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Abstract

Recent advancements in Multimodal Large Language Models
(MLLMs) have generated significant interest in their ability
to autonomously interact with and interpret Graphical User
Interfaces (GUIs). A major challenge in these systems is
grounding—accurately identifying critical GUI components
such as text or icons based on a GUI image and a corre-
sponding text query. Traditionally, this task has relied on
fine-tuning MLLMs with specialized training data to predict
component locations directly. However, in this paper, we pro-
pose a novel Tuning-free Attention-driven Grounding (TAG)
method that leverages the inherent attention patterns in pre-
trained MLLMs to accomplish this task without the need
for additional fine-tuning. Our method involves identifying
and aggregating attention maps from specific tokens within
a carefully constructed query prompt. Applied to MiniCPM-
Llama3-V 2.5, a state-of-the-art MLLM, our tuning-free ap-
proach achieves performance comparable to tuning-based
methods, with notable success in text localization. Addition-
ally, we demonstrate that our attention map-based grounding
technique significantly outperforms direct localization pre-
dictions from MiniCPM-Llama3-V 2.5, highlighting the po-
tential of using attention maps from pretrained MLLMs and
paving the way for future innovations in this domain.

Code — https://github.com/HeimingX/TAG.git

1 Introduction
The integration of artificial intelligence with Graphical
User Interfaces (GUIs) holds tremendous potential to trans-
form how humans interact with software systems. Lead-
ing this innovation are Multimodal Large Language Mod-
els (MLLMs) (OpenAI 2023; Reid et al. 2024; Anthropic
2024), which have shown exceptional capabilities in inter-
preting GUIs across various applications. A crucial task in
AI for GUIs is GUI grounding—accurately identifying and
localizing key components such as text and icons—since this
is fundamental to enabling the automated operation of GUIs.
While MLLMs excel at understanding GUI images, the pre-
cise grounding of GUI elements remains challenging.

*These authors contributed equally.
†Corresponding Author.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Current state-of-the-art solutions often improve the GUI
grounding capabilities of MLLMs through fine-tuning on
specialized datasets, as demonstrated in works like (Hong
et al. 2023; Cheng et al. 2024). In these methods, the MLLM
directly predicts the location of GUI elements. In contrast,
our approach takes a different path by leveraging the inher-
ent attention patterns of a pretrained MLLM, utilizing its ex-
isting spatial awareness and attention mechanisms to achieve
accurate GUI grounding without the need for additional fine-
tuning.

We propose a novel Tuning-free Attention-driven
Grounding (TAG) approach that carefully selects and ag-
gregates attention patterns from MiniCPM-Llama3-V 2.5, a
state-of-the-art MLLM, to perform GUI element grounding.
Our method begins by identifying specific tokens from ei-
ther the user input query or the model-generated response
and then propagates the corresponding attention values back
to the image plane. To further enhance performance, we im-
plement a selective mechanism to filter out irrelevant atten-
tion heads, ensuring that only the most relevant attention is
utilized for accurate grounding.

We compare our approach with existing tuning-based
methods, and our results demonstrate that utilizing atten-
tion patterns from a pretrained model can achieve accurate
GUI element grounding. Additionally, our approach signif-
icantly improves text localization. These findings highlight
the untapped potential of leveraging inherent model capabil-
ities and open the door to more robust, scalable, and efficient
applications of MLLMs in GUI automation.

2 Related Works
Multimodal Large Language Models for GUI Agents
The use of MLLMs (Liu et al. 2024a; Bai et al. 2023; Yao
et al. 2024; Liu et al. 2024b; Zhu et al. 2023; Lu et al.
2024; Wang et al. 2023) as GUI agents marks significant
progress in AI’s ability to interact with GUI. These models
understand user queries and images, enabling them to per-
form tasks across various platforms, from desktops to mo-
biles. Recent works in this domain have explored various
applications, from automating routine tasks on desktop in-
terfaces (Hong et al. 2023; Wu et al. 2024; Kil et al. 2024; He
et al. 2024; Kapoor et al. 2024; Xie et al. 2024) to providing
interactive assistance on mobile platforms (Ma, Zhang, and
Zhao 2024; Nong et al. 2024; Wang et al. 2024b,c; You et al.
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query_text: Shop by category

Query:
Please do OCR on this image.

