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Abstract

GUI grounding is a critical capability for enabling GUI
agents to execute tasks such as clicking and dragging. How-
ever, in complex scenarios like the ScreenSpot-Pro bench-
mark, existing models often suffer from suboptimal perfor-
mance. Utilizing the proposed Masked Prediction Distribu-
tion (MPD) attribution method, we identify that the primary
sources of errors are twofold: high image resolution (leading
to precision bias) and intricate interface elements (resulting
in ambiguity bias). To address these challenges, we intro-
duce Bias-Aware Manipulation Inference (BAMI), which
incorporates two key manipulations, coarse-to-fine focus and
candidate selection, to effectively mitigate these biases. Our
extensive experimental results demonstrate that BAMI sig-
nificantly enhances the accuracy of various GUI grounding
models in a training-free setting. For instance, applying our
method to the TianXi-Action-7B model boosts its accuracy
on the ScreenSpot-Pro benchmark from 51.9% to 57.8%.
Furthermore, ablation studies confirm the robustness of the
BAMI approach across diverse parameter configurations,
highlighting its stability and effectiveness. 1

1. Introduction
The advent of multimodal large language models
(MLLMs) [2, 11] has made it increasingly feasible for GUI
agents to automate tasks across desktop and mobile plat-
forms. At the core of these agents lies GUI Grounding:
given a pair of natural language instructions and a screen-
shot, the task is to accurately localize the coordinates of the
target element within a high-resolution graphical interface,
thereby enabling subsequent atomic actions such as click-
ing, typing, or dragging. Early approaches often relied on
structured interface representations, such as XML or DOM
trees [4, 8]. However, these structures are frequently unavail-
able or inconsistent with the visual rendering in real-world

*Equal contribution, order decided by coin flip.
†# Corresponding author: Jiwen Lu (lujiwen@tsinghua.edu.cn).
1Code is available at https://github.com/Neur-IO/BAMI.
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Figure 1. Compared with conventional grounding models, BAMI
achieves accurate localization without additional training via struc-
tured inference with bias-aware manipulations.

scenarios. Consequently, research has shifted toward the
visual paradigm of instruction + screenshot, where MLLMs
directly output coordinates [6, 16, 21, 30, 31], providing a
more robust perceptual foundation for agents. In compari-
son to general natural image tasks, GUI scenarios present
unique challenges due to their high resolution and dense
elements, where semantics are determined by a combination
of icons, text, and contextual cues. These characteristics
make accurate localization significantly more challenging.
For instance, in ScreenSpot-Pro [12], a benchmark dataset
covering professional software across multiple domains, the
localization accuracy of most models remains below 50%.

The performance of multimodal grounding models re-
mains underutilized. In particular, performance improve-
ments can be achieved without additional training by opti-
mizing inference methods. From an error-driven perspective,
we categorize grounding failures into two primary types: (1)
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Figure 2. Bias Mitigation Strategy. To address accuracy bias and
ambiguity bias, BAMI introduces two manipulations: coarse-to-
fine focus and candidate selection.

Knowledge deficiency: The model fails to recognize the
target due to a lack of relevant knowledge. (2) Inductive
bias: The model has the necessary knowledge but makes
errors due to its inherent selection bias, which manifests in
two typical forms, namely precision bias and ambiguity bias.
To diagnose these causes of failure, we introduce a Masked
Prediction Distribution (MPD) method. This approach
randomly occludes parts of the screenshot, makes repeated
predictions, and aggregates the frequency of hotspots or can-
didate points across the image. This aggregation reveals how
the model distributes its focus across the image. Statistical
analysis of 50 error samples shows that approximately 14%
of failures stem from knowledge deficiency, while 74% are
attributed to inductive bias.

