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Abstract

Graphical user interface (GUI) has become integral to
modern society, making it crucial to be understood for
human-centric systems. However, unlike natural images or
documents, GUIs comprise artificially designed graphical
elements arranged to convey specific semantic meanings.
Current multi-modal large language models (MLLMs) al-
ready proficient in processing graphical and textual com-
ponents suffer from hurdles in GUI understanding due to
the lack of explicit spatial structure modeling. Moreover,
obtaining high-quality spatial structure data is challeng-
ing due to privacy issues and noisy environments. To ad-
dress these challenges, we present MP-GUI, a specially de-
signed MLLM for GUI understanding. MP-GUI features
three precisely specialized perceivers to extract graphical,
textual, and spatial modalities from the screen as GUI-
tailored visual clues, with spatial structure refinement strat-
egy and adaptively combined via a fusion gate to meet the
specific preferences of different GUI understanding tasks.
To cope with the scarcity of training data, we also intro-
duce a pipeline for automatically data collecting. Exten-
sive experiments demonstrate that MP-GUI achieves im-
pressive results on various GUI understanding tasks with
limited data. Our codes and datasets are publicly available
at https://github.com/BigTaige/MP-GUI.

1. Introduction

Graphical user interface (GUI) is an important medium of
human-computer interaction. Understanding GUI is crit-
ical in many human-centric interactions such as accessi-
bility [21], automated agent systems [15, 19, 38, 45] and
app testing systems [39]. The early research on GUI
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Figure 1. (a) Graphical, textual and spatial oriented tasks on GUI
understanding. (b) Some classic GUI spatial structure forms.

understanding mainly contributes to simple deep models
[6, 29, 33, 64] to accomplish specific tasks. Recently, the
rapid development of MLLMs [3, 14, 55, 60] has achieved
tremendous success in various visual understanding scenar-
ios [24, 32, 46, 53, 61, 63] (e.g., natural image and docu-
ments) and shown great potential to GUI recently [15, 62].

Although a few efforts have been made to utilize
MLLMs for learning GUI knowledge[6, 47, 62], they typ-
ically treat the GUI screens as a natural images problem.
Unlike objects in unstructured natural images that lack a
pre-defined functional or semantic organization, GUI el-
ements (e.g., icons/widgets and texts) are artificially de-
signed and spatially arranged to convey specific seman-
tic meanings, which are crucial for learning GUI knowl-
edge. For example, in Fig. 1-(a), answering the ques-
tion "What is the function of the icon in
the box?" highly depends on the spatial relationship be-
tweenthe "you might also like"textand "right
arrow" button that are semantically related. Otherwise,
the "right arrow" button will only convey the fun-
damental meaning of "going right" and result in a
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wrong answer. However, existing MLLMs for GUI un-
derstanding [15, 30, 62] only rely on the original vision
backbone[20, 44] to provide global screen visual clues and
combine instruction fine-tuning to learn GUI knowledge.
As a result, despite their advanced capabilities in graphical
and textual recognition [14, 60], existing works still suffer
from inaccurate feature representation after fusion and mis-
understanding the GUI structure.

Meanwhile, accessing the screen spatial structure data is
quite challenging in practice. Some previous deep models
have utilized manual and programmatic exploration [17, 43]
to obtain spatial structure information such as View Hierar-
chy (VH) and HTML [48] (Fig. 1-(b)). However, they are
often noisy [51] and inconsistent with screenshots [34], fail-
ing to meet the demands of purely visual understanding.

To tackle the aforementioned challenges, we present
MP-GUI, a dual visual-clues MLLM for visual GUI un-
derstanding. MP-GUI extracts graphical, textual, and spa-
tial modality signals from the screen using three perceivers.
This design reinforces the model’s capability to grasp both
visual and textual modalities by integrating spatial informa-
tion, improving overall screen perception. Notably, each
type of GUI understanding task may have distinct screen
content preferences [7, 23, 35]. Thus, MP-GUI includes
a Fusion Gate that adaptively combines screen signals of
different modalities, enabling task-oriented feature fusion.
Unlike current end-to-end implicit training[15, 38], we de-
sign a training recipe including a Multi-stage Training Strat-
egy and matching training objectives, especially a novel
Spatial Relationship Prediction task and a data synthesis
pipeline, which explicitly guides the model to learn GUI
knowledge. Extensive experiments on various GUI-related
benchmarks showcase the robust performance of MP-GUI.
Our main contributions can be summarized as follows:

(i) We propose MP-GUI, which provides GUI-tailored
visual clues for LLM via three perceivers and a semantically
guided Fusion Gate, endowing the MLLM with effective
GUI perception and understanding capability.

(ii) We introduce a training recipe with multi-stage
strategies and task-specific objectives, which include a
novel Spatial Relationship Prediction task and a data syn-
thesis pipeline, to enable stage-wise explicit training of each
perceiver in GUI knowledge learning.