MiniCPM-Llama3-V 2.5:
Title: Book Depository

Menu:
- Contact us
- Help
…

Category Tags:
- Shop by category
- Bestsellers
- Closure FAQs
…

Sidebar:
- Heading: Best Ever Book Lists
- List Items:
- LGBTQIA
- Best Books Ever
- Best Cookbooks Ever
- Best Crime & Thriller Books
- Best Romance Books
- Button: show more

Footer:
- Popular Pages
- Ask the Author
…

query_text: show more

Attention Map of Our Method

Input Image

Ours Prediction MiniCPMV2.5 PredictionGT Bbox

Figure 1: Illustration of MiniCPMV2.5’s strong GUI image understanding but poor element localization. Our attention-driven
GUI grounding leverages its inherent attention to enhance localization accuracy without fine-tuning, as shown on the right.

2024). These applications highlight the potential of MLLMs
to act as autonomous agents that can understand and exe-
cute user commands across different platforms. However,
the challenge often lies in effectively training these mod-
els to handle the intricacies and variability of GUIs without
extensive domain-specific tuning.

Grounding in GUI Agents Grounding in GUI
agents (Cheng et al. 2024; Li, Mitchell, and Myers
2020; Liu et al. 2024c; Gao et al. 2024; Wang et al. 2024a;
Li and Li 2023; Wang, Li, and Li 2023; Li et al. 2020)
involves the model’s ability to locate and identify inter-
face elements accurately, which is essential for effective
interaction. Traditional methods (Cheng et al. 2024; Chen
et al. 2024; Hong et al. 2023; Fan et al. 2024) typically
require fine-tuning on detailed, annotated datasets. Recent
research has explored both supervised and unsupervised
techniques to enhance grounding accuracy, such as the
SeeClick model (Cheng et al. 2024) fine-tunes on GUI-
specific datasets. However, these methods can suffer from
scalability issues and overfitting. Our work contributes to
this field by proposing a tuning-free approach that leverages
pre-trained MLLMs’ inherent attention mechanisms to
associate text queries with visual elements, offering a
scalable and adaptable grounding solution.

3 Our Method
3.1 Preliminary
GUI Grounding GUI grounding is a crucial task for
agents that interpret and interact with graphical user inter-

faces (GUIs). It demands that systems comprehend users’
text queries, such as “I want to book a dental appointment
on Tuesday”, analyze GUI screenshots, and accurately pin-
point the relevant components. While recent advancements
in MLLMs have shown potential in understanding both tex-
tual queries and visual GUI layouts, they often encounter
challenges in precisely localizing elements without the aid
of additional tools like OCR (Wang et al. 2024b) or Set-
of-Mark (Yang et al. 2023; Wang et al. 2024b) techniques.
Thus, SOTA methods typically rely on fine-tuning MLLMs
with specialized training data to directly achieve accurate el-
ement localization (Hong et al. 2023; Cheng et al. 2024).

MiniCPMV2.5 and Its Attention Map MiniCPMV2.5
(i.e., MiniCPM-Llama3-V 2.5) is a SOTA MLLM that in-
tegrates a vision encoder, a token compression module, and
the Llama3 language model. It supports high-resolution im-
ages up to 1344×1344 pixels with any aspect ratio, mak-
ing it well-suited for precise GUI grounding tasks. To man-
age the large number of visual tokens generated from high-
resolution inputs, the model uses cross-attention to compress
thousands of vision patch embeddings into a fixed-size (Q)
set of visual query tokens. These visual query tokens are
then processed alongside text tokens by Llama3, which fuses
the two modalities through multi-layer transformers utiliz-
ing multi-head self-attention. For more details, refer to the
report by (Yao et al. 2024).

