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Abstract

China has over 1.116 billion mobile Inter-
net users, whose demands continue to evolve
rapidly. However, existing Chinese spoken lan-
guage understanding (SLU) benchmarks are
outdated and cover limited domains, failing to
reflect real-world mobile assistant scenarios.
To this end, we introduce CMPA-SLU1, a Chi-
nese SLU dataset for mobile personal assistants
collected from real-world applications and an-
notated with rigorous quality control. CMPA-
SLU contains 50 domains, 247 intents, and 74
slot types, expanding the diversity of existing
Chinese SLU benchmarks. To better simulate
practical deployment scenarios, we further in-
troduce a Partial Category setting, where can-
didate labels are dynamically filtered using a
Bidirectional Guided Embedding (BGE)-based
retrieval strategy. We further adopt a label map-
ping strategy for joint intent and slot prediction
within a single generation process. We eval-
uate multiple large language models (LLMs)
under both Full Category and Partial Category
settings. Experimental results show that the
Partial Category setting improves performance
by reducing the candidate label space.

1 Introduction

China has over 1.116 billion mobile Internet users
(China Internet Network Information Center, 2025),
whose demands continue to evolve rapidly. With
the increasing capabilities of smartphones, spoken
language understanding (SLU), including intent
detection and slot filling (Qin et al., 2021b; Weld
et al., 2022), has become a fundamental component
of mobile personal assistants.

However, existing Chinese SLU datasets are out-
dated and suffer from limited domain coverage, as
shown in Table 1. Widely used benchmarks, in-
cluding CAIS (Liu et al., 2019), SMP2019, and

*Equal contribution.
† Corresponding author.
1https://github.com/XingChen-AGI/CMPA-SLU

Dataset Domain Intent Slot
CAIS 1 14 24

SMP2019 29 23 59
SMP2020 45 59 80

MASSIVE-ZH 18 60 55
CMPA-SLU (Ours) 50 247 74

Table 1: Statistics of domains, intents, and slot types in
Chinese SLU datasets.

SMP2020 (Xie et al., 2023), were released over six
years ago. Although MASSIVE-ZH (FitzGerald
et al., 2023) was released in 2023, it is translated
from SLURP (Bastianelli et al., 2020) (2020), and
thus does not reflect native Chinese user behavior.
Consequently, existing datasets exhibit limited di-
versity in domains, intents, and slots, and fail to
capture evolving real-world user needs. Moreover,
their label schemas are insufficient for emerging ap-
plications, such as “Turn Off Video AI Subtitles”.

To this end, we construct CMPA-SLU, a Chinese
SLU dataset for mobile personal assistants. All ut-
terances in the dataset were recently collected from
real-world applications, followed by anonymiza-
tion, deduplication, and manual annotation to en-
sure data quality. It contains 50 domains, 247 in-
tents, and 74 slot types, surpassing existing Chinese
SLU datasets in scale.

To better simulate practical deployment scenar-
ios, we further introduce a Partial Category setting,
where candidate intent and slot labels are dynami-
cally filtered using a Bidirectional Guided Embed-
ding (BGE)-based retrieval strategy (Xiao et al.,
2024). In addition, we adopt an intent-slot schema
mapping (IS-Map) strategy to support joint intent
and slot prediction within a unified generation pro-
cess. Finally, we evaluate multiple large language
models (LLMs) (He et al., 2024; Liu et al., 2025;
Wang et al., 2025) on CMPA-SLU under both Full
Category and Partial Category settings.
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2 Dataset Construction Process

2.1 Data Preprocessing

After data collection, regular-expression-based
anonymization is applied, followed by deduplica-
tion to remove exact duplicate utterances, thereby
reducing the risk of data leakage during dataset
splitting. During manual annotation of intents and
slots, annotators review each utterance individually
and perform additional anonymization when neces-
sary. Utterances containing sensitive information
are discarded to ensure user privacy.

2.2 Category Predefinition

We define an initial set of intent and slot labels
based on real-world mobile personal assistant ap-
plications. During annotation, annotators and data
reviewers may encounter previously unseen or un-
defined labels. Such utterances are temporarily set
aside and later revisited for final label confirmation,
with the label schema updated when necessary.

