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ABSTRACT: Natural Language Understanding (NLU) is important in
today’s technology as it enables machines to comprehend and process hu-
man languages, leading to improved human-computer interactions and ad-
vancements in fields such as virtual assistants, chatbots, and language-
based AI systems. This paper highlights the significance of advancing the
field of NLU for low-resource languages. With intent detection and slot
filling being crucial tasks in NLU, the widely used datasets ATIS and
SNIPS have been utilized in the past. However, these datasets only cater
to the English language and do not support other languages. In this work,
we aim to address this gap by creating a Persian benchmark for joint intent
detection and slot filling based on the ATIS dataset. To evaluate the effec-
tiveness of our benchmark, we employ state-of-the-art methods for intent
detection and slot filling.
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1. Introduction

Each goal-oriented dialogue system must include Natural Language Understanding (NLU) in order to process an
utterance and attempt to determine the user’s need. NLU aims to automatically identify what the user wants to do
(or intent of the user), extract associated arguments (or slots), and respond correctly to satisfy the user’s request
[35]. In such a context, intent detection and slot filling are essential components of NLU. In the last decade, several
works have investigated these tasks; however, most of them work on English Language Understanding [4, 29, 37].

Some works on NLU have been done in other languages, such as Romanian [32], Chinese [23], Arabic [2],
and Vietnamese [6]. Despite the fact that the Persian language is the 24th most spoken language in the world
(more than 78 million native speakers)1, to based best of our knowledge there is no specialized research on Persian
Language Understanding due to the lack of a Persian public dataset. Without such a dataset, it would be difficult
for researchers to work in NLU or, in general, in Natural Language Processing (NLP) tasks in Persian. To address
this problem, we develop a dataset in the Persian language and apply some of the state-of-the-art approaches to
introduce a public benchmark in the Persian language.
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The Persian language is one of the most popular languages in the world which is spoken by people in the Middle
East and Central Asia, and it is known as Farsi in Iran, Dari in Afghanistan, and Tajik in Tajikistan2. However,
this language just has 1.3% of content on the internet until 16 August 20243. So, it shows that even though this
language has more than 78 million native speakers and over 120 million speakers4, it does not have wide content
in the written form in the world. Moreover, based on the W3techs website, the Chinese language has 1.2% content
and it is just one rank after the Persian, but to the best of our knowledge, it has more benchmark datasets in NLP
than Persian5. For example, you can see [14, 19, 21, 27, 33, 38, 40, 41] for Chinese datasets and [1, 3, 9] for Persian.
Also, despite the English language which its sentence structure is a Subject-Verb-Object (SVO) language, Persian
is a Subject-Object-Verb (SOV) language in formal form, and in informal forms, sometimes it turns to SVO. For
instance, the sentence "Ashkan arrived at the factory" is written in the formal form of Persian as کارخانه" به اشکان

"رسید ([æSka:n]S [b3 ka:rkha:n3]PP [r3si:d]V) and written in the informal form as کارخونه" رسیدِش "اشکان ([æSka:n]S
[r3si:d-3S]V [ka:rkhu:n3]NP). Further, you can see in the informal form of this example, that the preposition is
attached to the verb (-3S), and the written form of the translation "factory" has a different form in the formal and
the informal form. Another attribute of the Persian language is that it is written and read from right to left which
is opposite of English language. So, it is important to understand the Persian language by machine. We provide
a benchmark dataset of the Persian in this paper in order to help researchers for further works on the Persian
language processing.

One of the most widely used datasets in intent detection and slot filling is the ATIS (Air Transform Information
System) dataset. This dataset is originally in English and includes intent and slot annotations. In 2018, Upadhyay
et al. extended the ATIS to Hindi and Turkish [36]. Also, after that, in 2020, the authors in [39] introduced the
MultiATIS++ and extended ATIS to six more languages in four families. Hence, MultiATIS++ covers nine
languages: English, Spanish, German, French, Portuguese, Chinese, Japanese, Hindi, and Turkish. As mentioned
before, the MultiATIS++ covers four families: Indo-European, Sino-Tibetan, Japonic, and Altaic [39]. However,
the MultiATIS++ fails to cover the Persian language, which belongs to the Indo-European family. Moreover,
FitzGerald et al. recently presented the MASSIVE dataset, a multilingual dataset covering 51 languages, including
Persian, for intent detection and slot filling [12]. The authors in [12] used existing languages available in major
virtual assistants and applied the Amazon Mechanical Turk6 manner for checking the translations and slots of each
sentence. Since this dataset was collected by utterances in which users talk to their virtual assistants, sentences
are too short (most of them are commands), and the average length of the Persian sentences is 7.3. Although
this dataset covers the Persian language, the authors did not mention that they had checked their sentences with
a Persian native speaker. In their work, some samples in this dataset do not make sense in Persian, such as the
1170th sample.

