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Abstract

Existing Graphical User Interface (GUI) rea-
soning tasks remain challenging, particularly
in UI understanding. Current methods typ-
ically rely on direct screen-based decision-
making, which lacks interpretability and over-
looks a comprehensive understanding of Ul
elements, ultimately leading to task failure. To
enhance the understanding and interaction with
Uls, we propose an innovative GUI reason-
ing paradigm called Ul-in-the-Loop (UILoop).
Our approach treats the GUI reasoning task as
a cyclic Screen-UlI elements-Action process.
By enabling Multimodal Large Language Mod-
els (MLLMs) to explicitly learn the localiza-
tion, semantic functions, and practical usage
of key UI elements, UILoop achieves precise
element discovery and performs interpretable
reasoning. Furthermore, we introduce a more
challenging UI Comprehension task centered
on Ul elements with three evaluation metrics.
Correspondingly, we contribute a benchmark
of 26K samples (Ul Comprehension-Bench)
to comprehensively evaluate existing methods’
mastery of Ul elements. Extensive experiments
demonstrate that UILoop achieves state-of-the-
art UI understanding performance while yield-
ing superior results in GUI reasoning tasks. !

1 Introduction

GUI automation leverages Artificial Intelligence
to simulate user interactions with device screens,
reducing human workload (Nguyen et al., 2025).
Recent advances in MLLMs have significantly en-
hanced GUI agents (Wang et al., 2023; Han et al.,
2026), demonstrating substantial potential in web
browsing, mobile apps, and office automation (Qin
etal.,2025; Hao et al., 2026; Lin et al., 2026; Zhang
et al., 2026a; Ding et al., 2025), while advanc-
ing Artificial General Intelligence development (Li
et al., 2026; Hu et al., 2025; Li et al., 2025b).

* Corresponding authors.
"https://github.com/zjukg/UILoop

Existing GUI agents leverage advanced MLLMs
(e.g., GPT-40 (Hurst et al., 2024) and the Qwen-
VL series (Bai et al., 2025)) to interpret user in-
structions and perform reasoning. However, these
methods struggle with the complex layouts and di-
verse Ul elements prevalent in real-world screens
(Zhang et al., 2024a). They typically follow a
“Screen-Action" paradigm, where decisions and
actions (e.g., click (123, 204), type “text", scroll
down) are generated directly from screen inputs
(Wang et al., 2025b; Sun et al., 2025; Pahuja et al.,
2025; Qi et al., 2024). This black-box decision-
making process lacks interpretability and fails to
foster a comprehensive understanding of UI ele-
ments (Wang et al., 2024). Consequently, models
often fail to accurately locate key elements and
grasp their semantics and functions. Ultimately,
this inability to effectively utilize these elements
leads to task failure.

Evaluation of current GUI agents reveals signifi-
cant deficiencies in Ul element comprehension. As
depicted in Fig. 1 Left, advanced models exhibit
poor performance (average score below 0.1) across
three critical dimensions: Ul element localization,
semantic function description, and practical-usage.
Based on this, we provide these models with both
beneficial and misleading Ul element descriptions
during user instruction execution. Fig. 1 Mid-
dle demonstrates that correct Ul understanding
substantially enhances reasoning across all scenar-
1os—including zero-shot MLLMs, GUI expert, and
models of varying scales. Conversely, incorrect
descriptions significantly increase task failure rates.
These findings underscore the critical role of UI
element comprehension in GUI reasoning.

To address the “Missing in the Screen-to-Action"
limitation inherent in current GUI models, we
propose Ul-in-the-Loop (UlLoop)—an innovative
paradigm that reframes GUI reasoning around the
mastery of Ul elements. As illustrated in Fig. 2,
UlLoop conceptualizes this process as a cyclic
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Figure 1: Left: Evaluation of existing methods on Ul element localization, semantic function description, and
practical usage. Middle: Performance gains with correct vs. misleading UI info compared to without Ul info. Right:
Comparison of UILoop against existing “Screen-to-Action'' methods on SR metric for Android Control-High.
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Figure 2: Compared to the existing “Screen-to-Action" paradigm, our Ul-in-the-Loop reframes GUI reasoning as

“Screen-UI Elements-Action".

“Screen-UI Elements—Action" process, where Ul
elements serve as the critical bridge from screen to
action, enabling more accurate reasoning based
on correct Ul elements. Leveraging reinforce-
ment learning’s strength in handling complex se-
quential decisions (Shao et al., 2024), we design
Ul-Element-Driven Reinforcement Fine-Tuning,
which teaches UlLoop to locate key Ul elements,
infer their semantic functions, and master their
practical usage, thereby achieving precise Ul pars-
ing and interpretable reasoning. Furthermore, rec-
ognizing the difficulty of understanding and apply-
ing Ul elements, we introduce the more challenging
UI Comprehension task along with three evalua-
tion metrics, and contribute a 26K benchmark (UI
Comprehension-Bench) to comprehensively eval-
uate the UI localization, semantic understanding,
and practical-usage capabilities of existing models.
Our major contributions are as follows:

* We demonstrate that comprehensive Ul under-
standing significantly enhances reasoning in ex-
isting GUI agents. Building on this insight, we
propose the innovative UILoop paradigm, which
moves beyond conventional “Screen-to-Action"
approaches by reframing GUI reasoning as cyclic
“Screen—UI Elements—Action" loop. Through

UI Element—Driven Reinforcement Fine-Tuning,
UlILoop improves model comprehension of in-
terface elements, thereby advancing mutimodal
GUI reasoning and interpretability.

* We introduce the more challenging UI Compre-
hension task with three dedicated evaluation met-
rics (UI Locate, Lingualize, and Leverage) to as-
sess how existing methods master Ul elements.
To support this, we advance community research
by contributing UI Comprehension-Bench, a 26K
benchmark for comprehensive Ul capability as-
sessment.

» Extensive experiments demonstrate that UILoop
achieves state-of-the-art (SOTA) performance in
UI comprehension, while delivering superior re-
sults in GUI reasoning tasks.