2.3 Annotation Procedure

We employ eight native annotators with prior ex-
perience in SLU data annotation to annotate and
review the dataset. The annotation process consists
of three stages:

Stage 1: First-round annotation. The dataset
is divided into six subsets, each assigned to one
annotator. Annotators are instructed to flag utter-
ances whose intents or slots fall outside the candi-
date label set and forward them to the inspectors
(Stage 3).

Stage 2: Second-round verification. Two se-
nior reviewers independently verify the first-round
annotations, each responsible for three subsets.
Identified errors are corrected at this stage.

Stage 3: Third-round sampling inspection. A
10% random sample is inspected by two PhD stu-
dents specializing in SLU. In addition to reviewing
sampled data, they address flagged utterances by re-
fining annotation guidelines or updating intent and
slot categories. Subsets that do not meet quality
standards are returned to Stage 1 for re-annotation
until requirements are satisfied.

After multiple iterations, the final numbers of
domains, intents, and slot types are summarized
in Table 1, and the frequency distributions across
intent and slot categories are illustrated in Figure 1.

As shown in Table 1 and Figure 1, the CMPA-
SLU dataset exhibits substantial class diversity and
a pronounced long-tail distribution. Specifically, 40
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Figure 1: Frequency distributions of sample counts
across different categories.

intent classes contain only 1–10 instances, account-
ing for 16.19% of intent classes but only 1.49% of
total samples. Similarly, 14 slot types (18.92%)
account for only 0.05% of all samples. Additional
statistics are provided in Appendix A.

In real-world scenarios, some user utterances do
not express a clear intent or fully specify user needs,
such as “Never mind” and “Why is it like this?”.
We retain these cases and annotate them as Other
intent. This design better reflects the complexity
of real-world SLU scenarios and distinguishes our
dataset from existing SLU benchmarks in Chinese
and other languages, which typically do not ex-
plicitly consider such cases (Van Der Goot et al.,
2021; Aimaiti et al., 2024; Wu et al., 2026). Fur-
thermore, since the data is collected from recent
real-world mobile applications, the labels are more
aligned with the usage habits of Chinese mobile
users compared to existing SLU datasets. Exam-
ples are provided in Appendix A.

2.4 Candidate Category Pre-Extraction
As shown in Table 1 and Figure 1, CMPA-SLU
contains a large and diverse set of intent and slot
categories. In practical applications, pre-filtering
candidate intents and slots is commonly adopted
to reduce computational overhead, especially for
large-scale LLMs. Therefore, we construct a candi-
date label set for each sample using a three-stage
pre-filtering strategy.

Stage 1: Label Index Construction. We ran-
domly sample 2,000 utterances from CMPA-SLU
to train a BGE-based embedding model that maps
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utterances, intents, and slot labels into a shared
representation space. Based on the learned em-
beddings, we construct a label index for efficient
candidate retrieval.

Stage 2: Candidate Retrieval. Based on the
constructed index, we retrieve the top-20 intent can-
didates with the highest similarity to each utterance.
The top-20 candidate set achieves 100% recall, in-
dicating that the retrieval module successfully in-
cludes the ground-truth intent for every utterance.
The retrieved intent labels, together with their as-
sociated slot types, constitute the initial candidate
set. In real-world scenarios, however, the num-
ber of candidate categories can vary across utter-
ances, while models trained under a fixed-category
assumption may suffer from performance degra-
dation when the candidate set size changes. To
address this issue, we further introduce a candidate
refinement stage.

Stage 3: Candidate Confirmation. To simulate
variations in candidate set sizes in practical scenar-
ios, we randomly sample X intent categories from
the retrieved candidates to construct the final candi-
date set. To ensure completeness, the ground-truth
intent and its associated slot labels are added when
absent. In addition, we include the “Other Intent”
label to support unseen or out-of-scope intents in
open-set SLU scenarios.

Under the Partial Category setting, the average
numbers of candidate intent categories and slot
types per sample are 11.51 and 6.57, respectively.

2.5 Dataset Splitting

We consider two evaluation settings for CMPA-
SLU: Full Category and Partial Category. In the
Full Category setting, models have access to the
complete label space, whereas in the Partial Cat-
egory setting, only a subset of candidate labels is
provided. All other experimental settings remain
identical. The dataset is split into training, valida-
tion, and test sets with a ratio of 6:2:2, resulting in
4,685 training samples, 1,550 validation samples,
and 1,585 test samples.