Empirically, as shown in Figure 1, when presented with a
GUI image, MiniCPMV2.5 demonstrates a strong ability to
comprehend the UI layout and accurately recognize optical
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Figure 2: Overall pipeline of our TAG approach in Sec. 3.4 (top) and the self-attention selection module in Sec. 3.5 (bottom).

characters within the image. Additionally, due to its training
on object-detection-related tasks, MiniCPMV2.5 is capable
of localizing objects by predicting the bounding box of the
object of interest.

Our method aims to further enhance localization
performance by leveraging the attention maps within
MiniCPMV2.5. Specifically, MiniCPMV2.5 consists of two
major components: the token compression module and the
Llama3 LLM, from which attention weights can be ex-
tracted. For the token compression module, attention values
can be obtained from the cross-attention layer. By averag-
ing these attention weights across all heads, we obtain an
attention map Across ∈ [0, 1]Q×H·W , where Q is the num-
ber of visual query tokens, and H and W are the height
and width of the patchified image, respectively. The self-
attention weights in Llama3 LLM can be represented as
Allm ∈ [0, 1]N×M×M , where N is the total number of
multi-head self-attention (MHA) layers multiplied by the
number of attention heads per MHA, and M is the num-
ber of tokens input to the LLM, including both visual tokens
and text tokens.

3.2 Overview of Our Method
Our method focuses on selecting and aggregating attention
weights from MiniCPMV2.5 to achieve accurate localiza-
tion of GUI elements. The key insight of our approach is
that a well-crafted selection and aggregation strategy is es-
sential for success. Specifically, our method comprises the
following three components:

1. Adaptive Text Token Selection:Allm contains self-
attention values for all token pairs, but not all of them
contribute to effective grounding. This component fo-
cuses on identifying the attention between the most rele-
vant tokens to ensure accurate localization.

2. Attention-driven GUI Grounding: This component ag-
gregates both Allm and Across to identify the element
localization.

3. Self-Attention Head Selection: This component im-
proves grounding accuracy by selecting high-quality at-

tention heads among 1024 attention heads in Llama3.

3.3 Adaptive Text Token Selection
GUI grounding tasks aim to locate elements relevant to a
user’s query. However, user queries often contain numerous
tokens, not all of which pertain to the target GUI element.
Some queries explicitly identify the element of interest, like
“go to the next page” implying a click on the ’next page’
button, while others only imply it, such as “take a photo
as input” indirectly referring to the ’Camera’ button in the
GUI. Figure 4 illustrates how complex, multi-step queries
can struggle to align with dynamic UI changes, leading to
inaccurate grounding. Therefore, it’s essential to develop a
mechanism that selects key tokens and leverages the relevant
self-attention weights for accurate GUI grounding.

Leveraging MiniCPMV2.5’s remarkable ability to com-
prehend GUI images, in this paper we propose a simple yet
effective strategy: constructing the query prompt to prompt
the model to first explicitly generate a description of the con-
tent or elements relevant to the query. We then use the at-
tention between these descriptive tokens {Tj}T

j=1 and visual
tokens to achieve localization. This approach significantly
improves GUI grounding performance by bridging the gap
between user queries and UI elements.

3.4 Attention-driven GUI Grounding
As discussed in Section 3.1, the image tokens are not di-
rectly fed into the LLM. Instead, they are first compressed
into visual query tokens before being passed to the LLM.
This means that the selected text tokens, which correspond
to the content or description of the target GUI element, may
not directly attend to the image region. To address this is-
sue, we propose a method to propagate attention from the
selected text tokens to the image grid. Specifically as il-
lustrated in Figure 2, we leverage the selected text tokens
{Tj}T

j=1 from Sec.3.3 to generate head-wise attention maps
A′

llm ∈ [0, 1]N×T×Q, which represent the attention between
these text tokens and visual query tokens across all layers’
multi-head self-attentions in Llama3. Here, N, T, and Q de-
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Selected Token 𝒯𝑗 :  albums 

