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Abstract

In the field of modern software engineering, many tasks now involve in-

puts that go beyond plain code text, incorporating multiple modalities such

as images, audio, and video. This shift introduces significant challenges in

handling these diverse inputs. The emergence of large multimodal models

(LMMs) offers a promising solution to this issue. However, as an emerg-

ing technology, systematic research on multimodal large models within the

software engineering domain remains scarce. There is still a lack of clarity

regarding the specific tasks LMMs can accomplish and their performance

across these tasks.

This report conducts a comprehensive and systematic survey, catego-

rizing and summarizing all multimodal-related problems in software en-

gineering over the past five years, and finally constructs a complete task

tree. Subsequently, we develop a modular testing framework capable of

automatically measuring LMM performance based on configuration files.

Within the scope of input modalities currently supported by LMMs, we

select several representative tasks and evaluate their capabilities.

Our findings reveal that LMMs demonstrate surprisingly strong per-

formance in the field of software engineering. In certain tasks, they are

capable of achieving results comparable to specialized models fine-tuned

for specific tasks, even without any additional fine-tuning. This highlights

their significant potential for development and application in the software

engineering domain.
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1 Introduction

1.1 Introduction

The integration of large multimodal models (LMMs) into software systems

research represents a novel frontier in artificial intelligence, blending the

linguistic proficiency of large language models (LLMs) with sophisticated

vision models to process and generate multimodal content. This synthe-

sis allows LMMs to handle diverse input modalities—such as text, images,

and potentially audio and video—and to produce outputs that bridge these

modalities. Recent advancements in LMMs have demonstrated their capac-

ity to perform complex reasoning tasks, often achieving strong results even

in 1-shot or 0-shot scenarios. Despite these promising developments, their

application within the realm of software systems remains limited, with cur-

rent uses largely focused on areas like text enhancement, artwork creation,

and basic summarization.

The software systems domain, encompassing software engineering, sys-

tems security, human-computer interaction (HCI), artificial intelligence,

and computer graphics, involves intricate tasks that often require multi-

modal understanding and processing. From code analysis and software

testing to user experience evaluation and cybersecurity threat detection,

many of these tasks could potentially benefit from the advanced capabilities

of LMMs. However, the specific challenges and opportunities presented by

LMMs in these contexts have yet to be fully explored. To address this gap,

6



a comprehensive study is necessary to understand how LMMs can enhance

tasks within software systems, and to identify the architectural hurdles that

must be overcome for their effective deployment.

In this vision paper, we explore the potential of LMMs to transform

software systems research. We conduct a thorough review of literature

spanning the past decade across related fields, constructing a task taxon-

omy that categorizes tasks likely to benefit from LMM capabilities. From

this taxonomy, we identify representative tasks and evaluate their feasi-

bility using a range of LMMs, such as GPT-4 Vision and Gemini Vision.

Through systematic experimentation with prompt engineering, we assess

the performance of these models and investigate the underlying challenges

that limit their efficacy. Our work contributes to the field in the following

ways:

• Task Taxonomy for LMMs in Software Systems: We develop a com-

prehensive taxonomy that identifies and categorizes tasks across soft-

ware engineering, system security, HCI, and related fields that stand

to benefit from LMM integration. This taxonomy offers a roadmap

for researchers and practitioners seeking to leverage LMMs in their

respective domains.

• Evaluation Framework for LMMs on Software Systems Tasks: We

propose a set of evaluation criteria and experimental methods tailored

to assess LMM performance on software systems tasks. By selecting

representative tasks, we provide a framework for systematically test-
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ing the capabilities of LMMs in real-world scenarios, including code

analysis, software testing, and user experience assessment.

• Cross-Model Performance Analysis with Prompt Engineering: Us-

ing a range of LMMs, we perform a comparative analysis to under-

stand how different models tackle similar tasks and the effectiveness

of prompt engineering in enhancing their performance. This analysis

sheds light on the strengths and limitations of current models, provid-

ing insights into how prompt engineering can be optimized for diverse

tasks.

• Opportunities and Challenges of LMMs for Software Systems: Based

on our empirical findings, we discuss the unique opportunities LMMs

offer for advancing software systems research, particularly in multi-

modal environments such as Extended Reality (XR). We also identify

the architectural challenges that hinder LMM performance, including

issues related to multimodal data fusion, interpretability, and resource

constraints, and propose directions for future research.

Our findings highlight the transformative potential of LMMs in software

systems, paving the way for innovative applications and inspiring further

exploration into this emerging field. By outlining both the current capa-

bilities and limitations of LMMs, we aim to provide a foundation for fu-

ture work that will drive the development of more intelligent, adaptive, and

multimodal software solutions.
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1.2 Background

Large Multimodal Models (LMMs) represent an evolution beyond tradi-

tional text-based Large Language Models (LLMs). In addition to support-

ing text input and output, LMMs can process inputs from multiple modali-

ties such as images, audio, and video, generating correspondingmultimodal

outputs. Leadingmodels, like GPT-4o[55], already support inputs from au-

dio, images, and multiple image sources, while models such as Gemini[70]

even handle video inputs. By extending the functionality of large models

to cover multiple modalities, the scope and variety of tasks they can per-

form have significantly increased, including video summarization, image

comprehension, and speech recognition.

The software engineering field encompasses a wide range of tasks, with

the primary objective of ensuring high-quality software development and

stable operation. Over the past few decades, software has evolved beyond

simple command-line interfaces to incorporate graphical user interfaces

(GUIs), animations, and voiceovers, which have become standard features.