3 Method

3.1 Task Formulation

We formulate the SLU task as a question answering
(QA) problem (Wu et al., 2022; Song et al., 2024;
Xiong et al., 2024; Wu et al., 2025a; Jiang et al.,
2026). Given an utterance U and a task prompt
P , the model predicts the corresponding intent and

slot-level semantic structure:

OI , OS = M(P,U | L), (1)

where L denotes the candidate label set, including
both intent labels and slot types. OI represents the
predicted intent label, and OS denotes the predicted
slot annotations with their corresponding entities.
The candidate label set L can vary across different
settings, and is either fully available in the Full
Category setting or dynamically constructed in the
Partial Category setting.

3.2 Prompt Template
We design a structured prompt template consisting
of five components: role definition, task descrip-
tion, candidate label set, output format specifica-
tion, and utterance, as illustrated in Figure 2. The
prompt structure remains identical across settings,
with the difference being the candidate label set.

### Role Definition:
You are an assistant for spoken language 
understanding, equipped with intent detection  and 
slot filling capabilities. 

### Task Description:
Given an input utterance, you are required to identify 
the underlying intent and extract the corresponding 
slot–value pairs. 

### Candidate:
The candidate intent and slot categories are 
provided as follows: {...}. 

### Format:
Intent: [Slot1: Value1, Slot2: Value2, ...]

### Utterance:
[…]

Figure 2: Prompt Template. Detailed candidate lists and
utterances are omitted for brevity.

To support joint intent and slot prediction, we
incorporate the predefined mappings between in-
tents and their associated slot types into the prompt.
Specifically, for each candidate intent, its corre-
sponding slot types are provided as a paired set of
candidate labels, explicitly conveying the intent-
slot correspondence to the model. Unlike existing
methods that treat intent and slot labels indepen-
dently (Wu et al., 2022; Xing et al., 2024; Qin
et al., 2025), our approach explicitly exploits their
correspondence during candidate construction and
generation. In addition, the candidate labels are
consistently aligned with the predefined output for-
mat to facilitate structured and reliable generation.
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Model Full Category Partial Category
I(Acc) I(F1) S(F1) O(Acc) PFLOPs I(Acc) I(F1) S(F1) O(Acc) PFLOPs

GPT-4o 84.16 64.98 71.43 73.75 - 87.07 72.78 72.01 77.10 -
GPT-5 87.44 72.83 73.26 77.29 - 89.97 72.99 74.59 78.80 -
Qwen2.5-7B 95.96 92.14 86.61 89.40 1143.33 96.03 91.77 86.48 89.31 125.64
LLaMA3.1-8B 95.39 91.20 85.89 89.02 1380.56 96.40 91.70 85.33 89.09 141.61
Deepseek-r1-8B 94.95 90.83 85.45 88.14 1378.95 95.21 88.16 84.91 87.32 139.83
Mistral-7B 95.71 89.37 86.55 90.28 1645.16 97.03 93.68 89.90 91.17 163.75

Table 2: Results of different LLMs on CMPA-SLU under both Full Category and Partial Category settings.

4 Experiment

4.1 Experimental Setup

We evaluate GPT-4o (Hurst et al., 2024), GPT-5
(Leon, 2025; Bubeck et al., 2025), Qwen2.5-7B
(Hui et al., 2024), LLaMA3.1-8B (Grattafiori et al.,
2024), DeepSeek-R1-8B (Guo et al., 2025), and
Mistral-7B (Jiang et al., 2023a) on CMPA-SLU.
GPT-4o and GPT-5 are evaluated using prompt-
based inference. Each open-source model is fine-
tuned using Low-Rank Adaptation (LoRA) (Hu
et al., 2022). Detailed experimental settings are
provided in Appendix B.

4.2 Results and Analysis of Different Settings

Table 2 reports the performance of multiple LLMs
on CMPA-SLU under the Full Category and Partial
Category settings.

1. GPT-4o and GPT-5 perform worse than sev-
eral LoRA-tuned open-source LLMs under both
settings, indicating that CMPA-SLU remains chal-
lenging even for strong models.

