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Text:
دارین؟جدیدیگزینه‌هایوخدماتچهبدونممی‌خواستممن!سلام:کاربر
شارژمثلکردیماضافهجدیدیخدماتما!منکوچولویدوستسلام:باتچت

بدونی؟بیشترداریدوست.ساعته۲۴مشاورهحتیواینترنتبسته‌هایآنلاین،
بگی؟آنلاینشارژدربارهمی‌تونی!عالیهاین!واااای:کاربر
وریبخشارژکردن،خرجنبدونوراحتیبهمی‌تونیآنلاینشارژبا!حتما:باتچت

چطورمکنراهنماییمی‌خوای!راحتهخیلی.بکنیروکاراینخودتگوشیبانمی‌تونی
بدی؟انجامروکاراین

!دارمدوستخیلی!بله:کاربر
می‌تونیشبعد.کنپیدارو'آنلاینشارژ'گزینهوبرومابرنامهبهفقط!عالیه:باتچت
!هستماینجامنداشتی،سؤالیاگر.کنیانتخابخریدبرای
!خوبیخیلیتو!ممنونخیلی:کاربر
روز.بپرسیسوالوبیامی‌تونیبخوایوقتهر!فوق‌العاده‌ایهمتو!مرسی:باتچت
!باشیداشتهخوبی

Summary:
ارژشمخصوصاًکرد،صحبتهمراهتلفناپراتورجدیدخدماتدربارهباتچتباکاربر
وشحالخوراضیبسیارکاربرکهکردراهنماییودادپاسخخوبیبهباتچت.آنلاین
.شد

SynPerChatbotSumSRetrieval

Text:
زندگیاکجانسان‌هااولینکهبگیدمنبرایمی‌تونی!سلام:کاربر

می‌کردند؟
یقاآفرشرقمانندمناطقیدرانسان‌هااولینبله،!سلام:باتچت

.کردندمهاجرتجهاننقاطسایربهآنجاازومی‌کردندزندگی
!رفتند؟آفریقاازانسان‌هاچرا:کاربرجدیدپیام

Summary:
یسوالاتآن‌هامهاجرتدلایلوانسان‌هااولینزندگیمورددرکاربر
.استدادهپاسخاوسوالاتبهرسمیطوربهباتچت.استکرده

SynPerChatbotRAGSumSRetrieval

Text:
بهتری؟الان:لوکاس
ممنوناست،بهترخیلیبله:کایرا
استضعیفکمیهنوز:کایرا

نکنی؟کارفرداامیدوارم:لوکاس
(;خانهدفتر:کایرا

کنیاستراحتداریحقتونکن،کارزیاد:لوکاس
کاملبهبودیبرای:لوکاس
چندفقطکهاستایندهمانجامبایدکهکاریتنهااستخوب:کایرا
بفرستمایمیل
گذراندمرختخوابدرراهفتهآخر:کایرا
(;بزرگانفجارنظریهتماشای:کایرا

):دیدمروآخرقسمتقبلامن:لوکاس
Summary:

انفجارنظریهوماندرختخوابدراو.کندکارتوانستنمیوبودمریضکایرا
.کردخواهدکارخانهازفردااو.کردتماشارابزرگ

SAMSumFa

Figure 13: Example of summary retrieval datasets excluding BEIR-Fa datasets.
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