Consequently, relying solely on text-based code inputs has become increas-

ingly insufficient for addressing the diverse needs of modern software sys-

tems, prompting the rise of multimodal inputs. For example, screenshots

can be used to detect GUI issues[43], and video data can be analyzed to

extract user gestures[7].

However, the integration of multimodal inputs into software engineer-
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ing has been relatively slow. The primary challenge lies in the complexity

and diversity of multimodal data, which hasmade it difficult for researchers

to develop a unified and generalizable approach. Recent advances in ma-

chine learning have spurred efforts to combine machine learning models

with multimodal input processing, such as using computer vision for ob-

ject recognition in images. A key limitation of earlier approaches is that

models were often task-specific, limiting their reusability across different

contexts. The advent of multimodal large models offers a potential break-

through. Numerous studiesneed citation have demonstrated the strong gen-

eralization capabilities of large models, showing that they can maintain

high accuracy even with previously unseen tasks. As such, integrating

LMMs into software engineering tasks is a logical next step. However,

given that LMMs are still an emerging technology, there have been few

attempts to explore their application in this domain. The goal of this paper

is to address this gap and evaluate the performance of LMMs in software

engineering tasks.
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2 Related Work

In this section, we will provide an overview of how previous works uti-

lize multimodal capabilities for problem-solving in software engineering.

Then, we will discuss how LLMs can help address challenges in the soft-

ware engineering domain. Finally, we will review the existing test bench-

marks and evaluation criteria for assessing LMMs.

2.1 Ultizing Multimodal Ability in Software Engineering

Integrating multimodal capabilities, such as voice, gesture, and sentiment

analysis, has emerged as a promising approach to enhancing software de-

velopment processes and user experiences. Guglielmi et al. conducted

automated tests on virtual personal assistants that use voice for interaction

[25] . Qi et al. summarized recent research on gesture recognition through

sensors and the analysis of image information [57] . Gandhi et al. inves-

tigated previous work on sentiment analysis, a domain encompassing the

three modalities of text, vision, and audio working together to produce an

effect [23] . However, these studies rely on specific mini-models or other

traditional data analysis methods, which only perform relatively well on

particular tasks or datasets. Those specialized models may lose good per-

formance after migrating to other datasets or task settings of the same type

[73] [58] . Our work reduces the expense of training different models for a

specific problem by introducing LMMs with good generalization capabil-
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ities to handle different issues simultaneously.

2.2 LMM for Software

A branch of previous work has demonstrated that integrating LLM into the

production and research of soft engineering has been a scorching trend [26]

, from generating [45] [69] and pre-processing [81] [80] experimental data

to using LLM as an agent for automated testing [68] [38] , all of which

show that LLM has a solid potential to enhance existing soft engineering

processes. Moreover, Jin et al. also illustrate the contribution that LLM

can make in software design, testing, and maintenance [29]. In contrast

to these studies, which only focus on specific tasks in specific domains of

soft engineering and lack knowledge of what valuable tasks exist now, our

work presents a systematic framework that defines what tasks are available

to help optimize efficiency using LLM or LMM.

2.3 LMM Benchmark & Evaluation

LMMs combine information from different modalities, including text, vi-

sion, audio, and tactile, and analyze them to solve more complex real-world

problems [78] [6] [79] . As a result, testing and evaluating LMMs’ perfor-

mance from different perspectives become a recent research interest. For

instance, Wu et al. used the visual comprehension and language processing

capabilities of GPT4v to test whether today’s LMMs can support practical
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medical applications [76] . Cao et al. constructed Spider2-V, a test bench-

mark for LMM’s ability to automate professional data science engineering

workflows [9] . Cai et al. tested and improved the problem of the robust-

ness of LMM’s output when facing different styles of pictures [8] . These

benchmarks and assessments have all achieved good performance in a sin-

gle domain and can point out the shortcomings of LMM in the correspond-

ing domain. Our work can complement the testing domains, bridging the

gap of needing help harmonizing testing across domains and conducting

migration tests.
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3 Methodology

3.1 Task Taxonomy Construction

Building the prototype of taxonomy To build the prototype of the taxonomies,

we have conducted systematic research on multimodality-related papers

from four conferences (ICSE, FSE, ASE, and ISSTA) and two journals

(TSE and TOSEM) in soft engineering over the last seven years 1. We

build a multimodality-related keyword list to screen the papers from these

sources and manually collect 135 papers. To describe what types of tasks

these papers in soft engineering are focusing on, we analyzed the papers ac-

cording to the open coding procedures [19] used for qualitative data analy-

sis. Specifically, we conducted a 5-round iterative manual analysis session

involving three analysts with at least several years of development experi-

ence in the soft engineering field. In each iteration, every analyst separately

summarizes what technical aspect of the paper belonged to the design, de-

velopment, testing, maintenance, and repair 2 process of software from the

Software Waterfall Model [53]. Each analyst analyzed two-thirds of the

whole paper to ensure that each paper had been seen by at least two differ-

ent analysts for cross-validation. Consequently, in the final iteration, we

merge the research topics extracted in the previous rounds to form a pro-

totype task tree resulting from our taxonomy. Finally, We used the results

from 95 papers to build our taxonomy. At the top of our task tree are the

1from 2018.01.01 to 2024.05.15
2we add the ”repair” process to extend our taxonomy, which initially did not exist in theWaterfall Model
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five software-building processes, followed by whether they are functional

or non-functional 3. The third level of categorization is based on modal

information, such as “Vision” and “Vision with Audio.” At the bottom

are up to four layers of progressively more detailed descriptions of specific

technical aspects.