In this paper, we propose Bias-Aware Manipulation In-
ference (BAMI). The key idea is to transform the one-step
localization task into a recursive, multi-step structured infer-
ence process through predefined bias-aware manipulations
(Figure 1 and 2). To mitigate precision bias, we decompose
localization into hierarchical coarse-to-fine focus, where
each step refines the candidate region identified in the previ-
ous round. This progressive refinement reduces the search
space and improves the resolution of the predicted coordi-
nates. To address ambiguity bias, we incorporate an external
Candidate Selection. By defining selection rules specific
to the localization task and injecting these rules into the
model as prompts, we correct the model’s erroneous selec-
tion preferences. Importantly, our method does not require
any additional model training and can be directly applied to
a variety of existing open-source backbones. We evaluate
BAMI on multiple open-source backbones (e.g., OS-Atlas-
7B [30], UI-TARS-7B [21], and TianXi-Action-7B [26])

and several datasets (e.g., ScreenSpot-Pro [12], ScreenSpot-
V2 [30]). BAMI consistently improves accuracy on complex
samples (Figure 3). Ablation studies further confirm the
effects of coarse-to-fine focus and candidate selection. Our
results demonstrate that extending and structuring the rea-
soning path during inference provides a cost-effective means
of unlocking the full grounding potential of existing models.
The main contributions of this work are as follows:
• Diagnosis of Grounding Failures: We introduce the MPD

method to diagnose common grounding failures, such as
knowledge deficiency and inductive bias.

• Precision Bias Mitigation: We transform single-step lo-
calization into a multi-step progressive search through
hierarchical cropping, which effectively reduces precision
bias in high-resolution and small-object scenarios.

• Ambiguity Bias Correction: To address discrepancies
between MLLM’s edit distance and spatial coordinate dis-
tance, we introduce an external selection and correct the
MLLM’s selection bias using predefined prompt rules.

• Training-free Improvements: We validate BAMI across
various backbones and benchmarks, demonstrating consis-
tent improvements and emphasizing the general value of
test-time reasoning design in GUI Grounding.

2. Related Work

Training on pre-trained MLLMs [2] has been demonstrated
to significantly enhance GUI grounding capabilities. Early
approaches predominantly relied on conventional instruc-
tion fine-tuning. With the introduction of DeepSeek-R1 [7],
reinforcement learning fine-tuning has attracted growing at-
tention. Meanwhile, several studies have found that specially
designed inference methods help tap into the potential of
MLLMs in terms of localization capabilities.

2.1. Instruction Fine-tuning

The simplest approach is to fine-tune pre-trained MLLMs
(e.g., Qwen2.5-VL [2]) on task-specific GUI instruction
datasets. Early work such as AGUVIS [31] introduced
vision-based models for GUI grounding. To address high-
resolution GUI screenshots, CogAgent [9] introduced a
cross-resolution efficient attention mechanism. ShowUI [13]
applied token pruning based on GUI interface structure, im-
proving both efficiency and performance. OmniParser [16]
converted GUI pixels into structured tokens that could
be parsed by LLMs. In terms of dataset construction,
SeeClick [3] proposed an automated pipeline for manag-
ing GUI data. UGround [6] built a large-scale dataset with
10M elements, improving generalization. With the advent of
larger-scale datasets and more powerful models, new large-
scale systems such as UI-TARS [21] and Phi-Ground [34]
have pushed the SOTA performance across benchmarks.
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Figure 3. Accuracy comparison on ScreenSpot-Pro. BAMI
consistently improves performance across all model backbones.

2.2. Reinforcement Learning
Given the fine-grained nature of GUI localization, instruc-
tion fine-tuning alone is often insufficient for achieving high
precision. DeepSeek-R1 [7] introduced the GRPO method,
demonstrating the potential of reinforcement learning in
enhancing spatial reasoning for GUI grounding tasks. Fol-
lowing this, UI-R1 [17] and GUI-R1 [19] were among the
first to apply GRPO in GUI tasks. InfiGUI-R1 [15] focused
on reward function design, emphasizing IoU-based metrics
to improve localization accuracy. GUI-G1 [35] introduced
box-attribute constraints to regulate bounding-box geome-
try, while GUI-G2 [25] modeled spatial distributions using
Gaussian functions. TianXi-Action [26] focused on generat-
ing high-quality reinforcement learning data. Collectively,
these studies affirm the efficacy of reinforcement learning in
enhancing spatial reasoning in GUI tasks.

