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UI-AGILE: Advancing GUI Agents with Effective Reinforcement Learning and
Precise Inference-Time Grounding

Supplementary Material

A. Environment and Implementation Details683

In the following, we provide the details of experiment envi-684

ronment and our implementation.685

Environment. We use a machine with two Intel(R)686

Xeon(R) Silver 4314 CPU @ 2.40GHz, 512GB main mem-687

ory and eight NVIDIA A800 GPU for experiments.688

Training Details. We use the trl framework1 to implement689

the cropping-based resampling strategy and reward func-690

tions. The sampling process is attempted 4 times at most691

and is bypassed entirely if the bbox’s dimensions exceed the692

target crop size. Following prior works, we use Qwen2.5-693

VL-3B2 and Qwen2.5-VL-7B3 as base models.694

Inference Details. For decomposed grounding with selec-695

tion, the input image is divided into four sub-images scal-696

ing to 60% of the original dimensions, with adjacent sub-697

images overlapping by 10% of the original image’s width698

and height. In the element image extraction stage, we define699

the element’s area by creating a simple bounding box cen-700

tered on the predicted point with the width and height equal701

to 14% of the sub-image’s width and height. We have also702

explored a more sophisticated approach using OmniParser703

to refine this bounding box. However, it does not improve704

performance and increases the inference overhead. In the705

selection stage, we use Qwen2.5VL-7B-instruct to choose706

the final answer and the prompt is listed in Fig. 5.707

Hyperparameters. Tab. 4 provides the training hyperpa-708

rameters of UI-AGILE where cropping factor is the width709

and height ratio of new attempted image and last attempted710

image. The hyperparameters in Eq. 2 and Eq. 5 are opti-711

mized using a grid search. Tab. 5 shows the specific values.712

B. Code713

We provide the code for our RFT training and the De-714

composed Grounding with Selection method in two sepa-715

rate modules. To avoid potential dependency conflicts, each716

module is designed to be run in its own conda environment.717

To ensure a fair and comprehensive comparison, we con-718

ducted extensive experiments on the ScreenSpot-Pro bench-719

mark. This involved re-implementing baseline models and720

1
https://github.com/huggingface/trl

2
https://huggingface.co/Qwen/Qwen2.5- VL- 3B-

Instruct

3
https://huggingface.co/Qwen/Qwen2.5- VL- 7B-

Instruct

Table 4. Training hyperparameters.

Hyperparameter Value
learning rate from 1e-06 to 4.36e-10
num generations 8
num train epochs 2
per device train batch size 4
gradient accumulation steps 4
cropping factor 0.6
sampling attempt num 4

Table 5. Hyperparameters for Eq. 2 and Eq. 5

Hyperparameter Value
lideal start 120 chars
lideal end 200 chars
lmin 50 chars
lmax 300 chars
C 4

Instruction: {instruction content}. 
Question: Does this image accurately match the 
instruction? Yes or No? 
Answer:

Prompt for VLM-based Adjudication

Figure 5. Prompt for VLM-based adjudication.

evaluating them with our Decomposed Grounding with Se- 721

lection method. 722

We use the parquet format to store test data in order to 723

reduce the I/O read overhead. 724

We still have room for improvement in the implemen- 725

tation of Decomposed Grounding with Selection for Infer- 726

ence, including multi-threading to accelerate processing im- 727

ages and other non-GPU operations. 728

C. Additional Results for Ablation Study 729

Fig. 6 provides results of the ablation study using Type and 730

GR as evaluation metrics on AndroidControl. We can ob- 731

serve that each component in UI-AGILE indeed contributes 732

to the overall performance. 733

1

https://github.com/huggingface/trl
https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct
https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct
https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct


CVPR
#Null

CVPR
#Null

CVPR 2026 Submission #Null. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

85.4 84.74 86.04 84.5185.99

80
85
90

Type

87.58 87.32 87.18
83.0980.07

75

85

GR

78.6
77.45

78.92
77.75 78.06

76

78

80

Type

UI-AGILE
w/o Thinking

60.71 60.43 60.26
57.43

53.83
50

60

GR
Normal Thinking
w/o Crop-Resample
w/o Continuous GR Reward

(a) Android Control-Low

(b) Android Control-High

Figure 6. Ablation study using Type and GR as evaluation metrics
on AndroidControl.

D. Analysis of Inference Time734

We report the inference time of our decomposed ground-735

ing with selection method on the full ScreenSpot-Pro736

dataset [12] using the vLLM framework [10] and one 80G737

A800 GPU card.738

As a baseline, the standard grounding approach applied739

to UI-AGILE-7B completes the benchmark in 30 minutes.740

When applying our method, the decomposed grounding741

stage takes 35 minutes. The subsequent VLM-based se-742

lection stage requires additional 4 minutes. The modest in-743

crease in overhead is a practical trade-off for the substantial744

gain of grounding accuracy brought by our method.745
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