2 Related Work

Screen-to-Action GUI Agent. Current ap-
proaches enhance GUI reasoning through large-
scale pretraining (GUI-OWL (Ye et al., 2025)) and
supervised fine-tuning (Aguvis (Xu et al., 2024),
CoCo-Agent (Ma et al., 2024), Show-UI (Lin et al.,
2025), Aria-UI (Yang et al., 2025)). Moreover,
recent work (UI-R1 (Lu et al., 2025), GUI-R1
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(Luo et al., 2025), InfiGUI-R1 (Liu et al., 2025b),
InfiGUI-G1 (Liu et al., 2025¢), VeriOS (Wu et al.,
2025), VeriGUI (Zhang et al., 2026b)) designs rein-
forcement learning for robust sequential decision-
making. Several datasets such as Meta-GUI (Sun
et al., 2022), AITW (Rawles et al., 2023), GUIAct
(Chen et al., 2025), OmniACT (Kapoor et al.,
2024), Android Control (Li et al., 2024), AITZ
(Zhang et al., 2024b) have been proposed to en-
hance SFT or RL training for the ‘“Screen-to-
Action" paradigm. However, this paradigm im-
plicitly embeds UI comprehension within action
prediction, lacking explicit UI element focus and
limiting interpretability.

UI Elements-Enhanced GUI Agent. Existing
methods focus on Ul element localization but
ignore semantic functions and practical usage.
SeeClick (Cheng et al., 2024) improves local-
ization via ScreenSpot dataset. GUI-explorer
(Xie et al., 2025) retrieves Ul information exter-
nally but doesn’t enhance intrinsic understanding.
ScreenSpot-Pro (Li et al., 2025a), MMBench-GUI
(Wang et al., 2025a), UI-E2I-Bench (Liu et al.,
2025a), Ul-Vision (Nayak et al., 2025), OS-Atlas
(Wu et al., 2024), and UGround (Gou et al., 2025)
improve localization but neglect their semantic and
functional understanding, resulting in incorrect in-
teractions such as clicking a scrollbar instead of
dragging it. To address this, we propose UlLoop, a
“Screen-UI Element-Action" paradigm that explic-
itly teaches models to master Ul elements, achiev-
ing superior GUI reasoning performance.

3 Preliminary

GUI Reasoning. Given a user instruction Z, we
formulate the GUI reasoning task as a multi-turn
iterative decision-making process. At each step, the
GUI Agent needs to interact with the current screen
S; and output an action. Therefore, our objective
is to train the policy model 7y to output the correct
action a; to complete the user instruction:

6 = arggnaxl?[ Py, (ai|Z,S;),

where ¢ is the ¢-th iteration cycle. Meanwhile,
mg needs to analyze the UI elements in S;
that are beneficial for task completion: U =
{ui — [uéoc c Z/[loc7 uﬁzn c ulin’ uéev c ulev] }’

where 24'°¢, 14" 14'*" represent location (e.g., (84,
1061)), semantic and functional description (e.g.,
“this element is an icon that likely represents an
option to edit or save the document"), and usage

(e.g., action: click, box: (84, 1061)), respectively.
By using U to obtain a;, we can therefore model
the objective as a “Screen—UI Elements—Action"
iteration loop as follows:

0 = arg;naleI Py, (a;|Z,uy) I;IPW (417, S5)
Group Relative Policy Optimization (GRPO)
(Guo et al., 2025) is a reinforcement learning algo-
rithm for training models to improve performance
on complex sequential decision-making (e.g., GUI
reasoning). We employ GRPO to optimize our
model. GRPO estimates the relative advantage of
each response within a group of responses to the
same prompt, eliminating the need for a value func-
tion. The optimization objective is:

‘C(o) = ]E{Oi}?:f‘“”ﬁuld(olz’s)

G |os]
1 1 [ me(0itlZ, 04,<t)
=3 ;:1 o E {mm {

t=1 Ty (0i.t|Z, 0i <t)

. me(0it|T, 0i<t) u
AU cli (”,1—6,1—{—6 AL
o P TOo1a (Oiyt|Iv Oi,<t) vt

- BDKL(WGH']Tref) }>

where G is the number of responses per Z, o; is
the i-th response, my,,, is the old policy, 7 is
the current policy, Azi’,’t is the UI advantage of the
1-th response at position ¢, € is the clipping range,
and D, (mg||mrer) denotes the KL divergence
penalty.

4 Ul-in-the-Loop Framework

As shown in Fig. 3, our GUI reasoning paradigm,
Ul-in-the-Loop (UlLoop), consists of two main
stages. In the first stage, we design a Scaling Data
for Ul Comprehension synthesis pipeline to con-
struct the Ul Comprehension-Bench, serving to
enhance the model’s ability to understand and uti-
lize UI elements. In the second stage, with this
benchmark, we propose Ul Element-Driven Rein-
forcement Fine-Tuning to address the “Missing in
the Screen-to-Action" limitation of existing mod-
els and strengthen the model’s UI comprehension
capabilities.

4.1 Scaling Data for UI Comprehension

Data Collection. Existing GUI Reasoning
datasets serve the “Screen-to-Action" paradigm.
Therefore, they lack fine-grained information
regarding the location, semantic functionality, and
practical usage of key Ul elements on the screen.
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Figure 3: Overview of our Ul-in-the-Loop (UILoop) framework.

Consequently, we conduct a comprehensive
augmentation of Ul element information for
existing GUI reasoning datasets.

