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Abstract
Spoken Language Understanding (SLU) plays a crucial role

in task-oriented dialogues, and the development of SLU in var-
ious languages has been rapid. However, progress in Uyghur
SLU research has been slow due to the lack of publicly available
datasets. To address this issue, we extend the MASSIVE dataset
to include Uyghur language, thus creating the first Uyghur SLU
dataset, MASSIVE-UG. After incorporating MASSIVE-UG,
the average overall accuracy of the other 51 languages has im-
proved, demonstrating the reliability of the dataset constructed
in this paper. Considering the agglutinative nature of Uyghur,
we segmented it into stem and affix and conducted experiments
using different embedding methods and multiple baselines. The
experimental results indicate that the performance of Uyghur
SLU is influenced by several factors, including representation,
embedding, and modeling approach. The dataset and code are
available at https://github.com/xjuspeech/MASSIVE-UG.
Index Terms: Spoken language understanding, Uyghur, repre-
sentation, embedding, multi-lingual

1. Introduction
Spoken language understanding (SLU) is a crucial task in task-
oriented dialogue systems, encompassing both intent detection
(ID) and slot filling (SF). The former aims to identify the user’s
true request, while the latter aims to recognize relevant slots [1].

One of the reasons for the flourishing development of
SLU tasks in major languages such as Mandarin Chinese (Pu-
tonghua) [2, 3, 4, 5] and English [6, 7, 8, 9, 10, 11, 12, 13] is
the richness of language resources. Despite the difficulties in
collecting data for low-resource languages, SLU tasks in such
languages still receive considerable attention. Low-resource
language SLU datasets, including Romanian [14], Arabic [15],
and Vietnamese [16], have been released intermittently. Re-
cently, [17] introduced a multilingual SLU dataset called MAS-
SIVE, covering 51 languages, which has significantly advanced
research in multilingual SLU. However, the dataset does not in-
clude Uyghur, a language used in the northwest region of China
with over 11 million native speakers.

To enable the publicity of SLU research for Uyghur, we
constructed a Uyghur SLU dataset, MASSIVE-UG. Specifi-
cally, we first translated the MASSIVE dataset into Uyghur us-
ing machine translation tools, and then invited native Uyghur
speakers to manually review the translations to ensure the
quality of the dataset. After introducing the MASSIVE-UG
dataset, the average overall accuracy of the other 51 languages
in MASSIVE has improved, demonstrating the reliability of
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MASSIVE-UG. To investigate the impact of agglutination in
Uyghur [18] on SLU , we further segmented MASSIVE-UG
into stems and affixes. We conducted experiments with differ-
ent embedding methods and various SLU baselines, using three
embedding representations: word, stem, and stem + affix. Ex-
perimental results demonstrate that the stem + affix representa-
tion, along with effective embedding and modeling approaches,
can improve the performance of Uyghur SLU.

In summary, the contributions of this paper are as follows:
1. To the best of our knowledge, we have released the first pub-

licly available Uyghur SLU dataset.
2. This work investigates for the first time the impact of three

factors: representation, embedding, and modeling approach
on Uyghur SLU.

2. Dataset Construction
2.1. Translation and Annotation
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Figure 1: The process of constructing the MASSIVE-UG.

MASSIVE [17] is a multi-lingual spoken language under-
standing dataset for task-oriented dialogue systems. The sam-
ples are collected from different language environments and ap-
plication scenarios, covering 51 languages, 18 domains, 60 in-
tents, and 55 slots. Since it does not initially include Uyghur
language, we expanded it to include Uyghur. The dataset con-
tains 16,521 dialogues. Manually translating them directly
would require significant human effort. Therefore, we adopted
a method involving machine translation followed by native
speaker verification to reduce manual labor. The process is il-
lustrated in Figure 1.
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Order         Deliveroo

O O O O

me a Byron from

B-food_type B-business_nameSlot:

Intent: Takeaway_order

(you do) قىلىڭزاكاز(pizza) پىساتاللانمىلىرىدىنيەتكۈزۈش(Meituan’s) مېيتۈۋەننىڭ

O O B-food_type B-business_nameI-business_nameI-business_name

يەتكۈزۈش تاللانمىسى

Slot:

Intent:

قىلزاكازپىساتاللانمىيەتكۈزمېيتۈۋەن ىڭدىنلىرىۈشنىڭ

B-business_nameI-business_nameI-business_nameI-business_nameI-business_nameI-business_nameI-business_nameB-food_typeOOO

يەتكۈزۈش تاللانمىسى

Stem+Affix:
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Intent:
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(a)
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Figure 2: An Example of MASSIVE-UG. Where (a) represents the original utterance and label, (b) represents the Uyghur utterance and
label after machine translation and manual review, and (c) represents the results of stem and affix extraction from the utterance in (b)
along with the corresponding labels.