2. Compared with the Full Category setting,
the Partial Category setting substantially reduces
computational overhead as the candidate intent and
slot spaces are relatively constrained, lowering the
number of categories that the model needs to dis-
tinguish. This reduction in the prediction space
not only improves efficiency but also enhances ac-
curacy, as it reduces prediction uncertainty and
allows the model to focus more on semantic match-
ing within the candidate set. Most LLMs achieve
better performance across all four metrics under the
Partial Category setting, suggesting that a smaller
candidate label space facilitates more precise in-
tent and slot prediction. Qualitative examples are
shown in Figure 3, where Mistral-7B produces in-
correct predictions under the Full Category setting
but correctly identifies both intent and slots under
the Partial Category setting.

I don’t feel like listening to music today. 
Let’s turn off NetEase Cloud Music.

Utterance

Intent: 
Slot:

Close App
App: NetEase Cloud Music

Intent: 
Slot:

(a)

(b)

Stop Playback

Figure 3: Comparison of Mistral-7B predictions under
the Full Category (a) and Partial Category (b) settings.
Red indicates incorrect predictions, while green indi-
cates correct predictions.

3. Figure 4 compares the F1 scores of Mistral-
7B across different intent and slot categories un-
der the two settings. The Partial Category setting
achieves more balanced performance and outper-
forms the Full Category setting on most categories,
for challenging and low-frequency labels. Detailed
experimental results are provided in Appendix C.
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Figure 4: Comparison of F1 scores for intent and slot
categories under Full and Partial settings of Mistral-7B.

4.3 Results and Analysis of Different Prompts

Table 3 compares our prompt design with previ-
ous prompting methods, including UGEN (Wu
et al., 2022) and DC-Instruct (Xing et al., 2024),
on Mistral-7B under the Partial Category setting.

UGEN and DC-Instruct model the interaction
between intent detection and slot filling through
constructing multiple questions, which leads to a
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Method I(Acc) I(F1) S(F1) O(Acc) PFLOPs
UGEN 96.53 92.37 87.68 89.59 235.81
DC-Instruct 96.78 92.84 87.84 90.09 304.23
IS-Map(Ours) 97.03 93.68 89.90 91.17 163.75

Table 3: Results of different prompts under Partial
Category setting (Mistral-7B).

substantial increase in training FLOPs. In con-
trast, we present all candidate intents and their
corresponding slot candidates to the model in a
combined format. This enables the model to ex-
plicitly perceive the direct correlation between the
two, eliminating the need for multi-turn dialogue
to establish the association between intent and slot
recognition. Thanks to this streamlined design, the
proposed IS-Map achieves lower computational
overhead while delivering superior performance.

5 Conclusion

We introduce CMPA-SLU, a Chinese SLU dataset
collected from real-world applications with rigor-
ous quality control, substantially expanding exist-
ing Chinese SLU benchmarks in domains, intents,
and slot types. To better reflect practical deploy-
ment scenarios, we further introduce a Partial Cate-
gory setting based on candidate label pre-selection.
Experimental results on multiple LLMs show that
CMPA-SLU remains challenging, while reducing
the candidate label space improves intent and slot
prediction performance. In addition, the proposed
IS-Map prompt supports efficient joint prediction
within a unified generation process.

Limitations

Although CMPA-SLU covers a wide range of do-
mains and intent categories, it is currently limited to
Chinese mobile assistant scenarios. As user behav-
ior and language usage may vary across different
languages and cultural contexts, the generalizabil-
ity of CMPA-SLU to multilingual settings remains
unexplored. Future work may extend the dataset to
additional languages and regions to support broader
SLU research.
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A Category Distribution and Data
Examples

The slot frequency distribution of the CMPA-SLU
is presented in Table 4, while the intent frequency
distributions are reported in Tables 5, 6, and 7.

As shown in these tables, both intent and slot dis-
tributions are highly imbalanced, which aligns with
the nature of user requests in real-world applica-
tions. Notably, the CMPA-SLU dataset introduces
an Other Intent category, which covers user utter-
ances involving casual conversation or non-task-
oriented expressions. As shown in Figure 5(a), the
user utterance “We’re off tomorrow.” does not con-
vey any actual task need. Similar to existing SLU
datasets, CMPA-SLU also includes conventional
intent requests, such as Set Alarm shown in Fig-
ure 5(b). Moreover, our dataset is more novel, fea-
turing functionalities that have only recently been
introduced in mobile devices, such as “Turn off AI
subtitles” (Figure 5(c)). Meanwhile, it is also more
aligned with the usage habits of Chinese mobile
users, containing operation requests for popular
applications such as “WeChat” (Figure 5(d)).