Specifically, we collect training and testing data
from Android Control (Li et al., 2024), OmniAct
(Kapoor et al., 2024), GUI-Act (Chen et al., 2025),
ScreenSpot (Cheng et al., 2024), ScreenSpot-Pro
(Li et al., 2025a), and OS-Atlas (Wu et al., 2024)
as source data, whose original data format is pre-
sented as (Z,S,a). Based on this, we apply the
set-of-marks model M™%* to S (e.g., OmniParser
V2 (Yu et al., 2025)) to mark the locations of all
identifiable UI elements as follows:

Mmark (S) N uloc

We employ GPT-40 as the selection model M ¢!
to filter out key UI elements that are beneficial
for completing user instruction Z, and supplement
the semantic functionality of these Ul elements
(as shown in Fig. 2, included in <ui> along with
location information) and practical usage (in the
<think> and <answer> parts) described as follows:

M (3,8.U%,0) U

where U* represents the key Ul elements. In
addition, we perform fine-grained augmentation

of UI element information for the dataset based

on three different sources: Webpages, Mobile,
and Operating System, following the same pro-
cedure as described above. Construction details
are provided in the Appendix A. Finally, we aug-
ment the fine-grained Ul information and con-
struct Ul Comprehension-Bench, with data format:
(Z,S8,U*, a). Details are in Appendix B.

More than Action Prediction: Ul Comprehen-
sion. Existing GUI reasoning methods focus
solely on “Screen-to-Action" prediction, leaving
the reasoning process a black box. Even when mod-
els output reasoning traces, they lack explicit mod-
eling and evaluation of intermediate steps. Current
evaluations measure only final action accuracy, ne-
glecting UI element understanding and utilization,
thus lacking interpretability. To address this, we
propose a novel task: UI Comprehension, which
provides interpretable intermediate representations
based on Ul elements, establishing a transparent
“Screen-UI Element-Action" reasoning paradigm.
We design three evaluation metrics: Locate, Lin-
gualize, and Leverage, assessing Ul element local-
ization, semantic function understanding, and uti-
lization accuracy, respectively. The calculation of
metrics is detailed in Sec. 4.2. We define the final
score as: Overall = Locate * Lingualize * Leverage.

17677



26.5%
~ s Avg GT Ul Ratio (%)
+— Avg Token Length

-=-- Ul Element Length Proportion (%)

w
S

25

)
&

gth

_21.9%

N
S

&
je Token Len
Ul Coverage

Average GT Ul Ratio (%)
3

Ul Element Length Proportion (%)

# Ul Elements

100.0700,07700.01700 0 100,01 100.01700 07 36,8937 3757 57
(n=4] (n=20) (n=6] (n=9] (n=2] (n=8) ‘,,:35

% 95,81
(n= 110 (n=24(s 25 920/
(n=12073;

505/»
(n=188 734/
79)

444/ 42.9%
iz

()
wofo
&

N

@
¢
§ &
S

Action Type
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# Unique Annotation
Datasets # Episodes Instructions Screen Key UI Element Action Action Action
Desc. Loc. Lin. Lev. Coord Desc. Think
AITW 715142 30378 X X X X 4 X X
Android Control 15283 15283 4 X X X v v X
MMBench-GUI 8123 8123 X 4 X X v 4 v
ScreenSpot-Pro 1581 1581 X 4 X X X X X
UI-E2I-Bench 1477 1477 X 4 X X X X X
UI-Vision 8227 ~450 4 4 X X v 4 X
Ours 26207 15735 4 v v v v v v

Table 1: Comparison of our UI Comprehension-Bench with existing GUI reasoning benchmarks.

Furthermore, we contribute Ul Comprehension-
Bench 26K for this task.

Statistics of Ul Comprehension-Bench. Tab. 1
compares our large-scale 26K UI Comprehension-
Bench with existing GUI reasoning datasets. We
are the first to provide Ground Truth (GT) Ul ele-
ments (i.e., key Ul elements) for screens and offer
a fully interpretable “Screen-UI Elements-Action"
reasoning chain: locating GT UI elements, describ-
ing their semantic functions and practical usage,
and finally deriving the action.

Fig. 4 presents detailed statistics. The bench-
mark contains 1,576,068 UI elements, with only
57,332 GT Ul elements (<4%), demonstrating iden-
tification difficulty. Fig. 4 Left visualizes the dis-
tribution of GT UI element proportions. When
only 1 GT UI element exists, it comprises merely
3.1% of total elements, requiring models to identify
it among numerous irrelevant layouts. Such sam-
ples constitute 26.5% of UI Comprehension-Bench,
highlighting the difficulty. To verify our UI element
effectiveness, we visualize text coverage rates of
GT Ul elements during reasoning, grouped by ac-
tion type. Fig. 4 Right show coverage rates exceed-
ing 90% for most action types, with only minimal

actions below 80% (e.g., long_press with 14 sam-
ples). This demonstrates that Ul Comprehension-
Bench provides high-quality Ul elements with log-
ical coherence and interpretability.

4.2 UI Element-Driven Reinforcement
Fine-Tuning

To address the “Missing in the Screen-to-Action”
limitation, we leverage reinforcement learning’s
strength in handling complex sequential decisions
and propose UI Element-Driven Reinforcement
Fine-Tuning to enhance the model’s Ul Compre-
hension capability. Specifically, we design Loca-
tion, Lingualization, and Leverage Rewards to re-
spectively strengthen the model’s ability to locate
Ul elements, understand their semantic functions,
and utilize them effectively. Firstly, we employ
Format Reward to encourage the model to output
in the expected format.

Format Reward. We require the model to output
in the following format.

<ui> Located at [X, y], describe the UI element’s seman-
tics and function. </ui> <think> ... </think> <answer>
[{‘action’: , ‘point’: , ‘input_text’: }] </answer>
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If the output matches the expected format, the
format reward is 1; otherwise, it is 0.

Location Reward. We use the Euclidean dis-
tance between the predicted Ul element coordinates
and the ground truth UI element coordinates as the

location reward, defined as follows:
1 1|
ploc — 7|L{*| Z 1D(u1j)md) *[1—
i=1

Vo] — e )2 4 (e [y] i )
Vuw? + h?
where w and h denote the width and height of
the screen, respectively, and 1p(-) is an indicator
function that equals 1 when uP"*? is the nearest
predicted Ul element to u*, and O otherwise.