1. To facilitate subsequent manual post-reviewing, we used
the machine translation tool1 to translate the MASSIVE
dataset into Mandarin Chinese and English, respectively, into
Uyghur;

2. The two sets of Uyghur data obtained were manually merged
on a per-utterance basis (duplicate content was removed and
different content was selectively selected). Each translated
utterance was carefully examined to ensure the quality of the
resulting Uyghur utterances. Correcting errors in machine
translation, e.g., the word “rock” might be translated into
“ (stone)” in Uyghur, but considering the context, its cor-
rect translation should be “ (rock music)”, etc;

3. We further localized the data to address the following is-
sue: Some words in the translated Uyghur utterance do not
exist in Uyghur. Therefore, we replace them with words
that are suitable for the usage scenarios of native Uyghur
speakers. As shown in Figure 2 (a) and (b), “Deliveroo” is
not common in China, so we replace it with the more com-
mon “ (Meituan’s)”, both of which are food delivery
platforms. Similarly, We also replaced “Byron” with “
(pizza)”, both of which are related to food;

4. The grammatical structure of Uyghur differs significantly
from that of Mandarin Chinese and English, rendering the
existing slot labels unsuitable. As shown in Figure 2 (a) and
(b), the subject is omitted in the English utterance, but in
Uyghur, subjects are typically not omitted. Therefore, we
need to add new words during the translation process to clar-
ify the subject, for example, “ (you do)”. Such language
differences lead to the inapplicability of slot labels used in
Mandarin Chinese or English to Uyghur. Therefore, we re-
annotated the slot labels of the obtained Uyghur utterances,
while keeping the intent categories unchanged, to ensure the
quality and reliability of the dataset. Manual adjustments
post-translation account for 53.92% of the entire dataset, in-
cluding localization and slot re-annotation.

2.2. Stem and Affix Segmentation

Uyghur is an agglutinative language. Each word in an utterance
consists of a stem and several affixes. The stem serves as the
core part of the word, typically carrying its fundamental mean-

1https://lingvanex.com/translate/

ing. When forming vocabulary, the stem is indispensable, as it
determines the basic semantics of the word. On the other hand,
affixes are linguistic units attached to the stem, utilized to mod-
ify the meaning, grammatical function, or part of speech of the
word. To investigate the impact of stem and affix segmentation
on SLU, and considering the large volume of MASSIVE-UG
data, inspired by [19] and [20], we trained an automatic seg-
mentation tool. Following the segmentation into stems and af-
fixes, the changes in slot labels adhere to the following rules:

1. For words with “B-slot type” slots: stems inherit the original
slot label, while affixes change “B-slot type” to “I-slot type”.
As shown in Figure 2 (b) and (c), “ (Meituan’s), B-
business name”, stem and slot label are “ (Meituan),
B-business name”, affix and slot label are “ (is), I-
business name”;

2. For words with “I-slot type” slots and “O” slots: both stems
and affixes retain the original slot label. As shown in Figure
2 (b) and (c), “ (you do), O” stem and slot label are “
(do), O”, affix and slot label are “ (you), O”.

To ensure the accuracy of subsequent experiments, we man-
ually checked and corrected the segmentation results of the test
set in MASSIVE-UG. The results indicate that our trained seg-
mentation tool achieved an accuracy of 97.32%.

The procedures and rules in Sections 2.1 and 2.2 were spec-
ified by a master’s student and a doctoral student, both of whom
are native Uyghur speakers majoring in computer science. The
translation, segmentation, and annotation processes were pri-
marily completed by the master’s student under the guidance
of the doctoral student. However, errors during the translation
process, replacement of rare words, and any issues encountered
during segmentation and annotation were resolved through joint
discussion between the two individuals.

