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Abstract

GUI agents powered by Multimodal Large Lan-
guage Models (MLLMs) are advancing rapidly,
yet most existing benchmarks evaluate only
task-level success or failure—leaving a funda-
mental question unanswered: what capabilities
do GUI agents most need to succeed in real-
world settings? We introduce UniGUI-Bench,
a benchmark that jointly verifies task-level out-
comes and process-level capability diagnosis.
It spans 6 device platforms and 23 application
scenarios with bilingual support, comprising
over 10,000 evaluation items. Its core design
links the two evaluation axes: each task failure
can be traced to specific capability deficiencies,
enabling fine-grained attribution beyond binary
pass/fail. Experiments on 14 frontier models
reveal three findings: (1) model rankings di-
verge substantially from single-platform leader-
boards under broader evaluation; (2) differ-
ent scenarios impose distinct capability bottle-
necks identifiable through our attribution frame-
work; (3) targeted training on diagnosed bot-
tleneck dimensions yields consistent improve-
ments on both UniGUI-Bench and OSWorld,
providing preliminary evidence toward clos-
ing the evaluation–improvement loop. The
UniGUI-Bench dataset and evaluation code
are available at https://huggingface.co/
datasets/AGI-Eval/UniGUI-Bench.

1 Introduction

Multimodal large language models (MLLMs) have
enabled GUI agents to perceive, reason, and act
across mobile, desktop, and web platforms (Qin
et al., 2025; Hong et al., 2024; Xu et al., 2024;
Wang et al., 2025a; Xue et al., 2026). As these
agents approach real-world deployment, evaluation
must move beyond ranking models toward diag-
nosing which specific capabilities determine task
success.
∗ indicates equal contribution.
† indicates corresponding author.

Existing benchmarks (Zhou et al., 2023; Xie
et al., 2024; Rawles et al., 2024; He et al., 2024;
Deng et al., 2023; Bonatti et al., 2024; Lu et al.,
2025) fall short in three ways. (i) Fragmented
platform coverage. Most target a single platform—
OSWorld (Xie et al., 2024) for desktops, Android-
World (Rawles et al., 2024) for mobile, Mind2Web
(Deng et al., 2023) for browsers—missing cross-
platform diversity. (ii) Narrow scenario cover-
age. Task designs are constrained by what can be
automatically verified rather than real user needs.
(iii) No capability-level diagnosis. Benchmarks
measure only task-level success rates (Xie et al.,
2024; Rawles et al., 2024; He et al., 2024; Bonatti
et al., 2024); when a task fails, there is no way
to pinpoint whether the bottleneck lies in element
grounding, intent reasoning, or dynamic adaptation.
Recent efforts such as MMBench-GUI (Wang et al.,
2025c) and GUI-CEval (Li et al., 2026) attempt
finer-grained evaluation but assess capabilities in
isolation from task execution.

To bridge this gap, we introduce UniGUI-
Bench, a benchmark that jointly verifies task-level
outcomes and process-level capability diagnosis
(Figure 1). It covers 23 application scenarios across
6 device platforms with bilingual support, yield-
ing over 10,000 evaluation items. Its core design
is a dual-axis, linked evaluation: outcome-level
verification judges task completion through step-
level action samples, while process-level auditing
diagnoses capabilities across 4 primary and 11 sec-
ondary dimensions. The two axes share the same
data lineage, enabling each task failure to be traced
to specific capability deficiencies.

We evaluate 14 frontier models and arrive at
three key findings. (1) Model rankings diverge sub-
stantially from single-platform leaderboards under
broader evaluation. (2) Different scenarios impose
distinct capability bottlenecks: Cross-App Collab-
oration failures stem from weak Task Completion
Detection, Exception Handling from insufficient
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Figure 1: Overview of UniGUI-Bench: UniGUI-Bench comprises over 10,000 evaluation items spanning 6 device
platforms, 7 primary application domains with 23 secondary scenarios, and 3 difficulty levels, with bilingual
(Chinese & English) support.

Dynamic Adaptation, and Productivity & Creation
from degraded Intent Reasoning. (3) Targeted train-
ing on diagnosed bottleneck dimensions yields con-
sistent improvements on both UniGUI-Bench and
OSWorld, providing preliminary evidence toward
closing the evaluation–improvement loop. Our con-
tributions are:

• A diverse and realistic benchmark spanning 23
scenarios across 6 platforms with bilingual sup-
port and over 10,000 evaluation items, covering
scenarios underrepresented in prior benchmarks
such as cross-application collaboration, content
creation, and exception handling.

• Fine-grained capability attribution linking
process to outcome. A dual-axis evaluation
framework enables each task failure to be traced
to specific capability deficiencies across 4 pri-
mary and 11 secondary dimensions, providing
actionable, per-scenario prescriptions.

• Actionable findings with cross-benchmark
generalization. Evaluation of 14 models reveals
scenario-specific capability bottlenecks, and tar-
geted training on diagnosed dimensions yields
consistent improvements on both UniGUI-Bench
and OSWorld, serving as a preliminary case study
of diagnostic-driven improvement.

2 Related Work

GUI Agents. GUI agents can be broadly grouped
into three paradigms. Prompting-based methods

(Zheng et al., 2024; Zhang et al., 2025; He et al.,
2024; Wang et al., 2024) enhance VLM percep-
tion through visual prompting (Yang et al., 2023;
Lu et al., 2024) without additional training, yet
remain bounded by the base model’s capabilities.
Supervised fine-tuning (Wu et al., 2024; Lin et al.,
2025b; Cheng et al., 2024; Qin et al., 2025; Hong
et al., 2024; Xu et al., 2024) improves grounding
and action prediction but is constrained by anno-
tated data coverage. Reinforcement learning ap-
proaches (Lian et al., 2025; Luo et al., 2025; Wang
et al., 2025a; Xue et al., 2026) further enable self-
improvement through environment feedback. De-
spite these advances, agents across all paradigms
are evaluated using only task-level success/failure
signals, without capability-dimension diagnosis
to identify which specific deficiencies hinder task
completion.