]7

Lingualization Reward. We calculate the se-
mantic similarity between the text descriptions of
the predicted UI elements and the ground truth UI
elements as follows:

U~

rlin _

1
|

|
pred . lin* | linPmed
i 1p (uj ) * S1M (u1 s U

i=1

Leverage Reward. We adopt different calcula-
tion methods for action types in Ul element utiliza-
tion as follows. When the action type is ‘click’:

,pred pred . * .
rlev =1, (ué-“ ) <ué"v [point] == u'® Lpomt])

When the action type is one of ‘scroll’, ‘type’,
‘open_app’, or ‘select’:

e =1, <u§-€vmed> (ué-e”pmd [text] == ule”" [tewt])

lev levP®

J
14(-) is an indicator function that equals 1 when the
action type of ué»e”pmd matches that of uée”*, and 0
otherwise. We specifically note that the Location,
Lingualize, and Leverage evaluation metrics of
UI Comprehension-Bench are consistent with
the calculation methods of the Location, Lin-
gualization, and Leverage Rewards described

above. We define the overall reward as follows:

. d
For other actions, r'¢Y = 14 (u ) Here,

p = ,,,format +ag * rloc * rlzn +ag* 1y (rloc * rlzn) " T,lev

1y (+) is an indicator function that equals 1 when
rlo¢ s plin > p_and 0 otherwise. This design en-
sures that during training, the model prioritizes
locating key UI elements on the screen and un-
derstanding their semantic functions, and then
learns to utilize these elements for accurate
decision-making.

Finally, we compute the advantage function us-
ing the obtained rewards as follows:

ri —mean ({r1,r2,...,7q})

std ({r1,72, ...xTa})
where mean and std denote the mean and standard
deviation, respectively.

AU =

S Experiments

5.1 Experiment Setting

Datasets. We evaluate on the test splits of An-
droid Control-High and ScreenSpot-Pro, which as-
sess high-difficulty multi-step GUI reasoning and
cross-platform grounding, respectively. For UI
Comprehension, we use Ul Comprehension-Bench
26K, with statistics reported in Appendix B.

Evaluation Metrics. We use action type accu-
racyw (Type), point accuracy (Ground Rate, GR),
and step success rate (SR). Type measures action
accuracy, GR assesses grounding capability, and
SR evaluates overall accuracy of actions, coordi-
nates, and text. For ScreenSpot-Pro, we use GR.
For UI Comprehension, we use Locate, Lingualiza-
tion, and Leverage to assess Ul element grounding,
semantic understanding, and utilization accuracy.

Baselines. We compare: (1) Zero-shot general
MLLMs performing GUI reasoning without train-
ing; (2) Screen-to-Action models—trained on GUI
datasets to directly output actions from screens.

Implementation Details. We use Qwen2.5-VL-
3B and 7B as base models, trained on UI
Comprehension-Bench’s training set (Details in
Appendix B). We perform RFT using Verl (Sheng
etal., 2024) until reward convergence (3~6 epochs)
with 5 rollouts. Prompts are detailed in the Ap-
pendix C. All experiments run on 8 A100 80G
GPUs. a3 and ay are set to 4, 5 separately. The Ul
indicator threshold 7 is 0.5.

5.2 Main Result

As shown in Tab. 2, zero-shot MLLMs generally
underperform training-based MLLMs due to lack
of GUI training. Our method surpasses “Screen-to-
Action" models on both datasets. On ScreenSpot-
Pro, our 3B and 7B models outperform similarly-
sized Qwen2.5-VL and GUI-R1 by 13.3%, 2% and
13.3%, 3.2% in overall scores, respectively. On
Android Control-High, our 7B model exceeds GUI
expert models OS-Atlas-7B, OS-Atlas-Pro-7B, and
GUI-OWL-7B by 46.5%, 58.0%, and 38.8% in SR,
respectively. These results demonstrate the superi-
ority of the “Screen-UI Element-Action" paradigm.
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ScreenSpot-Pro AndroidControl-High
Methods Dev Creative CAD Sci. Office oS Overall
Type SR GR
Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon Avg.
Zero-Shot Models
Claude-CU 220 39 259 34 145 37 339 158 30.1 163 11.0 45 234 7.1 17.1 637 125 -
GPT-40 13 00 10 00 20 00 21 00 11 00 00 00 13 00 08 631 212 309
Qwen2.5-VL-3B 162 14 233 14 102 47 382 64 243 38 150 1.1 212 3.1 122 478 389 465
Qwen2.5-VL-7B 33.1 2.1 237 35 122 63 368 73 378 75 308 69 291 56 174 687 47.1 59.7
Screen-to-Action Training Models
SeeClick 06 00 10 00 25 00 35 00 11 00 28 00 18 00 1.1 829 591 62.9
GUI-Owl-7B 370 55 328 14 239 47 375 100 339 113 187 34 310 55 213 729 375 537
OS-Atlas-Pro-7B. 14 00 1.1 00 27 00 15 00 18 20 00 00 14 03 09 697 183 16.8
OS-Atlas-4B 71 00 30 14 20 00 90 55 51 38 56 00 50 1.7 37 490 228 495
OS-Atlas-7B 331 14 288 28 122 47 375 73 339 57 271 45 281 40 189 574 298 549
Qwen2.5-VL-3B* 203 1.8 246 28 112 47 395 64 286 57 178 22 238 39 139 521 412 495
Qwen2.5-VL-7B* 314 1.8 273 35 157 51 407 79 397 89 324 69 312 57 185 692 48.1 58.7
ShowUI-2B 169 14 91 00 25 00 132 73 153 75 103 22 108 26 7.7 - - -
Aria-Ul 162 00 237 21 76 16 271 64 203 19 47 00 171 20 113 - 102 432
UI-R1-3B 227 41 273 35 112 63 434 11.8 322 113 131 45 250 69 17.8 579 454 557
UGround-7B 266 21 273 28 142 16 319 27 316 113 178 00 250 28 165 - - -
GUI-R1-3B 338 48 409 56 2064 78 618 173 536 170 281 56 407 9.7 252 580 46.6 562
GUI-R1-7B 494 48 389 84 239 63 556 11.8 58.7 264 421 169 448 124 286 71.6 51.7 65.6
UlLoop Training Models

UILoop-3B 46.1 48 456 7.8 325 85 482 150 493 108 264 7.7 413 91 272 8.3 705 689
UILoop-7B 526 9.7 474 1 383 125 49.6 152 51.1 127 348 81 455 112 31.8 889 763 818

Table 2: Performance comparison of UILoop with zero-shot and “Screen-to-Action" paradigm models on ScreenSpot-
Pro and AndroidControl-High. * denotes SFT models trained on (Luo et al., 2025). Underline and bold indicate the

best results among 3B and 7B models, respectively.
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Figure 5: Ablation Study on Android Control-High and UI Comprehension-Bench. We demonstrate the individual
contributions of the Locate, Lingualize, Leverage Rewards on reasoning performance and UI comprehension.