(a) Stage 1: Building task taxonomy protype

(b) Stage 2: Guiding LLM to analyze large-

scale papers and extend our task taxonomy

Figure 1: Two stages workflow of building our task taxonomy

Extending the list of papers We expand the scope of our study to encompass

all 37 A-level conferences and journals as classified by the China Com-

puter Federation4, with the same period considered. This inclusion cov-

ers five key domains: Computer Networks, Computer Graphics and Mul-

timedia, Artificial Intelligence, Human-Computer Interaction, and Cross-

cutting/Integrated/Emerging. Subsequently, we add software-engineering-

related keywords to the search keyword list to cover a broader range of

papers. We also remove the field-related keywords from the list for some

specific domains. For example, we remove the keyword ”visual” from the

3standard is followed by ISO/IEC 25002:2024
4https://www.ccf.org.cn/Academic_Evaluation/By_category/
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list of vision-related conferences, forming 8,208 pieces of paper. To re-

duce the number of papers and get a more concrete result, we involve the

Gemini-1.5 as a judge to perform a 5-round majority vote, where we send

the paper’s title and guide it to predict whether this paper may focus on

multimodal tasks using following prompt().
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prompt for construct task tree

System : You are a helpful assistant designed to output JSON. You

will be given a task tree generated from papers and a paper with its

title and abstract. You are designed to answer the question:

What kind of task does the research task in the paper benefit from

multi-modal AI to help process the target software/applications.

Please ensure the following rules while answering this question:

1. You have two kinds of action choices: output Matched if

there is a node on the task tree matched the new task described in the

paper. Otherwise output Add and the new task name in 1-5 levels to

add a new node to the current task tree.

2. The first level of the task tree should use a combination (using

with to connect) of terms from the modalities Vision, Text, Audio,

and Tactile to describe the target modality the paper focuses on.

3. The second level of the task tree should be a broader technical

concept term within its modality, avoiding the use of any specific

software terms like AR, VR, or any specific software platform names

(e.g., Android, Web, iOS).

4. The ’Function’ in the tree describing the task should address either

functional aspects, such as improvement, or non-functional aspects,

such as accessibility.
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prompt for construct task tree

System: Only output in ‘Action’: (Matched / Add), ‘Function’:(Func-

tional / Non-functional) ,‘1st’:,‘2nd’:,‘3rd’:,‘4th’:,‘5th:’(NA if not

suitable) format.

User: The Task Tree:{SubTaskTree}. Paper: {TITLE} Abstract:

{ABSTRACT}

consolidating the taxonomy This process helps to reduce the potential paper

number to 1,102. Then, we perform another single-round GPT-4o predic-

tion, where we prompt the LLM with the remaining paper’s title and ab-

stract to let the model know more about the details of the paper and make a

more concrete prediction. Finally, we formulate an additional target mul-

timodal related paper list with a size of 471, and the total paper list’s size

is 564.

Given that LLMs can identify latent patterns, [71] [52] we automate the

expansion of our taxonomy by leveraging GPT-4o to learn these patterns

from its prototypes. This process involves two distinct prompts. The first

prompt instructs the LLM to analyze which software processes related to

the technical aspect addressed in the paper may be relevant. In the subse-

quent step, we provide the subtask tree of the identified process, enabling

the LLM to determine whether the aspect aligns with an existing child node

or if a new child node is needed to describe it adequately. In each stage, the

18



paper’s title and abstract serve as user inputs, while the specific guidance

for each part serves as system prompts. Additionally, we conduct manual

checks to prune and merge misclassified results, ultimately consolidating

the multimodal task taxonomy. Part of the task tree is shown in Figure. 2.
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(a) Functional Testing Task Tree

(b) Functional Design Task Tree

(c) Functional Maintenance, Functional and Non-Functional Repair Task Tree

Figure 2: Overview of our task tree up to 3rd level
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3.2 Testing Framework

Building the framework The entire framework is built based on Python. To

ensure the framework’s high scalability—i.e., to ensure that our framework

remains applicable as tasks in the multimodal field evolve—we have sep-

arated all task-related code, making the entire framework highly modular.

This way, when new tasks need to be added or existing ones need to be

modified in the future, only the corresponding task code requires adjust-

ment. This significantly reduces the coupling between different code com-

ponents, facilitating future modifications.

We have structured the workflow of the entire framework into three

main components: data loading, model loading, and result evaluation. In

the first component, data loading, we have developed specific loading func-

tions tailored to different types of databases. Since various datasets may

contain diverse data types, such as text, images, videos, or audio, we have

implemented appropriate data processing in the Python scripts to ensure

seamless integration with the models under test. For the model loading

component, we have designed functions for both model initialization and

request-response handling. These functions enable the model to select the

appropriate data processing method based on the input data type and con-

figuration file. For example, according to our standards, method 1 cor-

responds to pure image input combined with a system prompt, and more

standard can be found in our released source code. Finally, in the result

evaluation component, we have developed task-specific evaluation func-
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tions that efficiently and accurately assess the model’s output, ensuring that

the evaluation process aligns with the requirements of each task. Figure 3

is a flowchart about this framework.

Figure 3: Framework’s workflow

Use the framework We tried to minimize the complexity of our framework

to ensure ease of use of it. Specifically, to initiate the framework, user

only needs to fill in the corresponding configuration in the task config file.