GUI Benchmarks. Existing benchmarks span
web (Gou et al., 2025; Zhou et al., 2023; He et al.,
2024; Deng et al., 2023), mobile (Rawles et al.,
2024; Lu et al., 2025; Li et al., 2024; Guo et al.,
2025b), desktop (Xie et al., 2024; Bonatti et al.,
2024), and cross-platform (Dai et al., 2025; Bu
et al., 2025) settings. Online benchmarks (Zhou
et al., 2023; Xie et al., 2024; Rawles et al., 2024)
deploy agents in interactive environments but are
constrained by platform limitations and costly veri-
fication (Xue et al., 2025; Lin et al., 2025a); offline
benchmarks (Gou et al., 2025; Xue et al., 2025)
circumvent these constraints via action matching
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Element Grounding Action Understanding Page Understanding

Q: Based on the provided screenshot, please 
identify the coordinates of the element 
corresponding to the command: ‘Enter Debug
mode'.

Q: Describe the action that took place to 
transition from Screenshot 1 to Screenshot 2.

Q: Based on the folder list on the left side 
of the interface, how many unread emails are 
currently in the 'Inbox’? 

Options: 
A. 3 B. 11 C. 52 D. 0

Task Planning Action Execution Dynamic Adaptation Action Anticipation

Q: You are a professional GUI automation agent. Given 
a task and a screenshot, you are required to analyze 
the screen content and answer questions.
search for 'Potato Braised Pork Tutorial' directly in 
Google Chrome, then navigate to the 'Short Videos' 
category. Please output the correct action plan for this 
target task.

Q: You are a professional GUI automation agent. Given a task, action 
history, and a screenshot. you are required to analyze the screen 
content and predict the next action. Within the opened ‘Red Book’  app, 
search for 'Winter outfits for girls,' filter for 'Petite/Short,' enter the 
first post, then like and favorite it. You have completed the following 
steps: Click the search icon in the top right corner.

Q: You are a professional GUI automation agent. Your objective is to 
use Google Chrome to search for and book a one-way flight from Tianjin 
to Shanghai for August 3rd on Trip.com. Please analyze the execution 
and identify which step contains the incorrect action. Then, select the 
most accurate sequence of correct actions to achieve the objective.

Options:
A. Enter Trip.com in search tab; Click the 'Flights' tab. 
B. Enter ‘Tianjin’ in the ‘Leaving from’ field; Click the 'One-way' button. 
C. Confirm ‘Tianjin’ in the ‘Leaving from’ field; Click the 'Search' button. 
D. Click on the first result under 'Recent Searches'; click 'Book Now'.

Please analyze the screen content and predict the next execution step.

…

Q: Based on the current page, what 
will happen if (1303, 448) is clicked?

Options:
A. Open the 'Screen' page.
B. Expand the 'Seed Error' tab. 
C. Directly change the 'Seed Error' 
setting to 'Automatic'.
D. Open the 'Learn More' page.

Intent Reasoning

Task Progress Awareness Task Completion Detection Internal State Memory

Q: You are a professional GUI automation agent. Your goal is to copy the first 
image of the 'NBA'. The provided video shows your actions while taking over the 
user's computer. At the point where the video ends, what is your current progress? 

Options:
A. Opening Google Chrome to search for 'NBA'. 
B. Successfully navigated to the 'NBA' image search results. 
C. Right-clicked to open the context menu.
D. The image has been successfully copied.

Q: You are a professional GUI automation agent. Your objective is to 
view the detailed information for 'voice.mp3' located in the 'Downloads' 
folder. The provided video captures your actions while taking over the 
user's computer to execute this task. Based on the operations shown in 
the video, has the task been successfully completed? 

Options: A. Yes  B. No

Options:
A. Click 'Application Status' in the left-hand navigation menu.
B. Click the 'SERVICES' link in the top green navigation bar.
C. Type 'Market News' into the search bar and press Enter.
D. Scroll down the page to view the 'Available Services' section.

Q: You are a professional GUI automation agent. The provided video captures 
your execution of a user instruction. Based on the video and screenshots, which 
of the following actions was NOT performed during the process? 

Q: The user has expressed the following frustration: "Ugh, I'm in the 
middle of a meeting and TikTok keeps throwing video previews at me. 
It’s so annoying! Is there any way to stop these from popping up and 
interrupting me while I'm actually using my phone?"

Based on the user's intent and the settings shown in the interface, 
which action would most effectively resolve this issue?

Options:
A. Toggle off 'Allow Notifications‘. B. Disable 'Floating Notifications' 
C. Turn off 'Lock Screen Notifications’. D. Disable 'App Icon Badges'.

Figure 2: Illustration of the 11 process-level capability dimensions in UniGUI-Bench, organized into four primary
categories: Perception (Element Grounding, Action Understanding, Page Understanding), Reasoning (Task Planning,
Action Execution, Dynamic Adaptation, Action Anticipation), State Management (Task Progress Awareness, Task
Completion Detection, Internal State Memory), and Semantic Understanding (Intent Reasoning). Each dimension is
accompanied by a representative example showing the input screenshot, the evaluation prompt, and the expected
response.

but similarly lack capability-level diagnosis. Both
paradigms remain confined to task-outcome assess-
ment. A complementary line of work evaluates
GUI element grounding in isolation (Jurmu et al.,
2008; Cheng et al., 2024; Li et al., 2025; Gou
et al., 2024; Nayak et al., 2025), without exam-
ining how grounding deficiencies propagate to task
failures. Recent efforts attempt finer-grained evalu-
ation: MMBench-GUI (Wang et al., 2025c) defines
a capability hierarchy but does not couple it with
task-level evaluation; GUI-CEval (Li et al., 2026)
covers perception, grounding, and planning but
is confined to mobile and assesses capabilities in
isolation from task execution. No existing bench-
mark links capability diagnosis with task outcomes.
UniGUI-Bench fills this gap by jointly perform-
ing outcome- and process-level evaluation with an
explicit dependency link, enabling capability attri-
bution that traces task failures to their root causes.