(iit) We collect various GUI-related downstream tasks
and the experimental results demonstrate the effectiveness
of our special designs in the GUI scenarios.

2. Related Work
2.1. Multi-modal Large Language Models

Recently, Large Language Models (LLMs) [1, 2, 10, 58]
achieve remarkable results in various text tasks. On this ba-
sis, for text and vision modalities, most Multi-modal Large

Language Models (MLLMs) [3, 8, 14, 22, 55, 60], incorpo-
rate a pre-trained vision backbone, such as CNNs [27, 28] or
ViT [8], and utilize a bridge module, like MLP [14, 41] or an
attention-based resampler [31], to connect the vision back-
bone with the LLM for providing visual clues from images.
Thanks to the powerful generic capabilities, instruction-
tuning MLLMs on domain-specific data can quickly learns
domain knowledge [42]. ChemVLM [32] utilizes chemi-
cally relevant instructional data to facilitate the acquisition
of multimodal chemical knowledge by foundational mod-
els. Med-MLLM [40] and MLeVLM [56] harness medi-
cal multimodal data to enhance the foundational model’s
performance within medical contexts. SeeClick [15] col-
lects GUI-related data to instruction-tune the foundational
MLLM [8] for improving the grounding capability. Fur-
thermore, ShowUI [38] introduces a Visual Token Selection
approach to reduce computational costs. It also integrates
various GUI tasks in a systematic manner, aiming to effec-
tively guide the MLLM [55] in learning domain knowledge.
Generally, for most research on solving domain-specific
multi-modal tasks, the dense image features generated by
the vision backbone are the sole vision clues provided to
the LLM. Given the distinctiveness of GUI scenarios, we
introduce a dual-visual-clues framework, which provides
the LLM with additional GUI-tailored visual clues, thus en-
hancing the screen perception capabilities of the MLLM.

2.2. GUI Understanding

GUI understanding involves a full range of downstream
tasks, such as screen grounding [6, 15], widget cap-
tioning [35], screen question answering [5, 12], naviga-
tion [18, 50], screen summarization [54], etc. Consid-
ering the huge difference between GUI and general vi-
sual scenarios, many GUI-specialized models have been
proposed[5, 6, 29, 30, 62]. Pix2Struct [29] uses a dynamic
patching strategy to adaptively divide the UI screen based
on its resolution, along with a pre-training task of HTML
reconstruction to allow the model to learn the UI knowl-
edge. ScreenAl [5] uses a LLM [4] to synthesize chal-
lenging screen schema data and integrates a large amount
of Ul-related pre-training data to improve model’s UI and
Infographics understanding. Ferret-UI [62] uses image seg-
mentation strategies to ensure that the original aspect ratio
of mobile screenshots are not destroyed, and collects exten-
sive GUI-related training data to improve the understanding
of the foundational MLLM [61] in GUI scenarios. Existing
methods blend GUI-related data and implicitly learn GUI
knowledge through unified end-to-end training. In contrast,
our approach uses three GUI-tailored perceivers integrated
with a multi-stage training strategy. This enables training
each perceiver with specific data at different stages, clarify-
ing GUI knowledge learning via explicit training.
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Figure 2. Overview of our MP-GUI. MP-GUI consists of three parts: (1) a vision backbone providing visual clues of the screenshot; (2) a
TGS-Perception Fusion Module including three GUI-tailored perceivers for extracting specific GUI modality signals and a Fusion Gate for
dynamically fusing these signals based on task semantics to produce GUI-tailored visual clues; and (3) an LLM generating results relying
on screen visual clues, GUI-tailored visual clues, and task semantic signal.

3. Methodology
3.1. Model Architecture.

As shown in Fig. 2, MP-GUI is composed of three compo-
nents: (1) a vision backbone; (2) a TGS-Perception Fusion
Module (TGS-PFM) which includes three GUI-tailored per-
ceivers and a Fusion Gate (FG) module; and (3) a LLM.

Given a screenshot image, we first utilize the Dynamic
High-Resolution method [14] to divide the high-resolution
image into several sub-images of 448 x448 pixels with op-
timal proportions. Let Z € RV *C denote the visual clues
produced by vision backbone, where N means the number
of image tokens and C' is logits dimension. Q € RMxP
means the word embeddings of the question, where M de-
notes the token length and D is the dimension. Besides,
visual clues Z will be sent to an pre-trained Alignment Pro-
jector to align the dimention of LLM and get Z € RV*P,
GUI-tailored Perceivers. Using the dense embeddings
produced by vision backbone as image representation is a
convenient paradigm to obtain visual clues [14, 22, 60].
However, the GUI information combined with visual clues
is complex for several reasons: (i) screen images in-
corporate numerous multimodal elements and intricate
details, which increase the difficulty of grounding for
MLLMs; (ii) there are high-level semantic associations
between elements that need to be clearly identified, pos-
ing a challenge for MLLM:s in understanding and being
aware of the spatial relationships between GUI elements
on the screen.