3. Experiment
3.1. Experimental Setup

We trained different models using default parameters from the
original paper as a reference. Since some baselines did not spec-
ify the learning rate for pre-trained models, we set it to either
1 × 10−5 or 5 × 10−5, choosing the best result. For all ex-
periments, we selected the model that performed best on the
validation set and evaluated it on the test set. F1 score is used to
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Figure 3: Experimental results w/o and w/ UG. Where (a) represents the mean results across 51 languages in MASSIVE with and
without Uyghur, (b) represents the mean results for non-agglutinative across 51 languages in MASSIVE with and without Uyghur, and
(c) represents the mean results for agglutinative across 51 languages in MASSIVE with and without Uyghur.

evaluate SF performance, accuracy (Acc) is used to evaluate ID
performance, and overall accuracy is used to evaluate sentence-
level semantic frame parsing performance. All experiments are
conducted on an NVIDIA GeForce RTX 3090 GPU.

3.2. Dataset Reliability

To validate the reliability of MASSIVE-UG, we conducted ex-
periments on MASSIVE using XLM-R [21]. Figure 3 illustrates
the experimental results.

The experimental results indicate that after introducing the
dataset constructed in this paper, the overall accuracy of both
agglutinative and non-agglutinative languages in MASSIVE
has been improved. Benefiting from the grammatical similar-
ity among agglutinative languages, the overall accuracy of ag-
glutinative languages in MASSIVE has increased by 0.99%.
This demonstrates that the semantic meaning of utterances in
MASSIVE-UG constructed in this paper is similar to that of
other languages, and our approach ensures the quality of the
dataset, thus proving its reliability to some extent.

3.3. Baselines

According to [22], existing SLU baselines can be classified into
three categories: hidden state joint modeling, unidirectional in-
formation flow modeling, and bidirectional information flow
modeling. Due to the two-way flow of information between
intent and slot, unidirectional information flow modeling can
be further divided into two types: intent-guided slot and slot-
guided intent. Based on the direction of information transfer
between intent and slot representations, we used four baselines
for experiment:
• Joint ID and SF [23] adopted implicit joint modeling, using

a shared encoder to capture shared features without explicitly
modeling the information flow between ID and SF tasks.

• Stack-Propagation [24] was a modeling approach that
guided SF with intent. It utilized ID results directly to guide
slot filling, employing token-level ID to mitigate error prop-
agation.

• SLIM [25] introduced an explicit slot-intent classifier to
learn the mapping between slots and intents, explicitly mod-
eling the information flow from slot to intent.

• Co-Interactive [26] adopted a bidirectional interaction mod-
eling approach, explicitly capturing the information flow
from intent to slot and from slot to intent.

To investigate the impact of the agglutinative nature of
Uyghur on SLU, we conducted experiments using three embed-
ding representations: word, stem, and stem + affix. However,
since affix cannot express word meaning, we did not conduct
experiments based on affix.

Additionally, we used three encoder methods: BiLSTM,
mBERT [27], and XLM-R [21]. Since SLIM requires the use
of pre-trained models for modeling, experiments with BiLSTM
were not conducted for SLIM.

3.4. Experiment Results and Analysis

The experimental results are shown in Table 1. From the table,
we can see that the accuracy of Uyghur SLU is influenced by
various factors, including representation, embedding, and mod-
eling approach.

بېرىڭ

بېر

(you go)

ىڭربې

ڭبېرى

Word:

Stem + Affix:

XLM-R:

XLM-R:

(a)

(b)
ىڭ

......

...

......

...

......

Figure 4: XLM-R Tokenizer’s handling of Uyghur word (a) and
Uyghur stem + affix (b).

• Impact of Embedding. The differences in embedding meth-
ods indeed have a significant impact on the performance
of the Uyghur SLU task. The performance gap between
mBERT and XLM-R may be due to differences in their model
designs and training processes. mBERT is a multilingual
pre-trained model trained on multiple languages, which may
not be optimized for specific languages, whereas XLM-R
is specifically designed for cross-lingual understanding and
may perform better on low-resource languages like Uyghur.
Additionally, BiLSTM simply maps words to a fixed-length
vector space, and lacks the semantic representation capabil-
ities of XLM-R. When representation and model are consis-
tent, XLM-R performs best in the Uyghur SLU task.