3 UniGUI-Bench

UniGUI-Bench is designed to diagnose GUI agents
along two complementary axes: system-level eval-
uation, which measures end-to-end task success,

and process-level evaluation, which provides fine-
grained capability diagnosis. Consequently, the
benchmark comprises two types of data. We first
collect human-operated GUI trajectories that span
various platforms and scenarios for system evalu-
ation (§3.1). We then derive step-level capability
samples from these trajectories for process evalua-
tion (§3.2). This shared data line ensures that the
two evaluation axes are inherently linked, allowing
direct attribution of task-level failures to specific
capability deficiencies.

3.1 System Evaluation Data

The system evaluation data consist of high-quality
GUI trajectories, each constructed through three
stages: task design, trajectory recording, and step-
level annotation (Figure 3).

Task Design. We define tasks across 7 primary
categories and 23 fine-grained scenarios (e.g., infor-
mation retrieval, content creation, communication
and social networking). Tasks span six operating
systems—Windows, macOS, Android, iOS, iPa-
dOS, and Ubuntu—across three carriers: native ap-
plications, web browsers, and OS-level operations.
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Task Creation Data Collection

2-3 steps 4-7 steps > 7 steps
Human 

Operation

Quality Control

Trajectory Annotation

…

A1 A2 A3

Ob0 Ob1 Ob2 ObN

Screenshot

Action
8k+ Evaluation Items

11 Capabilities, 2k+ samples

23 Real-World Scenarios

6 Platforms

Image Annotation

Action Space …

…

Figure 3: Data collection pipeline of UniGUI-Bench. System evaluation data is constructed through task design,
trajectory recording, and step-level annotation; process evaluation data is then derived via automatic or manual
capability sample construction, followed by quality control.

Each task is assigned a complexity level based on
step count: low (2–3 steps), medium (4–7 steps),
and high (>7 steps). Among the 1,200 trajectories,
79.1% span more than 3 steps and 23.0% involve 8
or more steps. Each task provides one recorded hu-
man reference trajectory as the primary evaluation
path, but does not enforce a single rigid operation
per step: equivalent local actions (e.g., clicking a
button vs. pressing Enter) are accepted, covering
243 steps across 225 tasks (18.8%). Additionally,
98 exception-handling tasks evaluate recovery from
network failures, pop-up/permission interruptions,
and element-loading failures.

Trajectory Recording. Screen recordings are
captured on the designated device, scenario, and
carrier. Each recording must strictly match the
specified device, scenario, carrier, and task descrip-
tion, ensuring a unique and reproducible execution
path. Additional specifications regarding video
format, recording speed, and risk mitigation are
provided in the Appendix.

Trajectory Annotation. Each recorded trajec-
tory is decomposed into step-level annotations:
(1) State screenshots—each screenshot strictly cap-
tures the completion state of the preceding action,
ensuring visual consistency; (2) Semantic and API
action descriptions—the next action at each step is
described semantically according to a predefined
action vocabulary, and the target UI element is an-
notated with a bounding-box coordinate via manual
labeling. The full action vocabulary is detailed in
the Appendix.

UniGUI-Bench supports bilingual evaluation
with 1,000 Chinese and 200 English trajectories.

The bilingual data is not a simple translation of task
instructions; it reflects real-world variation in user
instructions, UI element names, and application
contexts, requiring agents to align natural-language
instructions with interface text that may appear in
Chinese, English, or mixed forms.

3.2 Process Evaluation Data

Building upon the annotated trajectories, we
construct step-level evaluation samples targeting
eleven capability dimensions across four categories:
Perception, Reasoning, State Management, and
Semantic Understanding (Figure 2). The 11 di-
mensions serve as complementary diagnostic views
rather than statistically orthogonal factors; closely
related dimensions (e.g., Task Planning vs. Action
Execution) capture different aspects of agent be-
havior (Appendix Table 8). Samples are generated
either automatically via LLM-assisted pipelines or
manually, with all auto-generated data undergo-
ing manual quality inspection (Appendix A). De-
tailed construction procedures are provided in Ap-
pendix B.

In total, UniGUI-Bench comprises over 10,000
evaluation items: more than 8,000 step-level ac-
tion samples for system evaluation, and over 2,200
capability-targeted items for process evaluation.

4 Experiments

We evaluate 14 mainstream VLMs on UniGUI-
Bench to progressively answer four questions:
(1) How do current GUI agents perform across di-
verse real-world platforms and scenarios? (2) What
capability profiles do models exhibit across 11 fine-
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Figure 4: System-level evaluation results across 14 VLMs on UniGUI-Bench and OSWorld benchmarks. Model
rankings on UniGUI-Bench diverge from OSWorld, notably for Kimi-K2.5.

grained dimensions? (3) Which capability defi-
ciencies most critically explain task failures at the
model and scenario levels? (4) Does our diagnos-
tic framework generalize beyond UniGUI-Bench?
The following subsections address these questions
in turn—from system-level performance (§4.2) to
process-level capability profiling (§4.3), capability-
to-outcome attribution (§4.4), and cross-benchmark
generalization validated through targeted training
(§4.5).