B Experimental Setup Details

Following Haihong et al. (2019); Qin et al. (2021a),
we use accuracy (Acc) to evaluate intent detection
performance, the F1 score to measure the quality of
slot filling, and sentence-level Acc to assess overall
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Slot Count Slot Count Slot Count
Time 1741 City 1233 Numerical Value 1214
Location 536 Event 470 App Name 436
Destination Station 435 Check-in Date 419 WeChat Contact 418
Departure Time 413 Departure Station 391 Requirements 378
Target Area 348 Source Area 348 Amount 322
Target Length 312 Source Length 312 Maximum Price 312
Query Item 286 Target Weight 248 Source Weight 248
Song Name 235 Type 228 Singer 223
Star Rating 216 Check-out Date 213 Number of Rooms 202
Contact Person 200 Destination 192 Competition Name 164
Video Name 162 Match Time 158 Number of Stay Days 150
Matter 138 Passenger (Flight) 116 Target Currency 110
Facility Type 108 Source Currency 108 Passenger (Ride) 104
Target 103 Scene 94 Content 91
Minimum Price 90 Departure Location 68 Travel Mode 68
Text Content 64 Hotel Name 61 Guest Name 58
Book Title 54 SMS Content 50 Target Time 46
Source Time 46 Competing Party 40 Playback Tool 30
Stock Name 28 File Name 18 Date 14
Card Sender 12 Card Recipient 12 Product Name 12
File Type 10 Stock Price Threshold 10 Change Direction 10
Holiday 8 Refresh Rate Value 6 Store Name 6
Quantity 6 Program Name 6 Rider 4
Gregorian Year 4 Gregorian Date 4 Shopping Platform 2
Year 2 Start Time 1

Table 4: Frequency counts of slot types in CMPA-SLU.

Set an alarm for 6:30 tomorrow morning.
Intent: Set Alarm

Slot: [Time: 6:30 tomorrow morning]

Send Alice 300.75 yuan on WeChat.
Intent: WeChat Transfer

Slot: [WeChat Contact: Alice, Value:300.75]

I don't want the AI subtitles anymore, turn them off.
Intent: Turn Off Video AI Subtitles

Slot: [ ]

We're off tomorrow.
Intent: Other Intent

Slot: [ ]

(b)

(c)

(a)

(d)

Figure 5: CMPA-SLU dataset examples.

performance. In addition, as shown in Figure 1 and
Appendix A, the constructed CMPA-SLU dataset
exhibits class imbalance for intent labels. There-
fore, we also report the intent F1 score.

Traditional small models (Pang et al., 2022; Wu
et al., 2024b; Jiang et al., 2025; Wu et al., 2024a) or
pretrained methods (Jiang et al., 2023b; Wu et al.,
2025b) typically formulate intent detection as clas-

sification over a fixed label space and slot filling
as sequence labeling. However, CMPA-SLU’s Par-
tial Category setting introduces dynamic candidate
sets, where the number of candidates varies across
samples. Therefore, models need to perform se-
mantic matching within a given candidate space
rather than classification over a fixed label space,
requiring a different modeling framework. Our ex-
periments mainly focus on evaluating LLM-based
SLU under dynamic candidate spaces, and thus we
select LLMs with contextual understanding and
instruction-following capabilities for experiments.

Closed-source models: GPT-4o (version: 2023-
05-15, temperature: 0.7), and GPT-5 (version:
2024-12-01-preview, temperature: 0.7).

Open-source models: Qwen2.5-7B, Mistral-7B,
LLaMA3.1-8B, andDeepseek-r1-8B. For training,
we use the AdamW optimizer (Loshchilov and Hut-
ter, 2017) with a learning rate of 5e-5, training
each model for 3 epochs with a batch size of 1.
The LoRA rank is set to 8, and the dropout rate
is 0.1. To ensure reproducibility, we use a fixed
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random seed of 42 across all models. All exper-
iments are conducted on a single NVIDIA A100
GPU (40GB).