This complexity inhibits MLLMs from effectively han-
dling GUI understanding tasks that rely solely on global vi-
sual clues. Thus, we propose the TGS-PFM, where three
GUI-tailored perceivers (MLPs) are proposed for each type
of signals on the screen, i.e., textual, graphical, and spa-

tial relationship between them, named Textual Perceiver
(TxP) &7, Graphical Perceiver (GaP) ®¢ and Spatial Per-
ceiver (SaP) ®g, respectively. We design a specific train-
ing recipe to guide each perceiver in extracting modality-
specific signals from visual clues Z, which will be discussed
in Sec. 3.2. Thus, we can extract the textual signal X; =
®7(Z), the graphical signal X, = ®g(Z), and the spatial
signal X, =®g(Z) from Z, where X, X4, X, € RNXD,
Fusion Gate. Different GUI-related downstream tasks ex-
hibit varying preferences for screen content. For example,
in widget captioning [35], the model should pay more atten-
tion to graphical signals (icon/widget) related to the ques-
tion; in screen summarization [54], both textual and graph-
ical signals across the screen should be emphasized; and in
screen question answering [5, 23] and navigation [18, 50],
all three signals should be taken into consideration. Thus,
the GUI signals extracted by three perceivers should be dy-
namically fused based on semantics to align with the re-
quirements of tasks. Inspired by MoE [16, 37, 65] technol-
ogy, we introduce FG to achieve the above goals.
Specifically, we first concatenate three perceiver signals
X¢, X4 and X as a union of modality information, X =
[X1; Xy; X5, where Xy € R3V*P and /;’ means concate-
nation operation. Subsequent to a self-attention operation,
interacting Q with 7 to align dimensions and enhance the
semantics of Q results in the gating signal G € RV*P,
Next, G is used to fuse features with X ¢, incorporating se-
mantic awareness. We can formulate this as follows:

=11rQ K\T
G = softmax((IWq )\;%Wq ) )(QWQV)7 (1
Q K\T
X, = softmax((th )X, W) X WYY, (@

VD
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where X, € RNXP denotes task-oriented features,
which could serve as GUI-tailored visual clues, and
We WE WY w2, WK, WY € RP*P are learnable pa-
rameter matrices.

With FG, MP-GUI interprets the task semantics of the
question, interacts with the extracted GUI signals of three
perceivers, and dynamically fuses them to produce task-
oriented features. Finally, Z, X, and Q are concatenated
along the sequence dimension as LLM input.

3.2. Multi-stage Training Strategy

Our TGS-PFM consists of two components: three per-
ceivers (TxP, GaP and SaP) and FG. The perceivers focus on
modality-specific signals, while FG dynamically fuses these
signals based on task semantics to produce GUI-tailored vi-
sual clues. The order of training these components is cru-
cial, hence we introduce a Multi-stage Training Strategy
(MTS). Tab. | presents the overview of MTS.
Perceivers Training. We train each perceiver (Step 1-3) us-
ing specialized data to guide TGS-PFM to extract modality-
specific signals on the screen. We first train TxP and GaP,
aiming to warm up MP-GUI in adapting GUI-related sce-
narios. Afterwards, we train the SaP, which implicitly re-
lies on TxP and GaP to model spatial relationships between
screen elements.
FG Training. After training perceivers, each of them has
the ability to be aware of modality-specific signals (textual,
graphical, and spatial content) on the screen. To equip FG
with the ability to interpret task preferences from the ques-
tion semantics and dynamically fuse each type of signal, we
mix the training data with multiple task preferences in the
Step 4 training stage.

After training, the TGS-PFM is able to perceive and ex-
tract distinct GUI signals from the visual clues, and dynam-
ically complete feature fusion based on task semantics.

4. Data Preparation
4.1. Post-Processing Based on Existing Data

In TGS-PFM, TxP extracts text signals from the screen,
GaP captures graphical signals, and SaP identifies the spa-
tial relationships between screen elements. To ensure the
functional distinctiveness of each perceiver, we constructed
specific training data for them.

Text Aware Data (TAD). As Step 1 in Tab. 1, we create TAD
to guide the TxP to focus on textual signals within screens.
We filter grounding task samples from the AMEX [11]
dataset by using OCR tools to identify bounding boxes that
contain only text. These purely textual targets are retained
as text2bbox pairs'. Further, we exchange the function de-
scription and coordinates as bbox2text data.

TAll boxes related are defined by [Zieft, Ytops Trights Ybottom)s
scaled to [0, 1000].