4.1 Experimental Setup
Evaluated Models. We benchmark 14 VLMs
spanning both proprietary and open-source fam-
ilies: the Seed series (Seed-1.5-VL (Guo
et al., 2025a), Seed-1.8-VL (Seed, 2026)), Qwen
series (Qwen3-VL-8B/32B-Thinking, Qwen3.5-
35B-A3B-Thinking) (Bai et al., 2025), Kimi-
K2.5 (Team et al., 2026), GLM series (GLM-4.6V-
Flash, GLM-5v-turbo) (Hong et al., 2025), Gemini
series (Gemini-2.5-Flash, Gemini-3.0-Flash) (Co-
manici et al., 2025), and InternVL series (InternVL-
3-8B/38B (Zhu et al., 2025), InternVL-3.5-8B/30B-
A3B (Wang et al., 2025b)). Models vary in scale
from 8B to 35B+ parameters, covering the current
spectrum of GUI agent architectures.

Evaluation Metrics. We adopt two hierarchical
metrics to evaluate GUI agent performance at dif-
ferent granularities:

• Step Success Rate (SSR): A step is considered
successful if and only if both the selected element
and the executed action are correct. SSR is the
proportion of successful steps over all evaluated
steps.

• Task Success Rate (TSR): A task is considered

successful if and only if all of its constituent steps
are correct. TSR is the proportion of successful
tasks over all evaluated tasks.

We additionally report OSWorld (Xie et al., 2024)
scores where available, enabling cross-benchmark
comparison. The detailed evaluation protocol for
both system- and process-level evaluation is pro-
vided in Appendix C.

4.2 System-Level Evaluation
Figure 4 presents overall SSR and TSR. GLM-5v-
turbo leads on both metrics (87.5% SSR, 55.8%
TSR), followed by Seed-1.8-VL and Qwen3.5-35B-
A3B. Notably, model rankings diverge from OS-
World: Kimi-K2.5, despite leading the OSWorld
leaderboard (63.3%), falls behind on UniGUI-
Bench, confirming that broader platform coverage
can expose gaps hidden by single-platform eval-
uations. Performance also degrades steeply with
task difficulty (Figure 5): VLMs approach 80%
TSR on low-difficulty tasks but drop below 40%
on high-difficulty ones.

Table 1: Task success rate (%) by device platform.

Model And. iOS iPad Ubu. Win. Mac

GLM-5v-turbo 71.4 67.4 56.3 62.5 46.1 29.4
Seed-1.8-VL 70.6 68.8 64.4 53.0 43.9 36.0
Qwen3.5-35B 60.1 57.9 48.3 58.0 33.5 31.8
Qwen3-VL-32B 56.9 57.0 46.0 60.5 27.0 23.8
GLM-4.6V 53.2 50.7 40.2 39.0 16.1 11.2
Kimi-K2.5 35.1 35.3 29.9 54.0 29.1 14.0
Gemini-3.0 45.6 48.9 29.9 37.5 18.7 8.4
Seed-1.5-VL 42.3 39.8 27.6 33.5 16.5 12.6

By device platform. Table 1 reveals a consistent
mobile–desktop gap, likely because lower mobile
resolutions make target elements easier to localize.

49044



Low Medium High
Difficulty

0

10

20

30

40

50

60

70

80
E

pi
so

de
 S

uc
ce

ss
 R

at
e 

(%
)

GLM-5v-turbo
Seed-1.8-VL
Qwen3.5-35B-A3B
Qwen3-VL-32B
GLM-4.6V-Flash
Kimi-K2.5
Gemini-3.0-flash
Seed-1.5-VL

Figure 5: Task success rate (%) by difficulty level. Per-
formance drops sharply from easy to hard tasks across
all models.

Among PC platforms, Ubuntu consistently outper-
forms Windows and macOS, reflecting the larger
volume of Ubuntu-based training data.

Table 2: Step success rate (%) by action type.

Model Click Type Scroll Press Wait Oth.

GLM-5v-turbo 90.6 85.4 61.2 47.3 45.8 4.8
Seed-1.8-VL 90.1 93.2 68.4 90.1 58.3 2.4
Qwen3.5-35B 88.2 85.8 49.5 76.3 41.7 3.6
Qwen3-VL-32B 85.4 88.7 47.5 82.4 54.2 3.6
GLM-4.6V 79.5 77.1 38.3 16.0 37.5 1.2
Kimi-K2.5 78.9 81.8 65.8 45.8 54.2 10.8
Gemini-3.0 75.2 84.9 58.7 92.4 45.8 12.1
Seed-1.5-VL 72.6 82.3 39.8 71.8 33.3 2.4

By action type. All models achieve high accu-
racy on click and type (above 70%), but scroll and
press exhibit substantial inter-model variance (Ta-
ble 2), indicating that GUI-specific motor actions
remain a differentiating challenge.

By application scenario. Table 3 reveals pro-
nounced variation: Transaction & Services and Sys-
tem & Settings are well-handled (top scores above
64%), whereas Cross-App Collaboration (best:
13.9%), Productivity & Creation (best: 39.5%), and
Exception Handling (best: 40.8%) remain around
or below 40%, indicating that multi-application
coordination, complex creative workflows, and re-
covery from unexpected states pose the greatest
challenge.

The above results characterize what happens but
do not explain why—we address this next.