In this paper, we want to introduce a Persian public benchmark for all researchers in the NLP field. We use
the original ATIS dataset and apply a semi-automatic approach to provide a Persian dataset. Since the sentences
in the ATIS dataset are conversational, they are not very short. Our presented dataset has an average length of
12.3 sentences in Persian. Also, we have checked all the sentences by native speakers. To provide a baseline for
researchers, we perform a comparison performance analysis to have a comprehensive and public Persian benchmark.
This benchmark will help researchers interested in Persian Language Understanding tasks improve their works.

Furthermore, it’s crucial to note that Large Language Models (LLMs) have demonstrated remarkable capabil-
ities across various tasks, including intent detection and slot filling [24]. While support for the Persian language in
LLMs has improved, many models still struggle with nuanced understanding and generation in Persian, particularly
for specialized tasks. As presented in this paper, the introduction of a dedicated Persian benchmark dataset plays
a pivotal role in facilitating the evaluation and fine-tuning of LLMs on tasks such as intent detection and slot filling
in the context of the Persian language. This benchmark not only enhances the accessibility of Persian language
resources but also provides a standardized platform for the assessment and improvement of LLMs in the specific
domain of Persian NLP, helping to address the ongoing challenges in Persian language processing.

Our contributions are summarized as follows:

• We construct an intent detection and slot filling dataset in Persian by extending the ATIS dataset to Persian,

• We perform a comparative analysis of state-of-the-art models on the Persian dataset which we constructed,

• We make our benchmark publicly available for research and educational purposes. Our benchmark, we believe,
will serve as a starting point for future Persian NLU research and applications7.

2https://www.languageconnectsfoundation.org/connect-with-language/choose-your-language/connect-with-persian
3https://w3techs.com/technologies/overview/content_language
4https://en.irna.ir/news/85516375/Persian-among-five-sweetest-languages-in-world-Iranian-official
5https://metatext.io/datasets-list
6https://www.mturk.com/worker
7https://github.com/Makbari1997/Persian-Atis
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Figure 1: Process flow of constructing Persian ATIS via a semi-automatic approach using translation

2. Problem statement

In this paper, we focus on intent detection and slot filling, which are two main tasks in NLU. We apply the
algorithms that can perform intent detection and slot filling simultaneously on our provided Persian dataset. At
first, we explain these problems and their applications in NLU.

2.1. Intent detection
Intent detection identifies user intentions to provide appropriate responses. It’s typically modeled as sentence
classification, with a focus on spoken language utterances. This task requires extracting semantic features before
applying classification algorithms. Research on intent detection spans search engines, dialogue systems, question-
answering systems, and text categorization [37].

2.2. Slot filling
Slot filling is a sequence labeling task that assigns semantic labels to word sequences. It processes sentences as input
and outputs tags for each word [22, 30, 37, 42]. Commonly used in dialogue systems, slot filling interprets user
sentences to determine information retrieval or task completion. It’s also applied in task-oriented dialog systems
for online shopping, improving product search queries and customer assistance [37].

3. Description of Persian dataset

There are Persian datasets for NLP tasks like question-answering [7, 11, 16], language modeling8, or sentiment
analysis [31]. However, there is no specific Persian benchmark dataset for the NLU task. As NLU significantly
affects a chatbot’s performance, a Persian dataset is necessary for further research in this branch. ATIS is an English
benchmark dataset for NLU. As mentioned before, in this work, we chose the ATIS dataset and translated it into
Persian automatically. Then, we double-checked each sentence by native speakers. We used an automatic translator
to speed up and avoid typing each utterance by native speakers in order to reduce typo errors. We chose this dataset
because equivalences of ATIS utterances in Persian are more meaningful than datasets like SNIPS. For example,
the sentence "Find The Passion of Michel Foucault novel." contains the name of an object that is not common in
Persian. On the other side, the translation of a sentence in the ATIS dataset, like "I want to fly from Boston at 8
am and arrive in Denver at 11 in the morning," contains more common words in Persian. Furthermore, the ATIS
was constructed on an actual popular travel domain, making it meaningful in various languages. It’s worth noting
that the ATIS dataset, while not entirely free from bias, offers several advantages from this perspective. Its focus
on common travel scenarios and use of neutral language helps minimize potential cultural or gender-specific biases.
Additionally, the straightforward nature of flight-related queries tends to be less prone to subjective interpretations
across different languages and cultures.

8Persian Wikipedia Dataset
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Figure 2: An example of supplants of words after translation and the need to relabel slot tags.