Training Dataset Task  Samples Unlocked Params

text2bbox TxP
Step I TAD pxorext 100K LLM
text2bbox GaP
Step2  GAD pxorext 17K LLM
SaP
Step 3 SAD SRP 200K LLM
TAD  text2bbox
GAD Dbbox2text 35K TGS-PFM

Step4  SAD SRP LLM

SPE-QA vision backbone
SynD MPE-QA 48K
Total 680K

Table 1. Details of our Multi-stage Training Strategy (MTS).
SynD refers to Synthetic Data (Sec. 4.2), while SRP, SPE-QA, and
MPE-QA denote Spatial Relationship Prediction (Sec. 4.1), Sin-
gle Perceiver Enhanced QA, and Multi-Perceiver Enhanced QA
(Sec. 4.2), respectively. During training, we employ LoRA [25] to
fine-tune the LLM or the vision backbone.
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Figure 3. Examples of Spatial Relationship Prediction (SRP) task.

Graphics Aware Data (GAD). In Step 2, to focus GaP
on graphical information, e.g., icons and widgets, we ap-
ply the same method of TAD, selecting samples without
text in bounding box. Additionally, we find that MLLMs
struggle to perceive fine-grained visual information on
screens. To alleviate this weakness, we created a grounding
dataset for small objects derived from AITW [50]. Specifi-
cally, we treat episodes as independent QA pairs and calcu-
late the screen proportion of the target element within each
pair using the formula r = V“‘jiﬁl x 100%, where w and h
represent the width and height of the box, and W and H
represent the resolution of the screen image. Ultimately, we
retain only those targets for which » <= 0.3%.

Spatial Aware Data (SAD). Previous research has focused
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on acquiring structured layout knowledge on the screen
via explicit provision of code-like clues to the model [29,
34, 36] or via autoregressive reconstruction of the screen
code to implicitly guide model learning [5]. We intro-
duce a novel task called Spatial Relationship Prediction
(SRP), which explicitly models the spatial relationships
between elements on the screen to guide MP-GUI in
clearly perceiving the spatial context of GUI elements.

As depicted in Fig. 3, the SRP task comprises four types.
Type I: containment relationships (one element is the parent
node of another in the VH tree). Type 2: two elements share
the same parent node and depth. To prevent the model
from making predictions based solely on the box coor-
dinates in question, we introduce two types of negative
samples. Type 3°: two boxes have a containment relation-
ship but no actual association with UI design. Type 4°: two
boxes without either containment or association.

These tasks allow the SaP to perceive the visual, seman-
tic and spatial relationships of screen elements more ef-
fectively. The SRP dataset is constructed using the orig-
inal screen code files of images from the Semantic Ul
dataset [43]. For Type 1 and Type 2, the root node is ex-
cluded, and only 1-hop connections within the VH tree are
retained to ensure strong semantic and spatial correlations
among boxes. More details of SRP are in Suppl.Mater.

4.2. Data Synthesis via MLLM

Unlike the vanilla MoE [16, 26, 37], which uses a router to
control the information flow to experts, we introduce a task-
oriented FG to dynamically fuse the output GUI-related sig-
nals according to task semantics (Sec. 3.1). To support
FG training, different tasks with clear semantic preferences
should be mixed together; thus, we propose a data synthesis
pipeline with an advanced MLLM (Qwen2-VL-72B [55]).
Specifically, we prompt the MLLM to generate two types of
synthetic data, namely, Single Perceiver Enhanced Ques-
tion Answering (SPE-QA) and Multi-Perceiver Enhanced
Question Answering (MPE-QA).

For SPE-QA, the data should have a strong semantic
preference for one modality of content on the screen, such
as OCR-related QA pairs (for TxP) and graphics-related
captioning (for GaP) tasks. Since each GUI perceiver is pre-
trained on specific type of data (Sec. 4.1) and are therefore
able to coarsely distinguish tasks with different semantics,
we are hopeful that SPE-QA data can guide FG to selec-
tively enhance the fusion of specific GUI signals.

The role of MPE-QA data is to further improve FG’s
semantic understanding and weight assignment capabilities

2We randomly select the elements and expand their boxes to generate
negative samples. We limit the expanded box to have IoU < 0.1 with the
original box and IoU < 0.3 with the box of its parent node in the VH tree.

3These pairs are randomly chosen from the VH tree file except for those
included in Type 1 and Type 2.

by introducing semantic integration tasks that require FG to
have the ability to collaborate with different perceivers. For
this type of task, we prompt the MLLM to provide a fine-
grained description of the screen content*. The generated
output includes textual content, graphical elements, and
coarse-grained positional information of elements. In or-
der to synthesize multi-granularity screen perception data,
we further introduce a task known as Local Description.
This task focuses on capturing the contextual information
surrounding graphics to enhance local cognition. Specifi-
cally, we utilize an enhanced version of YOLO’ to detect
graphics on the screen, draw their bounding boxes on the
image (similar to the Set-of-Marks [59] method), and sub-
sequently input the image into the MLLM. We then prompt
the MLLM to consider the surrounding content of the tar-
get area as much as possible when generating descriptions,
thereby facilitating the inclusion of contextual associations
in the output. See Suppl.Mater for more details.