Input Image

Prediction with All Heads Prediction with Top 10 HeadsGT Bbox

ത𝑅 with All Heads ത𝑅 with Top 10 Heads

Selected Token 𝒯𝑗 : Search

Selected Token 𝒯𝑗 :  artists 

Figure 3: Demonstrating how choosing top self-attention heads improves text-to-image token mapping (see Sec. 3.5 for details).

note the number of heads in Llama3, the number of selected
text tokens, and the number of visual query tokens, respec-
tively. To obtain an overall relationship between each se-
lected text token and the visual query tokens, we aggregate
the attention from different heads by weighted summation:

Āllm(Tj) =
1

N

N∑
k=1

αk,jA
′
llm[k, j, :] ∈ [0, 1]Q, (1)

where k is the head index and αk,j is the aggregation weight
for k-th head and j-th selected text token, respectively. The
strategy of how to set αk,j will be discussed in Section 3.5.
After obtaining Āllm(Tj), which represents the attention of
each selected text token to each visual query token, we prop-
agate the attention from each visual query token to the cor-
responding image patch token using Across ∈ [0, 1]Q×(H·W).
This is accomplished through a simple matrix multiplica-
tion:

Rj = Āllm(Tj)×Across ∈ [0, 1]H·W. (2)
Intuitively, this operation distributes the attention received
by each visual query token to the corresponding image patch
tokens, proportional to the attention values between the vi-
sual query token and each image patch token. Finally, to ob-
tain an overall relationship between the query text and image
patches, we average across different selected text tokens:

R̄ =
1

T

∑
j∈{1,2,··· ,T}

Rj ∈ [0, 1]H·W. (3)

R̄ represents the relevance of image patches to the query. To
achieve pixel-level localization, we first map the relevance
score from the patch to the pixel level by assigning the same
value to all pixels within a patch (e.g., an 14×14 pixel grid).
Next, we apply a threshold δ to binarize the image and iden-
tify connected regions. The region with the highest average
relevance score is selected, and its center is used as the pre-
dicted location.

3.5 Self-Attention Head Selection

Empirically, we find that not all self-attention heads in the
LLM part of MiniCPMV2.5 are equally useful for align-
ing the text tokens to the image patches. As the investi-
gation presented in Figure 3, to ground the text “Search
artists, albums and more” in the input field, the
method with naive averaging attention maps of all heads
falsely ground to the search icon. To find the reason, we
further use each head’s self-attention to map every text to-
ken to the image space separately. As figures shown on the
right side of Figure 3, there are always some attention heads
(which are colored in blue) that map the text token outside
the ground truth bounding box for every text token, which
means not all attention heads corresponding to each text to-
ken is equally effective in accurately mapping the token to its
expected region. To determine the quality of attention heads,
we find that magnitude of the average attention between a
selected text token Tj and visual query tokens can be a good
indicator, namely,

Ãk
Tj

=
∑

q∈{1,2,··· ,Q}

A′
llm[k, j, q]. (4)

This is demonstrated by the observation that when Ãk
Tj

is
larger, the head’s attention is more likely to map the text
token to the intended region. As illustrated in Figure 3, heads
with high ÃTj

tend to make predictions within the ground-
truth bounding box (which are colored in red). This insight
leads us to retain only the attentions of heads corresponding
to the top-K values of ÃTj . Additionally, we observe that
the head rankings based on ÃTj

vary across different text
tokens. Therefore, we select the top heads for each token
individually. This strategy effectively sets αk,j to ’1’ for the
selected heads while assigning ’0’ to the others.
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MLLMs w/o
SFT