The ATIS dataset comprises 5871 utterances in English (4978 utterances for training and 893 for evaluation).
Fig. 1 shows the process flow of creating the Persian ATIS dataset. The first step was to translate ATIS into Persian
using machine translation. We used the EasyNMT9 package as the machine translator. EasyNMT contains three
different models for neural machine translation and covers more than 100 languages. mBart50 [34] was one of the
models in EasyNMT that covers the Persian language, too. We also used mBart50 to translate English ATIS to
Persian.

Since the machine translations may make minor mistakes, such as misplacing translated words in the destination
language, all the translations were double-checked and corrected by Persian natives. For instance, the sentence "I
would like to fly from Atlanta to Denver on September fifteenth," which was originally translated to میخواهم" من

سپتامبر پانزده در دنور به آتلانتا از پرواز "یک by machine translation, was transformed to its correct format which is
میخواهم" سپتامبر پانزده در دنور به آتلانتا از پرواز یک ."من As mentioned before, Persian is written and read from right
to left, and it is an SOV language in the formal form, in this instance, you can see the verb "would like," which
translates to ,"میخواهم" has come in inappropriate position in the translated sentence by machine translation and
the correct position is fixed by native speakers. The third step was labeling. The intent of an utterance remains
the same during translation, so no effort is needed to set intent labels of utterances. However, as some words are
supplanted after translation, it is necessary to do the slot labeling process. An example of this problem is shown in
Fig. 2. It should be noted that NLP experts did the labeling process.

As with other natural language processing tasks, preprocessing the input text is necessary in the last step.
There is a challenge in Persian NLP datasets related to the similarity between the Arabic and Persian alphabets.
This means that two words with the same shape may be considered different tokens because their characters have
different ASCI codes. Normalizing the data and unifying the characters can solve this problem. We used the
Hazm10 Persian NLP library with some other changes for normalization. After that, the punctuation was also
removed as a step in preprocessing the NLU task. The number of unique characters changed from 113 to 69. Some
exceptional names were in the translated data, such as the city or airport names in the ATIS dataset, even after the
translation process. We substituted them with Persian scripts; for example, as shown in Fig. 2, the "Washington"

9https://github.com/UKPLab/EasyNMT
10https://github.com/roshan-research/hazm
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Figure 3: (a) Single models. (b) Implicit Joint Modeling. (c) Explicit Joint Modeling. (d) Pre-trained Model Paradigm. [26]

city is just written by the Persian script as "واشنگتن" ("w6S.IN.t9n).
It is essential to highlight the significance of having a dedicated Persian dataset for joint intent detection and

slot filling, in addition to the technical aspects of dataset creation. Persian has unique linguistic characteristics that
directly impact the performance of natural language processing (NLP) tasks. Here are some of the features:

• Linguistic Uniqueness of Persian

– Script and Orthography: Persian uses a modified form of the Arabic script, which introduces complexities
such as the omission of short vowels and the use of contextually varied letter forms. These features pose
specific challenges in text processing, necessitating tailored NLP techniques. For example, the word
"ترک" pronounced as [tæræk] is a noun meaning "gap," while "ترک" with the pronunciation [tærk] is a
verb that means "to leave."

– Morphological Richness: The inflectional nature and rich morphology of Persian impact linguistic tasks
like stemming and lemmatization significantly. For instance, the phrase "I want" in English is equivalent
to "میخواهم" in Persian, whereas the negative form "I do not want" corresponds to ,"نمیخواهم" in
Persian, both of which require distinct processing during linguistic analysis.

– Lexical Gaps: When translating concepts from other languages into Persian, there may be lexical gaps
that require a native dataset to capture language nuances accurately. For instance, the word "through"
in the English sentence "I’d like to fly from Philadelphia to Dallas through Atlanta" lacks an exact
equivalent in Persian and requires careful translation.

• Cultural and Regional Relevance

– Contextual Understanding: Cultural nuances and idiomatic expressions deeply embedded in the Persian
language require a dataset that can capture these subtleties effectively. This is critical for accurate intent
detection and slot filling.

• Technical and Resource Challenges

– Model Training and Adaptation: Specialized datasets facilitate more effective training of machine learning
models and allow for fine-tuning to the specific characteristics of the language. A Persian dataset supports
training on local nuances, ensuring better performance in NLP tasks. For instance, correctly identifying
intent and slots in a Persian travel booking conversation requires familiarity with local city names and
travel-related terms in Persian [18].

In summary, the creation of a dedicated Persian dataset not only addresses linguistic challenges but also enhances
the contextual and cultural understanding necessary for robust joint intent detection and slot filling in Persian NLP
applications.

4. A taxonomy of intent detection and slot filling

In this section, we announced some state-of-the-art methods were chosen to evaluate the Persian ATIS dataset.
These methods had to cover various approaches to produce a reliable benchmark. We chose these methods based
on the taxonomy defined in [26]. This taxonomy classifies methods in NLU into single models, joint models, and
pre-trained paradigms. The paradigms are visualized in Fig. 3, which was presented initially in [26].