5. Experiments
5.1. Experimental Setting

Basic GUI Understanding Benchmark. As described in
Tab. 2, we extensively collect multiple public GUI-related
datasets, including screen summarization [54], widget cap-
tioning [35], clickable prediction [52], grounding [7], ques-
tion answering [5, 12, 23], aiming to comprehensively eval-
uate the basic GUI understanding ability of MLLMs. De-
tails of the above datasets are in Suppl.Mater.

Screen Navigation Benchmark. Compared to basic GUI
understanding tasks, screen navigation (i.e., autonomous
agent [15, 38]) is more challenging as it requires MLLM to
have solid GUI understanding, decompose the user’s goal
into a series of subtasks to be completed as a trajectory,
and continuously interact with different screenshots via spe-
cific operations like clicking, sliding, and typing. We se-
lect AITW [50] (mobile) and Mind2Web [18] (website) as
benchmark, and treat screen navigation as a purely visual
problem, using prompt, action spaces and data splitting con-
sistent with previous literature [15].

Screen Grounding Benchmark. To evaluate the grounding
ability of MLLMs on devices with different resolutions, in
addition to RefExp [7], we also use ScreenSpot [15], which
contains grounding tasks for text objects and icon/widget
objects in three scenarios: mobile, desktop, and website.
Training Details. We initialize the Alignment Projec-
tor, vision backbone (InternViT-300M), and Word Embed-
ding Layer&LLM (InternLM2.5-7B-chat) from InternVL2-

4We found that Qwen2-VL-72B [55] effectively performs OCR and has
coarse but useful graphics perception. While its quality isn’t on par with
human supervision, it is still worth considering for training FG.

SWe fine-tuned YOLOVS using about 9k manually labeled in-house
data, which mainly includes medical appointment registration, catering,
funds, logistics and other scenes in Alipay.
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Size WC S2W RE TP WS QA QAS CQA

Benchmark Metric

- Method
Screen Analysis
Widget Captioning(WC) [35] CIDEr Qwen-VL [8]

Taperception(TP) [52] F1

Screen Question-Answering
ScreenQA(QA) [23] ROUGE-L
ScreenQA Short(QAS) [5] SQuAD F1
Complex ScreenQA(CQA) [5] SQuAD F1

9.6B 84.1 1002 366 835 573 789 69.1 549

MiniCPM-V 2.6 [60] 8B 110.5 107.3 485 804 852 763 773 715
Qwen2-VL [55]
Llama 3.2-V [3]
CogAgent [22]
InternVL2 [14]

7B 136.6 989 476 83.0 828 87.0 878 653
11B 113.6 108.8 513 834 87.0 884 91.6 74.6
18B 1362 1150 733 884 63.1 853 746 65.1
8B 140.6 1152 71.7 86.7 89.7 842 892 824
8B 142.8 115.1 724 87.8 89.6 872 889 819

WebSRC(WS) [12] SQuAD F1

Screen Grounding InternVL2-P
RefExp(RE) [7] Acc@IoU=0.1

Screen Summarization MP-GUI
Screen2Words(S2W) [54] CIDEr

151.0 1184 83.0 882 892 88.6 90.5 843

8B +5.7% +2.8% +13.2% —0.2% —0.6% +0.2% —1.2% +2.3%

Table 3. Comparison of MP-GUI with other advanced MLLMs. Bold represents

Table 2. Details of basic GUI understanding
benchmark and their metric. The abbreviations
of these datasets are given in brackets.

Method ‘ScreenAI [5] Spotlight [30] Ferret-UI [62] Pix2Struct [2‘)]‘MP—GUI

#Samples | 383.5M 2.69M 0.84M 80M | 0.68M
wcC 156.4 141.8 142.0 136.7 156.5
S2W 120.8 106.7 115.6 109.4 1214
RE 6.3 - - - 84.7

TP - 88.4 784 - 8.7
WS 87.2 - - - 90.1
QA 91.9 - - - 88.7
QAS 94.6 - - - 9.7
CQA - - . . 87.7

Table 4. Comparison of MP-GUI with GUI-specific methods. The
results we show are from single-task fine-tuning and #Samples
means the count of GUI-related training data used in each method.

8B [14], while training other modules (TGS-PFM) from
scratch. Adhering to our MTS procedure (Sec. 3.2), we set
the learning rates at le-5 for Step 1-3, Se-6 for Step 4, and
Se-4 for benchmark fine-tuning. LoRA [25] was applied to
both the LLLM and vision backbone, with rank and alpha
values of 8 and 16 for Steps 1-3, and 64 and 128 for Steps
4 and benchmark fine-tuning. Each stage involved train-
ing for 1 epoch using the AdamW optimizer, with baseline
MLLMs following their official fine-tuning protocols, also
for 1 epoch of multi-task fine-tuning utilizing LoRA [25]°.

For screen navigation, we apply LoRA [25] with rank
and alpha value set at 128 and 256, a learning rate of 2e-5,
and perform 3 epochs on AITW [50] and Mind2Web [18].
All experiments were performed on 8 A100 GPUs with a
global batch size of 64.

