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Abstract. In the era of big data, the refined digitization of urban governance 

has led to the explosive growth of information data generated by various media. 

Effectively collecting, managing, and utilizing urban governance data is 

particularly important. The traditional work order generation process of 

innovative city governance also has problems such as minimal data source 

types, a heavy workload for manually entering grid event work orders, or the 

inability of automatically generated work orders to identify long-tail event 

categories. Through the use of mainstream multi-modal large-scale models, the 

exploration and optimization of prompt texts, and the construction and fine-

tuning of proprietary scene data sets, the event recognition accuracy of the 

model can be effectively improved. Experimental results show that the multi-

modal data analysis, the discovery of long-tail event categories, and intelligent 

analysis and decision-making achieved using multi-modal large-scale models 

have good results. Finally, forward-looking thinking and outlook are given on 

the future development of large-scale models in social governance. 
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1 Introduction 

The grid social governance system relies on a unified urban management mechanism 

and a big data platform to reasonably divide grid management units according to 

management jurisdictions, implement a grid responsibility system, and focus on 

managing various groups of society. It is an intelligent system [6] that performs 

digital, dynamic, and refined management based on items, emotions, events, and 

organizations. There are many problems in intelligent grid governance’s work order 

generation process. First, the data source needs to be more relaxed. Automatic work 

order generation is mainly based on video analysis alarms or dialogue text extraction 

and lacks multi-modal and contextual semantic analysis capabilities. Second, because 

the existing work order event discovery models have fixed categories during training 

and focus on specific tasks, it is challenging to identify long-tail events. New 

categories require targeted data collection and retraining of the model, resulting in a 
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long iteration cycle. These problems limit the further improvement of grid governance
efficiency and quality.

In recent years, multi-modal large-scale models, as an essential development in AI,
have shown great potential in processing complex data and few-sample and zero-
sample problems [1]. Even without targeted training on long-tail data, the model can
understand and analyze information by fusing multiple data types, such as text,
images, sounds, etc., to handle the explosive growth of events and frequently updated
data in grid governance. The event type is significant .

This study aims to explore and verify the application effect of multi-modal large-
scale models in urban governance work order generation. By using the mainstream
multi-modal large-scale models VisualGLM [3] and Qwen-VL [4], combined with
experiments in various designed urban governance scenarios, through the design of
prompt text and fine-tuning, it is demonstrated that the multi-modal large-scale
models have the capabilities in the field of urban governance Multi-modal analysis
capabilities and long-tail event discovery capabilities. The research results help
improve the efficiency and quality of intelligent urban governance and provide new
ideas for applying large models in urban governance.

2 Introduction to multi-modal large-scale models

The current mainstream visual language multi-modal large-scale model method
combines the pre-trained large language model and image encoder, using the image
and text feature alignment module to connect. This enables language models to
understand image features and perform deeper question-answer reasoning. For
example, mainstream Chinese pre-trained large language models include Tsinghua
University’s ChatGLM, Alibaba’s Qwen, and IDEA’s Ziya-LLaMA [10]. The
image encoder can use a single-modal convolutional network structure or
Transformers visual network structure for image feature extraction and Information
compression. Image and text alignment met hods include CLIP [8], BLIP [2], BLIP2
[5], etc. Image and text alignment technology is a critical technology in the multi-
modal field that has emerged with the rise of large language models in recent years,
achieving the alignment of image and language features in the semantic space and
laying the foundation for developing multi-modal large-scale models.

The multi-modal large-scale models used in this study are VisualGLM-6B and
Qwen-VL-7B. The model architecture of VisualGLM is shown in Fig. 1, in which
the features of the input image are obtained through the image feature encoding
module ViT (Vision Transformers, visual attention model) with frozen parameters,
and the semantic features of the text question and answer pairs are obtained through
ChatGLM with frozen parameters, and then BLIP2 is used as the image and text
feature alignment module for training by minimizing the contrastive learning loss
function. The architecture of Qwen-VL is similar to VisualGLM. It also uses ViT as
the image encoder and BLIP2’s image and text feature alignment module. The
difference is that Qwen-VL uses Qwen as the large language model. Regarding
training strategy, Qwen-VL’s training data adds a description of the target box in the
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image and text description annotations, which has more substantial target recognition
capabilities than VisualGLM.