For example, user need to specify the task name, dataset list, model list and

some other parameters in the task config file. Our framework will automat-

ically read the corresponding parameters and perform the evaluation based

on the specified task. If the user wants to add his own model for evalua-

tion, all he has to do is to write the corresponding python file for the model

to implement the relevant functions, then add the basic model information

in the model config file(Algorithm 1).Similarly, if a user wants to use a

new evaluation method or dataset, then only the corresponding documen-

tation needs to be written. We have shown the sample code that needs to

be implemented in each folder.
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task config

task_name=YourTaskName

call_method=TheModality

system_prompt=”...”

max_token_length=MaxToken

dataset_name=’[”listOfDataLoaderPythonFile”]’

dataset_class=’[”className ofDataloader”]’

dataset_path=(”../path/to/dataset”)

batch_size=EvaluationBatchSize

eval_method=’[”evaluationPythonFileList”]’

eval_class=(”EvaluationClassName”)

middleDoc=true/false

middle_extension=txt/html....

model_list=(”listOfUsedModel”)

device=cuda

output_dir=/path/to/output
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Algorithm 1 Configuring config.ini
0: procedure Configure

0: [SectionName]← ”name_that_will_be_used_in_the_task_config”

0: call_type← ”api” or ”local”

0: if call_type is ”api” then
0: api_key← ”your_api_key_here”

0: base_url← ”your_base_url_here”

0: model_name← ”your_model_name_here”

0: end if

0: if call_type is ”local” then
0: conda_env_name← ”your_conda_environment_name”

0: pretrained_path← ”path_to_pretrained_model”

0: end if

0: model_file_name← ”your_python_file_name_to_run_model_here”

0: model_class← ”your_model_class_name_in_the_python_file_here”

0: end procedure=0

4 Experiments

In this section, we will illustrate our experiment settings. In section 4.1, we

will show our target models, benchmarks, tasks, and evaluation metrics in

this experiment. In section 4.2, we will demonstrate the prompts we used

to guide LMMs in each task.

4.1 Setup

Models We selected 12 different LMMs as our experimental subjects. Each

model can accept specific non-textual modalities as inputs and quiz the

corresponding modal tasks. The information on all models is presented

in Table 1. Due to time and financial constraints, in this report, we only

selected 5 LMMs for our experiments, including four open-source models:

LLaVA-NeXT-7B, Llama3.2 11B, 90B, InternVL-8B, and a closed-source

LLM: GPT4o.
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Table 1: An overview of our target model list

Models Parameters Open Source? Support Modalities

GPT-4-turbo-2024-04-09 Not published No Text, Vision(image), Vision(video)

GPT-4o-2024-05-13 Not published No Text, Vision(image),Vision(Video)

GPT-4o-audio-preview Not published No Text, Audio

Claude-3-5-sonnet-20240620 Not published No Text, Vision(image),Vision(video)

Gemini-1.5-pro Not published No Text, Vision(image), Vision(video), Audio

InternVL2-pro Not published No Text, Vision(image), Vision(video)

Qwen-turbo-2024-09-19 Not published No Text, Vision(image), Vision(video), Audio

Llama-3.2-90B 90B Yes Text, Vision(image)

Llama-3.2-11B 11B Yes Text, Vision(image)

InternVL2-8B 8B Yes Text, Vision(image), Vision(video)

LLaVA-NeXT-7B 7B Yes Text, Vision(image)

Qwen VL 8B Yes Text, Vision(image), Vision(video)

Datasets To test the LMMmore comprehensively, we extracted 53 usable

datasets from our collection of 471 papers as our benchmarks. For each

dataset, we summarize the modality involved, which stage of the Water-

Fall model is of concern, and what type of software is targeted. Detailed

information for each dataset is available in Table 2 and Table 3.

Tasks List In order to validate the capability of LMM on our test bench-

mark, we summarized 11 tasks based on previous work, each involving

multimodal inputs. The details of the tasks are presented in Table 4. In

this report, we selected five sub-tasks from the total task list to present our

findings, as shown in Table 6. These five tasks cover four input modali-

ties: text, single image, multiple images (video), and audio. To realize the

tasks, we picked a subset of 5 datasets from our test benchmarks to exper-

iment with, each subset containing about 100 inputs. The information on

the subsets can be found in Table 5.
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Table 2: An overview of our benchmark, TOOL indicates a tool that can generate dataset

Dataset Source (Used in which paper) Dataset Link Component

Uibert [3] Here UI Image

Wukong-reader [4] Here Document Image

Defects4J [10] Here Spectrums

Evosuite [10] Here Spectrums

Rico [16] [20] Here UI Image

Gestonhmd [15] Here Gesture Movement Description

PLUR [18] Here Graph

Design What You Desire [17] Here Icon Image

DI-drive [22] Here images + RL

CMU Panoptic Studio [28] Here 3D skeletons, Sequences

Prose-benchmarks [30] Here Text, Table

Silentspeller [31] Here GT2k(HTK) style HMM

Marvis [33] Here Text

Nbsearch [37] Here Jupyter notebook

Sysevr [39] Here SeVCs

Sheetcopilot [34] Here Excel

Multiviz [40] Here Image

Poseexaminer [42] Here Image, JSON

StyleGAN [54] Here Image

ImageNet [56] Here Image

SparkBraille [60] Here braille charts

DroidBench [65] Here TOOL

Head Gestures Dystonia [66] Here Text

Screen2Words [72] Here Text, UI actions

Vetter [77] Here TOOL

Seenomaly [82] Here UI GIF

DroidGem [49] Here TOOL

FraudDroid [21] Here UI state transition graphs (UTG)

GUIGAN [83] Here UI image

Combodroid [74] Here TOOL

Themis Benchmarks [63] Here TOOL

Deep Q-network Testing [32] Here TOOL

Ape [24] Here TOOL

ωDroid [27] Here WebView-induced bugs

Video2Scenario [7] Here Image

ROUTE [41] Here TOOL

DatAndroid [2] Here Image, xml

Semantic Matching [51] Here GUI Image, event record

PSC2CODE dataset [5] Here Text, Video
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Table 3: An overview of our benchmark, TOOL indicates a tool that can generate dataset

Cont.