C Details of Category F1 Scores

Detailed experimental results corresponding to Fig-
ure 4 are presented in Figures 6 and 7. Figures 6
reports the F1 scores of individual intent categories
under the Full Category and Partial Category set-
tings, respectively, while Figure 7 presents the F1
scores of slot categories under both settings.

Combined with the frequency statistics in Ta-
bles 4, 5, and 6, these results indicate that the im-
provements achieved by Mistral-7B under the Par-
tial Category setting are broadly distributed across
categories rather than concentrated in only a few
cases. The performance gains are notable for low-
frequency categories.
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Intent Count Intent Count
Other Intent 1133 Book Hotels 569
Convert Area Units 348 Convert Length Units 312
Check PM Index 304 Convert Weight Units 248
Play Music 236 Book Train Tickets 232
Check Weather 232 Book Flight Tickets 230
Recharge phone with amount 214 Close App 200
Watch Sports Events 186 Play Video 162
WeChat Transfer 162 Set Alarm 156
Turn Off Alarm 147 Disable Driving Mode 144
Disable Simple Mode 140 Recharge phone 140
Search the Internet 138 Stop Playback 136
Turn Off Wi-Fi 134 Turn Off Airplane Mode 134
Make Payment 130 Play News 130
Exit Smart Voice 126 Check Alarm 125
Check UV Index 124 Alipay Payment 124
Check Data Usage 124 Check Flight Itinerary 124
Turn Off Flashlight 122 Turn Off Bluetooth 120
Check Schedule 120 Resume Playback 116
Turn Off Vibration 114 Uninstall App 112
Set Phone Ringtone 112 Image Search 111
Exchange Rate Inquiry 110 Check Nearby Places 108
Set Scheduled Power On/Off 108 WeChat Payment 108
Turn Off Mobile Data 104 Delete Schedule 104
WeChat Sports 104 Check Train Itinerary 104
WeChat Receive Payment 100 Exit Navigation 100
Turn Off Do Not Disturb Mode 98 Enable SIM 2 Data 98
Check Battery 98 Enable Silent Mode 96
Turn On Wi-Fi 94 Turn Off GPS 94
Lower Phone Volume 94 Enable Red Packet Grabber 94
Turn Off Screen 90 Open Phone Volume Settings Panel 90
Turn Off Hotspot 84 Enable Mobile Data 84
Enable Voice-Controlled Camera 84 Turn Off Phone 84
Check Current Location 82 Alipay Features 82
Mini Programs/Official Accounts 80 Enable Hotspot 80
Set Schedule 78 Check Route to a Place 78
Open App 76 WeChat Send Red Packet 74
Set Phone Font 72 Open Screen Brightness Settings Panel 70
Disable Voice-Controlled Camera 70 Modify Schedule 70
WeChat Voice Call 70 Open Bluetooth Settings Panel 68
Set Display Settings 68 Play Next Track 68
Set App Notifications 66 View Moments 66
Open Do Not Disturb Mode Settings Panel 64 Enable Simple Mode 64

Table 5: Frequency counts of intents in CMPA-SLU (Part I).
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Intent Count Intent Count
Send Message via WeChat 64 Make a Call 63
Play Previous Track 62 Top Up Data Usage 60
Delete Alarm 58 Check Hotel Itinerary 58
Open Health Code 56 Reduce Phone Font Size 54
Open Airplane Mode Settings Panel 54 Disable SIM 1 Data 54
Search for Novels 54 Open Settings 52
Set Theme 52 Check Phone Model 52
Enable Driving Mode 52 Send SMS 50
Enable Vibration 50 Tell a Joke 50
Turn On Bluetooth 48 Set One-Handed Mode 48
WeChat Video Call 48 Tell a Story 48
Set Standby Wallpaper 48 Open Wi-Fi Settings Panel 46
Enable Airplane Mode 46 Turn Off Power Saving Mode 46
Check Phone Software Version 46 Convert Time Units 46
WeChat Scan 46 Voice Wake-Up 46
Open Hotspot Settings Panel 44 Enable Do Not Disturb Mode 44
Enable Power Saving Mode 44 Increase Phone Font Size 42
Enable SIM 1 Data 42 Set Phone Data Plan 42
WeChat Health Code 42 Alipay Scan 42
Enable Wireless Charging 42 Alipay Receive Payment 40
Voice Settings 40 Turn On Flashlight 38
Turn Off Silent Mode 38 Set Default Apps 38
Enable Smart Scenarios 38 Return to Home Screen 38
Disable SIM 2 Data 36 Set Navigation Keys 36
Check Phone Number 35 Delete SMS 34
Increase Phone Volume 34 Set Lock Screen Wallpaper 34
Check Phone IMEI 34 Record Audio 34
Check Exercise Index 34 Set Alarm 32
Set System Update 32 Check Phone Processor 32
Enable Infrared Function 32 Install App 31
Open GPS Settings Panel 28 Brighten Screen 28
Set Face Recognition 28 Search for Files 28
Display My WeChat QR Code 28 Read Screen Aloud 28
Set Desktop Wallpaper 26 Set Mobile Network 26
Enable Developer Mode 26 Check Dressing Index 26
Check Fishing Index 26 Hail a Ride 26
Delete Phone Number 24 Start Data Backup 24
Countdown 24 Check Phone Memory 22
Check Phone Storage 22 Take Night Photos 22
Report a Bug 22 Submit Suggestions/Requests 22
Set Screen Brightness to Minimum 22 Dim Screen 20
Set Connection to PC 20 Activate Voice Assistant 20