4.3 Process-Level Capability Profiling

Table 4 reports scores across all 11 dimensions.
Three patterns stand out. (1) No model domi-
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Figure 6: Pearson correlation between each capability
dimension and task success rate on UniGUI-Bench (left)
and OSWorld (right). The two benchmarks exhibit dis-
tinct correlation structures.

nates uniformly: Seed-1.8-VL leads on average
(84.2%) with strengths in State Management di-
mensions (Internal State Memory 89.5%, Task
Progress Awareness 80.5%); Kimi-K2.5 tops Ac-
tion Anticipation (82.0%) and Dynamic Adaptation
(80.5%); GLM-5v-turbo leads Element Grounding
(94.0%); Gemini-3.0-Flash leads Intent Reasoning
(94.0%). (2) Page Understanding is nearly sat-
urated among top models (>96%), while Task
Completion Detection and Task Progress Aware-
ness exhibit the widest cross-model variance, in-
dicating high sensitivity to training data. (3) State
Management differentiates top-tier models: In-
ternal State Memory and Task Progress Awareness
separate Seed-1.8-VL from its closest competitors,
suggesting that coherent state tracking across long
trajectories remains a key bottleneck.

These profiles characterize each model’s capabil-
ity landscape but do not reveal which deficiencies
most critically determine task success.

4.4 Scenario–Capability Association: From
Profiles to Diagnosis

We now link capability profiles to task outcomes—
the core diagnostic contribution of UniGUI-Bench.

Capability–Outcome Correlation. UniGUI-
Bench task success correlates strongly (r >0.85)
with Task Planning, Action Execution, Internal
State Memory, and Element Grounding (Figure 6,
left), confirming that task planning and state
memory remain essential even in an offline,
single-step prediction setting. Dimensions such as
Action Anticipation and Dynamic Adaptation show
weaker correlations, as the single-step paradigm
reduces the demand for forward simulation and
real-time adaptation.

Scenario-Level Attribution. For the three most
challenging scenarios (all below 40% TSR), we
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Table 3: Task completion rates (%) across 7 application scenarios for all evaluated models. Bold marks the best
score per scenario. Cross-App Collaboration remains the hardest scenario (best: 13.9%), while Transaction &
Services and System & Settings see the highest scores.

Model Cross-App
Collab.

Productivity
& Creation

Exception
Handling

Information
Retrieval

Comm.
& Social

Transaction
& Services

System
& Settings

GLM-5v-turbo 10.8 37.0 37.8 58.3 61.3 66.5 64.2
Seed-1.8-VL 13.9 39.5 40.8 57.5 60.5 67.0 57.5
Qwen3.5-35B-A3B 9.2 37.0 31.6 49.8 52.1 56.5 58.2
Qwen3-VL-32B 6.2 34.5 23.5 47.4 42.0 54.6 58.2
GLM-4.6V-Flash 3.1 16.0 20.4 38.9 37.0 46.2 32.8
Kimi-K2.5 6.2 18.5 18.4 38.9 34.5 33.5 56.0
Gemini-3.0-Flash 1.5 8.4 27.6 38.9 25.2 43.5 27.6
Seed-1.5-VL 3.1 14.3 22.5 36.8 31.1 33.0 31.3
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Figure 7: Capability accuracy on failed tasks vs. all tasks for three challenging scenarios. The gap between overall
accuracy (blue) and failed-task accuracy (green) pinpoints the capability dimensions whose degradation most
directly contributes to each scenario’s failures.

compare capability accuracy on failed tasks against
overall accuracy to pinpoint which dimensions
degrade most sharply (Figure 7). Three distinct
patterns emerge: (1) Cross-App Collaboration
exhibits the largest drop on Task Completion
Detection—models frequently misjudge whether
a sub-task has finished before switching applica-
tions; (2) Exception Handling declines most on
Dynamic Adaptation—models fail to adjust plans
when unexpected states arise; (3) Productivity &
Creation degrades on Intent Reasoning—models
struggle to decompose complex creative instruc-
tions into correct action sequences. These bot-
tlenecks point to the need for targeted, scenario-
aware training data curation rather than uniform
capability improvement.

4.5 Cross-Benchmark Generalization

We validate whether these capability dimensions
capture general competencies through two analy-
ses.

Cross-Benchmark Correlation. Applying the
same analysis to OSWorld (Xie et al., 2024) (Fig-
ure 6, right) reveals a complementary pattern: task
success correlates most strongly with Task Com-
pletion Detection, Action Understanding, and Dy-
namic Adaptation (r >0.9), while Internal State
Memory and Task Planning are less discriminative
as top models have narrowed the gap on these di-
mensions. The two benchmarks producing distinct
yet meaningful correlation structures confirms that
our taxonomy captures transferable competencies.

Targeted Training Validation. We select three
dimensions—Element Grounding, Task Comple-
tion Detection, and Dynamic Adaptation—and
construct dimension-specific training data via
GRPO (Zhihong Shao, 2024) or DPO (Rafailov
et al., 2023), totaling ∼34k samples (Appendix D).
We employ reinforcement learning to maintain the
model’s general capabilities across diverse evalu-
ation benchmarks. Each dimension is trained in-
dependently on a single objective. As shown in
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Table 4: Process-level capability scores across 11 dimensions for all evaluated models. Bold marks the best score
per dimension. Page Understanding is nearly saturated (>96% for top models), while Task Completion Detection
and Task Progress Awareness exhibit the widest cross-model variance.

Perception Reasoning State Management Sem.

Model Avg Elem.
Ground.

Act.
Underst.

Page
Underst.

Task
Plan.

Act.
Exec.

Dyn.
Adapt.

Act.
Antic.

Task
Prog.

Task
Compl.

Int.
State

Intent
Reason.