Dataset Source (Used in which paper) Dataset Link Component

Annotated MYST dataset [44] Here Text

EGFE [14] Here UI Image, Text Label

VITAS [36] Here Text

Asgaardlab [47] Here Image, canvas json file

AidUI [50] Here UI Image, DP label

Webevo [61] Here TOOL

Canvas Issues [48] Here URL, issue class

Vid2Xml [1] Here Video, xml

dVermin [64] Here UI Image

IconSeer [35] Here Icon Image

GLIB [13] Here Game UI Image

Owleye [43] Here UI Image

LabelDroid [11] Here Web Component

Design2Code [62] Here UI Image, Text

Glitchbench [67] Here Image

Table 4: An overview of our target tasks list

Task Name Input Modalities Output Modalities

UI to Code Text, Visioin Text

Display Bug/Glitch Detection Text, Visioin Text

Interactable UI Element Detection Text, Visioin Text

UI to Code Optimization Text, Visioin Text

UI Code transfer Text, Visioin Text

Image Based Agent / Interaction Text, Visioin Text

Cross-application interaction Text, Visioin Text

Voice Based Agent / Interaction Text, Audio Text

Completeness Exploration Text, Visioin Text

Event Detection Text, Visioin Text

Video Display Detection Text, Video Text

Table 5: An overview of our sub-dataset list

Dataset Name Size Component

Design2Code dataset [62] 100 Image, HTML

OwlEye dataset [43] 102 Image

Annotated RICO dataset [12] 100 Image, Text

PSC2CODE dataset [5] 74 Text,Video

VITAS dataset [36] 100 Text

Table 6: An overview of our current tasks list

Task Name Input Modalities Output Modalities

UI to Code Text, Visioin Text

Display Bug/Glitch Detection Text, Visioin Text

Interactable UI Element Detection Text, Visioin Text

Voice Based Agent / Interaction Text, Audio Text

Video Display Detection Text, Video Text
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Evaluation Metrics We followed the evaluation metrics set in the original

paper to evaluate our experimental results. The details of the evaluation

criteria can be found in Table 7.

Table 7: An overview of evaluation metrics in our experiment

Task Name Eval Metics

UI to Code Design2Code Metric [62]

Display Bug/Glitch Detection OwlEye Metric [43]

Interactable UI Element Detection IoU (threshold 0.6) [12]

Voice Based Agent / Interaction SeMaScore [59]

Video Display Detection video display detect Metric [5]

4.2 Prompt Engineering

As one of the most direct and critical factors influencing model perfor-

mance, prompts need to be meticulously refined to ensure the model deliv-

ers its best performance on a given task. However, a significant challenge

we currently face is the lack of a suitable and direct metric for quantifying

the quality of a prompt. We can only make rough assessments based on the

model’s responses. Therefore, despite our best efforts in prompt engineer-

ing, there remains the possibility of better prompts existing than the ones

we have crafted.

Nevertheless, for evaluation purposes, as long as we apply the same

prompt across all models, fairness is maintained, and the data we obtain can

still be considered meaningful and reliable. During our prompt engineering

process, we made several interesting observations:

1. Including the word REMEMBER in the prompt helps the model better
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adhere to our instructions, particularly when we expect the model to

output in a specific format.

2. For more complex tasks, utilizing a chain of thought[75] approach

improves the quality of responses.

3. Providing a detailed task description and considering all potential out-

puts, along with explicitly stating whether they are acceptable, leads

to better performance.

Below are the prompts for all our tasks.
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Prompt used for conducting UI2Code

System:You are an expert web developer who specializes in HTML

and CSS.

A user will provide you with screenshot of a webpage.

You need to return a single html file that uses HTML and CSS to

reproduce the given website.

Include all CSS code in the HTML file itself.

If it involves any images, use \rick.jpg as the placeholder.

Some images on the webpage are replaced with a blue rectangle as

the placeholder, use \rick.jpg for those as well.

Do not hallucinate any dependencies to external files. You do not

need to include JavaScript scripts for dynamic interactions.

Pay attention to things like size, text, position, and color of all the

elements, as well as the overall layout.

Respond with the content of the HTML+CSS file:
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Prompt used for conducting Display Bug Detection

System:You are an expert UI developer. A user will provide you

with screenshot of a GUI.

You only need to return a result of 0 or 1

If the screenshot shows GUI display issues, you need to response 1,

otherwise 0.

You do not need to include any other answer or explanation.

Pay attention to things like text overlap, blurred screen, missing

image always occur during GUI rendering on different devices due

to the software or hardware compatibility. It is the things negatively

influence the app usability, resulting in poor user experience. Also,

you also need to distinguish between normal GUI effects such as

shadows and animations and GUI effects that are not expected to

appear such as strange text and incorrect overlays.REMEMBER,

you should never output words other than 0 or 1, or the program will

collapse!!

Respond with the 0 or 1:

31



Prompt used for conducting Interactable UI Element Detection

System:You are an expert Android developer who specializes in UI

design and will answer question in JSON format.

A user will provide you with screenshot of an application.

You need to return an object detections result that including all the

bouding boxes of UI elements.

You can safely ignore those bounding boxes with too small region,

i.e. region < 100

REMEMBER, respond in JSON format: [{‘id’:(the index of UI

element you have detected), ‘bbox’:(the bounding boxes you have

found. You should output the bounding boxes location in pixels

level digitals. REMEMBER In format:[x_start, y_start, X_length,

y_length])}...], and DO NOT output any comment other than json

code.

Prompt used for conducting Automatic Speech Recognization

System:You are a helpful assistant that can understand audio record-

ings and preform automatic speech recognition and output the recog-

nition result in text format.