2.3. Inference Enhancement
Significant attention has been given to optimizing inference
strategies to exploit the capabilities of MLLMs. One line
of work extends reasoning chains in the language space;
however, experiments [33] have found this direction subop-
timal for GUI scenarios, sometimes even hindering perfor-
mance. Alternatively, several works have targeted inference
enhancement in the image space. ScreenSeekeR [12] and
R-VLM [20] introduced multi-stage pipelines, first perform-
ing region-level localization followed by refinement within
local regions, thus improving accuracy. DiMo-GUI [29] pro-
posed a divide-and-conquer strategy, separating reasoning
over icons and text to reduce cross-modal interference. GUI-
RC [5] employed intersection operations to aggregate multi-
ple predictions, improving robustness. While conventional
MLLMs have demonstrated the effectiveness of inference
enhancement techniques for general tasks [14], their direct
application to GUI tasks is often limited by inductive biases
specific to spatial reasoning. This paper identifies two criti-
cal inductive biases —precision bias and ambiguity bias—
that remain prominent in GUI grounding. We propose BAMI

to address these through bias-aware inference.

3. Pilot Study
On ScreenSpot-Pro [12], a challenging GUI grounding
benchmarks, the accuracy of state-of-the-art grounding mod-
els on these benchmarks has significantly decreased, falling
below 50%. To gain deeper insights into the underlying
performance bottlenecks, we conducted a systematic pilot
study addressing two primary questions: (1) What are the
root causes of errors made by GUI grounding models? (2)
How can these errors be mitigated from a model mechanism
perspective without the need for retraining?

3.1. Error Attribution via MPD
This section uses the ScreenSpot-Pro dataset [12] as a bench-
mark to analyze potential error patterns in GUI grounding
models and explore corresponding mitigation strategies.

Problem Formulation For a GUI grounding model
f , given a query q and a GUI screenshot I ∈
RH×W×3, the model generates a text sequence t con-
taining the target bounding box in the standard format:
<|box start|>(x1, y1, x2, y2)<|box end|>. The co-
ordinates (x1, y1, x2, y2) = r(t) are extracted using a regu-
lar expression parser r, where (x1, y1) and (x2, y2) represent
the top-left and bottom-right coordinates of the bounding
box, respectively. The center coordinates of the bounding
box are computed as: (xc, yc) =

(
x1+x2

2 , y1+y2

2

)
. A predic-

tion is considered correct if the center coordinate (xc, yc)
lies within the ground-truth bounding box; otherwise, it is
deemed an error.

Attribution Method Traditional gradient-based at-
tribution methods (e.g., GradCAM [22], Integrated
Gradients [24]) are not well-suited for the discrete text-
to-coordinate conversion process. As an alternative, we
initially considered using Shapley values [18, 23] for
attribution analysis. For an n-dimensional input feature,
the Shapley value for the i-th feature is defined as: ϕi =∑

S⊆{1,2,...,n}\{i}
|S|!(n−|S|−1)!

n! [f(S ∪ {i})− f(S)],
where S denotes a subset of features. However, due to the
high resolution of GUI screenshots, estimating the Shapley
values [1] for a single sample takes approximately 10 hours
on a single RTX 4090 GPU, which is computationally
impractical. To address this, we propose the Masked
Prediction Distribution (MPD) method, which efficiently
observes the spatial distribution of model predictions under
random perturbations (see Supplementary Algorithm 1).
Regions with densely distributed predicted points indicate
high model confidence in those areas. We set the number of
perturbations to 300 per sample and can obtain heatmaps
within 20 minutes per sample.
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Table 1. Proportions and detailed analysis of different error types.
Error Type Description

Knowledge Gap
(14%)

Model fails to recognize target information.
7 error samples.

Precision Bias
(20%)

Model identifies target but exhibits system-
atic offset. 10 samples.

Ambiguity Bias
(54%)

Model distracted by similar regions or mis-
leading semantics. 27 samples.

Others (12%) Unclassified patterns. 6 samples.