Seed-1.8-VL 84.2 88.0 88.0 97.5 83.7 84.0 72.5 73.5 80.5 78.0 89.5 91.5
Kimi-K2.5 80.9 85.0 90.0 97.0 74.8 75.5 80.5 82.0 68.0 72.5 72.5 92.0
Qwen3.5-35B-A3B 78.3 88.5 85.5 99.5 63.6 82.5 68.5 74.0 55.0 70.5 82.0 92.0
GLM-5v-turbo 78.0 94.0 87.5 98.5 68.5 88.0 66.5 77.5 45.0 74.5 71.5 86.5
Qwen3-VL-32B 76.0 85.5 80.0 97.5 64.0 79.0 61.0 73.0 65.5 59.0 81.5 89.5
Gemini-3.0-Flash 74.9 91.0 89.5 96.5 69.0 77.0 59.5 79.5 49.5 44.0 74.0 94.0
Seed-1.5-VL 71.7 81.5 84.0 95.0 64.6 79.0 42.0 69.0 62.0 59.0 71.5 81.5
GLM-4.6V-Flash 66.3 90.0 76.5 93.0 24.8 74.5 49.5 66.0 61.0 40.5 71.5 82.5
Gemini-2.5-Flash 65.2 44.0 68.5 97.0 65.9 38.5 62.5 75.0 47.0 48.5 81.5 89.0
Qwen3-VL-8B 61.9 55.5 69.5 87.0 39.9 55.0 42.0 67.5 56.0 52.5 72.0 84.0
InternVL-3-38B 49.2 62.0 20.5 85.5 32.6 37.0 27.0 55.5 42.5 51.0 55.0 72.5
InternVL-3.5-8B 43.2 44.0 20.5 79.0 8.8 37.0 27.0 55.5 33.0 43.5 48.0 63.5
InternVL3.5-30B-A3B 42.5 34.0 17.0 79.0 17.2 42.0 18.5 64.0 37.5 46.0 45.5 67.0
InternVL-3-8B 35.6 26.5 4.5 73.5 2.8 27.5 24.5 58.0 34.5 30.5 47.0 62.0

Table 5: Targeted training results (%) on Qwen3-VL-8B.
Each row independently adds one training objective to
the base model. Colored deltas show the gain over the
base.

Configuration UniGUI-Bench OSWorld Cap.
(Before→After)TSR SSR

Base 13.7 53.6 33.9 –
+Elem. Ground. (GRPO) 18.1 ↑4.4 59.3 ↑5.7 37.5 ↑3.6 55.5→59.5 ↑
+Compl. Det. (DPO) 18.6 ↑4.9 66.6 ↑13.0 35.5 ↑1.6 30.5→56.0 ↑
+Dyn. Adapt. (DPO) 22.3 ↑8.6 63.0 ↑9.4 36.4 ↑2.5 42.0→40.5 ↓

Table 5, all three runs yield consistent task-level
gains on both UniGUI-Bench and OSWorld. No-
tably, Dynamic Adaptation training produces the
largest TSR improvement (+8.6%) despite a slight
capability score decline (42.0% → 40.5%). This is
because the training data focuses on correcting erro-
neous steps to complete the original task, whereas
the evaluation tests task-change adaptation with
GUI video context—a sub-type mismatch. This
result suggests that the capability dimensions are
sensitive to sub-type definitions and should be in-
terpreted as complementary diagnostic views rather
than monolithic measures. Overall, these targeted
training experiments should be viewed as prelimi-
nary evidence rather than a complete validation of
the diagnostic framework, given the single 8B base
model and the hand-picked dimension selection.

Both analyses converge on the same conclusion:
the capability dimensions capture general com-

petencies that transfer across settings, supporting
UniGUI-Bench as a diagnostic tool that identifies
what fails and provides preliminary evidence for
how to improve.

5 Conclusion

We present UniGUI-Bench, a diagnostic bench-
mark for GUI agents that pairs outcome-level ver-
ification with step-level process auditing across
6 platforms, 23 scenarios, and a hierarchical tax-
onomy of 4 primary and 11 secondary capability
dimensions. Evaluation of 14 VLMs reveals that
model rankings diverge substantially from single-
platform leaderboards and that different scenar-
ios impose distinct capability bottlenecks iden-
tifiable through capability attribution. Targeted
training on diagnosed dimensions yields consis-
tent improvements on both UniGUI-Bench and
OSWorld, providing preliminary evidence toward
closing the evaluation–improvement loop. UniGUI-
Bench thus serves as both a comprehensive diagnos-
tic tool and a resource for guiding targeted improve-
ments toward building more capable GUI agents.

Limitations

UniGUI-Bench adopts an offline evaluation
paradigm: models predict the next action from a
fixed screenshot–action history rather than interact-
ing with a live environment. This design choice
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is deliberate—offline evaluation decouples anno-
tation from execution, enabling far greater task di-
versity across 6 platforms, 23 scenarios, and bilin-
gual settings than online benchmarks can practi-
cally achieve, since the latter are constrained by the
availability of deterministic verification scripts that
must be written per-task. However, offline evalua-
tion does not capture error-recovery dynamics or
compounding effects of earlier mistakes on later
steps, which are important aspects of real-world
agent deployment. Extending the diagnostic frame-
work to an online setting while preserving compa-
rable task diversity remains an important direction
for future work.

Due to the high API inference cost of evaluat-
ing 14 models across over 10,000 evaluation items,
each model was evaluated once using greedy decod-
ing. While single-run evaluation introduces vari-
ance, the large evaluation set provides sufficient
statistical confidence for the reported results, and
the use of deterministic decoding further reduces
output variance.

We also acknowledge that the 11 capability di-
mensions, while designed to capture distinct as-
pects of agent behavior, are not guaranteed to be
statistically orthogonal; they are intended as com-
plementary diagnostic views rather than indepen-
dent factors. Future work could explore more rigor-
ous validation of dimension independence through
factor analysis and extend the diagnostic frame-
work to fully online evaluation settings.
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A Quality Control

To ensure high data quality, we implement quality
control measures for both manually constructed
and automatically generated data.