The single models paradigm has no interaction between intent detection and slot-filling tasks. Hence, intent
detection and slot-filling will not be able to take advantage of their correlation and share helpful information to
improve performance. On the other side, joint models leverage the shared knowledge between intent detection and
slot-filling.
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The joint paradigm is also separated into two classes: explicit and implicit. The implicit joint modeling only
uses a shared encoder (representation) and does not explicitly model the interaction, which may result in low
interpretability and performance. The explicit joint modeling paradigm is classified into a single and bidirectional
flow interaction. The single flow only considers a single information flow from intent to the slot. In contrast, the
bidirectional flow means that the model considered the cross-impact between intent detection and slot filling.

Lastly, the pre-trained paradigm is defined as a paradigm where pre-trained language models (like BERT) are
used as encoders to extract representation. Pre-trained models can provide rich semantic features, which can help
to improve the performance of SLU tasks.

In the following, we will discuss the selected methods based on the taxonomy to evaluate our provided Persian
dataset. The goal of using these models is just to get their performance on our dataset; it does not compare models
with each other.

4.1. Models
• SF-ID [10]: This model lies in the explicit joint modeling paradigm. In this approach, A bidirectional model

considers the cross-impact of slot filling and intent detection. The first part is calculating the context vectors
by an attention mechanism. Next is the network consisting of slot-filling and intent detection subnets, where
their order can be customized (slot-filling first or intent detection first). Finally, a CRF layer is added above
the slot-filling subnet outputs to consider the correlations between the labels in neighborhoods. It jointly
decodes the best chain of labels of the utterance.

• Attention RNN [20]: This approach uses a neural network based on the attention mechanism to solve
the problem of joint intent detection and slot filling. This approach also lies in the implicit joint modeling
category. The proposed model in [20] consists of an encoder and a decoder, where the encoder uses a BiLSTM
network and the decoder uses an LSTM. The concatenation of the forward and backward walks related to
the last hidden state will be used to initiate the decoder’s hidden state. The context vector is also used to
compute the attention. The output of the decoder will be used for slot filling, and the output of the encoder
for intent detection.

• CNN-LSTM-CRF [15]: This model can be trained as a single or joint model. The CNN-LSTM-CRF model
first uses a CNN network to encode utterances at the word level and capture morphological information, such
as prefixes and suffixes. The CNN outputs will go through a BiLSTM network, and the BiLSTM outputs are
passed to a CRF layer for slot filling and a classifier to detect the intent.

• Slot-Gated [13]: The Attention-based RNN model achieves the best performance on joint ID and SF (where
the attention weights of ID and SF are independent). This explicitly modeled method proposes a slot-gated
structure, which focuses on learning the relationship between intent and slot attention vector and obtains
a better semantic frame through global optimization. They explicitly model the relationships between slots
and intents using a single flow interaction from intents to slots. The proposed slot gating model introduces
an additional gate that utilizes intent context vectors to model slot-intent relations to improve slot-filling
performance. First, the slot context vector and intent context vector combine. In other words, in the encoder,
for each time stamp, a slot context vector and a global intent context vector are computed using an attention
mechanism. They introduced slot-gate g, computed as a function of context vectors. Then, g is used as a
weight for the input’s slot label of the i’th word. Then, they formulated the objective as the conditional
probability of understanding the result (slot filling and intent prediction) given the input word sequence to
obtain both slots and intent labels.

• Co-Interactive transformer [25]: As a multi-task learning model, the CIT model can fill slots and detect
intent simultaneously. This network consists of two sub-networks: the slot-filling network and the intent
detection network. A co-interactive mechanism connects these two sub-networks, allowing them to interact
and share information. Slot-filling networks encode input text using transformers and predict slot labels based
on linear layers. Another transformer-based encoder encodes the input text, and a linear layer predicts the
intent label for the entire text. A multi-head attention mechanism is used to implement the co-interactive
mechanism, which allows the slot-filling and intent detection networks to interact and share information.
Specifically, the multi-head attention mechanism calculates the attention weights between the slot-filling
and intent detection representations and then combines the two representations according to these attention
weights. This method is an explicit joint modeling method. However, since BERT representations can be
applied along with this model, the proposed method can also be classified as a pre-trained modeling paradigm.
In this paper, we only used it as an explicit joint modeling method as the official implementation using BERT
was unavailable.
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• JointBERT [4]: This method uses representations from the pre-trained BERT model to solve the joint intent
detection and slot-filling task. A softmax activation function is used over the representation computed for the
CLS tag of each input to detect intents and a softmax over the final hidden states of other tokens to classify
slots. This method lies in the pre-trained paradigm. We used the BERT’s multi-lingual version to apply the
model to Persian and English ATIS [8].