Error Pattern Analysis Based on the experimental results
of TianXi-Action-7B [26] on ScreenSpot-Pro, we conducted
an attribution analysis on 50 error samples, with the find-
ings summarized in Table 1. Notably, both precision bias
and ambiguity bias are categorized as inductive bias issues,
collectively accounting for 74% of the error samples. This
indicates that if we can effectively mitigate inductive bias,
the model’s performance will be significantly improved.

3.2. Mitigation Strategy: Inductive Bias Correction
Based on the error pattern analysis, we explored potential
mitigation methods for different error types. Knowledge
gap errors reflect limitations in the model’s training data or
architecture, which are difficult to address with inference-
time techniques. In contrast, inductive bias errors (precision
bias and ambiguity bias) can potentially be mitigated through
optimization of the inference mechanism.

Limitations of Language-Space Enhancement Inspired
by reasoning techniques in large language models (e.g.,
Chain-of-Thought [27]), we first attempted to enhance GUI
grounding performance by augmenting linguistic informa-
tion. (1) Query Expansion Strategy: For queries with insuf-
ficient or ambiguous descriptions, we used a language model
to expand and refine the original query, generating more
precise instruction information. (2) Context Expansion
Strategy: We utilized a multimodal large language model
(e.g., Qwen2.5-VL [2]) to generate a structured description

of the GUI, including the geometric location, text content,
and other information of UI elements, and concatenated this
with the original query as model input. However, experi-
mental results indicated that merely extending the language
sequence did not significantly improve model accuracy, and
even introduced additional errors in some cases. This phe-
nomenon aligns with recent findings [33] that traditional
linguistic reasoning models are difficult to directly transfer
to precise grounding tasks.

Root Causes of Precision Bias An in-depth analysis of
precision bias revealed that multimodal models typically
adopt discretized coordinate representations for images with
resolution H ×W . For instance, in Qwen series models,
a coordinate value of x1 = 789 is split into independent
digit characters (<7>, <8>, <9>) and further converted into
their corresponding token IDs. This discretization inherently
limits the model’s maximum precision to the unit digit level.

Root Causes of Ambiguity Bias The cross-entropy train-
ing objective for multimodal models optimizes the edit dis-
tance of token sequences rather than the Euclidean distance.
Let the ground-truth coordinate be xGT = 789, and consider
two predicted candidates: x′ = 189 and x′′ = 801. A direct
comparison of the two metrics yields:

dedit(xGT, x
′) = 1 < dedit(xGT, x

′′) = 3

deuc(xGT, x
′) = 600 > deuc(xGT, x

′′) = 12

This inconsistency in metrics causes a fundamental conflict
between the model’s optimization objective in token space
and the need for accuracy in real-world spatial localization.
Therefore, external correction mechanisms combining to-
ken sequence optimization with geometric constraints are
necessary to address this systematic bias.

4. Method
Based on the experimental results from the pilot study, we
design the BAMI method in this section. The method tar-
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Algorithm 1 BAMI (with N crop iterations and M candi-
dates per iteration)

Require: Query q, screenshot I , correction model m, and
grounding model f

Ensure: Grounding point (x, y)
1: Initialize the input image as I1 = I
2: for all t ∈ {1, 2, · · · , N} do
3: Initialize the candidate box set Φt = ∅
4: for all i ∈ {1, 2, · · · ,M} do
5: Masking all pixels in the candidate set to get input

image Iti = MASK(It−1,Φt)
6: Predict the candidate box bti = f(q, Iti ) and update

Φt ← Φt ∪ {bti}
7: end for
8: Select the preferred box b̃t = m(q, It,Φt)
9: Crop the input image It+1 = CROP(It, b̃t)

10: end for
11: Compute the center point of b̃N as (x, y)

gets both accuracy bias and ambiguity bias, and proposes
different manipulations to improve GUI grounding.