5.2. Main Results

Gains of Instruction-tuning for Domain-specific Data.
Instruction-tuning a MLLM using domain-specific or task-

5Our multi-task fine-tuning on the basic GUI understanding benchmark
reveals that: (¢) baseline methods achieve optimal performance after 1
epoch, while additional training generally don’t show further performance
gains; (47) fine-tuning using LoRA outperforms full parameter fine-tuning.

the best results, underlined represents the second best results, and the improvement
of each task is compared with the second best method. We conduct multi-task fine-
tuning for all MLLM:s individually on the basic GUI understanding benchmark.

related data can enable the model to quickly learn domain
knowledge [15]. We instruction-tune the vanilla InternVL2
[14] using the GUI-related training data in Tab. 1 to obtain
InternVL2-P, which can be considered as a GUI knowledge
enhancement in-domain model. Next, we keep InternVL2-
P with the same fine-tuning setting as MP-GUI on each
benchmark (Sec. 5.1).

It can be observed that for both screen grounding (Fig. 4
and Tab. 5) and screen navigation (Tab. 6 and Tab. 7),
InternVL2-P has achieved considerable gains compared to
InternVL2 [14]. However, in Tab. 3, for tasks like CQA and
QAS that rely on the foundational model’s reasoning abili-
ties, InternVL2-P is inferior to InternVL2 [14]. Indicating
that instruction-tuning may put MLLM:s at risk of weakened
generic abilities. Notably, MP-GUI shows favorable perfor-
mance over InternVL2-P in all the above benchmarks.

According to the above results, we argue that relying
solely on domain-specific data for instruction-tuning en-
ables the MLLM to perceive only superficial GUI in-
formation. Our special designs, which provide additional
GUI-tailored visual clues, effectively enhance MLLM in
solving GUI-related tasks.

Basic GUI Understanding. In Tab. 3, MP-GUI outper-
forms baselines on most tasks and ranks second on TP, WS,
and QAS. Notably, our MP-GUI exceeds the second-best
methods by 5.7% on WC and 13.2% on RE, which demon-
strates the excellent spatial location awareness of elements
on the screen. Compared to Llama 3.2-V(11B) [3] and Co-
gAgent(18B) [22], MP-GUI remains competitive with less
parameters, exhibiting only a decrease of 0.2% and 1.2%
on TP and QAS tasks. In Tab. 4, we list current advanced
GUTI-specific methods [5, 29, 30, 62]. Compared with these
methods that require a large amount of GUI-related pre-
training data (e.g., close-sourced ScreenAl [5] with 383.5M
pre-training samples), our method leveraging only 0.68M
GUI-specific training samples outperforms them on most
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Method Size Text Icon/Widget Text Icon/Widget Text Icon/Widget Ave.
Llama 3.2-V [3] 11B 14.7% 5.7% 9.3% 4.3% 4.3% 4.4% 7.1%
GPT-4V[49]F - 226% 245% 202% 11.8% 92% 8.8% 16.2%
Fuyu [9]* 8B 41.0% 13% 33.0% 3.6% 339% 4.4% 19.5%
InternVL2 [14] 8B 74.0% 258% 54.6% 27.1% 383% 31.6% 41.9%
CogAgent [22]" 18B 67.0% 24.0% 742% 200% 704% 28.6% 47.4%
SeeClick [15]1 9.6B 78.0%  52.0% 722% 30.0% 557% 32.5% 53.4%
InternVL2-P 8B 832% 52.0% 634% 43.6% 47.0% 413% 55.1%
MP-GUI 8B 86.8% 659% 70.8% 56.4% 583% 46.6% 64.1%

Figure 4. Comparison of the grounding results of vari-
ous methods on Ul elements of different sizes under Ref-
Exp [7]. The proportion of k% indicates that ﬁi’;{ <
k%, where w and h represent the width and height of UI

elements, and W and H represent the screen resolution.

tasks and remains competitive in others.

These results show that MP-GUI has advanced GUI un-

derstanding capabilities, especially in tasks with graphical
content (e.g., WC, RE, and CQA). Our special model archi-
tecture and training recipe (i.e., MTS) can guide MLLM to
learn GUI knowledge effectively with limited data.
Screen Grounding. The significance of MLLMs’ ground-
ing for GUI tasks was explored in prior literature [15].
Here, we comprehensively evaluate the grounding ability
of MP-GUI from: (i) fine-grained perception of small-
sized objects; (ii) perception of text and graphical ob-
jects (icon/widget) on different-resolution devices.

In Fig. 4, it is evident that most MLLMs struggle to ac-
curately ground UI elements of smaller size. Thanks to
the training on GAD data (which includes text2bbox and
bbox2text tasks involving custom small-size icons/widgets)
and our dual-visual-clues framework (Sec. 4.1), MP-GUI
achieves the best performance especially for the small-sized
objects (with a proportion < 1%). Notably, InternVL2-
P has made significant gains compared to InternVL2 [14],
verifying the effectiveness of the domain-specific data we
constructed. However, on small-size objects, InternVL2-
P is still weaker than MP-GUI, demonstrating the effec-
tiveness of our model aspect optimization.