Aspect Ratio of Input Image (width:height) Average1:4 9:21 9:19 1:2 9:16 4:3 16:9 2:1 21:9 4:1
Qwen-VL-Chat ✓ 7.3% 3.2% 3.1% 2.8% 2.2% 2.7% 2.9% 3.8% 4.5% 9.7% 4.2%
MiniCPMV2.5 ✓ 17.2% 13.6% 15.9% 21.4% 31.0% 80.2% 84.6% 81.1% 77.2% 59.2% 48.1%
TAG (Ours) ✓ 86.1% 80.3% 80.2% 84.8% 84.7% 82.6% 86.6% 87.9% 83.9% 88.0% 84.5%
SeeClick ✗ 52.7% 57.5% 56.6% 56.3% 57.5% 56.6% 63.6% 66.1% 65.9% 69.1% 60.2%

Table 1: Method comparison on the proposed OCG dataset. Our method significantly outperforms other tuning-free and tuning-
based methods across all aspect ratios.

MLLMs Model
Size

w/o
SFT

Mobile Desktop Web AverageText Icon/Widget Text Icon/Widget Text Icon/Widget
MiniGPT-v2 7B ✓ 8.4% 6.6% 6.2% 2.9% 6.5% 3.4% 5.7%
Qwen-VL-Chat 9.6B ✓ 9.5% 4.8% 5.7% 5.0% 3.5% 2.4% 5.2%
GPT-4V - ✓ 22.6% 24.5% 20.2% 11.8% 9.2% 8.8% 16.2%
MiniCPMV2.5 8.5B ✓ 40.3% 14.0% 62.4% 12.1% 67.4% 19.9% 36.0%
TAG (Ours) 8.5B ✓ 88.3% 29.3% 82.5% 28.6% 70.9% 29.1% 54.8%
CogAgent 18B ✗ 67.0% 24.0% 74.2% 20.0% 70.4% 28.6% 47.4%
SeeClick 9.6B ✗ 78.0% 52.0% 72.2% 30.0% 55.7% 32.5% 53.4%

Table 2: Method comparison on Screenspot. The highest value in each column is bolded, considering both the upper section of
tuning-free approaches and the lower section of tuning-based approaches.

4 Experiments
In this section, we compare our method to the SOTA ones
on three benchmarks, each designed to test our method from
different perspectives. Besides, we conduct several ablation
studies to further analyze the effectiveness of our method.
We use the greedy generation strategy in our method for a
reproducible result and all experiments can be conducted on
one NVIDIA RTX 4090 GPU.

4.1 Task1: Optical Character Grounding
Our method primarily achieves grounding by mapping text
tokens to the image space. To directly validate our ap-
proach, we developed an optical character grounding bench-
mark using the Mind2Web (Deng et al. 2024) dataset. While
Mind2Web was originally designed for text-based (HTML)
GUI agent evaluation in website environments, it also in-
cludes corresponding screenshots, which we leveraged to
create our novel dataset, OCG.

OCG Dataset First, we collect homepage screenshots
from 104 websites in the Mind2Web test set. We then use
the Azure Vision API tool1 to obtain OCR information for
each screenshot. This API can identify all text in the screen-
shot, including non-element text within images, allowing
us to evaluate the MLLM’s ability to locate general text.
Besides, to assess model performance across various im-
age aspect ratios, we crop sub-images from the homepage
screenshots corresponding to different aspect ratios. We re-
tain only the OCR bounding boxes that fell entirely within
these sub-images for evaluation. Based on common screen

1https://azure.microsoft.com/products/ai-services/ai-vision

resolutions2, we construct 10 different aspect ratios (width:
height): 1:4, 9:21, 9:19, 1:2, 9:16, 4:3, 16:9, 2:1, 21:9, and
4:1. This diverse set of aspect ratios allows us to compre-
hensively assess our model’s robustness to varying image di-
mensions, which is crucial for real-world applications where
screen sizes and orientations can vary significantly.