Fig. 1. VisualGLM model architecture

3 Urban governance event work order generation scheme

At present, the main ways to generate work orders on innovative network
management plat forms are: First, the monitoring system is automatically triggered,
mainly using surveillance cameras and IoT sensors to monitor grid areas, such as
using cameras to intelligently identify people gathering or smoke sensors to detect
fireworks events; The second is to report the findings to the grid staff. During daily
inspections, the grid staff will enter on-site images and texts to monitor blind spots
and long-tail unforeseen events. The third is to have a dedicated person review the
input and generate a work order after the reports are reported. The first generation
method has a high degree of automation, but its ability to detect long-tail events is
limited and lacks multi-modal information analysis capabilities; the second generation
method requires manual input and is heavy workload; the third method of reviewing
and inputting reports from the masses is time-consuming And laborious.

In response to the above problems, combined with the multi-modal large-scale
model’s ability to analyze image and text data, a work order generation scheme was
designed based on the multi-modal large-scale model. The flow chart is shown in Fig.
2. A particular prompt for long-tail events is designed to monitor system data.
Combined with the configurable event database, long-tail event work orders such as
“blind lane occupation” and “dangerous dogs” can be generated; Secondly, the
inspection and reporting process for grid workers is a prompt specially designed for
grid members can be used to analyze the events in the event database based on the
picture content, and can generate work orders with one click. This process simplifies
the work order entry operation; finally, for the grid people to report many contents
with broad and delicate characteristics, the language model in the multi-modal large-
scale model is used to design particular prompts to complete the screening of reported
content and improve the efficiency of platform review.

In the urban governance event work order generation process, multi-modal large-
scale models are innovatively introduced as an essential auxiliary means to the
existing platform. This not only expands the types of existing discoverable events but
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also simplifies the work order generation and review process, improving grid
governance efficiency.

Fig. 2. Event work order generation flow chart

4 Experiments

Work order generation experiments were conducted based on the scenarios reported
by administrators and monitored and captured in the above three application scenarios.
The reported text only had single-modal input, so this study did not conduct an in-
depth experimental analysis of the single-modal analysis content. First, use the
designed Prompt to test the grid event recognition ability and text generation
accuracy of VisualGLM and Qwen-VL. By comparing the recognition and
generation effects of different Prompts in the same picture, we can determine the
Prompt suitable for the application scenario and locate the problems in the model;
secondly, by constructing a dedicated test set for the grid governance scenario, we can
conduct a zero-sample test on the model using the determined Prompt. Furthermore,
the quantitative evaluation used accuracy, recall, and F1 as evaluation indicators; then,
based on the effect comparison and problems of the first two steps, Qwen-VL was
selected to fine-tune the LoRA [9] method. The last step is the analysis of
experimental results. This step mainly summarizes and analyzes the experimental
content and draws conclusions.
4.1 Prompt design and testing

It mainly analyzes the multi-modal analysis ability test results of events using
different prompts on images reported by grid operators and captured images by
cameras, including common events such as illegal parking, road occupation, etc., and
long-tail events such as fights and dangerous dogs.
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Table 1. Prompt Templates

Type Content Characteristics

Open

You are a city grid manager. Please generate a
report work order event based on the reported
picture. The event type, processing department,
and processing suggestions must be included.
The language should be concise and clear.

Relying entirely on model
inference, the model must
determine whether there is a
certain event.

Selection

You are a digital grid manager. Please fill in the
work order based on the reported picture, and
choose one of the folling events: “{Event 1}”,
“{Event 2}”...and generate the processing
department and Handle suggestions in clear and
concise language.