In Tab. 5, our MP-GUI consistently attains competi-
tive results in zero-shot grounding across different device
scenarios [15]. Notably, it shows leading performance in
grounding graphical objects (icon/widget), achieving sig-
nificant gains compared to InternVL2 [14]. Moreover,
our training data only contains mobile resolution images
(Sec. 4), and do not use website and desktop resolution
images to provide priors [15, 38], showing that there are
generic GUI patterns across different device scenarios
our MP-GUI can perceive.

Screen Navigation. The generic abilities of foundational
models, such as visual perception and reasoning, are crucial
for navigation tasks. In the AITW [50] benchmark (Tab. 6),
compared to SeeClick [15], which is based on Qwen-VL [8]

Table 5. Zero-shot grounding performance on ScreenSpot [15]. The best results
in each column are bold. { means the results come from SeeClick [15] and
pink color indicates the method we compare.

Method General Install G.Apps Single WebShop Overall
GPT-4V [57] 41.7 42.6 49.8 72.8 457 50.5
Qwen-VL [8] 49.5 59.9 46.9 64.7 50.7 543
OmniParser [45] 483 57.8 51.6 77.4 529 57.7
SeeClick [15] 54.0 66.4 54.9 63.5 57.6 59.3
InternVL2 [14] 58.1 65.3 56.8 68.7 61.1 62.0
ShowUI [38] 63.5 723 66.0 723 65.8 68.3
InternVL2-P 61.2 70.3 61.6 74.6 65.1 66.6
MP-GUI 63.7 74.3 65.3 754 67.2 69.2

Table 6. Performance of Screen Navigation on AITW [50]. The
pink color indicates the method we compare.

Method Cross-Task Cross-Website Cross-Domain
Ele.Acc Op.F1 Step.SR Ele.Acc Op.F1 Step.SR Ele.Acc Op.F1 Step.SR

InternVL2 [14] 18.8 874 16.7 17.6 858 145 139 870 120
CogAgent [22] 224 530 17.6 184 424 134 206 420 155
SeeClick [15] 283 87.0 255 214 806 164 232 848 208
GPT-4 [2] 41.6 606 362 358 511 30.1 37.1 465 264
ShowUTI [38] 39.7 88.0 369 41.0 836 342 389 853 341
InternVL2-P 274 87.8 240 274 86.1 23.1 243  87.1 21.1
MP-GUI 421 89.0 381 394 871 329 37.6 874 337

Table 7. Performance of Screen Navigation on Mind2Web [18].
The pink color indicates the method we compare.

and achieved an 8.3% gain, and ShowUI [38], which is
based on Qwen2-VL [55] and provides a 1.2% improve-
ment, our MP-GUI achieves a 10.4% gain compared to
the foundational model InternVL2 [14]. For ShowUI [3§],
we choose the version without visual history. In the
Mind2Web [18] benchmark (Tab. 7), MP-GUI achieves
leading results on action prediction (Op.F1) and compet-
itive results on both click-element location (Ele.Acc) and
step success rate (Step.SR). Compared with InternVL2 [14],
our MP-GUI still achieved significant gains.

5.3. Ablation Study

In Tab. 8, we perform ablation studies evaluating (1) the
impact of the FG, (2) the effects of different perceivers and
(3) the gains of MTS.

29717



Method wC S2wW RE

WS

QA

QAS CQA

w/o FGT  142.1 (63%) 117.8(-05%) 768 (8.1%) 87.9(-03%) 87.2(23%) 87.3(-1.5%) 89.1(-1.6%) 80.7 (-45%)
woFGt 1434 (53%) 1167 (-1.5%) 77.5(-7.1%) 88.1(-0.1%) 89.3 (+0.1%) 88.0 (-0.7%) 89.3 (-1.3%) 82.6 (-2.1%)
WwoTxP  142.6 (-59%) 1152 (2.8%) 78.8(-53%) 88.3 (+0.1%) 89.1 (:0.1%) 87.5(-1.3%) 89.4(-12%) 80.8 (-4.3%)
w/o GaP 143.1 (-5.5%) 116.0 (-2.1%) 79.5 (-4.4%) 88.1(:0.1%) 89.3 (+0.1%) 87.7 (-1.0%) 89.5 (-1.1%) 80.3 (-5.0%)
w/o SaP 141.9 (-6.4%) 1162 (-1.9%) 78.4(-5.9%) 88.2(0.0%) 89.0(-02%) 87.6(-1.1%) 89.4 (-1.2%) 80.3 (-5.0%)
w/o MTS 1483 (-1.8%) 117.0 (-12%) 82.4(-07%) 87.2(-1.1%) 869 (2.6%) 87.4(-14%) 88.3(2.4%) 83.5(-1.0%)
MP-GUI 151.0 1184 83.0 39.2 38.6 90.5 343

Table 8. Ablation study results. w/o FG' indicates that we don’t pre-train FG (without implementing Step 4 in the MTS). w/o FG* indicates
that we remove FG and directly use the mean of outputs from the three perceivers for feature fusion. w/o MTS means keeping the same
settings of MP-GUI except that we don’t use step-by-step MTS (Sec. 3.2) but collect all training data for end-to-end training TGS-PFM.