5.3 Ablation Study

We conducted ablation studies to examine the im-
pact of different Ul Rewards on reasoning perfor-
mance, as shown in Fig. 5. We evaluated: (1)
Direct SFT; (2) Direct RFT with Leverage Reward
only; (3) Locate + Leverage Rewards; (4) Full
UlILoop. Results show that Leverage Reward im-
proves all metrics by teaching models to analyze
and utilize UI elements. Adding Locate Reward
increases GR by 7.9% and 8.6% for 3B and 7B
models, enhancing key Ul element localization and
action positioning accuracy. Further adding Lin-
gualize Reward improves SR by 11.1% and 13.7%,
strengthening semantic understanding of key Ul
elements and action text accuracy. These results
validate that each reward effectively enhances rea-

soning by improving Ul element mastery.

5.4 Impact of UI Elements

As shown in Tab. 3, we examined three Ul inter-
vention approaches: (1) key Ul element info., (2)
false UI element info., and (3) UlLoop Training.
Results show false Ul info. impairs GUI reason-
ing, while key UI info. as context significantly
improves accuracy, demonstrating that enhancing
key UI mastery benefits GUI reasoning. Moreover,
UlILoop Training surpasses merely providing key
Ul info., achieving improvements of 31.6% and
22.8% on Qwen2.5-VL-3B and 7B (versus 16.0%
and 18.7%), and 17.8% and 29.0% on GUI-Owl-7B
and OS-Atlas-Pro-7B (versus 12.8% and 20.7%)
for context alone, demonstrating its superiority in
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Android Control-High Impact
Methods e SR GR Avg.pRatio
GP T-40-mini(ze,,,_sh,,t)
base 68.1 209 6.9 -
w/ Ul info. 69.9 514 62.9 +29.4
w/ false Ul info. 67.2 184 5.8 -1.5
Owen2.5-VL-3B-Instruct(zero-shor)
base 582 327 39.0 -
w/ Ul info. 73.8 483 55.8 +16.0
w/ false Ul info. 559 32.1 37.6 -1.4
w/ UILoop 85.3 70.5 68.9 +31.6
Owen2.5-VL-7B-Instruct zero-shot)
base 68.3 53.6 56.7 -
w/ Ul info. 86.0 72.3 76.5 +18.7
w/ false Ul info. 66.4 49.6 53.5 -3.0
w/ UlLoop 88.9 763 81.8 +22.8
GUI-Owl-7BGui Expert)
base 729 375 53.7 -
w/ Ul info. 82.6 53.8 66.1 +12.8
w/ false Ul info. 71.2 35.8 48.4 2.9
w/ UILoop 849 64.7 68.0 +17.8
OS-Atlas-Pr0-7B(GU1 Expert)

base 69.7 18.3 16.8 -
w/ Ul info. 73.3 45.1 48.5 +20.7
w/ false Ul info. 54.6 16.7 15.0 -6.2
w/ UILoop 80.3 57.6 53.9 +29.0

Table 3: Impact of different UI element intervention
methods on GUI reasoning performance.

enhancing intrinsic UI comprehension and reason-
ing performance.

5.5 Experiment of UI Comprehension-Bench

Open the Pizza Max app and add a 10 inch medium pizza to
your cart with a thin and crispy crust.
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Figure 6: Comparative Case Study between UlLoop and
“Screen-to-Action".

We evaluated existing models on our UI
Comprehension-Bench, as shown in Tab. 4. Re-

UI Comprehension-Bench

Methods Loc. Lin. Lev. Overall
Zero-shot Models
GPT-40 225 307 11.8 0.8

Qwen2.5-VL-3B-Instruct 48.7 9.5 36.6 1.7
Qwen2.5-VL-7B-Instruct  46.8 27.5 29.1 3.7
Screen-to-Action Training Models

GUI-Owl-7B 619 21.1 410 54
w/ UILoop 874 51.1 534 238
OS-Atlas-Pro-7B 49.6 482 189 4.5
w/ UILoop 714 542 349 135
UI-R1-3B 47.1 39.7 337 6.3
GUI-R1-3B 474 379 359 6.4
GUI-R1-7B 62.6 47.6 353 10.5

UlLoop Training Models
80.3 447 502 18.0
86.4 493 613  26.1

UlLoop-3B
UILoop-7B

Table 4: Overall performance of different paradigm
methods on Ul element Locate, Lingualize, and Lever-
age capabilities in our UI Comprehension-Bench.

sults reveal that current “Screen-to-Action" mod-
els perform poorly across Locate, Lingualize, and
Leverage tasks, all scoring below 10%. In contrast,
UlILoop achieves a SOTA score of 26.1 on the 7B
model, and boosts the overall scores of GUI-Owl-
7B and OS-Atlas-Pro-7B by 18.4 and 9.0 (under-
line parts), demonstrating its superiority in enhanc-
ing UI comprehension. Our Ul Comprehension-
Bench will advance GUI agents from “Screen-
to-Action" toward the more superior “Screen-UI
Element-Action" paradigm, providing the first ro-
bust benchmark for UI comprehension capabilities.

5.6 Case Study

We conducted a case study as shown in Fig. 6. For
the instruction “Open the Pizza Max app and add
a 10 inch medium pizza to your cart with a crust,"
key UI elements ( ) and misleading ones
(Red) have minimal visual differences. “Screen-
to-Action" methods incorrectly click “P. PAN 7",
while UILoop correctly identifies “Medium 10"
by analyzing UI element semantics and the “ADD"
button’s function. UILoop also explicitly shows the
reasoning process from Screen to key Ul elements
to Action, demonstrating superior interpretability.