• Impact of Representation. Among the three representa-
tions (word, stem, and stem+affix), the stem representation
performs the worst in the Uyghur SLU task. Despite stems
representing the core meaning of words, they alone are in-
sufficient as they do not capture the grammatical variations
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Table 1: Model Performance Comparison across Different Datasets (/%)

Representation Encoder Model Intent (Acc) Slot (F1) Overall (Acc) Mean Overall (Acc)

BiLSTM
Joint ID and SF 75.79 68.83 54.00

53.77Stack-Propagation 75.52 67.12 53.26
Co-Interactive 76.73 67.57 54.07

mBERT

Joint ID and SF 59.45 59.96 33.76

33.53
Stack-Propagation 59.54 59.50 33.04

Word SLIM 59.48 59.23 33.32
Co-Interactive 59.62 59.43 33.99

XLM-R

Joint ID and SF 82.04 77.14 60.76

61.72
Stack-Propagation 81.88 78.01 61.72

SLIM 82.18 77.76 61.97
Co-Interactive 83.02 77.97 62.44

BiLSTM
Joint ID and SF 48.66 36.69 21.24

21.57Stack-Propagation 47.66 36.79 21.28
Co-Interactive 48.02 37.55 22.19

mBERT

Joint ID and SF 50.00 36.13 15.97

15.01
Stack-Propagation 50.29 37.02 14.72

Stem SLIM 51.00 38.45 15.67
Co-Interactive 48.69 38.25 13.69

XLM-R

Joint ID and SF 78.34 52.22 29.49

29.49
Stack-Propagation 77.63 52.33 28.92

SLIM 79.18 52.18 29.53
Co-Interactive 78.58 53.27 29.93

BiLSTM
Joint ID and SF 78.66 71.50 57.41

57.71Stack-Propagation 78.98 70.91 57.50
Co-Interactive 79.29 72.21 58.24

mBERT

Joint ID and SF 68.43 68.14 42.10

42.36
Stack-Propagation 68.42 67.36 42.63

Stem + Affix SLIM 68.63 67.59 42.70
Co-Interactive 68.56 67.29 42.00

XLM-R

Joint ID and SF 81.27 78.93 59.85

59.96
Stack-Propagation 81.88 78.01 59.72

SLIM 82.21 77.90 60.76
Co-Interactive 82.45 78.13 60.09

introduced by different affixes. Introducing affixes com-
bined with stems enhances the representation by incorporat-
ing grammatical information, aiding the model to better un-
derstand the user’s request and to identify intent and slots.
However, when XLM-R is used for embedding, the accu-
racy of stem+affix representation is slightly lower than that
of word representation. This discrepancy may be attributed
to XLM-R Tokenizer potentially over-segmenting when pro-
cessing stem+affix representations. As shown in Figure 4
(a) and (b), “ (you go)” is over-segmented, which pre-
vents the model from learning the semantics effectively. The
stem + affix representation performs best in most cases in the
Uyghur SLU task.

• Impact of Modeling Approach. We used four baselines
to perform the Uyghur SLU task, and under the same rep-
resentation and embedding, the experimental results varied
due to the different information flows of each baseline. In
most cases, Co-Interactive achieved the highest overall ac-
curacy, indicating that explicit modeling of the information
flow between intent and slot representations is beneficial for
the Uyghur SLU task.

4. Conclusions

This paper constructed and published the first publicly available
Uyghur SLU dataset. The agglutinative nature of the Uyghur
language was also considered by segmenting it into stems and
affixes. Based on this, the impact of three factors: representa-
tion, embedding, and modeling approach on Uyghur SLU was
investigated. However, this study focused solely on the SLU
task in the Uyghur language. While the reliability of the con-
structed dataset using MASSIVE was demonstrated, the interre-
lation between languages was not explored in depth. Addition-
ally, experiments were conducted using publicly available SLU
models, without developing a framework tailored to the linguis-
tic characteristics of the Uyghur language. In future work, ef-
forts will be made to further advance research on Uyghur SLU,
explore its connection with other languages, and propose an
SLU framework that integrates the linguistic features of the
Uyghur language. It is hoped that the constructed MASSIVE-
UG will contribute to the development of Uyghur SLU.
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