Manual Cross-Checking. Independent anno-
tators cross-check the questions and answers for
accuracy and unambiguity, and provide suggestions
for correction.

Expert Inspection. For tasks automatically
constructed using large language models, data ex-
perts conduct manual quality inspection to ensure
data quality. Specifically, annotators examine each
screenshot and its associated question to determine
(1) whether the question is answerable given the
screenshot, and (2) whether the answer is unique.
Samples that fail the inspection are either revised
by experts or replaced with newly constructed data.
The inspection results are reported in Table 6.

Table 6: Quality inspection accuracy by task type.

Task Type Accuracy (%)

Element Grounding 83.0
Action Understanding 94.9
GUI Understanding 83.9
Action Prediction 74.8

B Capability Dimension Construction

This section details the construction procedure for
each of the eleven process-level capability dimen-
sions (Table 7).
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Table 7: Eleven process-level capability dimensions in UniGUI-Bench.

Category Capability Format Description Construction

Perception
Element Grounding Grounding Identify and localize a target UI element by predicting its

bounding-box coordinates. Direct instructions are rephrased
into indirect forms to require semantic inference.

Auto

Action Understanding Open-ended Recognize the executed action between two consecutive
screenshots (before and after states).

Auto

Page Understanding MCQ Parse GUI structure and reason about component functions,
with questions at three difficulty levels (Easy / Medium /
Hard).

Auto

Reasoning

Task Planning Open-ended Generate a complete step-by-step plan given a task descrip-
tion, application knowledge (video), and the initial state.

Manual

Action Execution Open-ended Predict the precise next low-level action given the current
screenshot, action history, and task goal.

Auto

Dynamic Adaptation MCQ Detect execution errors or goal mismatches and suggest cor-
rective actions from erroneous or misaligned trajectories.

Manual

Action Anticipation MCQ Predict the expected interface change after a given click ac-
tion is performed.

Auto

State
Management

Task Progress Awareness MCQ Judge task completion progress from trajectory slices; diffi-
culty is increased by modifying sub-goals.

Manual

Task Completion Detection MCQ Determine whether a task has been fulfilled, with negatives
created by altering goals or truncating trajectories.

Manual

Internal State Memory MCQ Trace back the preceding operation path that led to the current
state from a mid-to-late trajectory point.

Manual

Semantic
Understanding

Intent Reasoning MCQ Infer the user’s true intention behind ambiguous or incom-
plete instructions to select the correct action.

Manual

B.1 Perception

Element Grounding. This task evaluates the abil-
ity to identify and localize a target UI element
within a screenshot, i.e., predicting its bounding-
box coordinates. We randomly sample click steps
from the collected trajectories, extract the corre-
sponding screenshots and bounding boxes, and
prompt an LLM to rephrase each direct instruction
into an indirect yet unambiguous form (e.g., “Click
[Recently Played]” → “Check the songs you have
listened to recently”), requiring semantic inference
rather than surface-level label matching. All sam-
ples undergo manual review to discard ambiguous
references and overly trivial targets.

Action Understanding. This task evaluates
the ability to recognize executed actions from vi-
sual state transitions. We randomly sample an ac-
tion step and present its preceding and succeeding
screenshots, asking what operation was performed
between the two frames. Samples with a visible
mouse cursor overlapping the target region are dis-
carded to prevent trivial shortcuts.

Page Understanding. This task assesses the
ability to parse GUI structure, identify interface
components, and reason about their functions. We
randomly sample screenshots and prompt an LLM
to generate multiple-choice questions at three dif-

ficulty levels in equal proportion: Easy questions
target direct recognition of visible labels, icons, or
prominent UI elements; Medium questions require
contextual understanding of UI states, hierarchi-
cal relations, or navigation logic; Hard questions
involve numerical calculation, layout analysis, or
multi-step reasoning (e.g., summing mail counts
across multiple folders). All generated questions
undergo manual verification to ensure answerabil-
ity from the given screenshot and correctness.

B.2 Reasoning

Task Planning. This task evaluates high-level se-
mantic action prediction and planning capability
through open-ended questions, all manually con-
structed. We provide a task description together
with a video demonstrating the cascading relation-
ships among different tabs and options within the
target application, serving as prior knowledge. The
agent is then given an initial-state screenshot (or a
textual description of the starting state) and must
output a complete step-by-step plan to accomplish
the task.

Action Execution. This task evaluates low-level
executable action prediction. Given the current
screenshot, the history of semantic actions, and the
task goal, the agent must predict the precise next
action to execute. Samples are randomly drawn

49051



Table 8: Comparison of closely related capability dimensions. The four dimensions are designed as complementary
diagnostic views; they assess different aspects of agent behavior and are not intended to be statistically orthogonal.

Dimension Input / Output Example Diagnostic Focus

Task Planning Task + video context
→ full action plan

Apple Store: enter iPad mini
page, click Buy, choose blue,
256GB, Wi-Fi, skip engrav-
ing

High-level decomposi-
tion of the whole goal

Action Execu-
tion

Screenshot + action
history → next con-
crete action

Meituan: after filters selected,
click Confirm button with
bbox

Low-level grounding
and next-step execu-
tion

Dynamic
Adaptation

Observed trajectory →
find wrong step + re-
covery action

File task: agent clicked D:,
should return to This PC and
click C:

Error/deviation detec-
tion and recovery

Task-Progress
Awareness

Partial video → iden-
tify current progress +
remaining TODOs

Word: line spacing done; next
deselect first sentence, left-
align rest

State tracking, not
planning or recovery

from trajectory steps.
Dynamic Adaptation. This task simulates

model–environment interaction scenarios to assess
adaptability to unexpected changes and failure re-
covery, using manually constructed MCQ ques-
tions. We employ two strategies: (1) leveraging
trajectories that were intentionally recorded with
erroneous steps—we clip the trajectory at the er-
ror point and ask the agent to identify the mistake
and suggest corrective actions; (2) pairing normal
(error-free) trajectories with modified task descrip-
tions that are inconsistent with the executed path or
goal, and asking the agent to detect the mismatch
and determine the correct course of action.