Baseline Methods We benchmark our approach against
three notable models: MiniCPMV2.5 (Yao et al. 2024),
a recently open-sourced SOTA MLLM that serves as
the foundation for our method; SeeClick (Cheng et al.
2024), the current SOTA GUI grounding method; and
Qwen-VL-Chat (Bai et al. 2023), the foundation model
for SeeClick. For each model, we use specific prompts
tailored to their respective functionalities. For Qwen-VL-
Chat, we use “Generate the bounding box of
{query text}”. SeeClick’s prompt is “In this UI
screenshot, what is the position of the
element "{query text}" (with point)?”.
MiniCPMV2.5 utilizes the prompt “What is the
bounding box of "{query text}" in the
image? The bounding box output format
is: <box>xmin ymin xmax ymax</box>.
Please directly output the bounding
box.”3. For our method, we employ “What is the
bounding box of "{query text}"”. Since the
query text is extracted by OCR which is well aligned with
the corresponding text in the image, we thus directly use the
query text for grounding to verify our method.

2https://gs.statcounter.com/screen-resolution-stats
3MiniCPMV2.5 sometimes fails to generate the box without the

last prompt sentence.
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Prompt Template for MiniCPM-Llama3-V 2.5:
In this UI screenshot, I want to perform the command "{query_text}", which element should I perform? Please output in json format ONLY with the following three keys: action_type, element_content_or_description, 

box. If the element is an icon and there is no text content on this element, please output up to three keywords for the element_content_or_description. The box value format is: <box>xmin ymin xmax ymax</box>.

Prompt Template for Ours:
In this UI screenshot, I want to perform the command "{query_text}", which element should I perform? Please output in json format ONLY with the following two keys: action_type, element_content_or_description. If 

the element is an icon and there is no text content on this element, please output up to three keywords for the element_content_or_description.

query_text: 
take a photo as input

MiniCPM-Llama3-V 2.5 Response:
{

 "action_type": "tap",

 "element_content_or_description": "Camera",

 "box": [80 894 850 982</box>

}

Ours Response:
{

 "action_type": "tap", 

"element_content_or_description": "Camera"

}

query_text: 
send a smill heart emoji

MiniCPM-Llama3-V 2.5 Response:
{

 "action_type": "tap",

 "element_content_or_description": "smilie icon",

 "box": [107 911 149 958</box>]

}

Ours Response:
{

 "action_type": "tap",

 "element_content_or_description": "smilie icon"

}

Input image Ours Attention MapInput image Ours Attention Map

Ours w/ ele. descriptionMiniCPMV2.5GT Bbox Ours w/ query text

Figure 4: Demonstration of the comparing methods on two cases of ScreenSpot. Our attention-driven grounding with element
description success in localizing the text and icon elements respectively. Please zoom in for a better view.

Results As shown in Tab. 1, the foundation MLLM Qwen-
VL-Chat, while capable of detecting general objects, strug-
gles to localize query text in the OCG task. In contrast,
the more recent MiniCPMV2.5 demonstrates improved text
grounding ability. However, MiniCPMV2.5’s performance
varies considerably across different aspect ratios, achieving
80.2% accuracy on the 4:3 aspect ratio but only 13.6% on
9:21. we speculate that although the model can support in-
puts of any aspect ratios, its pre-training data may make
it impossible to include images of any aspect ratios, and
the grounding ability may be difficult to generalize well to
unseen aspect ratios. After being fine-tuned on the GUI-
specific datasets, SeeClick improves the OCG task a lot
compared to the Qwen-VL-Chat and surprisingly, it also
excels at the more advanced MiniCPMV2.5. Notably, our
approach, without additional SFT, substantially enhances
MiniCPMV2.5’s grounding ability. It achieves 84.5% aver-
age accuracy across 10 different aspect ratio settings, outper-
forming MiniCPMV2.5 by 36.4% and SeeClick by 24.3%.

4.2 Task2: GUI Element Grounding
Next, we evaluate our method on the ScreenSpot dataset
which is a GUI element grounding benchmark.