• CTran [28]: The CTran model is a joint Intent Detection and Slot Filling architecture that utilizes a pre-
trained language model (BERT and ELMo), a convolutional layer, a window feature sequence structure, and
stacked Transformer encoders. The model includes a Shared Encoder, an SF Decoder, and an ID Decoder
that enable joint learning. The Intent-Detection Decoder and Slot-Filling Decoder utilize self-attention layers
and linear feed-forward networks for classification. The model’s effectiveness is demonstrated through the
described components, which contribute to joint intent detection and slot-filling objectives. We have utilized
multilingual BERT to run this model.

• Code-Switching [17]: The proposed methodology involves enhancing the monolingual data by introducing
multilingual code-switching through translating data chunks into various languages. This approach is designed
to improve the language-neutral capabilities of models like mBERT while fine-tuning them for downstream
tasks such as intent prediction and slot filling. The method aims to enhance model performance in zero-shot
scenarios where the target language is unknown during training by translating and aligning slot labels to
create artificial code-switched data. Our experiment involved running the model in the code-switching mode
and evaluating it on our proposed dataset to measure its effectiveness for the Persian language. Although
the code-switching method uses pre-trained multi-lingual BERT, we will consider it a separate category from
pre-trained approaches as the model can be directly tested on other languages.

In the next section, we will provide the performances of the mentioned models on the Persian ATIS dataset.

5. Experiments

In this section, we evaluate our proposed corpus by state-of-the-art Intent detection and Slot filling models and
compare that with the English ATIS. We use the models mentioned in the previous section.

5.1. Evaluation Metrics
The two metrics used for comparison are accuracy for intent detection and F1-score for slot-filling. As the ATIS
dataset is imbalanced for both intent and slot classes, we have also computed accuracy and F1-score for each class
separately to measure how well the selected models perform on each dataset.

5.2. Implementation Setup
At first, we maintained the original test set of the Persian and English ATIS dataset and focused on creating a
validation set from the training data. We split the original training set into new training and validation subsets,
ensuring that the correspondence between English and Persian data was preserved throughout this process. Notably,
the primary divergence from the original ATIS dataset lies in the inclusion of a validation set, which was not specified
in the original dataset. The validation split comprises a randomly selected 20% of the original training set, while the
remaining 80% constitutes the new training set. The test set remains unchanged from the original ATIS dataset.
Table 1 and Figure 4 illustrate the distribution of data in each split. Given that the original ATIS is imbalanced
based on intent classes and slot labels, the test set contains 20 intent categories out of 26 intent classes and 69
slot categories out of 83 slot labels. The categories of intent and slot in the test set are shown in Tables 3 and 4,
respectively. Furthermore, the experiments’ configuration for each model remains consistent with the original setup,
and we utilized the available codes provided by the authors.

Table 1: Comparison of English and Persian ATIS datasets

Metric English ATIS Persian ATIS

Train samples 3982 3982

Test samples 893 893

Validation samples 996 996

Vocabulary size 889 1433

Slot tags (I- prefix) 3985 5891
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5.3. Discussion
In the following sections, we perform a thorough analysis of the results comparing the performance of models trained
on Persian and English datasets. In addition, we provide guidelines for further development ideas, which should
help researchers increase the accuracy and stability of the model. The following research recommendations have
been developed based on the objectives and conclusions of this study to inform the direction of future research in
this field.

(a) Distribution of slots over splits (b) Distribution of intents over splits

Figure 4: Statistics of the ATIS dataset

5.3.1. Intent Detection
The evaluation of the ATIS dataset’s English and Persian versions produced intriguing findings about the intent
detection capabilities of the models listed in Table 2. The CTran model achieved an outstanding accuracy of 97.98%
on the English dataset, leveraging pre-trained BERT embeddings. JointBERT proved to be the top-performing
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Table 2: Intent detection accuracy percent and slot filling f1-score percent of state-of-the-art models on English and Persian ATIS
dataset

Taxonomy Model
Intent Acc (%) Slot F1-score (%)

English Persian English Persian

Single CNN-LSTM-CRF [15] 93.62 89.70 94.46 88.41

Joint

CNN-LSTM-CRF [15] 93.73 91.83 85.31 81.68

Attention RNN [20] 93.84 90.93 95.59 87.96

Slot-Gated [13] 94.62 92.94 94.91 87.70

SF-ID,SF-first [10] 96.65 92.38 94.65 85.38

SF-ID+CRF,SF-first [10] 97.31 92.83 94.72 85.56

SF-ID,ID-first [10] 97.09 92.83 95.06 85.32

SF-ID+CRF,ID-first [10] 95.41 92.05 94.55 85.57

Co-Interactive transformer
(Glove) [25] 97.54 93.73 95.69 86.14

Pre-trained
JointBERT [4] 97.42 97.65 95.20 96.75

CTran [28] 97.98 96.86 81.89 75.33

Pre-trained + Cross-Lingual Code-Switching [17] 97.42 79.39 96.86 38.74

model for the Persian dataset, with an impressive accuracy of 97.65%. Examining the confusion matrices (Figure 5
and Figure 6) reveals some interesting patterns:

• Common misclassifications: Across both languages, the most frequent misclassification occurs between
"flight" and "airfare" intents. This suggests that these two categories share similar contextual features, making
them challenging to distinguish.