User: What is in this recording? Only output the text you heard in the

recording.
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Prompt used for conducting Video display issue detection

System:You are an expert programmer. A user wants to get the code

in a video, but some parts of this code are noisy (e.g. masking, blur-

ring). So you need to identify the video frame by frame, marking the

noisy frames as 0 and the clean frames as 1.

Your filtered video content will allow the user to extract all the code

content in subsequent steps with the help of a simple screen recogni-

tion program.

You only need to return a result of 0 or 1,split with space. Remem-

ber, you should always responds with 0 or 1 or the program will

crash!!!The total number of 1 and 0 should be ex actly same as the

number of frames the user provide.

For example: 1 1 1 1 0 1 1 0 0... Respond with the 0 or 1:
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5 Evaluation

In this section, we will detail our evaluation process and empirically ex-

plore the following two main research questions (RQs).

• RQ1: Where can software system development process and research

benefit from large multimodal models?

• RQ2: To what extent do the LMMs have sufficient capabilities to help

the multimodal software system development process and research?

– RQ2-1: At Text, Image level, do the LMMs have sufficient capabili-

ties to help the multimodal software system development process and

research?

– RQ2-2: At Text, Video level, do the LMMs have sufficient capabili-

ties to help the multimodal software system development process and

research?

– RQ2-3: At Text, Audio level, do the LMMs have sufficient capabili-

ties to help the multimodal software system development process and

research?

5.1 RQ1: Where can software system development process and re-

search benefit from large multimodal models?

Software system processes and research often involve analyzing multi-

modal information, and LMM, which combines the text comprehension
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capability of LLM with the ability to analyze multimodal information, is

undoubtedly quite capable of optimizing this process. Therefore, in this

section, we examine what research directions and processes might benefit

from utilizing the capabilities of LMM.

As described in Section 3.1, we predicted whether the studies in the

corresponding paper could benefit from the LMM’s capabilities by guid-

ing the LLM with a prototype of our taxonomy. After obtaining the pre-

dictions from LLM, we manually merged with three experienced evalua-

tors to remove some unsuitable classifications. Consequently, we received

a task tree 5 (demonstrated through markmap 6) covering 176 secondary

classifications. Our task tree covers four modalities (text, visual, audio,

tactile) and five software processes (Design, Develop, Test, Maintain, and

Repair). Researchers can easily find potential, unattended problems from

the AI community.

Answer to RQ1: Our task tree demonstrates the software system de-

velopment processes and research that can benefit from LMMs.

5https://storage.googleapis.com/testvideocuhk/demo/markmap.html
6https://markmap.js.org/repl

35



5.2 RQ2: To what extent do the LMMs have sufficient capabilities

to help the multimodal software system development process and

research?

In Section 5.1, we verified that LMMs can help many aspects of software

system development and research. Therefore, it is necessary to measure

whether today’s LMMs can understand the corresponding modalities and

to be able to accomplish the corresponding domain tasks. In this section,

we evaluate the LMM in three different modality combinations: the pri-

mary text modality plus a specific modality: single image, multiple images

(video), and audio. We design at least one task for each modality com-

bination as a measure. In Section 5.2.1, we selected three tasks to assess

the LMM’s comprehension of text combined with a single image. In Sec-

tion 5.2.2, we developed one task to evaluate the LMM’s understanding of

text alongside multiple images. In Section 5.2.3, we designed one task to

measure the LMM’s comprehension of text combined with audio.

5.2.1 RQ2-1: At Text, Image level, do the LMMs have sufficient capabilities to help

the multimodal software system development process and research?

We conducted experiments on five LMMs that accept text and image in-

put: UI2Code, Display Bug/Glitch Detection, and Interactable UI Element

Detection.
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UI2Code UI2Code requires the conversion of a given UI image into work-

ing HTML code. Following Si et al.’s setup, we instruct the LMM to read

the UI image and generate the HTML code through a system prompt [62].

For the evaluation of the results, we followed the configuration in the pa-

per and evaluthis five scoreveness of the generated code in five different

dimensions, where the final score is the average of these five score:

• Block-Match: computing the total sizes of all matched blocks divided

by the total sizes of all blocks.

• Text: computing character-level Sørensen-Dice similarity and aver-

aging across all matched pairs.

• Position: computing IoU between matched pairs

• Color: computing following CIEDE2000 color difference formula

[46]

• CLIP: high-level visual similarity through CLIP library 7

Table 8: Experiment Result of UI2Code [62]

Models Final Score Block-Match Text Position Color CLIP

GPT-4o-2024-05-13 0.887 0.907 0.972 0.855 0.822 0.879

Llama3.2-11b ≈0 ≈0 ≈0 ≈0 ≈0 ≈0
Llava-Next-7b 0.735 0.665 0.846 0.69 0.641 0.834

InternVL-8b 0.149 0.0 0.0 0.0 0.0 0.746

Llama3.2-90b 0.54 0.357 0.61 0.486 0.437 0.812

Baseline 0.848 0.858 0.974 0.805 0.733 0.869

The experiment result of this sub-task is shown in Table 8. Of all five

metrics, gpt4o did well inside 4, and the remaining Text metrics were close

7https://pypi.org/project/open-clip-torch/
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to the baseline. Undoubtedly, in a classic soft-engineering domain task like

UI2code, the state-of-the-art LMM GPT4o demonstrates a strong capabil-

ity far beyond the baseline model, proving that the LMM is capable enough

to make soft-engineering-related development as well as research gainful.

Among the remaining LMMs, surprisingly, Llava-NeXT, with the small-

est parameter size, is the best performer, even outperforming llama3.2 90B,

which has more than 10 times the parameter size, demonstrating that small

and even smaller mobile models have the potential to be utilized in a wide

range of applications with low hardware requirements.