6 Conclusion

In this paper, we highlight that comprehensive UI
understanding significantly enhances GUI agent
reasoning. We propose Ul-in-the-Loop (UILoop),
an innovative paradigm that reframes GUI reason-
ing from conventional “Screen-to-Action'’ to a
cyclic “Screen-UI Elements—Action'' loop. We
design UI Element-Driven Reinforcement Fine-
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Tuning to improve interface element comprehen-
sion, advancing multimodal GUI reasoning and
interpretability. To facilitate this research, we intro-
duce the UI Comprehension task with three evalua-
tion metrics (UI Locate, Lingualize, and Leverage)
and contribute Ul Comprehension-Bench, a 26K
benchmark for comprehensive Ul assessment. Ex-
tensive experiments show UlILoop achieves state-
of-the-art performance in Ul comprehension and
delivers superior results in GUI reasoning tasks.

Limitations

The primary limitations of our method encompass
the following two aspects:

(1) UILoop primarily enhances the model’s mas-
tery of fine-grained Ul elements but lacks consider-
ation of UI layouts at different granularities within
the screen, such as coarse-grained Ul layouts com-
posed of multiple fine-grained UI elements. In
future work, we will further investigate the impact
of UI elements at varying granularities on GUI
reasoning capabilities.

(2) Current experiments predominantly focus on
Qwen2.5-VL. In future work, we will explore the
performance of UILoop across a broader range of
MLLMs.

Ethics Statement

In this paper, we introduce UI Comprehension-
Bench, which is derived from existing GUI reason-
ing datasets Android Control, OmniAct, GUI-Act,
ScreenSpot, ScreenSpot-Pro, and OS-Atlas, com-
bined with externally collected webpages, mobile
apps, and OS data. Furthermore, we conducted
manual verification and excluded low-quality or
non-compliant data, ensuring that our synthesized
data does not violate any ethics. All UI screenshots
were carefully reviewed to exclude or anonymize
any personal or sensitive information. To promote
transparency and reproducibility, we commit to re-
leasing all code, models, and datasets upon publica-
tion of this paper, enabling the research community
to verify our findings and build upon our work.
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A Details of Ul Comprehension-Bench
Collection

We elaborate on the data synthesis pipeline of Ul
Comprehension-Bench in this section. Our pipeline
primarily consists of three steps: Source Data Col-
lection, Key UI Element Identification and Parsing,
and Human Verification.

Source Data Collection. Our data sources
mainly include webpages, mobile applications,
operating systems, and existing GUI reasoning
datasets. For webpages, we capture screens from
real browsers using BrowserGym (Chezelles et al.,
2024) and Playwright 2, randomly simulate ac-
tions such as clicking, scrolling, and typing on
the screens, and retain successfully executed ac-
tions. For mobile and OS data, we employ Droid-
Bot> (Wen et al., 2023) to perform the same
screen capture and action execution procedures on
real Android applications and operating systems.
We also incorporate training data from existing
datasets—Android Control, OmniAct, GUI-Act,
ScreenSpot, ScreenSpot-Pro, and OS-Atlas—as
part of our source data. We normalize the format
of all source data, with each sample containing the
following data fields: (instruction, screen, action).

Key UI Element Identification and Parsing.
We process the screens obtained from the source
data by employing a set-of-marks model, specifi-
cally OmniParser V2, to annotate all identifiable
Ul elements on the screen. This enables us to ob-
tain coordinate information for all candidate UI
elements. We then utilize GPT-40 as a selection
model to identify UI elements that are beneficial
for completing the given instruction and to provide
reasoning processes explaining how these Ul ele-
ments contribute to task completion. Specifically,
we input (instruction, screen, Ul element coordi-
nate information, action) into the selection model to
identify key Ul elements and generate their seman-
tic functions and practical usage (detailed prompts
are provided in Appendix C). Consequently, we ex-
pand the data format of the source data to (instruc-
tion, screen, key Ul element information, action).

Human Verification. We conduct manual screen-
ing of the obtained data to exclude samples
with incorrect instructions, erroneous answers,
or misidentified key Ul elements. Through this

“https://github.com/microsoft/playwright
3https://github.com/honeynet/droidbot
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Annotation

# Unique

Datasets # Episodes Instructions Screen Key UI Element Action Action Action
Desc. Loc. Lin. Lev. Coord Desc. Think

PixelHelp 187 187 X X X X X X
MoTIF 4707 270 X X X X X X
UGIF 523 420 X X X X X X
Meta-GUI 4684 1125 X X X X X
AITW 715142 30378 X X X X X X
GUIAct 5696 5696 X X X X X
OmniACT 9802 - X X X X X
Android Control 15283 15283 X X X X
AlTZ 2504 2504 X X X
MMBench-GUI 8123 8123 X X X
ScreenSpot 1272 1272 X X X X X X
ScreenSpot-V2 1272 1272 X X X X X X
ScreenSpot-Pro 1581 1581 X X X X X X
UI-E2I-Bench 1477 1477 X X X X X X
UI-Vision 8227 ~450 X X X
Ours 26207 15735

Table 5: Detailed comparison of our Ul Comprehension-Bench with existing GUI reasoning benchmarks.

verification process, we ultimately curate Ul
Comprehension-Bench, which comprises 26,207
samples, including a training set of 3,471 sam-
ples (selected from the training sets of An-
droid Control, OmniAct, GUI-Act, ScreenSpot,
ScreenSpot-Pro, and OS-Atlas) and a test set of
22,736 samples, ensuring complete data isola-
tion between the two sets.