Table 6: Frequency counts of intents in CMPA-SLU (Part II).
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Intent Count Intent Count
Check Phone Balance 20 Check Phone Screen Resolution 20
Take Photos 20 Set Phone Volume to Minimum 20
Turn Off Ultra Power Saving Mode 20 Open Negative One Screen 18
Factory Reset 18 Find My Phone 18
Start Split Screen 18 Start Backup Restoration 18
Set Red Packet Grabber 18 Set Date and Time 18
Start Screen Recording 18 Check Phone Feature Help Manual 18
Set Phone Volume to Maximum 18 Take Selfie 17
Set Lock Screen Unlock Method 16 Enable Multitasking 16
Enable HD Calling 16 Turn Off NFC 16
View Monitored Stocks 16 Search by Keyword in Specified App 16
Set Phone Fingerprint 14 Check Phone Name 14
Enable Screen Casting 14 Restart Phone 14
Take Screenshot 14 Check Car Wash Index 14
Stop Monitoring Stock 14 Mobile Game Recommendations 14
Set App Data Management 12 Set Screen Assistant 12
Lock Desktop Layout 12 WeChat Send Contact Card 12
Generate Images from Text 12 Alipay Ant Forest Collect Energy 12
Use NFC Wallet Feature 12 Check Current Time 12
Arithmetic Operations 11 Turn On GPS 10
App Cloning 10 Phone Function Self-Check 10
Set Input Method 10 Check Traffic Violations 10
Set Screen Brightness to Maximum 10 Monitor Stock Prices 10
Turn Off Video AI Subtitles 10 Turn Off Screen Translation 10
Record Video 8 Switch Phone Language 8
Use ShareMe to Share Files 8 Adjust Phone Refresh Rate 8
Convert Relative Date to Specific Date 8 Navigate 6
Record Access Card 6 Check Address 6
Organize Phone Desktop 6 Open Sidebar 6
Order Food Delivery 6 Check TV Programs 6
Set Desktop 4 Start Long Screenshot 4
Turn Off Future Mode 4 Check Stock 4
Turn On NFC 4 Enable Ultra Power Saving Mode 4
Enable Video AI Subtitles 4 Search Historical Prices and Lowest Price 4
Convert Solar Calendar to Lunar Calendar 4 Check Which Day a Holiday Falls On 4
Check Holidays on a Specific Date 4 Check Days Until a Specific Holiday 4
Check Lunar Calendar Zodiac and Animal Sign 4 Open NFC Settings Panel 2
Search for Images in Apps 2 Buy Things 2
Enable Voice Conversation Translation 2 Convert Date to Day of the Week 2
Translate Content on Screen 2

Table 7: Frequency counts of intents in CMPA-SLU (Part III).
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Figure 6: Comparison of F1 scores for intent under Full and Partial settings of Mistral-7B. Results that are identical
have been omitted.
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Figure 7: Comparison of F1 scores for slot under Full
and Partial settings of Mistral-7B. Results that are iden-
tical have been omitted.
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