Action Anticipation. This task assesses the abil-
ity to anticipate the outcome of a given action, test-
ing forward reasoning over UI state transitions. We
randomly sample a click step, provide the screen-
shot along with the click region, and prompt an
LLM to generate a description of the expected in-
terface change as well as three distractor options.

B.3 State Management

Task Progress Awareness. This task evaluates the
ability to track task completion progress in real
time—distinguishing completed steps from pend-
ing ones. All samples are manually constructed.
We clip trajectory slices from annotated trajecto-
ries and ask the agent to judge the current com-
pletion status against the original task description.
To increase difficulty, we further modify the task

description by adding, removing, or altering sub-
goals, so that the agent must reason about partial
progress under shifted objectives.

Task Completion Detection. This task evalu-
ates whether the agent can judge if a given task has
been fulfilled. We construct positive (completed)
samples directly from original task descriptions
paired with their full trajectories. Negative (in-
complete) samples are created via two strategies:
(1) modifying the task requirements by adding, re-
moving, or altering sub-goals while keeping the
original trajectory, and (2) truncating the trajec-
tory while keeping the original task description
unchanged.

Internal State Memory. This task evaluates
the ability to maintain historical information across
time steps during multi-step task execution. From
the original trajectory, we select a state in the mid-
to-late stage as the query point and ask the agent
to trace back the preceding operation path or entry
point that led to the current state, presented as MCQ
questions.

B.4 Semantic Understanding

Intent Reasoning. This task evaluates the ability
to infer the true intention behind ambiguous, im-
plicit, or incomplete user instructions. For a given
step or state in the original trajectory, we manu-
ally construct an instruction that does not explicitly
reveal the execution intent, and the agent must rea-
son about the user’s underlying goal to select the
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correct next action, presented as MCQ questions.

C Evaluation Protocol and Action Space

Evaluation Protocol. For system-level evaluation,
models receive a task instruction, action history,
and the current screenshot, and are required to pre-
dict the next action. Step correctness is judged by
matching both the action type and the target ele-
ment against human annotations. For process-level
evaluation, models answer targeted capability ques-
tions derived from the annotated trajectories, with
accuracy computed per dimension.

Table 9: Desktop action space (Windows, macOS,
Ubuntu).

Action Description

click [x,y] Left-click at coordinate [x, y].
doubleClick [x,y] Double left-click at coordinate [x, y].
tripleClick [x,y] Triple left-click at coordinate [x, y].
rightClick [x,y] Right-click at coordinate [x, y].
hover [x,y] Move cursor to coordinate [x, y].
press [key(s)] Press a key or key combination.
type [text] Type the given text string.
scroll [dir.] Scroll in the given direction.
drag [x1,y1,x2,y2] Drag from [x1, y1] to [x2, y2].
wait [seconds] Wait for the specified duration.

Action Space. We define two platform-specific
action spaces for desktop (Windows, macOS,
Ubuntu) and mobile (Android, iOS, iPadOS) de-
vices, respectively. During evaluation, the model
receives a task instruction, action history, and a
screenshot at resolution W ×H , and is required to
predict the next action.

Table 10: Mobile action space (Android, iOS, iPadOS).

Action Description

click [x,y] Tap at coordinate [x, y].
longPress [x,y] Long press at coordinate [x, y].
type [text] Type the given text string.
scroll [dir.] Swipe in the given direction.
wait [seconds] Wait for the specified duration.

For both action spaces, the model is in-
structed to first analyze the screen content and
then output the predicted action enclosed in
<actions>...</actions> tags.

D Targeted Training Data Construction

We construct dimension-specific training data for
the four selected capability dimensions as follows:

• Element Grounding (15k samples,
GRPO (Zhihong Shao, 2024)): These

samples are constructed based on Ground-
CUA (Feizi et al., 2025), leveraging its
precise bounding box information for target
elements. We define accuracy and format
rewards, where the accuracy reward requires
the model’s predicted coordinate to fall within
the ground-truth bounding box. GRPO is
chosen over DPO because grounding tasks
have unambiguous correctness criteria.

• Task Completion Detection (13k samples,
DPO (Rafailov et al., 2023)): These samples
are developed by adapting trajectories from
ScaleCUA (Liu et al., 2025). Two types of
contrastive pairs are constructed. For positive
termination cases, the base model rolls out a
non-terminate response as the rejected sample.
For negative termination cases, we split the
trajectory at the 3/4 point and use the prema-
ture terminate action as the rejected response.

• Dynamic Adaptation (5.6k samples, DPO):
Also derived from ScaleCUA trajectories, con-
trastive pairs are constructed by cross-splicing
the last four steps of two different task trajec-
tories. Seed-1.8-VL predicts the correct next
step as the chosen response, while the cross-
spliced step serves as the rejected response.

All experiments were conducted with the follow-
ing unified configuration:

• Hardware: 8×H800 GPUs (141GB memory
each)

• Optimization: AdamW (β1 = 0.9, β2 =
0.999, ϵ = 1e− 8)

• Learning Rate: 5e-7 (Cosine decay)

• Batch Size: 8 (effective batch size 64 via
gradient accumulation=8)
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