• Language-specific errors: In Persian, we observe more confusion between "airport" and "flight" intents
compared to English. This could be due to linguistic nuances in Persian that make these concepts more closely
related in expression.

• Low-frequency intent performance: As shown in Table 3, there’s a noticeable decrease in accuracy as
the frequency of intent classes decreases. This trend is consistent across both languages, indicating a bias
towards more common intents in the learning process.

• Asymmetric errors: In both languages, certain intent pairs show asymmetric confusion. For example,
"ground_service" is more often misclassified as "ground_fare" than vice versa. This suggests that some
intents may have more distinctive features than others.

The Code-Switching method performed well on the English dataset (97.42% accuracy) but struggled with Persian
(79.39% accuracy). This significant drop in performance indicates that the method’s effectiveness is limited when
applied to Persian without specific adaptation.

Co-Interactive Transformer secured the second-highest accuracy in English (97.54%) but faced challenges in
Persian, achieving 93.73% accuracy. This performance gap might be attributed to the difference in embedding
dimensions: 50-dimensional Persian Glove embeddings versus 300-dimensional English counterparts, potentially
resulting in less separable representations for Persian. The overall lower performance on the Persian dataset could
be due to several factors:

• Linguistic complexity: Persian’s syntactic and morphological differences from English may pose challenges
for models originally optimized for English.

• Embedding quality: The reliance on embeddings initially developed for English may not capture the
nuances of Persian as effectively.

• Data characteristics: The translation process might have introduced subtle changes in the way intents are
expressed, potentially making some distinctions less clear in Persian.

To improve Persian intent detection, future work should focus on:

• Developing more robust Persian-specific embeddings
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Table 3: Comparison of the best methods in intent detection on both Persian and English datasets; numbers show the accuracy of each
method

Intent Categories
CTran JointBERT

Intent Categories
CTran JointBERT

English Persian English Persian English Persian English Persian

abbreviation 1.0 0.97 1.0 1.0 ground_service 1.0 1.0 1.0 1.0

flight_no 1.0 1.0 1.0 1.0 flight_time 1.0 1.0 1.0 1.0

quantity 1.0 1.0 1.0 1.0 capacity 1.0 1.0 1.0 1.0

airline 1.0 0.97 1.0 0.95 airfare 1.0 1.0 1.0 0.94

distance 1.0 0.80 1.0 0.60 flight 0.99 0.98 0.99 0.97

airport 0.89 1.0 0.94 0.61 aircraft 1.0 0.89 0.89 0.78

meal 1.0 0.83 0.83 0.67 ground_fare 1.0 0.86 0.71 0.71

city 0.67 0.89 0.67 0.50 flight+airfare 0.67 0.67 0.67 0.25

flight_no+airline 1.0 0.97 1.0 1.0 flight+airline 0.0 0.25 0.0 0.0

day_name 1.0 1.0 0.0 0.0 airfare+flight 0.0 0.0 0.0 0.0

(a) Confusion matrix for intent detection (Persian) (b) Confusion matrix for intent detection (English)

Figure 5: Confusion matrices for intent detection for the CTran. (a) Persian (b) English

• Adapting model architectures to better handle Persian linguistic features

• Augmenting the dataset with more examples of low-frequency intents to reduce bias

5.3.2. Slot Filling
The comparative analysis of slot filling performance between English and Persian ATIS datasets reveals significant
insights into the challenges and opportunities in cross-lingual natural language understanding tasks.

The Persian ATIS dataset, while maintaining the same number of samples as its English counterpart, exhibits a
larger vocabulary size and a higher number of slot tags with I-prefix (Table 1). This increased lexical diversity and
more complex word-to-slot mappings in Persian underscore the linguistic intricacies that models must navigate.
The structural differences between Persian, an SOV (Subject-Object-Verb) language, and English (SVO) further
compound these challenges, potentially affecting slot boundary identification and overall model performance.