4.1. Accuracy Bias: Coarse-to-Fine Focus
The root cause of accuracy bias lies in the discretization
process of multimodal large models during coordinate lo-
calization. Since the prediction accuracy of the model is
typically limited to the pixel level, and its output is difficult
to be perfectly accurate, prediction errors may sometimes
reach tens or even hundreds of pixels. To effectively elimi-
nate accuracy bias, inspired by human observation strategies,
we propose a coarse-to-fine focus manipulation. Specifi-
cally, we first use the grounding model to predict a coarse
localization coordinate (xt, yt). Then, based on this coarse
coordinate, we crop the original image to a scale of λ < 1,
and input the cropped image back into the grounding model
for fine localization, obtaining a more precise coordinate
(xt+1, yt+1). Although this process can be iterated multiple
times, we find that there is a trade-off in the hyperparameters.
(1) Iteration count: After a certain number of iterations,
the performance improvement of the model tends to plateau;
(2) Crop ratio: A large cropping ratio may lead to the loss
of crucial information, while a small cropping ratio may
prevent the model from accurately localizing the target.

4.2. Ambiguity Bias: Candidate Correction
Multimodal large models (MLLMs) represent coordinates
as text sequences for autoregressive generation. While this
design simplifies the training process, it introduces a discrep-
ancy between the training and inference phases. For exam-
ple, the coordinate “789” is encoded into the text sequence
<7><8><9>, and the model minimizes the edit distance
of this text sequence using cross-entropy loss. In practice,

however, the impact of digit position errors is asymmetric:
an error in the hundreds place is two orders of magnitude
more significant than that in the ones place. This results in a
substantial mismatch between edit distance and Euclidean
distance, and no straightforward mapping exists to convert
the former to the latter. To eliminate ambiguity bias, we first
generate multiple mutually exclusive candidate bounding
boxes through multi-round masked prediction operations.
Subsequently, we utilize a correction model to re-select from
these candidate boxes. We investigate both online APIs (e.g.
GPT-5) and locally trained models (e.g. Qwen3-VL-8B) for
this role. Notably, the key to this operation lies in prompt
design; naive prompt designs fail to leverage the correction
model effectively. To enable the correction model to rectify
the erroneous ordering tendency of the grounding model, we
incorporate key principles consistent with GUI priors into
the prompt. Examples of these principles are provided below,
and detailed prompt design is available in the appendix.

Prompt

1 - (Functional Preference) Focus on the functional
purpose of the highlighted elements

2 - (Memory Comparison) Consider standard patterns
(e.g., buttons for actions)

3 - (Interactive Components) Prioritize interactive
elements over static text/labels

4.3. BAMI: Bias-Aware Manipulation Inference
By integrating the two manipulations outlined above, we
propose BAMI, as illustrated in Figure 5. To enhance the
diversity of candidate boxes, we mask the pixels within al-
ready predicted candidate boxes prior to each new prediction
step, thereby ensuring the mutual exclusivity between newly
generated candidate boxes and existing results. To mitigate
precision bias, BAMI adopts a coarse-to-fine focus strategy
in its outer loop, enabling gradual refinement of focus toward
more accurate coordinate positions step by step. Simultane-
ously, to address ambiguity bias, BAMI employs a candidate
selection strategy in each iteration, selecting the most suit-
able box from multiple candidates as the final output. The
algorithm of BAMI is detailed in Algorithm 1.

5. Experiment
5.1. Experimental Setup
Models The proposed BAMI method aims to enhance the
accuracy of Grounding models without retraining. We tested
this method on several state-of-the-art grounding models,
including OS-Atlas-7B [30], UI-TARS-1.5-7B [21], and
TianXi-Action-7B [26]. All models were implemented using
the Transformers framework [28] for inference. The input to
the models consists of both the query and the screenshot. OS-
Atlas and TianXi-Action output bounding box coordinates,
while UI-TARS outputs click coordinates.
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Figure 5. Illustration of BAMI. Step 1: Based on the initial prediction results of the grounding model, BAMI performs cropping around
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the pixels within the predicted bounding box are randomly masked to ensure the diversity of multiple prediction results. Step 3: Using
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Data We evaluate BAMI on ScreenSpot-V2 [30], and
ScreenSpot-Pro [12]. ScreenSpot-V2 are mainly used to
assess grounding accuracy in simple scenarios, covering
mobile, web, and desktop. ScreenSpot-Pro focuses on com-
plex scenarios, consisting of high-resolution screenshots of
professional software, where each sample contains multi-
ple software elements, and the targets are typically small,
making it a particularly challenging task.