ScreenSpot Dataset It is a realistic grounding evaluation
dataset proposed by (Cheng et al. 2024), which contains over
600 GUI screenshots across three platforms, i.e., mobile,
desktop and web. Each screenshot contains multiple com-
mand instructions and corresponding actionable elements,
which include both text and icon/widget type elements.

Baseline Methods Following (Cheng et al. 2024), we
compare our method to multiple popular foundation
MLLMs: MiniGPT-v2 (Chen et al. 2023), Qwen-VL-
Chat (Bai et al. 2023), the latest GPT-4V (OpenAI 2023) and
MiniCPMV2.5 (Yao et al. 2024). Meanwhile, we also com-
pare to CogAgent (Hong et al. 2023) and SeeClick (Cheng
et al. 2024) which are SOTA GUI element grounding mod-
els supervised fine-tuned on a large amount of GUI-specific
grounding tasks. To have a fair comparison, we directly use

the evaluation setup in SeeClick and compare to the num-
bers reported in SeeClick paper. The prompt templates used
for MiniCPMV2.5 and our method are presented in Fig. 4.

Results As Table 2 illustrates, foundation MLLMs gener-
ally perform poorly on GUI element grounding. MiniGPT-
v2 and Qwen-VL-Chat average below 6% accuracy
across platforms, while GPT-4V reaches only 16.2%.
MiniCPMV2.5 performs better at 36.0%, likely due to OCR-
related pretraining. GUI-specific fine-tuned models like Co-
gAgent and SeeClick outperform these. Our approach, built
on MiniCPMV2.5 without additional fine-tuning, achieves
the highest average accuracy of 54.8%, surpassing even
GUI-specific SFT models. It excels in text grounding, with
accuracies of 88.3%, 82.5%, and 70.9% for mobile, desktop,
and web platforms respectively. The cases demonstrated in
Fig. 4 suggest that adaptively selecting text tokens from gen-
erated element descriptions can be more effective for GUI
grounding than using query text directly.

4.3 Task3: GUI Agent Evaluation
We further evaluate our method on GUI agent benchmark.

Mind2Web Dataset (Deng et al. 2024) introduced the
Mind2Web dataset to evaluate GUI agents in web environ-
ments using text-based HTML content. Each sample in the
dataset typically consists of an open-ended, high-level goal
instruction and a human action trajectory sequence, includ-
ing clicking, selecting, and typing actions. While the re-
leased dataset also includes GUI screenshots corresponding
to each sample, we follow (Cheng et al. 2024) and evalu-
ate our method using only the GUI images. Since this work
mainly focuses on the GUI grounding task, we evaluate
compared methods on the Element accuracy metric. A pre-
diction is correct if the predicted coordinate is within the
target element’s bounding box for vision-based methods.

Baseline Methods We compare our method to two vision-
based GUI agents Qwen-VL and SeeClick (Cheng et al.
2024), which are both fine-tuned on the Mind2Web train-
ing set. Additionally, we include the foundation MLLM
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MLLMs w/o
SFT

Cross-
Task

Cross-
Website

Cross-
Domain

Average

MiniCPMV2.5 ✓ 15.0% 13.8% 18.2% 15.7%
TAG (Ours) ✓ 25.4% 20.6% 26.8% 24.3%
Qwen-VL∗ ✗ 15.9% 13.2% 14.1% 14.4%
SeeClick∗ ✗ 28.3% 21.4% 23.2% 24.3%

Table 3: Element accuracy on Mind2Web dataset. The
highest value in each column is bolded. Qwen-VL∗ and
SeeClick∗ refer to the fine-tuning of Qwen-VL-Chat and
SeeClick models, respectively, on Mind2Web training set.

Figure 5: Ablation on Top K. Figure 6: Ablation on δ.

MiniCPMV2.5 for comparison. Due to space constraints,
the prompt templates for our method and MiniCPMV2.5 are
provided in Figure 2 in the supplementary materials4.