The results presented in Table 2 demonstrate a consistent pattern of superior performance on the English
dataset compared to Persian across most models. JointBERT emerged as the top performer for Persian slot filling
with an F1-score of 96.75%, closely followed by its 95.20% score on English. Notably, CNN-LSTM-CRF exhibited
unexpected strength in Persian (F1-score: 88.41%), outperforming some more sophisticated architectures. This
suggests that certain architectural elements, such as the use of CNNs for capturing morphological features, may be
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(a) Confusion matrix for intent detection (Persian) (b) Confusion matrix for intent detection (English)

Figure 6: Confusion matrices for intent detection for the JointBERT. (a) Persian (b) English

particularly beneficial for Persian language processing [5].
The stark contrast in the Code-Switching model’s performance between English (96.86% F1-score) and Persian

(38.74% F1-score) highlights the limitations of cross-lingual approaches relying on machine translation for Persian.
This disparity underscores the need for language-specific adaptations in transfer learning techniques, especially for
languages with distinct linguistic properties.

A granular examination of slot-wise performance (Table 4) reveals nuanced patterns in model behavior across
languages:

• Language-Agnostic Success: Simple, high-frequency slots such as "fare_amount", "airline_name", and
"toloc.city_name" consistently achieve high F1-scores across both languages and models. This suggests that
certain semantic concepts transfer well between languages, regardless of syntactic differences.

• Persian-Specific Challenges: Time-related slots (e.g., "depart_time.time", "arrive_time.period_of_day")
and location-related slots (e.g., "fromloc.airport_code", "toloc.airport_name") show markedly lower perfor-
mance in Persian compared to English. This discrepancy may be attributed to:

– The complex morphological structure of Persian, which can obscure slot boundaries.

– Differences in expressing time and location concepts between the two languages.

– The absence of capitalization in Persian, which may impact the identification of named entities.

• Model-Specific Observations: JointBERT consistently outperforms the Code-Switching model on Persian
slots, particularly for location and time-related information. This suggests that JointBERT’s architecture
is better suited to capturing Persian-specific linguistic features, possibly due to its more effective use of
contextual information.

The performance discrepancies observed between English and Persian can be attributed to several linguistic
factors:

• Morphological Complexity: Persian’s rich morphological structure poses challenges in identifying slot
boundaries, particularly for time and location entities. This is evidenced by the lower performance on slots
like "depart_time.time" and "toloc.airport_name" in Persian.

• Syntactic Differences: The SOV structure of Persian, contrasting with English’s SVO order, may affect
models’ ability to correctly identify certain slots, particularly those related to action or movement (e.g.,
departure and arrival information).
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Table 4: Comparison of the best methods in slot filling on both Persian and English datasets; numbers show the F1-score of each
method

Slot Categories
Code-Switching JointBERT

Slot Categories
Code-Switching JointBERT

English Persian English Persian English Persian English Persian

fare_amount 1.0 1.0 1.0 1.0 state_code 1.0 0.0 1.0 1.0

days_code 0.0 0.0 1.0 1.0 fromloc.city_name 0.99 0.40 0.99 1.0

class_type 1.0 0.02 0.98 1.0 connect 1.0 0.0 1.0 1.0

depart_time.time_relative 0.96 0.05 0.97 1.0 economy 1.0 0.43 1.0 1.0

toloc.state_name 0.91 0.13 0.93 1.0 arrive_time.time_relative 0.82 0.11 0.85 1.0

arrive_time.end_time 0.94 0.0 0.89 1.0 arrive_time.time 96 0.05 0.96 1.0

fromloc.airport_code 0.66 0.15 0.71 1.0 toloc.country_name 1.0 0.0 1.0 1.0

arrive_date.month_name 0.77 0.0 0.77 1.0 period_of_day 0.57 0.0 0.67 1.0

airline_name 0.97 0.1 0.97 1.0 city_name 0.67 0.21 0.67 0.99

toloc.city_name 0.98 0.39 0.98 0.99 airport_name 0.56 0.04 0.51 0.99

depart_date.day_name 0.99 0.24 0.99 0.98 depart_date.day_number 0.97 0.22 0.96 0.97

depart_time.period_mod 0.99 0.14 0.91 0.97 cost_relative 0.98 0.19 0.99 0.97

depart_time.time 0.92 0.19 0.92 0.97 depart_date.year 1.0 0.91 1.0 0.97

arrive_time.period_of_day 0.75 0.17 0.86 0.96 arrive_time.start_time 0.94 0.0 0.82 0.96

depart_date.today_relative 0.88 0.0 0.89 0.96 depart_time.start_time 0.80 0.27 0.80 0.92