Hyperparameters To balance efficiency and accuracy,
two iterations were adopted for the coarse-to-fine focus-
ing process. For high-resolution screenshots, the crop ratio
λ was set to the range [0.5, 0.7]. To eliminate ambiguity
bias, a masking mechanism was employed, which generates
2 ∼ 3 candidate results per iteration; subsequently, a cor-
rection model was used to select the result most relevant
to the query. We evaluate both online (GPT-5) and offline
(Qwen3-VL-8B) variants. All experiments were conducted
on a single RTX 4090 GPU.

5.2. Comparison with SOTA
We first evaluated state-of-the-art grounding methods on the
complex ScreenSpot-Pro dataset, with results summarized in
Table 2. All models were categorized into three groups based
on their training or deployment paradigms: supervised fine-
tuning (SFT) training, reinforcement learning (RL) training,
and test-time inference. Among 7B-scale models, our BAMI
method achieved the best performance on the ScreenSpot-
Pro dataset, attaining an accuracy of 57.8%. Built upon
TianXi-Action-7B [26], our model delivers a 5.9% accu-
racy improvement. We present the consistent improvements
of BAMI across different base models in Table 3. Addi-
tionally, we conducted experiments on the ScreenSpot-V2

dataset, with detailed results in the supplementary material,
which demonstrates that our method outperforms all base-
line models to varying extents. Furthermore, Table 4 (left)
dissects two key manipulations of BAMI, where “PB” and
“AB” denote precision bias and ambiguity bias elimination,
respectively. It can be observed that both manipulations inde-
pendently yield significant improvements in model accuracy.

5.3. Ablation Studies
This section presents a series of ablation experiments to
validate the effectiveness of the accuracy bias and ambiguity
bias elimination manipulations in BAMI and explores the
impact of different parameter settings on model performance.

5.3.1. Accuracy Bias Elimination
Impact of Crop Ratio and Iteration Number We first
investigate the effects of the number of crops and the crop
ratio λ on the elimination of accuracy bias, as illustrated in
Figure 6a. For the crop ratio, the number of iterations is
fixed at 2. When the crop ratio exceeds 40%, the elimination
effect on precision bias becomes relatively significant. If
the crop ratio is set too aggressively (i.e., less than 40%), it
may lead to the cropping of crucial contextual information,
compromising model performance. For the number of itera-
tions, the crop ratio is fixed at 50%. It can be observed that 2
iterations are sufficient to eliminate precision bias. Excessive
iterations may result in an overly large overall cropping ratio,
which conversely degrades the performance.

Impact of Target Type We also investigate whether BAMI
exhibits selectivity across different targets, as illustrated in
Figure 6b. We calculated the Euclidean distance between
predictions and ground truth, where the blue line represents
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Table 2. Comparison with various models on ScreenSpot-Pro.

Grounding Model
Development Creative CAD Scientific Office OS

Avg.Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon

Proprietary Models

GPT-4o [11] 2.0 0.0 1.3 0.0 1.0 0.0 2.1 0.0 1.1 0.0 0.0 0.0 0.8
Claude Computer Use [10] 14.5 3.7 22.0 3.9 25.9 3.4 33.9 15.8 30.1 16.3 11.0 4.5 17.1

General Open-source Models

Qwen2.5-VL-3B [2] 9.1 7.3 22.1 1.4 26.8 2.1 38.2 7.3 33.9 15.1 10.3 1.1 16.1
Qwen2.5-VL-7B [2] 16.8 1.6 46.8 4.1 35.9 7.7 49.3 7.3 52.5 20.8 37.4 6.7 26.8

GUI-specific Models (SFT)