Fusion Gate. In Sec. 3.1, we introduce FG module that dy-
namically assign weights to different perceivers according
to task semantics and global visual signal. In this study, we
examine the effect of FG on performance by modifying both
the training recipe and the architecture. For w/o FGT, the
results show that it is necessary to utilize task-oriented data
to achieve task-specific semantic awareness of FG. Mean-
while, for w/o FG#, the removal of FG weakens the perfor-
mance of MP-GUI, especially in WC, RE, and CQA tasks,
confirming FG’s effectiveness.

GUl-tailored Perceivers. In Tab. 8, for S2W, QA, and
QAS that prefer to focus on the text information from
screens, the gains decrease by 2.8%/1.3%/1.2% respec-
tively without TxP. For WC and RE tasks, MP-GUI needs
to clarify the spatial context among elements. The gains on
WC and RE decrease by 6.4% and 5.9% respectively when
without SaP. For challenging CQA tasks, it is necessary to
comprehensively localize the target element and perceive
the spatial contextual information around it to assist MLLM
in reasoning. Thus, both GaP and SaP are crucial, and re-
moving either of them will reduce performance by 5.0%.
MTS. We conduct pre-training on TGS-PFM (Sec. 3.1) by
using the same data (Tab. 1) as that of MP-GUI. Instead
of adopting our step-by-step MTS recipe (Sec. 3.2), we
opt for the end-to-end training mode. As shown in Tab. 8,
this end-to-end method results in performance degradation
when compared to MTS, validating the gains of MTS.

5.4. Qualitative Analysis

In Fig. 5, we display several examples on basic GUI under-
standing tasks (Sec. 5.1). The results demonstrate that our
MP-GUI effectively understands the implicit knowledge on
the screen, including graphics, text, and their spatial rela-
tionships (case a). For queries that necessitate deeper rea-
soning (case b), MP-GUI can effectively locates and as-
sociates details from different areas to generate accurate
answers. Furthermore, MP-GUI demonstrates a compre-
hensive ability to capture essential modality details of the
screen (case ¢). Notably, MP-GUI’s advanced GUI per-
ception and understanding capabilities can alleviate the hal-
lucination problem often encountered in MLLMs (case d).

== 0: Describe the function 0+ How many more
u;llhm th; selected area sugars does the
[box] of the image. Chocolate Love cake
have than the Tiramisu
Llama 3.2-V: The function SR Kiss cake?
is select male. &, Rosy Cupcake
MiniCPM-V 2.6: It is
related to female. [ sers | Ground-truth:
CogAgent: It is used o Do xies 5999 - 999 = 5000
enter date of birth. Llama 3.2-V: 1000
Qwen2-VL: The function is MiniCPM-V 2.6: 401
select male gender. = CogAgent: 10
InternVL2: The selected Chocolate Love Qwen2-VL: 5900
area function is select male. InternVL2: 4000
MP-GUL: The selected [ s | MPGUI: 5000
area is used to enter date of s
birth.
(a)
XTI .
GoA28 0: Describe the function of Q: On which date 694KB

the page briefly. memory has shown?

Ground-truth:
no answer

Llama 32-V :
Mar 29
MiniCPM-V 2.6 :
Mar 29
CogAgent:

Mar 29
Qwen2-VL:

Mar 29
InternVL2:

Llama 3.2-V: Page displaying
the location in a travel app.

* MiniCPM-V 2.6: The map is
~ displayed on the page.
age displaying to
tination in app
Qwen2-VL: Page displays a
map view.
InternVL2: The page displays
the map with location.
MP-GUI: Page displays to Mar 29

> £ enter pick up and destination. MP-GUI:
[T o o | no answer

© (@)

Figure 5. Case studies on basic GUI understanding benchmark
(Sec. 5.1). Accurately described answer is marked in green, while
inaccurately and incompletely described ones in red and

More results and detailed discussion are in Suppl.Mater.

6. Conclusion

In this paper, we center on enhancing MLLM in GUI sce-
narios and present MP-GUI, a dual-visual-clues model. It
uses three GUI-specific perceivers to extract modality sig-
nals from the screen and a FG module to fuse them based on
task semantics, generating additional GUI-tailored visual
clues to enhance MLLM’s GUI visual perception. We also
introduce a novel SRP task for explicitly modeling GUI ele-
ments’ spatial relationships and an automated synthetic data
pipeline for FG training. Extensive experiments confirm our
designs significantly enhance MLLM’s GUI understanding,
facilitating the improvement of various downstream tasks.
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