toloc.airport_name 1.0 0.0 1.0 0.92 arrive_date.date_relative 1.0 0.0 0.80 0.91

flight_days 1.0 0.0 1.0 0.91 depart_date.date_relative 0.97 0.0 1.0 0.90

toloc.airport_code 0.86 0.07 0.67 0.90 fromloc.state_code 1.0 0.0 1.0 0.80

arrive_date.day_name 0.85 0.0 0.85 0.78 fromloc.state_name 0.97 0.04 0.97 0.77

meal_code 0.0 0.0 0.0 0.75 flight_mod 0.79 0.07 0.70 0.71

stoploc.city_name 1.0 0.18 1.0 0.68 return_date.date_relative 0.0 0.0 0.0 0.67

round_trip 0.99 0.0 0.0 0.67 flight_number 0.92 0.62 0.77 0.63

meal_description 1.0 0.06 1.0 0.63 depart_date.month_name 0.97 0.54 0.97 0.51

flight_stop 1.0 0.0 1.0 0.0 depart_time.period_of_day 0.94 0.24 0.96 0.0

transport_type 0.93 0.11 0.90 0.0 fromloc.airport_name 0.63 0.0 0.61 0.0

flight_time 1.0 0.0 1.0 0.0 toloc.state_code 1.0 0.0 1.0 0.0

meal 0.94 0.0 0.97 0.0 airline_code 0.93 0.20 0.93 0.0

aircraft_code 0.96 0.76 0.92 0.0 fare_basis_code 0.92 0.0 0.91 0.0

restriction_code 0.91 0.0 0.89 0.0 depart_time.end_time 0.4 0.11 0.80 0.0

arrive_date.day_number 0.77 0.0 0.77 0.0 or 0.67 0.5 0.75 0.0

airport_code 0.57 0.20 0.50 0.0 day_name 0.3 0.0 0.0 0.0

state_name 0.98 0.0 0.0 0.0 booking_class 0.0 0.0 0.0 0.0

compartment 0.0 0.0 0.0 0.0 flight 0.0 0.0 0.0 0.0

return_date.day_name 0.0 0.0 0.0 0.0 stoploc.airport_code 0.0 0.0 0.0 0.0

• Orthographic Features: The lack of capitalization in Persian for proper nouns potentially impacts the
identification of named entities, as seen in the lower performance on location-related slots.

• Cross-lingual Transfer Limitations: The poor performance of the Code-Switching model on Persian
(38.74% F1-score) indicates that simple machine translation-based approaches are inadequate for capturing
the nuances of Persian. This highlights the need for more sophisticated cross-lingual transfer methods that
can preserve crucial linguistic information.

Common error patterns observed include confusion between similar slots (e.g., "toloc.airport_code" vs. "from-
loc.airport_code"), boundary detection issues in multi-word expressions, and poor performance on rare slots like
"aircraft_code" or "restriction_code", particularly in Persian.

To address these challenges and improve slot filling performance in Persian, following directions can be consid-
ered:

• Development of Persian-specific pre-training techniques to better capture the language’s unique morphological
and syntactic features.

• Data augmentation focusing on challenging slots, particularly time and location-related expressions in Persian.

• Exploration of character-level or subword-level tokenization strategies to better handle Persian’s complex
morphology.
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• Integration of Persian-specific linguistic features or rules to enhance model performance on challenging slots.

• Investigation into more advanced cross-lingual transfer learning methods that can effectively bridge the lin-
guistic gap between source and target languages.

In conclusion, while state-of-the-art models demonstrate impressive performance on both English and Persian ATIS
datasets, significant challenges remain in achieving parity across languages. The insights gained from this compara-
tive analysis underscore the importance of language-specific considerations in the development of multilingual NLU
systems and provide a roadmap for future improvements in Persian language processing tasks.

6. Conclusion

Research into natural Persian language processing has gotten more challenging due to the size of the number of
individuals who speak Persian, as well as the lack of datasets devoted to intent recognition and slot filling in
Persian. In order to address this issue, we presented a publicly available benchmark in the Persian language for
intent detection and slot filling. We then investigated the state-of-the-art models for intent detection and slot filling
to apply them to our recently founded benchmark and explain how they perform on this particular dataset.

We hope that the newly developed Persian benchmark for joint intent detection and slot filling will provide
valuable training data as well as a novel and demanding testing ground for NLU models. Building upon the
existing foundation, we propose the following avenues for future research and development: It is possible to consider
more accurate tokenization, for example, character-level or subword-level to deal with Persian morphologically.
Furthermore, modification of the model structures to incorporate Persian-related characteristics would possibly
provide improved results. Last but not least, increasing the number of examples of low frequent intents in the input
dataset would also contribute to the reduction of bias and increase the generalization of the research.

Moreover, this dataset provides scope for a number of future research possibilities. These include studying many
methods of transfer learning across languages with Persian as either the source or the target language for improving
the performance of low-resource languages. Also, the investigation of the events of different pre-training strategies
on downstream efficiency in Persian NLU, or compare simple and multilingual models as well. Furthermore, as
future work, it is possible to extend this research to include few-shot and zero-shot learning approaches for intent
detection and slot filling in Persian with the potential of other Persian dialects and other languages in general.
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