Results Results in Table 3 demonstrate that the pro-
posed attention-driven grounding method improves
MiniCPMV2.5’s element accuracy across all settings,
achieving comparable average accuracy to the best tuning-
based approach. Figure 3 in the supplementary material
showcases one example that our method grounds precisely
at each step and successfully achieves the overall goal.

4.4 Ablation Study
We investigate the impact of each component in our TAG
method. In Table 4, adding attention-driven grounding sig-
nificantly improves performance, with Mobile Text accuracy
increasing from 40.3% to 71.8%. Introducing adaptive text
token selection further enhances results, particularly for Mo-
bile Text (86.4%) and Icon/Widget (28.4%). The full model,
incorporating self-attention selection, achieves the best per-
formance across all metrics, with notable improvements in
Mobile Text (88.3%) and Desktop Icon/Widget (28.6%).

4.5 More Discussions
Impact of Top K K is used for filtering self-attention
weights and keeping top-ranked attentions for text-to-image
mapping. Figure 5 shows that reducing K initially improves
performance, with optimal results at K = 10 for both aspect
ratios. However, extreme values (K = 1 or K = 1024, i.e.,
not reduced) lead to decreased accuracy. This demonstrates
the benefit of filtering noisy attention heads while retaining

4The prompt template demonstrates our attention-driven
grounding method for GUI agents, with the potential for further
performance improvements through refined prompting.

Attn-d.
ground

Token
Select

self-attn
filtering

Mobile Desktop
Text Icon/W. Text Icon/W.

✗ ✗ ✗ 40.3% 14.0% 62.4% 12.1%
✓ ✗ ✗ 71.8% 27.1% 73.2% 20.0%
✓ ✓ ✗ 86.4% 28.4% 77.3% 24.3%
✓ ✗ ✓ 80.9% 27.5% 78.8% 25.0%
✓ ✓ ✓ 88.3% 29.3% 82.5% 28.6%

Table 4: Ablation on each component of our method.

sufficient information for text-to-image mapping. Based on
these results, we use K = 10 in all experiments.

Impact of Threshold δ δ is defined to determine the high-
light region for final grounding prediction. Figure 6 shows
that with a lower threshold δ ≤ 0.3, the model’s perfor-
mance is suboptimal due to including too many fairly at-
tended regions. As δ increases, the model’s performance
reaches its peak at δ = 0.5, but diminishes if δ is increased
further. Thus δ = 0.5 is used across all datasets.

Generalization Ability We applied our attention-driven
grounding to another foundation MLLM, Qwen-VL-
Chat (Bai et al. 2023), to demonstrate its generalization.
Despite Qwen-VL-Chat’s initial poor performance in GUI
grounding, our method improved its accuracy from 2.7%
to 10.2% on the 4:3 aspect ratio on our Mind2Web-OCG
dataset. This showcases the broad applicability of our pro-
posed mechanism across different foundation MLLMs.

5 Conclusion
In this paper, we introduce a Tuning-free Attention-driven
Grounding (TAG) method, which uses the inherent atten-
tion mechanisms of pretrained MLLMs to accurately ground
GUI elements without additional fine-tuning. Applied to
MiniCPM-Llama3-V 2.5 model, TAG demonstrates that
leveraging built-in model capabilities can effectively match
or exceed the performance of traditional methods, particu-
larly in text localization tasks. These suggest that MLLMs
can be used more efficiently, reducing the need for resource-
intensive fine-tuning while avoiding the risk of overfitting.
TAG has the potential to be applied across various models
and multimodal scenarios, offering a promising way to en-
hance AI’s adaptability in interacting with user interfaces.

Limitations TAG relies heavily on the capabilities and the
quality of the pretrained models it uses. If these models have
inherent biases or have not been trained on diverse enough
data, TAG’s effectiveness could be limited, potentially af-
fecting its accuracy and generalization ability. To alleviate
this, we can expand the training datasets used for pretraining
the MLLMs, which, while promising, is beyond the scope of
this paper. We regard it as our future work.
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