To limit event types, the
model must select a certain
type of event suitable for one-
click generation scenarios of
work orders after the event
work order type is known.

Check

You are a digital grid manager. Please analyze
whether there are “{Event 1}”, “{Event
2}”...based on the reported pictures. If there are
any of these events, generate an event work
order and a processing department. Moreover,
treatment suggestions should be made in concise
and clear language.

The model needs to determine
whether the event exists to
limit the event type. This is
suitable for analysis and work
order generation scenarios
where the event’s existence is
uncertain.

Prompt templates with three dimensions were compared: open, selection, and check.
The contents and respective characteristics of the three templates are shown in Table
1. Where { } represents the event category that can be configured from the database.

According to the Prompt designed in Table 1 and the typical grid test results, it can
be concluded that First, VisualGLM has poor language understanding ability, which
is mainly reflected in the inability to stably generate work orders according to the
specified format when using inspection templates, while the work orders generated by
Qwen-VL. The single format not only meets the requirements, but also generates
more reasonable processing suggestions; secondly, VisualGLM’s event recognition
ability is unstable, and the effect is greatly affected by Prompt word order and
question methods when using inspection and selection templates; thirdly,
VisualGLM has an illusion problem, for example, when analyzing the third case in
Table 2, a non-existent event description was generated [7]; fourth, both VisualGLM
and Qwen-VL had misidentification of events.
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Table 2. Common Events

Image Type VisualGLM Qwen-VL

Open

Event type: Vehicle illegally
parked
Processing Department: Traffic
Management Department
Handling suggestions: 1. Car
owners should immediately drive
out of illegal parking spaces; 2.
Traffic management departments
should strengthen patrol control
and punish illegal parking
behaviors; 3, Encourage car owners
to park in a civilized and abide by
parking lot regulations.

Event type: Traffic
violation
Handling Department:
Traffic Police
Department
Handling suggestions:
Penalize illegally parked
vehicles and set up no-
parking signs at the
entrance and exit of the
community to remind car
owners to comply with
the regulations.

Selection

Road-occupying operations: 1.
Occupy road or sidewalk space for
activities such as setting up stalls
and opening shops; 2.Obstructing
traffic and affecting the typical
passage of pedestrians and
vehicles; 3. This causes
inconvenience to surrounding
residents, noise pollution, and other
problems.Handling methods and
suggestions: 1. Standardize
business activities such as setting
up stalls and opening stores to
avoid disturbing residents; 2.
Strengthen penalties for relevant
merchants and increase the cost of
violating the law.

Work order content:
Vehicle illegally parked
Processing Department:
Traffic Management
Department
Suggestions for handling:
impose fines on illegally
parked vehicles and
conduct traffic safety
education, At the same
time, obvious no-parking
signs can be set up in
illegal parking areas to
guide drivers to obey
traffic rules.

Check
The garbage truck does not cover
its cargo in the image, and the
vehicle could be more tidy.

Event name: Waste truck
prohibited
Processing Department:
Urban Management Law
Enforcement Department
Handling suggestions:
Investigate and punish
illegal muck trucks and
strengthen supervision.

In summary, the experimental results show that Qwen-VL is superior in model
performance, showing strong template adaptability, fewer hallucination problems,
more robust event recognition capabilities, and the generated content format is more
in line with requirements. VisualGLM needs to improve its use of specific templates
in terms of prompt templates. At the same time, Qwen-VL shows good format
understanding, event recognition accuracy, and content conciseness in various
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template applications. Qwen-VL is suitable for grid event discovery, multi-modal
analysis, and work order generation, but there are also a small number of missed
events and false positives.
4.2 Quantitative assessment