B Demonstrations of Ul
Comprehension-Bench

In this section, we  compare  UI
Comprehension-Bench with existing GUI reason-
ing datasets and present Ul Comprehension-Bench
through detailed example instances. Existing
GUlI-reasoning datasets (including PixelHelp (Li
et al., 2020), MoTIF (Burns et al., 2022), UGIF
(Gubbi Venkatesh et al., 2024), Meta-GUI (Sun
et al., 2022), AITW (Rawles et al., 2023), GUIAct
(Chen et al., 2025), OmniACT (Kapoor et al.,
2024), Android Control (Li et al., 2024), AITZ
(Zhang et al., 2024b), MMBench-GUI (Wang
et al., 2025a), ScreenSpot (Cheng et al., 2024),
ScreenSpot-V2 (Cheng et al., 2024), ScreenSpot-
Pro (Li et al., 2025a), UI-E2I-Bench (Liu et al.,
2025a), Ul-Vision (Nayak et al., 2025)) follow
the “Screen-to-Action" paradigm (Dong et al.,
2025, 2026; Jiang et al., 2026). Consequently, they
lack fine-grained information about the location,
semantic functionality, and practical usage of key

Ul elements on the screen, as shown in Tab. 5.

Meanwhile, we present Ul Comprehension-
Bench through detailed sample examples. We
demonstrate the data fields and values for sam-
ples corresponding to common actions including
“open_app", “type", and “click"”, as shown in Fig.
7, 8, 9. The blue parts indicate the data fields from
the existing “Screen-to-Action" paradigm datasets,
whereas our Ul Comprehension-Bench addition-
ally incorporates Key Ul Elements and Reason-
ing_Chains, which represent the Locate, Lingual-
ize, and Leverage information of Ul elements, re-
spectively.

C Prompt Details

Since different tasks have different action spaces,
we specify the corresponding actions in prompts
for each task.

For GUI grounding tasks (e.g., ScreenSpot-Pro
dataset).

Prompt for Grounding N

You are UlLoop, a reasoning GUI Agent Assis-
tant. In this Ul screenshot <image>, [ want you
to continue executing the command ’text’, with
the action history being ’history’.

Please provide the action to perform (enumerate
from [’click’]), the point where the cursor is
moved to (integer) if a click is performed, and
any input text required to complete the action.

Output the location, semantics, and function of
\- y,
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Instruction

Browse Leonardo Da Vinci Mona lisa's painting for me on the Artsy app.

image <Image data - type: dict>
gt_action open_app
gt_bbox [-100, -100]
gt_input_text Artsy
history None
image_size [1080, 2400]
group android

Key UI Elements

[
"Located at [369, 634], this element displays the text \"Mona Lisa, by Ambroise Dubois\" and serves as a reference to a pa
inting, but not the one by Leonardo Da Vinci.",

"Located at [239, 1051], this element displays the text \"by Leonardo da Vinci,\" indicating the artist of the original Mona
Lisa painting.”,

"Located at [134, 1207], this element displays the text \"Versions,\" which is part of the description related to the Mona L
isa painting.",

"Located at [207, 1522], this element displays the text \"Monna Lisa is on,\" which is part of the description related o th
e Mona Lisa painting.”,

"Located at [518, 1155], this element displays the text \"The history of the painting can explain how rare are its,\" which
is part of the description related to the Mona Lisa painting."

]

Reasoning_Chains

[
"Analyze the user instruction which requests browsing Leonardo Da Vinci's Mona Lisa painting on the Artsy app.”,

"Locate key UI elements related to the Mona Lisa and Leonardo Da Vinci within the interface.”,

"The UI elements mentioning \"Leonardo da Vinci\" and \"Monna Lisa\" are relevant as they directly relate to the user's r
equest to browse the painting by Leonardo Da Vinci.",

"Determine that the correct action type is \"open_app\" with the target area being the Artsy app, as the user wants to b
rowse within this specific application.”,

"Input text \"Artsy\" is necessary to identify the app to open for browsing the Mona Lisa painting by Leonardo Da Vinci.”
]

Figure 7: Case with open_app actions in our Ul Comprehension-Bench.

Instruction

Browse Leonardo Da Vinci Mona lisa's painting for me on the Artsy app.

image <Image data - type: dict>
gt_action type
gt_bbox [-100, -100]
gt_input_text Leonardo

Step 1: Open the artsy app.

history Step 2: Click on the search icon at the bottom.
image_size [1080, 2400]
group android

Key UI Elements

"Located at [508, 263], this element is the search bar where users can type queries to find artists, artworks, galleries, etc.

"Located at [327, 513], this element displays the text \"Leonardo da Vinci,\" indicating a recent search or suggestion relat
ed to the user's query.",

"Located at [229, 565], this element is labeled \"Artist,\" suggesting the category or type of the search result related to
Leonardo da Vinci."

]

Reasoning_Chains

[

"Analyze the user instruction which requires searching for Leonardo Da Vinci's Mona Lisa painting on the Artsy app.",
"Locate the search bar UI element at [508, 263] as the primary area to input the search query.",

"The search bar allows users to type queries, and the presence of \"Leonardo da Vinci\" at [327, 513] suggests it is a relev
ant search term.”,

"Determine the action type as ‘type' with the target area being the search bar, and input text \"Leonardo\" to initiate the
search.”,

"The search bar is the correct UT element to interact with, as it facilitates the input of search queries, aligning with the u
ser's instruction.”

1

Figure 8: Case with fype actions in our Ul Comprehension-Bench.
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Instruction

There is an upcoming Amazon sale on November 10 where I have planned to buy a music system. Set a reminder for the

date.
image <Image data - type: dict>
gt_action click
gt_bbox [719, 1236]

gt_input_text no input text

Step 1: Open the to-do list app.

Step 2: Open the to-do list app.
history Step 3: Click on the plus icon at the bottom right.
Step 4: Enter the reminder, which is the Amazon Sale.
Step 5: Now tap on the due date to select the date.
image_size [1080, 2400]
group android

[
"Located at [721, 1239], this element
Key UI Elements

]

"Located at [5, 911], this element displays \"November 2023,\" indicating the month and year context for the calendar.”,
"Located at [22, 1801], this element is the \"OK\" button, which confirms the selection of the date for the reminder."