SeeClick-9.6B [3] 2.5 0.0 0.6 0.0 1.0 0.0 3.5 0.0 1.1 0.0 2.8 0.0 1.1
CogAgent-18B [9] 7.1 3.1 14.9 0.7 9.6 0.0 22.2 1.8 13.0 0.0 5.6 0.0 7.7
OS-Atlas-7B [30] 12.2 4.7 33.1 1.4 28.8 2.8 37.5 7.3 33.9 5.7 27.1 4.5 18.9
ShowUI-2B [13] 2.5 0.0 16.9 1.4 9.1 0.0 13.2 7.3 15.3 7.5 10.3 2.2 7.7
UGround-7B [6] 14.2 1.6 26.6 2.1 27.3 2.8 31.9 2.7 31.6 11.3 17.8 0.0 16.5
UGround-V1-7B [6] 15.8 1.2 51.9 2.8 47.5 9.7 57.6 14.5 60.5 13.2 38.3 7.9 31.1
UI-TARS-7B [21] 20.8 9.4 58.4 12.4 50.0 9.1 63.9 31.8 63.3 20.8 30.8 16.9 35.7
TianXi-Action-7B [26] 76.0 21.4 61.6 19.6 45.2 18.8 80.6 31.8 84.2 54.7 57.9 33.7 51.9

GUI-specific Models (RL)

UI-R1-3B [17] 11.2 6.3 22.7 4.1 27.3 3.5 42.4 11.8 32.2 11.3 13.1 4.5 17.8
UI-R1-E-3B [17] 37.1 12.5 46.1 6.9 41.9 4.2 56.9 21.8 65.0 26.4 32.7 10.1 33.5
GUI-R1-7B [19] 23.9 6.3 49.4 4.8 38.9 8.4 55.6 11.8 58.7 26.4 42.1 16.9 -
InfiGUI-R1-3B [15] 33.0 14.1 51.3 12.4 44.9 7.0 58.3 20.0 65.5 28.3 43.9 12.4 35.7
GUI-G1-3B [35] 39.6 9.4 50.7 10.3 36.6 11.9 61.8 30.0 67.2 32.1 23.5 10.6 37.1
SE-GUI-7B [32] 51.3 42.2 68.2 19.3 57.6 9.1 75.0 28.2 78.5 43.4 49.5 25.8 47.3
GUI-G2-7B [25] 55.8 12.5 68.8 17.2 57.1 15.4 77.1 24.5 74.0 32.7 57.9 21.3 47.5

Test-Time Methods

GUI-RC [5] - - - - - - - - - - - - 41.2
DiMo-GUI-7B [29] 66.9 21.4 60.6 21.7 50.3 14.1 68.1 21.8 80.8 52.8 69.2 28.1 49.7
BAMI-7B 81.8 26.9 68.2 23.8 58.4 29.7 77.8 36.4 83.6 60.4 72.9 33.3 57.8

Table 3. Comparison with different baseline models on ScreenSpot-Pro.

Grounding Model
Development Creative CAD Scientific Office OS

Avg.Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon

UGround-7B [6] 14.2 1.6 26.6 2.1 27.3 2.8 31.9 2.7 31.6 11.3 17.8 0.0 16.5
+ BAMI 48.7 5.5 46.5 7.7 18.3 4.7 54.9 14.6 52.5 18.9 42.8 9.4 30.0

OS-Atlas-7B [30] 12.2 4.7 33.1 1.4 28.8 2.8 37.5 7.3 33.9 5.7 27.1 4.5 18.9
+ BAMI 66.2 16.6 58.6 16.1 36.0 10.9 55.6 17.3 68.4 22.6 56.8 17.1 41.6

UI-TARS-1.5-7B [21] 50.0 14.5 56.6 13.3 37.6 12.5 66.0 22.7 76.3 34.0 55.6 16.9 40.8
+ BAMI 71.4 22.1 68.2 21.7 49.8 14.1 77.8 23.6 82.5 41.5 69.1 24.2 51.9