Display Bug/Glitch Detection UIDIsplay Issue Detection focuses on detect-

ing potential display issues in given UI screenshots, such as texture loading

failures, text rendering errors, or overlapping elements. In this task, the

image recognition ability of large multimodal models (LMMs) becomes

critical. For evaluation, we randomly sampled 100 images from the dataset

constructed by Liu et al.[43], with an equal distribution of labels: 50%

representing problematic UIs and 50% representing normal UIs. In this

dataset, a label of 1 (true label) indicates that the presented UI screenshot

contains display issues, while a label of 0 (false label) indicates that the UI

is functioning normally.

As a baseline, we adopted the best-performing evaluation results re-

ported by Liu et al.[43], which utilized a deep learning-based model. This

serves as a benchmark to assess the accuracy of large multimodal models
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on this task. The experiment result of this sub-task is shown in Table 9 .

Table 9: Experiment Result of Display Bug/Glitch Detection [43]

Models Percision Recall F1 TP FP FN

GPT-4o-2024-05-13 0.92 0.597 0.724 46 4 31

Llama3.2-11b ≈0 ≈0 ≈0 ≈0 ≈0 ≈0
Llava-Next-7b 0.02 1 0.039 1 49 0

InternVL-8b 0 0 0 0 50 0

Llama3.2-90b 0.18 0.45 0.257 9 41 11

Baseline 0.850 0.848 0.849 - - -

Interactable UI Element Detection Interactable UI Element Detection aims

to detect small elements inside a UI image and generate several bounding

boxes to indicate them. We use system prompts to guide LMM in finding

the suitable interactable UI element and generating bounding boxes. We

followed Chen et al. to verify the result and compute the IoU between the

truth and the predicted bounding boxes [12]. We adjusted the threshold in

this experiment from 0.9 to 0.6 to allow for more mistakes LMM made.

The experiment result of this sub-task is shown in Table 10.

Table 10: Experiment Result of Interactable UI Element Detection [12]

Models Percision Recall F1 TP FP FN

GPT-4o-2024-05-13 0.014 0.017 0.016 13 918 730

Llama3.2-11b ≈0 ≈0 ≈0 ≈0 ≈0 ≈0
Llava-Next-7b 0.0009 0.004 0.001 3 3411 740

InternVL-8b 0.002 0.009 0.003 7 3288 736

Llama3.2-90b 0 0 0 0 2373 743

Baseline 0.490 0.557 0.524 - - -

Compared to the baseline model [12], all LMMs performed poorly, with

only GPT4o, as well as Llava-NeXT, reaching single-digit FPs, and none

of the other models failing to achieve a single correct prediction, even after

lowering the standard threshold for IoU in this experiment. This result sug-
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gests that LMM is much less effective at tasks requiring fine-level analysis

of image data than those requiring only high-level image analysis and sig-

nificantly less effective than small models with specialized specializations.

To improve the performance of LMMs, we envisioned two possible so-

lutions: to provide more detailed prompt guidelines or to perform more de-

tailed preprocessing of the image to reduce the pressure on the LMM to an-

alyze the whole image. Another approach is to let the LMM play the role of

an assistant to work with a specific model, where the LMM only performs

the high-level task of determining whether a specific UI element exists and

then calls a specific mini-model to generate accurate results. Both of these

approaches can be used to improve the performance of specific aspects of

the LMM in the future.

Conclusion On many previously unseen tasks, LMMs have already sur-

passed models specifically trained for those tasks, highlighting the feasi-

bility and potential of applying multimodal large models in this domain.

However, it is worth noting that in certain specialized tasks, such as small

object detection, the performance of these large models is significantly sub-

optimal. This reveals a highly valuable direction for future research in im-

proving their capabilities in such scenarios.

Another interesting finding is that of the five models tested in this sec-

tion, all of the llama3.2 seriesmodels demonstrated in addition to poor com-

prehension, as evidenced by the inability to analyze the input instructions.
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One of them, the 90B version, could understand the input instructions and

output them in the required format due to its larger parameter size, but the

results showed a complete lack of understanding of the task requirements.

For example, in the UI element detection task, the output of llama 3.2-90B

repeats the coordinates of the bounding boxes of the whole picture size,

which ultimately fails to understand the detection of a specific element as

required by the task’s prompt, while the understanding of llama 3.2-11B is

even worse, as all the outputs repeat the same paragraph. All the output is a

repetition of a meaningless response, showing no understanding of the task

requirements. In contrast, models such as Llava-NeXT have fewer param-

eters but show an understanding of the task setup and give a response. This

finding warrants subsequent exploration of the token level of generation.

Answer to RQ2-1: At the Text and Image level, LMMs can be ex-

perts on some specialized pre-trained tasks but are inferior to baseline

methods for other tasks.

5.2.2 RQ2-2: At Text, Video level, do the LMMs have sufficient capabilities to help

the multimodal software system development process and research?

Video input is a unique modality that differs significantly from simply us-

ing multiple images as input. In videos, there is strong correlation and con-

tinuity between frames, requiring contextual understanding to interpret the

content. For tasks involving this modality, we selected the task of detecting

whether video frames are valid, as presented by Bao et al[5]. This task is
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a sub-task of a larger problem—extracting code from videos. Specifically,

this task involves analyzing each frame of a video to determine whether it

contains useful code content that needs to be extracted. If a frame contains

such content, it is labeled as valid; otherwise, it is labeled as invalid.

It is important to note that this differs from analyzing a single image to

determine its validity, as the validity of a video frame often depends on its

context within the sequence, rather than solely on the content of the frame

itself. As such, this task is well-suited for evaluating a model’s capability

in video understanding.