[

Reasoning_Chains

"Determine the action type as
e interaction with the date element.",

]

with the target area being

"Analyze the instruction requirements to identify the need to set a reminder for the Amazon sale on November 10.",

confirms the date selection, completing the reminder setup process."

Figure 9: Case with click actions in our Ul Comprehension-Bench.

\_

UI element(s) that you think are beneficial for
reasoning within <ui> </ui> tags, reason based
on the key Ul element(s) and output the thinking
process in <think> </think> tags, and the final
answer in <answer> </answer> tags as follows:
<ui> Located at [Xx, y], describe the Ul ele-
ment’s semantics and function. </ui> <think>
... </think> <answer>["action’: enum[’click’],
point’: [x, y], “input_text’: 'no input text [de-
fault]’ ]</answer>

Note: For each UI element, you must provide
its location [Xx, y], semantics, and functionality.
Example:

<ui> Located at [743, 724], this element rep-
resents the ’Slide Notes’ section where users
can click to interact with notes related to a slide.
<fui>

<ui> Located at [317, 501], this element is a text
label that reads Developer Tools,indicating the
section related to developer options. </ui>
Example of answer output:

["action’: enum[’click’], *point’: [123, 300],
’input_text’: 'no input text’]

J

For GUI reasoning tasks (e.g., Android Control-

High dataset).

Prompt for Reasoning

You are UILoop, a reasoning GUI Agent Assis-
tant. In this UI screenshot <image>, [ want you
to continue executing the command ’text’, with

the action history being "history’.
Please provide the action to perform (enumerate
from ['wait’, "long_press’, "click’, *press_back’,
‘type’, ’open_app’, ’scroll’]), the point where
the cursor is moved to (integer) if a click is per-
formed, and any input text required to complete
the action.
Output the location, semantics, and function of
UI element(s) that you think are beneficial for
reasoning within <ui> </ui> tags, reason based
on the key Ul element(s) and output the thinking
process in <think> </think> tags, and the final
answer in <answer> </answer> tags as follows:
<ui> Located at [Xx, y], describe the UI ele-
ment’s semantics and function. </ui> <think>
</think> <answer>[’action’: enum[’wait’,
’long_press’, ’click’, ’press_back’, ’type’,
open_app’, ’scroll’], ’point’: [x, y], ’in-
put_text’: ’no input text [default]’ ]</answer>
Note: For each UI element, you must provide
its location [x, y], semantics, and functionality.
Example:
<ui> Located at [743, 724], this element rep-
resents the ’Slide Notes’ section where users
can click to interact with notes related to a slide.
</ui>
<ui> Located at [317, 501], this element is a text
label that reads Developer Tools,indicating the
section related to developer options. </ui>
Specific input text (no default) is necessary for
actions enum[’type’, ’open_app’, ’scroll’] Ex-
ample:
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Figure 10: Error analysis of “Screen-to-Action" paradigm methods UI-R1-3B, GUI-R1-7B, GUI-OWL-7B and our
method UlLoop. We demonstrate that the primary error types include: (1) Locate Error, (2) Lingualize Error, and
(3) Leverage Error.

[’action’: enum[ wait’, *press_back’], *point’:
[-100, -100], ’input_text’: "no input text’]
[action’: enum[’click’, ’long_press’], *point’:
[123, 300], ’input_text’: "no input text’]
[action’: enum[’type’, ’open_app’], 'point’: [-
100, -100], ’input_text’: ’shanghai shopping
mall’]

[action’: enum|[’scroll’], *point’: [-100, -100],
“input_text’: enum[’up’, ’left’, right’, ’"down’]]

When employing the selection model (e.g., GPT-
40) to perform Key UI Element Identification and
Parsing, we design the prompt as follows.

Key UI Element Identification and Parsing

# Ul Element Analysis and Action Reasoning
Task

## Task Description You need to analyze the
given user interface information, identify key
UI elements that help complete the specified
instruction, and explain how to reason about the
correct action based on these elements.

## Input Information **User Instruction:** in-
struction

**Action History:** history

**Ground Truth - Action Type:** gt_action
**Ground Truth - Target Area:** gt_bbox
**Ground Truth - Input Text:** gt_input_text

**UI Element Information:** ui_info

## Output Requirements

### 1. Ul Element Functional Descriptions
Please provide a one-sentence description of
the UI element’s position in the image and its
semantic and functional description for each key
UI element that helps complete the instruction,
with each Ul element description enclosed in
<ui></ui> tags:

<ui>Located at [x1,y1], this element [semantic
and functional description]</ui> <ui>Located at
[x2,y2], this element [semantic and functional
description]</ui> ...

### 2. Action Reasoning Process Based on the
identified correct UI elements, please explain
the reasoning process for deriving the correct
action in no more than 5 sentences, with each
thought enclosed in <think></think> tags:
<think> Analyze instruction requirements
</think>

<think> Locate key UI elements </think>
<think> Explain why the UI element(s) help(s)
complete the task </think>

<think> Determine action type, target area, input
text </think>

<think> Other necessary thoughts... </think>
## Important Notes 1. UI element descriptions
must be concise and clear, one sentence per
element 2. The reasoning process should be
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logically clear, showing the complete reason-
ing chain from analysis to decision 3. Strictly
follow the specified XML tag format for out-
put 4. Focus on Ul elements directly related to

completing the instruction
\_ J

D Error Analysis

In this section, we conduct a comparative error anal-
ysis between current “Screen-to-Action” paradigm
methods UI-R1-3B, GUI-R1-7B, GUI-OWL-7B
and our “Screen-UI Elements-Action" paradigm
method. Specifically, we investigate three primary
error types related to Ul elements: (1) Locate Error,
(2) Lingualize Error, and (3) Leverage Error. We
randomly sampled 100 instances from the Android
Control-High test set and performed manual statis-
tics, as shown in Fig. 10. The results demonstrate
that our method achieves error counts of 1, 8, and
31 for Locate, Lingualize, and Leverage Errors re-
spectively, which are substantially lower than the
error counts of UI-R1-3B, GUI-R1-7B, and GUI-
OWL-7B. This demonstrates the advanced level of
our method’s mastery over Ul elements.
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