In order to quantitatively evaluate the performance of different grid governance
prompt templates on VisualGLM and Qwen-VL, this study created 150 image event
tests with 100 positive samples and 50 negative samples for common and long-tail
events of grid governance work orders. Data set, the performance of the template in
event recognition is evaluated through Percision, Recall, and F1 value. The definition
is as follows:

Percision=TP/(TP+FP)
Recall=TP/(TP+FN) (1)
F1=(2*P*R)/(P+R)

Where TP is true positive, FP is false positive, and FN is false negative.
Table 3 shows the Percision, Recall, and F1 results on the test set using Open,

Selection, and Check prompt templates. VisualGLM has a lower F1 value in
Selection and Check tasks, mainly because of its weak prompt interpretation and
event recognition capabilities. Qwen-VL is less accurate than the Check type in the
Selection and Open tasks related to false positives and false alarms. However, the F1
values of the Selection and Check types are slightly better than those of the Open
type, indicating that integrating the local event category database into Prompt is
effective for Qwen-VL.

Table 3. Test set performance of different Prompt templates

Metric Model Open Selection Check

Precision
VisualGLM 0.662 0.314 0.454
Qwen-VL 0.795 0.755 0.812

Recall
VisualGLM 0.77 0.876 0.228
Qwen-VL 0.853 0.994 0.811

F1
VisualGLM 0.757 0.243 0.298
Qwen-VL 0.823 0.894 0.855

4.3 Fine-tuning

In order to improve the performance of Qwen-VL in generating grid governance
work orders and reduce the problems of false positives and negatives in Qwen-VL,
500 multi-modal samples related to social governance were collected and labeled, and
Qwen-VL was tested. Fine-tuning and innovatively adding contextual information
and reasoning information in the annotation form to help the model understand the
causes of event s and reduce false positives and negatives. The sample is shown in
Fig. 3.
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Fig. 3. Sample and annotation examples

To prevent the original catastrophic forgetting phenomenon of large models, when
fine-tuning Qwen-VL, 1000 pre-training data samples, and grid events were selected
to form the fine-tuning training set, with a ratio of 1:2. By using the LoRA method to
reduce hardware resource requirements, the performance of the final Qwen-VL+
model on the designed prompt and constructed test set is shown in Table 4.

The data in Table 4 reflects that the model prediction accuracy has been
significantly improved after fine-tuning Qwen-VL using the designed urban
governance event-specific data set. The three templates have increased by 2.5%,
1.5%, and 6.8%, respectively. The selective template with the best effect has
benefited from reducing the number of false positives. This experiment shows that
adding event context and inference information to annotated data can reduce false
positives and improve model accuracy. In addition, combined with Lora’s fine-tuning
method, only 16GB of GPU memory is needed during the inference phase with the
Qwen-VL base model.

Table 4. Comparison of fine-tuning test results

Template Model TP FP FN P R F1

Open
Qwen-VL 75 33 25 0.795 0.853 0.823
Qwen-VL+ 82 30 33 0.82 0.86 0.84

Selection
Qwen-VL 77 41 4 0.755 0.994 0.811
Qwen-VL+ 83 29 9 0.77 0.996 0.84

Check
Qwen-VL 70 11 4 0.812 0.811 0.855
Qwen-VL+ 73 10 23 0.88 0.87 0.86

5 Conclusion

Based on the modern digital urban governance platform, this study proposes for the
first time the embedding of multi-modal large models into the grid event work order
generation process and elaborates on its principles and design process. The
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effectiveness of the Promot template and the role of fine-tuning the data set in
improving model accuracy were verified through experiments. Research shows that
the adaptability of the grid work order generation process can be effectively improved
through template design and model optimization, and AI analysis capabilities can be
provided for the social governance platform. Large models still have room for
improvement in terms of hallucination problems, inference acceleration, and
equipment deployment. However, with technological advancement, reduction of data
barriers, and development of computing power, it is expected to develop from single
mode to multi-modal and be used in urban networks. It has been applied in more
fields, such as grid management.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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