We used the video dataset provided by Bao et al. to conduct this eval-

uation[5]. Again, we use the data from the original paper as the baseline.

Since current large models typically process video understanding by ex-

tracting frames and treating them as a set of images, we adopted the same

frame extraction approach as Bao et al. to ensure experimental rigor. The

evaluation metrics also follow the methodology presented in their paper.

In this task, we use the label 1 to indicate that a frame is valid and the label

0 to indicate that a frame is invalid. The experiment result of this sub-task

is shown in Table 11.

Table 11: Experiment Result of Video display detect [5]

Models Percision Recall F1 TP FP FN

GPT-4o-2024-05-13 0.891 0.891 0.891 57 7 7

InternVL-8b 0.938 0.857 0.895 60 4 10

Baseline 0.91 0.85 0.88 2459 256 445

It is important to note that, although InternVL-8B appears to perform

exceptionally well at first glance— even surpassing GPT4o in video un-
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derstanding—this is actually due to an imbalance in the dataset, where the

number of invalid frames is insufficient, resulting in too few negative sam-

ples. In practice, during real testing, InternVL often merely predicts most

frames as valid and, in some cases, fails to generate predictions correspond-

ing to the number of input frames. This behavior leads to seemingly im-

pressive performance metrics for the model.

However, it is undeniable that the multimodal large model still performs

very well on this task, requiring no additional training at all while maintain-

ing a very high accuracy.

Answer to RQ2-2: At the text and video level, the LMMs have very

strong potential to assist in this area, even achieving performance com-

parable to the baseline.

5.2.3 RQ2-3: At Text, Audio level, do the LMMs have sufficient capabilities to help

the multimodal software system development process and research?

In order to serve the user like a Virtual personal assistant (VPA), an audio-

capable LMM should be able to recognize the same meaning in different

speech inputs, e.g., ”What’s up today?” and ”Tell me the news of the day”

should trigger the same news-playing state of a VPA. Based on the work of

Guglielmi et al., we designed a series of tests to check whether the LMM

is good at detecting the corresponding trigger state in the input text [25].

However, since the evaluation criterion used in the paper is to obtain the
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truth label through a textual conversation with the AWS skill VPA 8 in the

simulator, in this experiment, we only tested the speech recognition accu-

racy of the LMM and then multiplied it by the original result that the LMM

can test the accuracy and comprehensiveness of the VPA. For the sake

of rigor, we only report the results of the Automatic Speech Recognition

(ASR) part of the experiment in this report Table 12. We used SemaScore

[59] as the evaluation metric of ASR accuracy, a criterion for determining

the accuracy of ASR work from the language model token level.

Table 12: Experiment Result of Automatic Speech Recognition (ASR) [59]

Models SemaScore

GPT-4o-audio-preview 0.9583

The experiment result indicates that LMM, likeGPT-4o, has good speech

recognition capabilities, and we believe that future LMMs can be used as

VPAs to provide a broader range of services. However, the current support

for speech input and the ability to analyze the non-textual information of

speech are still lacking, and only some of the fine-tuned mini-models [85]

[84] have good performance in this area. There is still a certain distance

from the performance of solving text-level problems like LLM.

Answer to RQ2-3: LMM can understand text information inside au-

dio, so LMM has sufficient capabilities to help the multimodal soft-

ware system development process and research.

In summary, large multimodal models have demonstrated exceptional

capabilities in integrating with the field of software engineering across cur-

8https://explore.skillbuilder.aws/learn
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rently supported input modalities, including images, videos, and audio. For

previously unseen tasks, these models can provide accurate and rapid re-

sponses based solely on prompts, often without requiring additional fine-

tuning. Large multimodal models hold tremendous potential in the soft-

ware engineering domain, offering researchers an incredibly practical tool

for handling multimodal inputs without the need for extensive effort and

time spent on fine-tuning or debugging.

Answer to RQ2: Large multimodal models exhibit exceptional per-

formance within currently supported modalities, highlighting signifi-

cant potential for integration into the field of software engineering.

45



6 Conclusion & Future Work

6.1 Conclusion

This report proposes a task taxonomy and a corresponding task tree of clas-

sification results, bridging the gap of the lack of an explicit specification

for the application of LMMs in the field of software engineering. We con-

struct a testing framework for evaluating LMMs that allows developers

to test LMMs more flexibly by combining different datasets and evalua-

tion criteria. We perform systematic qualitative testing of existing LMMs

by constructing a cross-modal test benchmark. Our experimental results

show that existing LMMs perform well on certain specific, extensively re-

searched tasks but perform much worse than the baseline on underappre-

ciated tasks. This finding emphasizes the importance of a more compre-

hensive and nuanced assessment of LMMs. In addition, the LMM’s ability

to understand and execute multiple multimodal tasks is encouraging, and

we look forward to expanding the LMM’s capabilities to more complex

environments, such as analyzing simultaneous inputs from more than two

modalities in XR software, with the collaborative efforts of the entire AI

community.

Through our work, we aim to inspire more software developers to ex-

plore using large multimodal models (LMMs) to accelerate project devel-

opment and research. We believe that integrating LMMs into software en-

gineering will unlock new possibilities, setting the stage for groundbreak-
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ing developments in research and application.

6.2 Future Work

In the future, we will further refine our taxonomy to check for instances

of LLM misclassification due to random numbers, such as when an error

excludes a potential research direction. We will also generalize and pro-

pose more tasks from the existing datasets and task trees and tasks that

cover more modalities. In addition, we will further expand the number of

test models and benchmark size to conduct a complete set of experiments

covering the entire dataset.
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