TianXi-Action-7B [26] 76.0 21.4 61.6 19.6 45.2 18.8 80.6 31.8 84.2 54.7 57.9 33.7 51.9
+ BAMI (GPT-5) 81.8 26.9 68.2 23.8 58.4 29.7 77.8 36.4 83.6 60.4 72.9 33.3 57.8
+ BAMI (Local) 80.5 26.9 66.7 21.0 53.8 28.1 78.5 34.6 83.1 62.3 71.3 31.6 56.2

the baseline and the green line represents BAMI. The red line
denotes the distance between corner points and the center of
the ground truth bounding box. If a prediction line lies below
the red line, the prediction is highly likely correct. We sorted
the baseline results in ascending order for ease of observation.
For both text and icon types, the bias distance of BAMI’s
predictions is mostly smaller than that of the baseline. This
indicates that BAMI has no selective preference for predicted

targets and possesses universality.

5.3.2. Ambiguity Bias Elimination

Impact of Prompt Design A key reason for ambiguity bias
lies in the fact that MLLMs prioritize candidate outcomes
based on edit distance. Therefore, it is crucial to inject
priority priors in the Euclidean space through prompt design.
We conducted ablation experiments on two important prompt
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Figure 6. Ablations on accuracy bias elimination. (a) Effect of crop ratio and iteration count. (b) Performance across different target types.

Table 4. Ablation studies on BAMI components and prompt design.

Manipulations Prompt Design

Setting PB AB Acc. Setting CoT KP Acc.

Baseline 51.9 Baseline 51.9
+ C2F Focus ✓ 55.2 + Vanilla 55.7
+ Cand. Sel. ✓ 54.3 + w/ CoT ✓ 57.0
+ BAMI ✓ ✓ 57.8 + w/ CoT&KP ✓ ✓ 57.8

structures in BAMI, as shown in Table 4 (right). “CoT”
denotes the chain-of-thought-style prompt, which aims to
enable the correction model to make selections in a more
granular manner. “KP” stands for key principle, a critical
component for injecting coordinate space priority priors into
the selection process. Experimental results demonstrate that
injecting Euclidean space priors into the correction model
significantly enhances the accuracy of BAMI.

Impact of Correction Model Selection We investigated
the impact of correction model selection, as presented in
Table 5. Among online APIs, GPT-5 and Gemini-2.5-Pro
achieved the best performance, enabling an overall accuracy
of over 57%. All tested models contributed to performance
improvement, indicating BAMI’s robustness across differ-
ent correction models. To address privacy requirements and
enable independent deployment, we trained a local Qwen3-
VL-8B correction model ( 8B parameters, matching ground-
ing models’ scale) via LoRA fine-tuning on 128K dual-box
samples. As shown in Table 5 and Table 3, it achieves
56.2Training details are in the supplementary material.

6. Discussion
This paper investigates how to improve GUI grounding in a
training-free manner. Through MPD, we identify that most
errors on complex GUIs stem from inductive bias, mainly ac-
curacy bias and ambiguity bias. BAMI extends the model’s
reasoning process through structured inference with two

Table 5. Impact of different correction models (online and offline).

Category Correction Model Accuracy

Baseline 51.9

Online APIs

Doubao-Seed-1.6-Flash 55.3

GLM-4.5V 55.9

Qwen-VL-Max 56.4

Gemini-2.5-Pro 57.2

GPT-5 57.8

Local Model Qwen3-VL-8B (Ours) 56.2

critical manipulations, coarse-to-fine focus and candidate
selection, which substantially alleviate these biases. On
ScreenSpot-Pro, BAMI improves TianXi-Action-7B from
51.9% to 57.8%, showing clear advantages over contem-
porary training-free methods in both effectiveness and effi-
ciency. To address privacy concerns and avoid relying on
the extra knowledge implicitly introduced by external APIs,
we further train a local correction-model variant based on
Qwen3-VL-8B using public data, which reaches 56.2%. In
particular, this local model uses a parameter scale compa-
rable to the grounding models themselves, demonstrating
that effective correction can be achieved without requiring
significantly larger architectures. Beyond this practical vari-
ant, we will further investigate how the model’s inductive
preferences diverge from real-world GUI scenarios, with the
goal of developing more generalizable solutions.
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